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Abstra
tAlthough 
limate system models 
an reprodu
e a variety of real 
limate-relatedphenomena, the usefulness of these models for proje
tions of future 
limate evolu-tion is 
onstrained by their reliability. Models have to be imperfe
t by 
onstru
-tion be
ause of limited resolution in spatiotemporal dimensions and in pro
essesexpli
itly represented. Pro
esses below this resolution are handled by parame-terization in
luding free tuning parameters. Thus the un
ertainty of important
limate parameters results in a folder of potential 
limate proje
tions rather thanone pre
ise proje
tion. Generi
ally un
ertainty of a proje
tion will be redu
edwhen requesting that model parameter settings must result in model output thatis 
onsistent with already observed data Bayesian Learning provides one well-de�ned pro
edure to weigh parameters a

ordingly in 
ase prior un
ertainty 
anbe expressed by a probability measure.This study presents a s
heme how to Bayesian learn from paleo
limati
 data,in
luding in parti
ular the 8.2 ka event, on CLIMBER-2.3 o
ean parameters, toredu
e their un
ertainty. As the 8.2 ka event represents an outstanding 
limati
anpomaly it is assumed to show high potential for the redu
tion of parameterun
ertainty (
ontains mu
h information). While previous Bayesian paleo-studieswith CLIMBER-2 fo
used on redu
ing un
ertainty in Climate Sensitivity, the
8.2 ka event 
an be expe
ted to strongly 
orrelate with so far un
ertain o
eandi�usivity properties. Only by utilizing a sto
hasti
 version of CLIMBER-2.3Bauer et al. (2004) has been able to mimi
 the 8.2 ka event a
hieving a suitablelong duration of 
ooling. Employing this version of CLIMBER-2.3 the te
hni
aldi�
ulty arises to have to numeri
ally establish the related likelihood in additionto the un
ertain model parameters: While mainstream un
ertainty analyses 
anassume a quasi-Gaussian shape of likelihood, with weather �u
tuating arounda long term mean, the 8.2 ka event as a highly nonlinear e�e
t pre
ludes su
han a priori assumption. As a result of this study the Bayesian Learning showeda redu
tion of un
ertainty in o
ean di�usivity parameters of fa
tor 3 
omparedto prior knowledge. This learning e�e
t on the model parameters is transferedto other model outputs of interest like the inverse o
ean heat 
apa
ity, whi
h isimportant for the time s
ale of 
limate response to anthropogeni
 for
ing. As anoutlook, the e
onomi
 impli
ations of this development are dis
ussed.
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1 Introdu
tion�Ours is an un
ertain world� [Howson and Urba
h (1991)℄. This holds espe
iallywhen 
onsidering 
omplex systems like Earth's 
limate. Whether the un
ertaintyarises from our own imperfe
tions su
h as in
omplete knowledge of 
ausalities andlimited 
omputational ability or from internat �u
tuations in the world itself -it 
hallenges our knowledge of the future. So any attempt to predi
t the futureevolution of Earth's 
limate system rests on guessing the future based on today'sknowledge. Modeling the 
limate is a more sophisti
ated version of guessing asthe 
limate models embody our knowledge in a self 
onsistent and formalized way.In these models one part of our un
ertainty is represented by free tuning param-eters. Thus the results of modeling show a variety of possible future evolutionsgiven a pres
ribed anthropogeni
 for
ing. The 
entral question remains unsolved:How to distinguish between good and bad `guesses'. One possible answer is totrust those models that 
an reprodu
e the system's states in the past and thentrusting only in those parameter settings when predi
ting the future.While a validation of models by `assimilating' data establishes trust into modelstru
tures by dividing parameter settings into `yes' and `no' on the base of a fewdata sets, the Bayesian Learning, formally be des
ribed by Bayes' Theorem (see
hapter 2.1), interpolates between `yes' and `no' for parameter settings in a prob-abilisti
 manner. Previous Bayesian paleo-studies with CLIMBER-2.3 fo
usedon redu
ing un
ertainty of Climate Sensitivity, i.e. equilibrium properties (formodel des
ription see se
tion 2.2.2). The key idea of this thesis is to Bayesianlearn from another pool of paleo-data, 
ontaining the prominent 8.2 ka event (seese
tion 1.1), that 
an be expe
ted to 
orrelate with e�e
tive o
ean heat 
apa
ity.The latter is of high interest as it strongly determines the time s
ale of 
limati
response to greenhouse gas for
ing, hen
e (together with 
limate sensitivity) pro-vides valuable input for 
limate poli
y. Previous work [Bauer et al. (2004)℄ hasshown that CLIMBER-2.3 is able to mimi
 the 8.2 ka event. But only by usinga sto
hasti
 version, in
luding noisy freshwater for
ing, the 
orre
t duration of
ooling 
ould be a
hieved. This thesis rests on the assumption that the event isstrongly in�uen
ed by o
ean di�usivities that in turn 
o-determine o
ean heat
apa
ity. So it aims at a Bayesian Learning in�uen
e 
hain from the 8.2 ka eventonto the time s
ale of 
limate response in a dynami
ally 
onsistent way, withinthe stylized world of CLIMBER-2.3.In the following se
tions the 
urrent literature of the 8.2 ka event and the generalapproa
h of model-data 
omparison are summarized. The theoreti
al ba
kgroundof the method 
alled Bayesian Learning is elaborated in 
hapter 2 followed by the1



1 Introdu
tionmethodologi
al tools employed in this study. In 
hapters 3 and 4 the main taskof this study, namely the appli
ation of Bayesian Learning to 
onstrain un
er-tainty of model parameters, is 
arried out in detail. The resulting learning e�e
ton model parameters is then transferred to other output like TCR, T2CO2
andthe inverse o
ean heat 
apa
ity whi
h is important for the time s
ale of 
limateresponse to anthropogeni
 for
ing. The results are dis
ussed in 
hapter 5 and�rst steps are taken to answer the arising questions. The 
on
lusion is followedby impli
ations for further resear
h (see se
tion 6).1.1 The 8.2 ka eventThe so 
alled 8.2 ka event (or 8k event) refers to an outstanding 
ooling event inpaleo
limate re
ords at approximately 8200 years before present (BP before 1950,that is 8240 before 2000 [b2k℄) [Rohling and Pälike (2005), Alley and Ágústsdót-tir (2005), Thomas et al. (2007)℄. The event was �rst reported in the Greenlandi
e 
ore re
ords as an abrupt 
ooling of about 6 ± 2◦C at Summit, Greenland,whi
h lasted roughly two 
enturies [Johnsen et al. (1992), Dansgaard (1993), Al-ley et al. (1997)℄. Sin
e then mu
h has been published about the 
hara
teristi
sof this event, 
on
erning the duration, the range, the driving me
hanisms and theimpli
ations. Thomas et al. (2007) (where one 
an �nd a 
omprehensive overviewover the dis
ussion) des
ribes the 8.2 ka event as a 160.5 yr 
old period (fromabout 8250−8090 BP), where de
adal mean isotopi
 values were below the earlyHolo
ene average (9.3-8.3 kyr BP). The minimum of δ18Oi
e 1 is observed in theGRIP i
e 
ore at a 
alendar date of 8190 BP, dated on the GICC05 age s
ale[Rasmussen et al. (2006a)℄. Under use of nitrogen isotopi
 data as a 
alibrationtool Leuenberger et al. (1999) report a best estimate of 7.4 K for the magni-tude of temperature 
hange at Summit. Besides redu
ed Greenland temperaturethe northern 
limate during the 8.2 ka event was 
hara
terized by a fresher and
older North Atlanti
 O
ean, drier and stronger winds over the northern Atlanti
,drier monsoon regions and intensi�ed North Atlanti
 trade winds, a

ording toAlley et al. (1997). A variety of additional paleo
limati
 data from lo
ations inthe Northern Hemisphere (NH) show 
limate anomalies in the same time regime(overview of referen
es from Bauer et al. (2004)). So e.g. Klitgaard-Kristensenet al. (1998), von Grafenstein et al. (1999) 
on
luded that the 
old event didnot only have a regional but at least a hemispheri
al range. In a more re
entpaper Rohling and Pälike (2005) argued that the data found outside the NorthAtlanti
 region show only weaker signals of longer duration in this period andthey 
on
luded that the registered 
ooling has to be a superposition of a sharpand at least one other broad anomaly. That pla
es doubts on the hemispheri
al1During the event δ

18Oi
e drops about 1.5 %�, whi
h 
orresponds to a surfa
e air temperaturede
rease of 3-6 K depending on the transformation method [e.g. Johnsen et al. (1995),Cu�ey and Clow (1997), Johnsen et al. (2001)℄.2



1.1 The 8.2 ka eventrange of the event and emphasises the ne
essity of a detailed assessment of theevent(s) around 8.2 kyr BP. To avoid this dis
ussion in the present study the useof data representing the 8.2 ka event is 
onstrained to the Greenland i
e 
ores.The question of the 
ause of the 8.2 ka event has been addressed by di�erentsuggestions. Mus
heler et al. (2004) investigated a 
hange in solar for
ing as apossible trigger for the 
ooling event by analysing 10Be isotope data from theGRIP i
e 
ore and tree-ring δ14C re
ords. They 
on
luded that the 8.2 ka eventstarted in a phase of de
reasing solar for
ing, so the variable sun a
tivity 
ouldonly have been a trigger to start the event but that it is most probably not themain 
ause for this 
limate deterioration. By using model simulations Wiersmaand Renssen (2006) have shown that the o
ean is able to play an important rolein amplifying 
entennial-s
ale 
limate variability su
h as variations in solar for
-ing. Considering this amplifying e�e
t the solar for
ing might be able to indu
e
ooling phases in the Holo
ene (also see [Renssen et al. (2006)℄).As an alternative it is generally suggested that freshwater �uxes 
aused the 
oldevent by having indu
ed a weakening of deep water formation in the NorthernAtlanti
 and therefore redu
ed northward heat transport by the Atlanti
 Thermo-haline Cir
ulation (THC) [Barber et al. (1999), Clark (2001), Rahmstorf (2002)℄.Numerous model simulations have been performed [e.g. Renssen et al. (2001),Renssen et al. (2002), Bauer et al. (2004), Wiersma and Renssen (2006)℄ that havebeen able to reprodu
e an asymmetri
 
old event indu
ed by freshwater pulses ofdi�erent strength and duration. Eviden
e of the drainage of gla
ial lakes Agassizand Ojibway in an outburst at about 8470 BP [Li

ardi et al. (1999), Lever-ington et al. (2002), Teller et al. (2002)℄ deliver a plausible s
enario of a strongpulse-like freshwater for
ing to the North Atlanti
 region for the time of interest.Employing the CLIMBER-2 model Bauer et al. (2004) were able to reprodu
ea 
old event with a duration that ex
eeded the s
ale of the freshwater for
ing
onsiderably by using a pulse-like drainage of 2.6 Sv, released for two years.Ganopolski and Rahmstorf (2001) found in model studies that the sensitivity ofthe 
limate system to freshwater for
ing not only depends on the properties ofthe for
ing, su
h as its rate, its total volume and the for
ing region, but alsoon the 
limate state itself. So the suggestions of possible 
auses were 
ombinedby Rohling and Pälike (2005) and Alley and Ágústsdóttir (2005) to explain the�ndings in the way, that solar for
ing 
aused a 
ooling on longer s
ales of about
400-600 years. Within this 
older period with possibly in
reased sensitivity tofreshwater for
ing the outburst from the pro gla
ial lakes then would have 
ausedthe prominent 8.2 ka event.So Thomas et al. (2007) 
on
luded, as the interest in the 8.2 ka event is 
ur-rently high, with in
reasing numbers of paleo
limate data re
ording this periodand with the event being used to test 
limate models' performan
e, that it is ofenormous importan
e to gain a better understanding of the me
hanisms behindthis event.

3



1 Introdu
tion1.2 Ensemble simulations for 
onstraining modelparametersAs the available 
omputing ability is limited, any 
limate system model has tobe in
omplete in the sense that not all pro
esses 
an be dire
tly resolved and
omputed. The models a

ount for this in
ompleteness by introdu
ing param-eterizations that involve tuning parameters to des
ribe the left-out pro
esses inan aggregated manner. Tuning of these parameters 
an lead to a very di�er-ent model output, so 
hoosing di�erent values of tuning-parameters represents awhole ensemble of possible di�erent 
limate models (or di�erent realizations ofone 
limate model). Regarding parameters as un
ertain, generi
ally introdu
esadditional un
ertainty.When driven with the same for
ing, these di�erent 
limate model realizations willshow di�erent 
limate s
enarios. If for a given period of time the for
ing of the
limate system and the 
orresponding 
limate 
hara
teristi
s (e.g. temperature,pre
ipitation patterns,...) are known with high 
ertainty, one has the possibilityto rule out or at least dis
ount some of the parameter settings. The di�erentmodel realizations are all driven by the same for
ing and the resulting output is
ompared to the measured 
limate 
hara
teristi
s and the parameter settings aredi
ounted a

ordingly. This method possibly 
onstrains the values of some of theunknown parameters in the 
limate model and therefore redu
es the un
ertaintyabout those parameters. As the possible future 
limate s
enarios also dependon the (now 
onstrained) model parameters, the range of possible future 
limateevolution may also de
rease. In the same way, other important indi
ators offuture 
limate evolution, like Climate Sensitivity (∆T2×CO2
), Transient ClimateResponse (TCR) or the distan
e to bifur
ations in the 
limate system, are linkedto model parameters and 
an be 
onstrained by this method. This learning step
an be des
ribed by Bayes' Formula.When 
onsidering the 
omparison of models to paleo-data the re
onstru
tion ofpast 
limate 
hara
teristi
s fa
es di�erent di�
ulties (e.g. dating errors, trans-formation between di�erent 
hara
teristi
s [δ18Oi
e to T ℄) as new sorts of un
er-tainties are involved.Nevertheless to maximize the learning e�e
t on the parameters under investiga-tion it is advisable not only to 
ompare model output to present day 
limate butalso to di�erent aspe
ts of paleo
limate, as done by von Deimling et al. (2006).This is due to the fa
t that for present-day observations the signal to noise ratio`temperature vs. CO2 
on
entration' is rather low.

4



2 Theory & Methodology2.1 Bayesian LearningThis study refers to the subje
tive Bayesian Theory as presented by Howson andUrba
h (1991), as a theory of un
ertainty. At the heart lies Bayes' Theorem:
P (h|e) =

P (e|h)P (h)

P (e)
. (2.1)It follows dire
tly from the assumption of the four so 
alled axioms of probabilitytheory and the Dut
h book theorem (see [Howson and Urba
h (1991)℄) and itdelivers a 
al
ulus how the subje
tive probability of hypothesis h has to be alteredfa
ing the eviden
e e. Thereby P (h) is the prior probability of hypothesis h,

P (e|h) is the likelihood of h on e, P (h|e) is the posterior probability of h on
e and P (e) is the probability of e without �knowing� h. The probabilities aresubje
tive be
ause they merely re�e
t the personal degree of belief in h insteadof 
laiming some obje
tive property of hypothesis h. This is in
orporated in the
al
ulus by the need of a prior probability. Bayes' Theorem is additive in thesense that the formula 
an be iterated when additional data (or eviden
e) o

urs.The former posterior probability is then used as the new prior for ea
h additionalBayesian Learning step. It 
an be shown that �nally the posterior probability isinsensitive to the prior, in the sense that two people starting from very di�erentprior beliefs must 
onverge in their posterior beliefs as eviden
e a

umulates.Hen
e the Bayesian approa
h delivers an obje
tive tool for handling un
ertaintythat leads to an intersubje
tive 
onsensus (but not to obje
tive probability of h).In pra
ti
al appli
ation of Bayes' Formula one might fa
e di�
ulties. It is not
lear how to use the probability P (e) of the eviden
e without knowing h as thedata are only 
onsidered in 
ontext of the hypothesis h. As a 
onsequen
e of theprobability axioms P (e) 
an be rewritten as

P (e) = P (e|h)P (h) + P (e| ∼ h)P (∼ h)where ∼ h is the negation of h. Substituting in equation (2.1) one gets
P (h|e) =

P (h)

P (h) + P (e|∼h)
P (e|h)

P (∼ h)
. (2.2)This means that the posterior probability P (h|e) only depends on the prior P (h)and the so 
alled likelihood ratio P (e| ∼ h)/P (e|h). If h′ implies ∼ h, that is if it5



2 Theory & Methodologyis an alternative to h in explaining e it is easy to see that P (e|h) in
reases with
P (e|h′)P (h′). But this implies that the degree of belief in h de
reases with theextent of the explanatory power assigned to alternative hypotheses. This 
auses aserious problem as for ea
h h there exist in�nitely many alternative explanations
h′ with non-zero prior probability. Thus in pra
ti
al usage one has to 
onstrainthe domain of hypotheses to a �nite support.2.1.1 Appli
ation of Bayesian LearningIn this study the model CLIMBER-2.3 is 
ompared to observations from paleo-data 
ontaining the 8.2 ka event to redu
e un
ertainty of model parameters α (i.e.a ve
tor). This learning e�e
t is to be transfered to another output of interest(e.g. z = TCR or z = ∆µ; see se
tion 4.4), whi
h is determined by z = g(α).The model parameters α are 
hosen to 
ontain the horizontal and verti
al o
eandi�usivity (ahoc, av), whi
h are supposed to have strong in�uen
e on the modelperforman
e at reprodu
ing the 8.2 ka event. The 
omparison is 
ompli
ated bythe fa
t that the 8.2 ka event in CLIMBER-2.3 not only depends on α but alsoon a parti
ular realization η of noisy freshwater for
ing. The methodology afterwhi
h transformations �CLIMBER-2.3n� (the noisy version of CLIMBER-2.3)
an be 
ompared to observations is expli
ated in se
tion 2.2.3. Bayes' Formulathen reads

Ppost(α) =
Pprior(α) P (y|α)

∫

dα′ Pprior(α′) P (y|α′)
. (2.3)Thereby the hypothesis h is repla
ed by a 
ertain realization of CLIMBER-2.3that is 
hara
terized by a value of α of tuning parameters. As the 
hoi
e of onevalue for α logi
ally 
ontradi
ts any other value the divisor be
omes an integralover all values (a �nite domain) of α and the probabilities be
ome probabilitydensity fun
tions on the same domain. The y denotes the observational spa-tiotemporal data in terms of CLIMBER-2.3 s
ale aggregated �elds.The transformation of the learning to model output z is then given formally by

P (z) =

∫

dα Ppost(α) δ(z − g(α)) . (2.4)2.1.2 Constru
ting the likelihoodThe 
entral pra
ti
al problem of this study is that when dealing with the 8.2 kaevent for a given α the likelihood P (y|α) is not known a priori for CLIMBER-2.3n. If y were a s
alar one 
ould estimate P (y|α) by produ
ing a suitable number(100 . . . 10000) of test runs with CLIMBER-2.3 (i.e. realizations of η). As this
omputational 
ost in
reases by a fa
tor of ≈ 10n−1 if n is the dimension of y theinformation 
ontent of y is �rstly redu
ed by nonlinear proje
tion y → T on aquantity that preserves as mu
h information as possible. This is 
hosen to be the6



2.1 Bayesian Learningduration T of the 
old event as it is highly sensitive towards the realization of η.The high-dimensional paleo-data y and model output y′ are proje
ted onto T bya Least Square Fit of a trapezoid fun
tion (see �gure 2.2.1). As there is only onerealization of T within nature (within the data) for any α, P (T |α) only needs tobe re
onstru
ted in the vi
inity of that T .In reality the data are obs
ured by weather noise not resolved in the CLIMBER-2.3 output of the 8.2 ka event. To ensure 
ompatibility of model output and dataweather noise of appropriate fun
tional form is applied to the model's output. Ifthe α domain is sampled by α1, . . . , αi, . . . , αI per α a fa
torial sampling s
heme1for η and ζ is set up. As only the realizations of the freshwater noise η enterCLIMBER-2.3n the addition of weather noise realizations ζ is 
omputationally
heap. The likelihood is approximated by a histogram of bin-size ∆T , hen
e
∀i ∈ {1,...,I} Ppost(αi) ≈

pprior(αi) fi
∑

i pprior(αi) fi

(2.5)where
fi =

1

Ni

∑

jk

Ind (Tijk ∈ [T − ∆T/2, T + ∆T/2]) (2.6)with j,k denoting the index of η and ζ , Ni the number of η and ζ realizations forea
h αi. `Ind' is the indi
ator fun
tion that is 1 if the boolean argument is trueand 0 otherwise, P (αi) denotes the �nite probability for the realization αi (the
α domain is 
oarsely resolved), while p represents respe
tive densities in analyti
form.For transforming the result to another output z the �nite sample 
ounterpart ofequation (2.4) is used:

P (z ≤ z⋆) ≈
∑

i Ind(g(αi) ≤ z⋆) Ppost(αi)
∑

i Ppost(αi)
. (2.7)For the validity of this approa
h the 
onvergen
e and the optimal 
hoi
e of ∆Thave to be ensured. Held (2007) proposes to bootstrap the following ensemble:The αi whereby any αi is found mi = Ind (Tijk ∈ [T − ∆T/2, T + ∆T/2]) timesin the ensemble. From this ensemble the varian
e of z is plotted over ∆T and theminimum of the 
urve is identi�ed. After �xing ∆T the sampling of CLIMBER-2.3n should be repeated to minimize multiple use of statisti
al information.The optimal ∆T should ful�ll an additional 
onstraint: If the posterior varian
eof z is dominated by the likelihood (not by the prior; whi
h is desireable) oneis interested in the parameter α⋆ that maximizes the likelihood and the half-width of the likelihood in α along grad(z). To be able to estimate this half-width1Ea
h dimension of the parameter spa
e is divided into equidistant intervals and samplesare taken at every possible 
ombination of values from all dimensions leading to a grid ofsampling points in n-dimensional parameter spa
e. 7



2 Theory & Methodologyreliably the relative 
ounting error of the ratio of 
ounts at the maximum K to
ounts at 1/2-level of likelihood K/2 should be small:
δ

K

K/2
≈ 1√

K
+

1
√

K/2
= (1 +

√
2)

1√
K

≪ 1 . (2.8)with K either denoting the expe
ted number of η⊗ζ 
ounts at α⋆ in 
ase η, ζ haveequal in�uen
e on the shape of P (T |α) or denoting the number of η 
ounts in 
ase
η dominates P (T |α). In this study equation (2.8) rises a 
onstraint fo
used moreon the number Nj,k of shots per αi than on ∆T as the bin-size of the histogramis limited to ∆T = 20 years by the resolution of the Greenland data.2.2 Model and data2.2.1 The Greenland i
e 
ore dataThe data material representing the 8.2 ka event for the model-data inter
om-parison is 
hosen from the European Greenland i
e 
ore Proje
t (GRIP) [GRIP-Proje
t-Members (1993)℄, the parallel US Greenland i
e sheet proje
t 2 (GISP2)[Mayewski et al. (1994)℄ and the Dye 3 [Dansgaard (1985)℄ and North GRIP(NGRIP) i
e 
ores [NGRIP-Proje
t-Members (2004)℄. Thomas et al. (2007) used

Figure 2.1: Lo
ations of the deep i
e 
ore drilling sites: GRIP (72.5◦N,
37.3◦W), GISP2 (72.5◦N, 38.3◦W), NGRIP (75.1◦N, 42.3◦W) andDye3 (65.2◦N, 43.8◦W) (the Greenland map by S.Ekholm, DanishCadastre / published in Nature, 431, 147-151, 2004)

8



2.2 Model and datadi�erent isotope data to determine the duration and the stru
ture of the 8.2 kaevent. In this study only the δ18Oi
e data were taken into a

ount syn
hronizedto the GICC05 age s
ale with a resolution of 20 years as presented by Rasmussenet al. (2006b) (see �gure 2.2.1). For the appli
ation of the Bayesian Learning the
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Figure 2.2: Time series of δ18Oice data from four Greenland i
e 
ores and theirKriging Mean. Time series are o�set by +1.5 %�ea
h against the KM.data are aggregated to CLIMBER-2 box s
ale a

ording to the s
heme in se
tion2.2.3. Naturally the next step would be the transformation of this Greenland-wide δ18Oi
e time series into a temperature re
ord as the CLIMBER-2 output isin units of temperature. As there exists no general transformation fun
tion from
δ18Oice to temperature, the absolute value of a so transformed re
ord would beof no use for 
omparison to model output. So a di�erent approa
h is used: Boththe model output and the aggregated data are transformed to the duration ofthe event by a nonlinear �tting pro
edure of a trapezoid fun
tion (a

ording tose
tion 2.2.3), that takes into a

ount the asymmetri
 evolution of the 
old event.Thereby it is assumed that the duration T is roughly invariant under un
ertain-ties of the δ18Oice → T transformation. For the aggregated data this �tting isshown in �gure 2.2.1. The resulting duration of the 8.2 ka event in the Greenlandi
e 
ore data of 160 years is in good agreement with the �ndings of Thomas et al.(2007). 9
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Figure 2.3: (bla
k) The Kriging Mean of the Greenland i
e 
ore data (in δ18Oi
e/ o�set to be displayed together with CLIMBER-2.3 output), (green)example CLIMBER-2.3 output of the 
old event with added weathernoise, (red) trapezoid �t to Greenland data, (blue) trapezoid �t toCLIMBER-2.3 output

10



2.2 Model and data2.2.2 CLIMBER-2.3In this study the 
limate model CLIMBER-2 version 3 is employed. CLIMBER-2.3 (CLIMate-BiospERe model) is a 2.5-dimensional, low resolution 
limate sys-tem model designed for simulation of large-s
ale pro
esses on time s
ales fromseasonal to millenia and longer [Petoukhov et al. (2000)℄. The model is 
lassi-�ed as model of intermediate 
omplexity (EMIC) between simple one- or two-dimensional models on the one hand and 
omplex 3-D 
limate GCMs on theother. It 
onsists of modules des
ribing atmosphere, o
ean, sea i
e, land surfa
epro
esses, terrestrial vegetation 
over and the global 
arbon 
y
le. CLIMBER-2.3only has a 
oarse spatial resolution. Orography and bathymetry are systemat-i
ally resolved and the model des
ribes only the large-s
ale patterns of the dy-nami
s with daily time steps. The atmosphere module is a dynami
al-statisti
al2.5-dimensional atmosphere model as the verti
al stru
ture of the atmosphere andthe synopti
-s
ale a
tivity are parameterized. For atmosphere and land modulesthe latitudinal resolution is the same (10◦). Atmosphere and land modules 
on-sist of seven equal longitudinal se
tors of 51◦. In the atmosphere model, thedynami
al properties are determined on ten uneven verti
al levels. The radiations
hemes a

ount for stratus and 
umulus 
louds, water vapor, 
arbon dioxide andaerosols. Radiative �uxes are 
omputed on 16 verti
al levels. The o
ean 
ompo-nent is similar to the o
ean module employed by [S
hmittner and Weaver (2001)℄as both originate from the module by Wright and Sto
ker (1991). It uses 20 un-even verti
al layers and three longitudinal o
ean boxes (Atlanti
, Indi
, Pa
i�
)and has a latitudinal resolution of 2.5◦. The o
ean module 
omputes distributionsof temperature, salinity and meridional and verti
al velo
ity 
omponents. Thesubmodels are 
oupled intera
tively without �ux adjustments through �uxes ofheat and water and momentum is transferred from the atmosphere to the o
ean.CLIMBER-2 has been validated in various ways. The simulated 
limate 
har-a
teristi
s of the atmosphere and the o
ean for the preindustrial 
limate stateagree well with observational data [Petoukhov et al. (2000)℄. Several sensitivitystudies have been performed [Ganopolski et al. (2001)℄ to 
ompare the modelresponse to 
hanges in solar insolation, 
arbon dioxide, freshwater �ux and land
over with results of GCMs. The model response, eg. to a CO2 
on
entrationin
rease, qualitatively agrees with results of GCMs. A third possible method ofvalidation is the 
omparison of model output to paleo
limati
 data. Driven bynatural and anthropogeni
 for
ings, the temperature variations of the last mil-lenium were reprodu
ed [Bauer et al. (2003)℄. Many aspe
ts of gla
ial (21 kyrsBP) and mid-Holo
ene (6 kyrs BP) 
limate seen in paleo-data have su
essfullybeen reprodu
ed [Ganopolski et al. (1998)℄. Even abrupt 
limate 
hanges 
an bereprodu
ed [Ganopolski and Rahmstorf (2001)℄.Bauer et al. (2004) used CLIMBER-2 with di�erent for
ing me
hanisms in
ludingnoisy freshwater �uxes to reprodu
e a 
old event in a 
limate state 
orrespondingto early Holo
ene 
onditions around 9 kyr BP. By applying a freshwater pulse11



2 Theory & Methodology
ombined with additional freshwater noise and di�erent baseline freshwater �uxesto the northern Atlanti
 basin Bauer et al. (2004) were able to lengthen the du-ration of the 
old event to a 
entennial s
ale.The low 
omputational 
osts of CLIMBER-2.3 allows the 
reation of huge ensem-ble 
limate s
enarios ne
essary for the ensemble operationalization of a Bayesianapproa
h (see se
tion 1.2). The CLIMBER-2.3 model was used by von Deimlinget al. (2006) in this way to 
onstrain eleven internal parameters whi
h are mostin�uential on Climate Sensitivity. The learning e�e
t was transformed to ClimateSensitivity, to a range similar to the IPCC estimate and thereby ruled out mu
hhigher estimates from other simulations.2.2.3 Methodology of model-data inter
omparisonFor establishing the likelihood of the parameters α in question, namely the o
eandi�usivities, the output of the CLIMBER-2.3 simulations of the 8.2 ka eventare 
ompared to the Greenland i
e 
ore re
ords of this period. This approa
hrequires the following assumptions: (1) For being 
omparable in prin
ipal, themodel output and paleo-data under 
onsideration need to 
over the same spatialand temporal domain. (2) The `statements' under 
omparison should be of thesame type, whi
h means in physi
al appli
ations that the 
ompared data shouldbe on the same quantity (that is in the same unit) and both parts should originatefrom the same pro
ess. The se
ond part is the analog of the assumption that themodel in use is 
apable in prin
ipal of reprodu
ing the important features of thedata from the natural system.To ful�ll 
ondition (1) the paleo-data of di�erent lo
ations in Greenland are ag-gregated to CLIMBER-2.3 box s
ale (i), whereas the CLIMBER-2.3 output is ag-gregated to 20 year resolution (ii). With respe
t to 
ondition (2), two obje
tionso

ur: While the paleo-data 
ontain δ18Oi
e time series, CLIMBER-2.3 proje
-tions are in terms of temperature. Furthermore the observations are obs
ured bylo
al weather noise not represented by the noise η in CLIMBER-2.3n. Thereforea transformation δ18Oi
e 7→ T has to be found for the Greenland temperature
Tgrl (aggregated to CLIMBER-2.3 box s
ale) (iii). Finally a noise model is im-plemented to a

ount for the lo
al weather noise in the Greenland paleo-signal(iv).(i) Aggregation of paleo proxy data to CLIMBER box s
aleFor 
omparison to the CLIMBER-2.3n output, the proxy data from the di�erentmeasurement lo
ations are aggregated to the CLIMBER-2.3 box s
ale by Krigingtheir mean. Following [Wa
kernagel (1995)℄ it is assumed that the data samples
z (xα) for ea
h timestep (in this 
ase z denotes δ18Oi
e, xα denoting the pla
esample α is taken at) are realizations of identi
ally distributed random variables
Z (xα). This assumption holds after long term trends are removed from the data12



2.2 Model and datawith a running mean �lter.As the timeseries of proxy data are taken at irregular spa
ing in the CLIMBER-2.3 box of interest, one is interested in estimating the mean m over the box. Totake into a

ount the spatial 
orrelation stru
ture of the data a weighted meanis used:
M∗ =

n
∑

α=1

wαZ (xα) , (2.9)with n di�erent proxy lo
ations. The weights wα are determined by minimizingthe varian
e of the estimation errorvar (M∗ − m) =

n
∑

α=1

n
∑

β=1

wαwβC (xα − xβ) (2.10)under the unbiasedness 
ondition
n
∑

α=1

wα = 1. (2.11)The varian
e of the estimation error 
ontains the 
ovarian
e fun
tion C (h) whi
his de�ned via
C (h) = 
ov (Z (x) , Z (x+ h)) . (2.12)The minimization is 
omputed by introdu
ing the 
ondition on the weights by themethod of Lagrange, de�ning an obje
tive fun
tion φ, 
ontaining the quadrati
fun
tion and a term 
ontaining a Lagrange multiplier µ:

φ (wα, µ) = var (M∗ − m) − 2µ

(

n
∑

α=1

wα − 1

) (2.13)and setting the partial derivatives of the obje
tive fun
tion to zero. One ends upwith solving a system of n + 1 linear equations for the optimal weigths wKM
α :



























∑n

β=1 wKM
β C (xα − xβ) − µKM = 0for α = 1, . . . , n

∑n

β=1 wKM
β = 1, (2.14)Or, written as matrix equation:
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







C (x1 − x1) C (x1 − x2) . . . C (x1 − xn) −3
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
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










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
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
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




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2 Theory & Methodologyof the form A x = b, whi
h 
an dire
tly be solved by inversion to x = A−1b.The minimal estimation varian
e σ2
KM is 
omputed by using equation (2.10) forthe optimal weights and shows up to be given by the Lagrangian multiplier,

σ2
KM = µKM . Applying this pro
edure independently for ea
h timestep one endsup with the estimate for the mean Greenland value of δ18Oice on the CLIMBER-2.3 box s
ale M∗(t).(ii)&(iii) Time resolution and temperature transfer fun
tionThe transformation of δ18Oi
e data to temperature values has been done for singleboreholes in various ways [Johnsen et al. (1995), Cu�ey and Clow (1997), Dahl-Jensen et al. (1998), Johnsen et al. (2001)℄. Depending on the method employedthe average dropping by 1.5 %�in δ18Oi
e during the 8.2 ka event 
orresponds toa surfa
e air temperature drop of (3− 6) K [Bauer et al. (2004)℄. As there existsno Greenland-wide transfer fun
tion and the existing ones for single boreholedata bare an un
ertainty of fa
tor 2-4, an alternative s
heme for the model-data 
omparison is presented here. Instead of dire
tly transfering the Greenlandtime series to CLIMBER-2.3 output and thereby 
ontaminating data y with theun
ertainties from the transfer fun
tions a nonlinear mapping is introdu
ed thatproje
ts both the CLIMBER-2.3 output and the Greenland paleo-data (y) to aquantity T with one 
ommon unit. In this study this quantity is 
hoosen tobe the duration of the 8.2 ka event. This duration T is measured by �tting atrapezoid fun
tion to the output y in a Least Square Fit (see �gure 2.2.1). Thelow dimension of T (i.e. `1') being the duration of the 
old event is bene�
ialfor the Bayesian Learning s
heme (as seen in se
tion on Bayesian Learning).The aggregation of the CLIMBER-2.3 output to the sampling resolution of thepaleo-data 
an be done after this proje
tion by binning the di�erent durationswith an appropriate resolution (limited by the time resolution of the paleo-data).Using this s
heme, only one point remains at whi
h a δ18Oi
e value needs to betransfered to temperature. This is the amplitude of the weather noise whi
h isto be applied to the CLIMBER-2.3 output to ful�ll the 
omparability 
ondition(see below).(iv) Applying weather noise to CLIMBER-2.3 outputTo meet 
ondition (2), that is to ensure the 
omparability of CLIMBER-2.3output to Greenland paleo-data, the model output has to be adapted to the databy applying lo
al weather noise2, not represented in the CLIMBER-2.3 outputup to now. In this study an additive weather noise model ζ is suggested. TheCLIMBER-2.3 output is modi�ed in the way: y′ → y := y′ + ζ , where ζ is drawniid from a normal distribution N(0, σ). The noise amplitude σ is transfered fromthe observable weather noise in Greenland whi
h is in terms of δ18Oice derived2Hereby denoting the fra
tion of variablility that does not 
orrelate with o
ean variability.14



2.2 Model and datafrom the 
ovarian
e of the di�erent data stations in Greenland to σ in units of Tvia σ2 = x2 · σ2weather 
onstrained by the following assumption:
σ2weather

(var(δ18Oi
e) − σ2weather) =
x2 · σ2weathervar(y′)

, (2.16)with y′ the stationary CLIMBER-2.3 output, δ18Oice the stationary (without longterm trends) Greenland data, x the transfer fa
tor from δ18Oice to temperature(under the assumption of a simple linear transfer fun
tion). The main assumptionof this transformation is that noise-driven CLIMBER-2.3 has all the ne
essaryvariability beyond weather, reddened3 by o
ean dynami
s.That means the proportion of weather noise to the varian
e of the timeserieswithout weather noise should be the same in the model output and the data.The di�eren
e in the Greenland data on short time s
ales (after long term trendsare removed) should only originate from lo
al weather noise. So the amplitude ofthis Greenland weather noise σweather 
an be derived as varian
e from the Krigingof the Greenland i
e 
ore data. Hereby it is important not only to transfer σ inunit but also to res
ale the amplitude properly a

ording to the di�erent timeresolutions ∆t in data and model output [Kleinen et al. (2003)℄:
σ∆t√
∆t

=
σ∆t′√
∆t′

. (2.17)Therefore using σwheather and equation (2.17) the transfer parameter x is tunedto ful�ll (2.16). The resulting time series σ 
an either be dire
tly applied to theCLIMBER-2.3 output for ea
h timestep, or one takes only the mean of σ as aglobal amplitude.

3While for white noise the amplitude is generated by a normal distribution for ea
h singletimestep, red noise 
ontains a memory of amplitude of distortion from earlier time steps.15
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3 Simulation experiments3.1 The 8.2 ka event in CLIMBER-2.33.1.1 Experimental setupFollowing Bauer et al. (2004) the transient 
limate simulations for the 8.2 ka eventare started from a near equilibrium state adapted to the boundary 
onditions for
9 ka BP. These are the orbital parameters a�e
ting solar irradian
e (e

entri
ity,obliquity, and pre
ession) [Berger (1978)℄, the atmospheri
 CO2 
on
entration of
261 ppm and a remnant Laurentide i
e sheet on the North Ameri
an 
ontinent[Marshall and Clarke (1999)℄. The resulting 9 ka 
limate state is 
hara
terizedby nearly the same global and hemispheri
al temperatures in the annual meanas in the preindustrial state with 280 ppm but the seasonal temperature 
y
le isstronger than in the preindustrial state. For a detailed 
omparison of the 9 kastate to the preindustrial state in CLIMBER-2.3 see [Bauer et al. (2004)℄. Forrea
hing this equilibrium state a 3 ka equilibrium run was performed for ea
hparameter setting (see sampling strategy) under the 9 ka boundary 
onditions.Within this time the important 
limate 
hara
teristi
s representing the longero
ean time s
ales (e.g. the volume averaged o
ean temperature) rea
h near equi-librium. These equilibrium states were saved and the 8.2 ka simulations are thenrestarted from this state. This allows a large number of simulations per parame-ter setting without the need of rea
hing equilibrium ea
h time.In this restarted simulation runs, the 
old event is initialized at 8200 yrs BP(that is after 800 model years) by a freshwater pulse released to the northernAtlanti
 O
ean (as done by Bauer et al. (2004)), that are the o
ean grid 
ellsfrom 50-70◦ N in CLIMBER-2.3, representing a pulse-like drainage of melt waterfrom the Lake Agassiz through Hudson Bay as suggested by Teller et al. (2002)and Leverington et al. (2002). This pulse has a volume of 1.6 × 1014m3 and wasreleased (in CLIMBER-2.3) within two years; that 
orresponds to a freshwater�ux of 2.6 Sv.As Bauer et al. (2004) showed, the total duration of the 
old phase resulting fromthis setting (around 70 yrs) is mu
h shorter than inferred from the re
onstru
teddata. To over
ome this dis
repan
y and to a

ount for short term variability inthe runo� asso
iated with the melting of the Laurenti
 I
e Shield (LIS) and fora possible enhan
ed runo� through St.Lawren
e River prior to the 8.2 ka event,originating from the ongoing melting of the LIS or from the over�ow of pro gla
ial17



3 Simulation experimentslakes, a noise model and a baseline �ux are added to the surfa
e freshwater �uxes
omputed by the model. The noise is generated by a white noise model withvariable standard deviation (σ) and a di�erent seed for the noise generator is
hoosen for ea
h realization of a simulation with a 
ertain setting of parame-ters. Bauer et al. (2004) showed that by in
luding this noise, the model outputstrongly depends on a 
ertain realization of the noise. Thus this noisy versionof the 8.2 ka event in CLIMBER-2.3 requires an ensemble approa
h to estimatethe in�uen
e of the di�erent parameters as the nonlinearity of CLIMBER-2.3espe
ially during the 8.2 ka event strongly 
hanges the in�uen
e of a parametersetting on the model output. The resulting freshwater for
ing for one realizationof the 8.2 ka s
enario is shown in �gure 4.1. Running the 8.2 ka s
enario sev-eral hundred times and 
onsidering only one aspe
t of the 
old event (e.g. theduration, the temperature 
hange) one ends up with a histogram of this aspe
tof the event whi
h represents an experimental probability distribution fun
tionover the given aspe
t.The additional baseline �ux represents enhan
ed runo� from the two possibleruno� routes: Hudson Bay and St.Lawren
e strait. In CLIMBER-2.3 these routesare represented by introdu
ing additional �uxes in the Atlanti
 grid 
ells between
(50-70)◦N (Hudson) and (40-50)◦N (St.Lawren
e). There exist di�erent estimatesfor the strength and the duration of these additional �uxes [Teller et al. (2002),Clark (2001)℄. For reasons of simpli
ity, that means redu
tion of dimensions,in this study only one additional baseline �ux is introdu
ed. As Bauer et al.(2004) showed, su
h an additional baseline 
an prolong the duration of the 
oldevent 
onsiderably. The baseline �ux 
an alter in duration and strength and thenoise may vary in amplitude. So the experimental setup of the 8.2 ka simulationintrodu
es at least three additional un
ertain parameters to deal with.3.1.2 Sampling strategyDi�erent model intrinsi
 parameters vary in their in�uen
e on the model perfor-man
e in the 8.2 ka event. Thus two parameters of major in�uen
e on the 8.2 kaevent were 
hosen for the Bayesian Learning step. Out of the 11-dimensionalparameter spa
e investigated by von Deimling et al. (2006) the horizontal andverti
al o
ean di�usivity were 
hosen under the working hypothesis, that thesetwo parameters are most in�uential on the 
limate signal from Greenland andtherefore also for the 8.2 ka event. Hen
e a large redu
tion in the spa
e of 
onsis-tent parameter 
ombinations of di�usivities 
an be suspe
ted from the model-datainter
omparison. Before the Bayesian Learning 
an be applied, one has to gatherthe prior knowledge about the parameters under 
onsideration. The most 
onser-vative 
onstraints on the di�usivities are given as an expert knowledge by the 
on-stru
tors of CLIMBER-2.3 as follows (see von Deimling et al. (2006)): The hori-zontal di�usivity kH = 200-5000 {std. = 2000}m2/s is dire
tly addressed by theCLIMBER-2.3 variable AHOC. The verti
al di�usivity is taken to follow a verti-18



3.1 The 8.2 ka event in CLIMBER-2.3
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Figure 3.1: two-dimensional parameter spa
e of o
ean di�usivities with di�erent
onstraints
al pro�le after Bryan Lewis with kV = 0.1-1.0×10−4 {std. = 0.3 × 10−4}m2/s attop, 0.5-1.5×10−4 {std. = 0.8 × 10−4}m2/s at the pro�le's turning point and 1.1-
2.0×10−4 {std. = 1.3 × 10−4}m2/s at o
ean bottom. The CLIMBER-2.3 variable
a_Kv addresses the di�usivity at the turning point of the pro�le. These �rst
onstraints to the di�usivities re�e
t the spa
e of physi
ally reasonable values forthe di�usivities. In the present study this spa
e is 
alled the Ganopolski Domain.As a se
ond step of in
luding prior knowledge the insights of [von Deimling et al.(2006)℄ are used. He applied 
onstraints on the present day performan
e of themodel to redu
e un
ertainty of 11 model parameters (in
luding the o
ean dif-fusivities). Following this approa
h an ensemble of 1000 members is 
reateda

ording to a Monte Carlo s
heme. Ea
h model realization only di�ers in the
hoi
e of the o
ean di�usivities. The values for AHOC and A_Kv are sam-pled on a logarithmi
 s
ale a

ording to a beta distribution within the bounds ofthe Ganopolski Domain. For ea
h ensemble member an equilibrium run of 3000years is performed under the boundary 
onditions of present day 
limate. Sevenof the resulting 
limate 
hara
teristi
s are 
onstrained by a set of boundaries usedby von Deimling et al. (2006) to represent tolerable present day 
limate states,
ontaining intervals for the annual mean values whi
h en
ompass 
orrespondingempiri
al estimates:

• global SAT 13.1-14.1 ◦C [Jones et al. (1999)℄
• area of sea i
e in the Northern Hemisphere IN 6-14 mil km2 and in theSouthern Hemisphere IS 6-18 mil km2 [Cavalieri et al. (2003)℄ 19



3 Simulation experiments
• total pre
ipitation rate PRC 2.45-3.05 mm/day [Legates (1995)℄
• maximumAtlanti
 northward heat transport FATMX 0.5-1.5 PW [Gana
haudand Wuns
h (2003)℄
• maximum of North Atlanti
 meridional overturning stream fun
tion NADW

15-25 Sv [Talley et al. (2003)℄
• volume averaged o
ean temperature TV 3-5 ◦C [Levitus 1982℄In �gure 3.1.2 the parameter settings that pass all seven 
onstraints are indi-
ated by green dots. Under the assumption that ea
h of the 
onstraints leavesover areas of parameter values that are simply 
onne
ted, the leftovers of all seven
onstraints also 
onstitute a simply 
onne
ted domain, here 
alled Present Day-or S
hneider Domain. This study now aims at a redu
tion of the boundaries ofthe di�usivities with respe
t not only to the Ganopolski- but also to the S
hnei-der Domain.As the 
onstru
tion of the likelihood for ea
h parameter setting in all �ve di-mensions (the di�usivities, the noise amplitude, the duration an strength of thebaseline �ux) requires several hundred runs of the 8.2 ka simulation it is impossi-ble to s
reen the S
hneider Domain 
ompletely with a fa
torial design. Thereforeanother approa
h is used here: Ba
ked by numeri
al results the likelihood isassumed to be of normal form in ea
h dimension, that means the domain of ap-propriate parameters is a multi-dimensional ellipsoid, it is suitable to sample onlya few points in ea
h dimension with all other parameters un
hanged. From thisone gets the point of maximum likelihood. Starting from this point of maximumlikelihood one de�nes the un
ertainties in ea
h dimension by looking for the pointwhere the likelihood has fallen to the 1/e's fra
tion1. These boundaries are pro-je
tions of the ellipsoid des
ribing the multi-dimensional error bar onto the singledimensions, they are used to �t the likelihood-ellipsoid to the data. On
e one hasthe 
omplete ellipsoid, the real un
ertainty with respe
t to any dimension 
an be
omputed.Within the two-dimensional subdomain of the o
ean di�usivities (kH , kV ) thesamples are taken along the line (in log spa
e) between the parameters α−, α0and α+ . This follows the 
onstru
tion of a parameter α out of the di�usivitieswhi
h is most in�uen
ial on the Atlanti
 overturning stream fun
tion and there-fore most likely also on the 8.2 ka event as done by Held and Kleinen (2004). To
over two dimensions, samples are also taken along the dire
tion nearly orthogo-nal to α. With this approa
h the assumption of the major in�uen
e of α 
an betested.1When working with the likelihood alone, rather than with the produ
t of prior and likelihood,as required by Bayesian Theory one looses interpretation of a probability measure, howevergains obje
tivity. Then various 
hoi
es of likelihood ratio are possible.20



3.2 Summary3.2 SummaryThe model setup for simulation of the 8.2 ka event with CLIMBER-2.3n (thenoisy version of CLIMBER-2.3) has been presented. The experiment relatedtuning parameters 
on
ern the freshwater for
ing that shows responsible for thetiming and duration of the 
old event as seen in the Greenland temperatureoutput: The duration and strength of a baseline �ux added to the also un
ertainNorth Ameri
an 
ontinental runo� and the amplitude of additional white noiseperturbing the North Atlanti
 freshwater for
ing. The parameters representinghorizontal and verti
al o
ean di�usivity were 
hosen as un
ertain parameters tobe addressed by the Bayesian Learning s
heme under the assumption of theirmajor in�uen
e on the model's performan
e at 8.2 ka. A sampling strategyhas been provided to Bayesian learn existing prior knowledge on the di�usivitiesand to estimate the high-dimensional likelihood fun
tion with a multi-Gaussianapproa
h.
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3 Simulation experiments
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4 Results & InterpretationIn this 
hapter the results of the 8.2 ka event simulations are presented andinterpreted starting with an overview of the reprodu
ed 8.2 ka 
limate state inse
tion 4.1. The dependen
y of the 
old event duration T on the realization offreshwater noise makes an ensemble approa
h ne
essary. The resulting histogramof durations is presented and dis
ussed in se
tion 4.2. In se
tion 4.3 the BayesianLearning step is 
arried out in detail and the resulting learning e�e
t is transferedto other 
limate parameters in se
tion 4.4. The results are summarized in se
tion4.5.4.1 Interpretation of the 8.2 ka event inCLIMBER-2.3The simulation of the 8.2 ka event dis
ussed below is performed a

ording tothe experimental setup des
ribed in se
tion 3.1.1. Starting from the equilibriumstate adapted to the boundary 
onditions of 9 ka BP a freshwater for
ing is ap-plied 
onsisting of a baseline �ux with an amplitude of RFWFBG=0.03 Sv anda duration of 1000 yrs with additional white noise of amplitude σ = 0.03 Sv anda freshwater pulse of 2.6 Sv after 800 yrs. The freshwater for
ing is applied tothe northern Atlanti
 region (50-70◦N). Time series of some aggregated 
limatevariables for this 8.2 ka event simulation are shown in �gure 4.1, the �elds ofmeridional stream fun
tion, potential density and frequen
y of 
onve
tion eventsare shown in �gures 4.2-4.4 both before and during the 
old event.The left 
olumn represents the state of the northern Atlanti
 o
ean before thepulse is applied. The well known North Atlanti
 
onveyor belt is well representedin the meridional stream fun
tion. The relatively warm and saline water is trans-ported north by the near surfa
e North Atlanti
 
urrent. The potential density
ρ = f(T, S) (4.3) that depends on temperature and salinity shows an instabilityas the isolines pro
eed verti
ally, thus downward 
onve
tion takes pla
e. The wa-ter sinks down at the I
eland-Greenland ridge and �ows southward in a verti
allyand horizontally broad 
urrent as North Atlanti
 Deep Water. Normally, thatmeans in the standard Holo
ene setting denoted as ON mode of the North At-lanti
 Overturning Cir
ulation, the maximum of this 
ir
ulation is lo
ated slightlynorth of the I
eland-Greenland ridge at a depth of about 1000 m.At 8.2 ka BP an enormous amount of freshwater is released into the surfa
e layerof the northern Atlanti
 (4.1(a)). Due to its lower salinity the potential density of23



4 Results & Interpretationthis freshwater is lower than in the deeper o
ean, thus the water 
olumn be
omesstable (4.3(r)) and the downward 
onve
tion stops immediately. As the north-ward transport of warm saline water does not stop, the overturning is not turnedo� 
ompletely but shifted southward; the warm water now sinks at a latitude of
40-50◦N (see 4.2(r)). This slowing down of the overturning 
ir
ulation was shownwith an equilibrium setup by Bauer et al. (2004) and is now also seen in a tran-sient model run. This state of weakened overturning 
ir
ulation (maximum of 12Sv (see �gure 4.2(r))) is 
alled intermediate (INT) as it lies in between of the ONmode with a maximum in overturning of 18 Sv and the gla
ial OFF mode withoutoverturning. The output �eld 
ontaining the frequen
y of 
onve
tion events (4.4)allows a 
lear separation between the ON, the INT and the OFF mode. In the ONstate, 
onve
tion takes pla
e from the surfa
e to the deep o
ean along the slopesof the I
eland-Greenland ridge. In the INT state the 
onve
tion is shifted southand 
onsists of a purely wind driven part at the surfa
e and a slowed overturningthat rea
hes only 500 m downwards. The OFF mode only shows the wind drivensurfa
e 
urrent without any 
onve
tion events (not shown). The stability and
hara
teristi
s of this INT mode were also investigated by Bauer et al. (2004).As the overturning is weakened at 8.2 ka BP (4.1(b)), the northward heat trans-port is also shortened and thus the temperature in the northern hemisphere de-
reases whereas the southern hemisphere be
omes warmer (4.1(f)) due to the so
alled seesaw e�e
t [Crowley (1992)℄. The 
ooling is seen strongest in the NorthAtlanti
 region (about 5◦ C in Greenland temperature (4.1(
))). The 
ooling
orresponds to lesser pre
ipitation (4.1(e)). In this example the 
old period lastsabout 250 years.4.2 The histogram of 
old event durationThe model's performan
e strongly varies for di�erent realizations of freshwaternoise. As pointed out in se
tion 3.1.1 this demands an ensemble approa
h to in-vestigate the in�uen
e of model parameters on the model's performan
e aroundthe 8.2 ka event. For ea
h parameter setting the event was simulated 150-300times to �t the error 
ondition (see equation (2.8)). For reasons of simpli
ityand 
omputational feasibility, the model output and the i
e 
ore data were pro-je
ted onto the duration T of the 
old phase. T was estimated by a nonlineartrapezoid �t (as des
ribed in se
tion 2.2.3) and binned into boxes of bin-size 20years (a

ording to the un
ertainty of the Greenland i
e 
ore data). The resultinghistogram represents the relative frequen
y of o

uran
e of di�erent 
old eventdurations (example see �gure 4.5). Surprisingly the histogram reveals a systemof at least two di�erent modes of duration; one short mode around 80 years anda longer mode 
entered about 30 years after the termination of the additionalbaseline �ux used in the experiment. This points to 
oexisting physi
al me
ha-nisms as origin for the modes. Sensitivity analysis on the duration of baseline �ux24



4.2 The histogram of 
old event duration
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Figure 4.1: Time series of various 
limate variables for one realization of an 8.2 kaevent simulation, showing (a) the 
omposite freshwater for
ing, (b)the NADW formation rate, (
) the temperature in Greenland [a 
om-posite of several boxes℄, (d) the maximum Atlanti
 northward heattransport, (e) global pre
ipitation and (f) the southern hemispheri
surfa
e air temperature
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4 Results & Interpretation
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Figure 4.2: Atlanti
 meridional stream fun
tion in Sv of ON (left) and INT (right)state in transient 8.2 ka event simulation. Isolines are in steps of 3Sv.
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Figure 4.3: Potential density of ON (left) and INT (right) state in transient 8.2 kaevent simulation in kgm−3 above 103kgm−3 with isolines in steps of
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4.2 The histogram of 
old event duration
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Figure 4.4: Frequen
y of o

uran
e of 
onve
tion events of ON (left)and INT(right) state in transient 8.2 ka event simulation with isolines in stepsof 0.1.
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σnoise = 0.06 Sv,Dbaseline = 1000 yrs
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4 Results & Interpretationfor a given strength and vi
e versa have been performed. Figure 4.6 shows thehistograms of durations T of the 8.2 ka 
old event for di�erent values of duration
D of baseline �ux with all other parameters kept 
onstant. The duration D ofbaseline �ux shows strong in�uen
e on the histogram of 
old event durations, asit moves the se
ond mode a

ording to the duration D + 30 years. In this 
asethe �rst mode vanishes for longer durations D. In another sensitivity study with-out any additional baseline the se
ond mode vanishes and the �rst mode showsonly weak dependen
e on the strength of ba
kground freshwater runo� (without�gure). These �ndings might be explained as follows: The short mode representsthe mean lifetime of the INT state of overturning 
ir
ulation whi
h is not altered
onsiderably by di�erent values of freshwater strength (without �gure) unless thebaseline gets strong enough to 
ompletely shut down the 
ir
ulation as happenedin the lower 
ases in �gure 4.5 due to the high freshwater rate of 0.06 Sv intro-du
ed for longer than 800 years.The se
ond mode is 
learly triggered by the termination of the baseline �ux. Onesuggestion for a physi
al interpretation is that a
tually in the se
ond mode it isnot the INT but the OFF mode that is rea
hed by the freshwater for
ing. By
omparing the overturning stream fun
tion for runs lying inside the �rst and se
-ond mode this explanation was ruled out. It seems 
lear that a 
ontinuing in�owof freshwater keeps the overturning from re
overing as it smoothes the gradient indensity. Nevertheless the 
on
rete physi
al me
hanism behind the se
ond modestays an open question and should be addressed in further studies.The �rst mode 
entered around 80 years represents a 
entennial time s
ale 
har-a
teristi
 for adve
tive pro
esses impa
ting the whole Atlanti
 (from time s
aleanalysis). The 
hara
teristi
 time s
ale for the de
ay of regional distortions onlyrea
hes from annual to de
adal s
ales and the di�usive s
ale of the Atlanti
rea
hes 1000 years. This 
omparison points to an at least hemispheri
al impa
tof the 8.2 ka event in CLIMBER-2.3.Besides the resulting mean of 
old event duration in mode one is too short byfa
tor 2 
ompared to the Greenland i
e 
ore data. As this mode was not to bealtered by adjusting the experiment related parameters it follows that the single-pulse s
enario in CLIMBER-2.3 is not able to produ
e sensible high likelihoodfor a duration of 160 years without additional baseline �ux. This leads to di�er-ent possible 
on
lusions: Under the assumption that nature has realized a highlyprobable state during the 8.2 ka event this means that either the model settingis in general unable to realisti
ally represent the 8.2 ka event or if not so theone-pulse s
enario 
an only lead to a high likelihood by introdu
ing additionalbaseline �uxes (as done in this experiment). As an alternative one would haveto 
onsider a multi-pulse s
enario. Although the for
ing used here leads to aninteresting intermediate (or exited) mode of THC with a times
ale indi
ating atleast hemispheri
al range of the event the physi
al me
hanism(s) behind this times
ale remain(s) open to further studies.Nevertheless the Bayesian approa
h is 
apable of providing the likelihood of the28



4.3 Constru
ting the likelihoodparameter setting in question by adding up the relative frequen
ies of durations
T that lie inside the interval of T = (160 ± 10)yrs. Thus the Bayesian approa
hformally is in no need for physi
al interpretation as it simply assimilates data ina 
oherent s
heme. The 
orresponding 
onditional likelihood
P (T = (160±10)yrs|α =

[aho
 = 2000, av = 0.8 · 10−4,AN = 0.03,FW = 0.06, D
]

)in �gure 4.6 (right) shows, that with the given parameter setting the right dura-tion of 
ooling 
an best be a
hieved with a duration D of baseline �ux near 860years (maximum of 
onditional likelihood) with an error bar lc, de�ned as the
1/e likelihood 
ontour rea
hing from 790 to 930 years. So the experiment-relatedparameters de�ning the baseline �ux have a strong in�uen
e on the shape of thehistogram and therefore on the likelihood of o
ean di�usivities.
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Figure 4.6: (left)histograms for di�erent durations of baseline �ux, (right) 
orre-sponding 
onditional likelihood of right duration of the 8.2 ka event(160 ± 10 yrs) given the parameter setting4.3 Constru
ting the likelihoodConstru
ting the likelihood P ((T = 160±10)yrs|α) one has to keep in mind, thatthe duration of the 
old event around 8.2 ka BP in CLIMBER-2.3 simulations maynot only depend on the o
ean di�usivity parameters aho
 and av ( denoted 1α, 2α)alone but on additional model parameters (e.g. experiment-related parameterslike amplitude of noise, duration and strength of baseline freshwater �ux, denoted
3α - 5α or on other model parameters like the height of stratiform 
louds et
.).These additional un
ertain parameters add to the 
omplexity of the problem byenlarging the dimension of α. This problem is handled by an iterative approa
h.29



4 Results & InterpretationFirstly the 
onditional probability of the di�usivities is 
omputed by assumingall the other parameters to be known exa
tly (se
tion 4.3.1). Although this isnot true it redu
es the dimension of the problem and allows to estimate thelearning e�e
t on the di�usivities alone. The Bayesian approa
h then permits toimprove the result a

ording to the multi-dimensional Gaussian approa
h pointedout in se
tion 3.1.2 by in
luding additional model runs whi
h vary in the otherdimensions of parameter ve
tor α (se
tion 5.2).
4.3.1 Conditional likelihood of o
ean di�usivity parameters

aho
 and avFor this �rst step the o
ean di�usivities were tuned within a square domain madeup by α1,u,2,o of the S
hneider Domain (see �gures 4.7 & 3.1.2). For ea
h of theparameter settings 150 8.2 ka model simulation runs have been performed andthe 
orresponding likelihood was 
omputed a

ording to equation (2.5). All othermodel parameters were kept 
onstant at the standard values. The experimentrelated parameters were also 
hosen to be known 
onstants: The amplitude offreshwater noise σ was estimated from [Walsh and Portis (1999)℄ who deliveredestimates for the varian
e of �u
tuations in northern Atlanti
 freshwater budgetfrom evaporation and pre
ipitation. Res
aled to the North Atlanti
 region inCLIMBER-2.3 this 
orresponds to a varian
e of σ = 0.02 Sv. As the �u
tuationsin freshwater runo� and sea i
e melting have to be in
luded the amplitude of noisewas 
hosen as σ = 0.05 Sv. Duration and strength of the additional freshwaterbaseline were 
hosen as D = 900 yrs and FW = 0.03 Sv. These represent thepersonal knowledge of the author about optimal 
hoi
e of the experiment relatedparameters gained by single dimension sensitivity experiments. Later on this
hoi
e has to be repla
ed by a more systemati
 approa
h (see se
tion 5.2).The resulting data of empiri
al 
onditional likelihood are well represented bya two-dimensional Gaussian Least Square Fit (shown in �gure 4.7(left)). Thehalf-width of the Gaussian is displayed as a divisive plane de�ning the errorbar. Viewed from above (in �gure 4.7(right)) the point of maximum likelihoodand the error bars in the di�usivities 
an dire
tly be extra
ted: The maximumlikelihood is found at α = [2265, 0.75 · 10−4] (m2/s). The 1/2-error bars lc ariseas ahoc = (1560-3030)m2/s and av = (0.67-0.821) · 10−4m2/s. Compared to thesubje
tive quantile represented by the Present Day Domain this represents aredu
tion of un
ertainty in ahoc of fa
tor 3.1 (on logarithmi
 s
ale) and a redu
tionof fa
tor 3.8 in av. This enormous learning e�e
t is surely transferred into aredu
tion in spread of other 
limate relevant parameters (i.e. TCR, see se
tion4.4.1).30



4.4 Transforming the learning e�e
t to relevant 
limate parameters
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Figure 4.7: (left) Gaussian �t to the 
onditional likelihood P (T |α = [ahoc, av]),(right) the same viewed from above with the half-width of the �t4.4 Transforming the learning e�e
t to relevant
limate parametersTo predi
t future 
limate evolution in a sensible way one has to know how sen-sitive Earth's 
limate system rea
ts to natural or anthropogen for
ing su
h asemissions of greenhouse gases or aerosols. To get quantitative information aboutthese sensitivities of the 
limate system, di�erent measures of sensitivity were in-trodu
ed. Two of them are Climate Sensitivity (T2×CO2
) and Transient ClimateResponse (TCR). Both quantities measure di�eren
es in global mean tempera-ture. Climate Sensitivity is given as the di�eren
e in global mean temperaturefor a doubling of CO2 from 280 to 560 ppm under the assumption of the sys-tem staying in (quasi)equilibrium. In the 
ontext of modeling this quantity ismeasured by starting a slowly rising (1% per year) CO2 doubling s
enario froman equlibrium state and afterwards letting the model run into equilibrium againfor several thousand years. This approa
h takes into a

ount the inertia of the
limate system. This means, that only a small fra
tion of the overall rea
tionof the system to a distortion may be seen dire
tly following the for
ing but the(possibly) bigger part only emerges on 
entennial or millenial time s
ales.4.4.1 Transient Climate Response (TCR)For the predi
tion of the near future of the 
limate system, espe
ially for theforth
oming 
entury, mankind only fa
es the part of the 
limate response dire
tlyfollowing the for
ing signal. Thus the TCR measures the di�eren
e of global meantemperature in a 1% CO2 doubling s
enario from 280 ppm at present day 
limateto the point were 560 ppm of CO2 
on
entration is rea
hed (that is in year 71 ofthe simulation; see �gure 4.15(left)).The un
ertainty in the knowledge of the TCR is represented by the un
ertaintyof the model's tuning parameters (e.g. the o
ean di�usivities), meaning that one31



4 Results & Interpretation
an tune the TCR by 
hoosing the appropriate set of model parameters. Whenthe un
ertainty of the model parameters shrinks the domain of possible TCRvalues narrows. So by estimating the dependen
y g(α) of the TCR on the o
eandi�usivities the learning e�e
t of the 8.2 ka event on the o
ean parameters 
anbe transferred to the TCR (and other relevant parameters).To estimate this dependen
y the TCR s
enario was performed on a grid of 64
ombinations of o
ean di�usivity parameters, thereby 
overing the GanopolskiDomain. Figure 4.8 shows the results; in logarithmi
 representation of the o
eanparameters the TCR shows a nearly linear dependen
y on AHOC and A_Kv.The TCR de
reases towards higher values of horizontal and verti
al di�usivity;the dependen
e of the TCR on 
hanges in horizontal di�usivity is smaller thanon 
hanges in verti
al dire
tion. A �t of the form
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Figure 4.8: Transient Climate Response; dependen
e on the o
ean di�usivities
TCR = a1 + a2 · log ahoc + a3 · log av (4.1)with a1 = −0.852 ± 0.5, a2 = −0.072 ± 0.015 and a3 = −0.3255 ± 0.05 [value,

95% quantile of �tting℄ is in good agreement with the measured dependen
y. Un-der this assumption of linearity in logarithmi
 spa
e, the range of TCR withindi�erent domains in the two-dimensional spa
e of o
ean di�usivities 
an be di-re
tly 
al
ulated. Within the Ganopolski Domain CLIMBER-2.3 produ
es TCRvalues between the maximum value of MAXGD = (1.99 ± 0.044)◦C and theminimum value of MINGD = (1.401 ± 0.043)◦C. This leads to a quantile of
∆TCRGD = (1.36 − 2.03)◦C within the Ganopolski Domain.Within in the Present Day Domain the same approa
h leads to values of TCR32



4.4 Transforming the learning e�e
t to relevant 
limate parametersbetween MAXSD = (1.82±0.03)◦C and MINSD = (1.50±0.03)◦C and therefore toa quantile of ∆TCRSD = (1.47− 1.85)◦C. This means a redu
tion of un
ertaintyin the quantile from the GD to the Present Day Domain (SD) by 43% (or a fa
tor
2 of learning).As experiments showed 
a.0.5◦C of TCR un
ertainty are not explainable by 
s[Held et al. (2007)℄ and therefore have to originate from o
ean un
ertainty (
om-pared SD quantile in �gure 4.9). The Bayesian Learning in this study 
an addressthis remaining un
ertainty and it 
onstrains the parameter spa
e even 
omparedto the Present Day- or S
hneider Domain and it delivers a likelihood fun
tion of
onditioned relative frequen
ies within the boundaries of the prior domain. Thisadditional information is transfered from P (α) to other outputs by involving thelikelihood of all αi with a 
ertain TCR value a

ording to equation (2.7). Theresulting distribution of TCR values is shown in �gure 4.9. The shape of the dis-tribution is normal with mean TCRmax,like = 1.70◦C as the likelihood over log(α)has been estimated as multivariate Gaussian and the fun
tion TCR(log(α)) is�tted to be linear. Taking the interval in whi
h the relative frequen
y de
reasesto 1/e of its maximum the error bar (lc) reads ∆TCRnew = (1.65-1.75)◦C. Thiserror bar enables three di�erent interpretations: Firstly the 1/e error bar 
an beinterpreted as ratio of likelihood without need of any prior distribution, therebyloosing a probabilisti
 measure but gaining obje
tivity. Se
ondly, as the priordistribution on Ganopolski- and Present Day-Domain is taken to be uniform onlogarithmi
 s
ale the error bar lc also 
an be interpreted as probability ratio. Fi-nally the Gaussian shape of the TCR histogram allows to interpret lc as posteriorquantile. The �tted Gaussian fun
tion en
loses a probability between 65% (1σ)and 95% (2σ) within the part above the 1/e-level. This level 
orresponds to avarian
e of √2σ. Therefore lc represents a redu
tion of un
ertainty in TCR offa
tor 3.8 
ompared to the Present Day Domain.4.4.2 Climate Sensitivity (T2×CO2

)As the Climate Sensitivity (or 
s) 
o-determines the temperature response toanthropogeni
 greenhouse gas for
ing and therefore is needed to estimate αres(see se
tion 4.4.3) the learning e�e
t on the o
ean di�usivities is also transferredto ∆T2×CO2
by applying the same method as in se
tion 4.8. The dependen
eof 
s on the di�usivities T2×CO2

= g(α) is estimated from the CO2 doublings
enario des
ribed at the head of this se
tion as di�eren
e in equilibrium tem-peratures T2×CO2
|α = T (560ppm)|α-T (280ppm)|α. The result is shown in �gure4.10. While 
s is nearly 
onstant for small values of ahoc and av it shows a
hara
teristi
 broad maximum for 
ertain log linear 
ombinations of verti
al andhorizontal di�usivity with a fast de
reasing tail towards the upper border of theGanopolski Domain. This result is surprising as the Climate Sensitivity being anon transient entity should not depend on o
ean heat 
apa
ity. The dependen
yof 
s on o
ean di�usivity is assumed to originate from the i
e-albedo feedba
k33



4 Results & Interpretation
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Figure 4.9: Likelihood of Transient Climate Response; normalized to 1 at max;the quantiles of Ganopolski Domain (GD), Present Day Domain (SD)and the 1/e error bar (lc) of the likelihood are shown.and the dependen
e of sea i
e on the o
ean di�usivities. As the fun
tional form
200

380
725

1380
2625

5000 0.5
0.62

0.78
0.97

1.2
1.5

2

2.5

3

3.5

a
v
 (10−4m2/s)a

hoc
 (m2/s)

T
2C

o 2 (
°C

)

Figure 4.10: Climate sensitivity; dependen
e on the o
ean di�usivities (over GD)of ∆T2×CO2
= g(α) is not well suited to be �tted by a Gaussian or log linear fun
-tion, the data are interpolated on a grid 
overing the Present Day Domain. Thisstudy is not able to be informative about a redu
tion in un
ertainty of 
s be
ausethe most in�uential parameters on 
s (like 
loud parameters) were taken as 
on-stants. But the estimated fun
tional dependen
e of 
s on the o
ean di�usivities34



4.4 Transforming the learning e�e
t to relevant 
limate parametersis used to transfer the learning e�e
t to the temperature response parameter αresin the following se
tion.4.4.3 Climate response parameter αresTo relate the Bayesian Learning to a 
limate system parameter that is a key forqualitative aspe
ts of 
limate proje
tions the redu
tion of un
ertainty is trans-fered to a parameter in a 
limate model used by Kriegler and Bru
kner (2005) to
al
ulate emission pathways and the in�uen
e of normative 
onstraints on emis-sion utilizing the tolerable window approa
h (TWA) [Tóth et al. (1997), Bru
kneret al. (1999), Pets
hel-Held et al. (1999)℄. In this simple model by [Pets
hel-Heldet al. (1999)℄ the response of global averaged 
limate to anthropogeni
 for
ing isdes
ribed by the following equations:
Ḟ = E (4.2)

Ċ = βE + BF − σC (4.3)
Ṫ = µ lnc − αT with c =

C + Cpi

Cpi

(4.4)This model simulates the evolution of the global mean temperature anomaly Trelative to the preindustrial level responding to anthropogeni
 emission of CO2(E) that sum up to the 
umulative emission F and 
ontribute to the atmospheri
CO2 
on
entration anomaly C relative to preindustrial level. The temperatureequation (4.4) dire
tly leads to the Climate Sensitivity T2×CO2
by 
onsidering the
ase Ṫ = 0, c = 2 (doubling of CO2):T2×CO2

=
µ

α
ln 2 (4.5)Taking di�erent assumptions dis
ussed by Kriegler and Bru
kner (2005) the pa-rameters µ and α of equation (4.4) 
an be linked to three physi
al quantities: thee�e
tive o
ean heat 
apa
ity 
oc, the radiative for
ing for a doubling of preindus-trial CO2 level Q2CO2

and Climate Sensitivity T2×CO2
:

µ =
Q2CO2
oc · ln 2

, α =
Q2CO2
oc · T2×CO2

(4.6)As the integral form of equation (4.4) shows:
T (t) = e−α(t−t0)

t
∫

t0

µ ln c(t′)eαt′ dt′ (4.7)
35



4 Results & Interpretationthe parameter αres represents an inverse time s
ale for the de
ay of an anthro-pogeni
 perturban
e of global mean temperature. The transfer from TCR andCS (Climate Sensitivity) to αres 
an be a
hieved by solving:
T2×CO2ln 2

· h

αres − TCR = 0 ,with
h = γ(−1 + exp(−αrest) + αrest) + αres log(c0)(1 − exp(−αrest)) ;

γ = log(1.01), thereby using equation (4.5) and (4.7) for the 
ase c(t) = 2 andassuming exponential in
rease of CO2. The linkage between the di�usivities andthe temperature response parameter αres is shown in �gure 4.11. As in the 
ase ofTCR and CS the transferred learning e�e
t due to the assimilation of the 8.2 kaevent is 
onsiderably high 
ompared to the knowledge gained from Ganopolski-and S
hneider Domain only (see �gure 4.12). The learning e�e
t on the parameter
µ representing the pure rea
tion of the o
ean without interferen
e of 
s is shownin �gure 4.13. The 
orresponding times
ale τ = 1/αres is 
onstrained by BayesianLearning to (22-30) yrs 
ompared to (17-48) yrs on GD and (21-41) yrs on SD(see �gure 4.14). This times
ale τ allows to estimate the 
limate response to shorts
ale for
ing su
h as the s
enario of China rapidly redu
ing the aerosol emissionwithin only several years thereby produ
ing a Heaviside-like additional globalradiative for
ing. An example of a 
orresponding for
ing and response is shownin �gure 4.15. This aerosol extra
tion s
enario is equivalent by order of magnitudeto a rapid in
rease of global mean temperature for a jump in CO2 
on
entrationof about 100 ppm CO2 in 2020. This amount of CO2 is added to a standard TCRs
enario under the assumption that the extra
tion of China's aerosols 
orrespondsto a temperature jump of 1◦ C whi
h is translated to a CO2 equivalent of 100ppm. The rapid in
rease of GMT slows down exponentially as proje
ted by thesmall 
limate model (equation (4.4)). Thus the global temperature response ofCLIMBER-2.3 to the aerosol extra
tion s
enario 
an be emulated by the smallmodel with good agreement (not quanti�ed here).The small 
limate model represented by equations (4.2)-(4.4) is used to 
al
ulateemission pathways subje
t to normative 
onstraints on global temperature rise.In this 
ontext the temperature response parameter represents the inertia of the
limate system when rea
ting on 
hanges in global emissions. If now industry
ommits to a 
limate regime with the aim of not passing a temperature thresholdthe question arises when best to shift 
apa
ities to 
arbon free te
hnologies. Onthe other hand a shorter 
limate rea
tion time s
ale in
reases the impa
t of
limate poli
ies as measures against global warming will qui
kly show an impa
t.
36



4.4 Transforming the learning e�e
t to relevant 
limate parameters
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Figure 4.11: Temperature response parameter αres over the di�usivity spa
e 
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Figure 4.12: Likelihood of temperature response parameter αres; normalized to 1at max; the quantiles of Ganopolski Domain (GD), S
hneider Do-main (SD) and the 1/e bar (of a Gaussian �t) of the likelihood areshown
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4 Results & Interpretation
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Figure 4.13: Likelihood of o
ean response parameter µ; normalized to 1 at max;the quantiles of Ganopolski Domain (GD), Present Day- or S
hneiderDomain (SD) and the 1/e error bar of the likelihood are shown
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Figure 4.14: Likelihood of temperature response time s
ale τ = 1/αres; normal-ized to 1 at max; the quantiles of Ganopolski Domain (GD), PresentDay Domain (SD) and the 1/e error bar of the likelihood are shown
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4.5 Summary
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Figure 4.15: (left)CO2 for
ing for the TCR (blue) and a sulfate extra
tion (red)s
enario and (right) the 
orresponding global mean surfa
e temper-ature4.5 SummaryWith the setup des
ribed in se
tion 3.1.1 CLIMBER-2.3n reprodu
ed a 
old event
omparable to the �ndings of Bauer et al. (2004). As the model's performan
estrongly depended on the realization of freshwater noise η the run was repeated
150-300 times per parameter setting with di�erent seeds for the noise generator.The resulting histograms of durations of the 
old event were produ
ed. Thissystemati
 approa
h of in
luding the in�uen
e of freshwater noise revealed theexisten
e of at least two di�erent modes of 
old event duration: One 
enteredaround 80 years and a se
ond mode with a 
enter strongly dependent on the du-ration of the additional baseline �ux in the experiment. One possible explanationfor the existen
e of two modes bases on the di�erent states of the overturning
ir
ulation in the northern Atlanti
 explored by Bauer et al. (2004). The shortmode may originate from the re
overy from INT to ON mode whereas the longmode originates from a re
overy from the OFF mode. This explanation was ruledout by 
omparing the 
orresponding overturning stream fun
tions whi
h showedno 
hara
teristi
 di�eren
es between runs with short and su
h with longer 
oldevent duration.The �rst mode represents a times
ale (about 102 yrs) that 
orresponds to theadve
tive time s
ale of the whole Atlanti
 and therefore points to an at leasthemispheri
al range of the 8.2 ka event. As the �rst mode hardly depends onthe experiment related parameters, CLIMBER-2.3 is not able to reprodu
e the39



4 Results & Interpretationright duration of the 8.2 ka event (with 
onsiderably high likelihood) within aone-pulse s
enario without additional baseline �uxes. This 
on
lusion indi
ates a
ru
ial role of future investigations of more 
omplex freshwater for
ing s
enariosand the 
orresponding data.Although the additional experiment-related parameters showed strong in�uen
eon the likelihood of the di�usivities they were kept 
onstant in the following �rstiteration to 
al
ulate the 
onditional likelihood of the o
ean di�usivity parame-ters in two dimensions. Taking the 1/2-level as error bar the resulting likelihoodshows a redu
tion of un
ertainty by fa
tor 3 in the horizontal and fa
tor 3.8 inverti
al o
ean di�usivity 
ompared to prior knowledge.To use the learning e�e
t in dis
ussions of 
limate 
hange and mitigation it hasbeen transfered from CLIMBER-2.3 o
ean di�usivity parameters to the Tran-sient Climate Response (TCR). The range of values of TCR ,whi
h 
ould not beexplained by un
ertainty in Climate Sensitivity, was redu
ed by 0.3◦C 
omparedto the prior knowledge. The general range of values for the 
limate 
hara
ter-isti
s is 
onstrained by taking only standard values for all other parameters inCLIMBER-2.3. A throughout analysis of their in�uen
e would lead to a rangeof TCR and T2×CO2

omparable to GCM performan
e (see von Deimling et al.(2006)).Finally to estimate the impa
t of the learning e�e
t on mitigation poli
ies foravoiding dangerous 
limate 
hange it has been transfered to the temperature re-sponse parameter αres. This parameter represents the time s
ale of the 
limate'slinearized rea
tion to abrupt anthropogeni
 distortions of global mean temper-ature by emission of CO2. The range of this time s
ale has been redu
ed from

(21-41) years to (22-32) years by the Bayesian Learning implementation.
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5 Dis
ussionA s
heme has been presented how to Bayesian learn from paleo-data on un
ertain
limate parameters. Employing CLIMBER-2.3 this method was implemented to
onstrain model parameters representing horizontal and verti
al o
ean di�usiv-ities by assimilating Greenland i
e 
ore data from the 8.2 ka event. Withina�ordable 
osts of 
omputation the likelihood of the di�usivity parameters wasestimated from ensemble runs of the noisy version of CLIMBER-2.3. The methodled to 
onsiderable redu
tions of un
ertainty in the o
ean di�usivities (fa
tor 3vs. prior knowledge) and in 
limate-relevant parameters like TCR and 
limateresponse parameter αres. So far the method of Bayesian Learning has provenhighly valuable.Nevertheless di�erent imperfe
tions 
orrupt the su

ess of the implementation.The limited availability of 
omputational power 
onstrains the number of ensem-ble runs to be performed. This 
onstraint was fa
ed by redu
ing the dimension ofthe problem in several pla
es: Firstly the basis of 
omparison between model anddata was 
hosen as one-dimensional output; the duration of the 
old event. Amore sophisti
ated 
omparison of time series of data �elds would preserve moreinformation of the 8.2 ka event at the 
ost of a tremendous need for 
omputa-tional power. The strength of the approa
h of dire
tly estimating the likelihoodfrom ensemble runs is that no spe
i�
 fun
tional form has to be assumed a priori;again leading to higher 
omputational e�ort. Se
ondly the number of parametersto learn on had to be 
onstrained. In a �rst iteration the method was demon-strated by 
hoosing only two-dimensional learning on the di�usivities with allother parameters taken as known 
onstants.There exist two di�erent ways to over
ome this imperfe
tion: Without using moredata, the likelihood 
an be expanded to higher dimensions, whi
h only takes more
omputation again (and an intelligent sampling strategy) or the other parame-ters 
an be 
onstrained by in
luding additional sour
es of information su
h asother data or a 
onsensus of expert knowledge. It is obvious that when addingmore un
ertain parameters the un
ertainty in ea
h single parameter rises. Sofor ea
h implementation of Bayesian Learning a balan
e between 
omplexity inmodel data 
omparison and 
omplexity in learning spa
e must be found.The use of additional input is explored in se
tion 5.1 where auto
orrelation ofsalinity �elds is used to link the un
ertain di�usivity to other parameters. Thoselinks provide the possibility to freely 
hoose the parameter that is most suitableto be measured and the one to learn on indire
tly through the Bayesian method.41



5 Dis
ussionIn se
tion 5.2 the expansion of the problem to three dimensions by taking intoa

ount di�erent volumes of baseline �ux is des
ribed. This additional un
er-tainty strongly redu
es the learning e�e
t on the di�usivities thereby revealingthe limits of information to gain by this experimental setup.Over
oming these imperfe
tions by in
luding more un
ertain parameters and in-
luding more data aims at the 
omparability of the results. One has to keep inmind that the employed model and data themselves set limits on how 
lose theresult 
an get to reality. When using the CLIMBER-2.3 derived temperatureresponse times
ale τ = 22-32 yrs one has to 
onsider that GCMs show a strongin�uen
e of nonlinear e�e
ts on de
adal s
ale. So the predi
tive strength of alinear response parameter is weakened.Another aim of this study, besides proving the value of Bayesian Learning, is toshow in prin
iple how to 
lose the 
ir
le to an integrated assessment by transfer-ing the learning e�e
t to an e
onomi
 
ontext. The redu
tion of un
ertainty hasbeen transfered to other parameters (e.g. TCR, CS, αres) whi
h are 
entral inresear
h 
on
erning 
limate 
hange. The impa
t of the redu
tion of un
ertaintyin αres on mitigation poli
ies is qualitatively dis
ussed in se
tion 5.3.5.1 Using additional sour
es of information -Auto
orrelation of salinity- and temperature�eld dataHeld and Kleinen (2004) presented a method to estimate the proximity of a dy-nami
 system like a 
limate subsystem to non linear thresholds, e.g. a shutdownof the thermohaline 
ir
ulation. The so 
alled Degenerate Fingerprinting rests on
onstru
ting a 
ontrol parameter κ that is highly informative on the proximityto the shutdown. The parameter κ is motivated by investigating a theoreti
alsituation of a bifur
ation. This requires several assumptions: The systems quasi-stationary dynami
 is simpli�ed as an equilibrium of a deterministi
 dynami
 thatis perturbed by weather generated noise; the response to noise is approximatedby linear modes (small noise limit). Under these assumptions Held and Kleinen(2004) identi�ed a �
riti
al mode� de�ned by the smallest de
ay rate κ that van-ishes at the bifur
ation. In the small noise limit this mode is represented by theleading EOF of the �eld under 
onsideration. So Held and Kleinen (2004) usedthe proje
tion of the salinity �eld onto the �rst EOF obtained from time serieswith standard di�usivities and the freshwater for
ing 
losest to the bifur
ationas proxy for the 
riti
al mode dynami
s. Under the assumption of vi
inity tothe bifur
ation the temporal evolution is simpli�ed to a one-dimensional autore-gressive pro
ess (AR(1)-pro
ess) yn+1 = cyn + σηn, with c = exp(−κ∆t) and ηnGaussian white noise. By de�nition the propagator c takes values in [0, 1] with
1 at the bifur
ation (as the 
riti
al de
ay rate κ vanishes). The method requires42



5.1 Using additional sour
es of information - Auto
orrelation of salinity- and temperature �eld dataa separation of time s
ales between the 
riti
al mode (with de
ay rate κ) andthe other modes (with de
ay rate κi). Therefore the time step ∆t of the AR(1)pro
ess has to ful�ll the requirement:
1/κ ≪ ∆t ≪ 1/κi . (5.1)In this study the method is used to link the o
ean di�usivities α, the freshwaterfor
ing µ and the distan
e to the bifur
ations represented by the propagator

c. For di�erent values of α and µ (using fa
torial design) noisy equilibriumruns of CLIMBER-2.3 are performed. Ea
h time serie of the salinity �eld 
overs
10, 000 years with time step ∆t = 50 yrs (whi
h has shown 
onsistent with(5.1) in the equivalent setting; see Held and Kleinen (2004)). The �rst 5, 000years are removed as start up phase for CLIMBER-2.3 to rea
h near equilibrium.As the AR(1) pro
ess only works on stationary time series distorted by whitenoise, a quadrati
 trend is removed from the Atlanti
 salinity �eld. Afterwardsit is proje
ted onto its �rst prin
ipal 
omponent (shown in �gure 5.1). Theboxes representing the surfa
e layer at (50-70)◦ N are left out be
ause of theirdire
t dependen
e on the freshwater for
ing. The resulting time series are �ttedwith a AR(1)-pro
ess by estimating the propagator c from auto
orrelation withstep-width one (lag-1 operator). Figure 5.1 shows the propagator c over theGanopolski Domain in di�usivity spa
e for di�erent values of freshwater for
ing(standard for
ing - 0.1 Sv (lower), standard for
ing (middle) and standard for
ing+ 0.1Sv (upper)). Qualitatively it shows the dependen
e of the proximity to abifur
ation on the freshwater for
ing: The propagator in
reases towards higherlevels of freshwater for
ing with 
onstant di�usivities; for 
onstant freshwaterfor
ing the propagator rises mainly with in
reasing horizontal di�usivity.This linkage opens di�erent valuable possibilities for 
onstraints on un
ertainties:Following the assumptions of se
tion 4.3.1 namely that the freshwater for
ing (interms of the 8.2 ka event the known ba
kground �ux) is 
onstant at the knownstandard level the new linkage 
an be used to further redu
e the un
ertainty ofthe di�usivities. Alternatively one 
an use the link to transfer the learning e�e
ton the di�usivities to a learning e�e
t on the propagator and thus 
onstrainingthe proximity to a THC breakdown. The se
ond is shown in �gure 5.1. Thelearning e�e
t is transferred to the propagator of the AR(1) pro
ess followingthe pro
edure des
ribed in se
tion 4.4. So given the strength of freshwater runo�(standard value) and the posterior distribution of di�usivities the propagator
c is 
onstrained to c = 0.63-0.67 [0.65] in 1/e-likelihood error bar 
ompared to
cGD = 0.4877-0.8518 for the Ganopolski Domain and cSD = 0.5425-0.7165 for thePresent Day Domain. This represents a redu
tion of un
ertainty of fa
tor 5 vs.SD and of fa
tor 10 vs. GD. 43
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5.2 In
luding additional parameters; strength FW of baseline �ux
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Figure 5.3: relative frequen
y distribution of the Atlanti
 AR(1) propagator c forstandard value of freshwater runo� into the northern Atlanti
 afterthe Bayesian Learning on the di�usivities5.2 In
luding additional parameters; strength
FW of baseline �uxSo far the learning e�e
t presented in this study was a
hieved by negle
ting theun
ertainty of all parameters but the o
ean di�usivities. Although this approa
hproves the possibility to 
onstrain un
ertain model parameters by `assimilating'paleo-data 
ontaining the 8.2 ka event the 
omparability of the out
ome to otherstudies 
an only be a
hieved by in
luding other un
ertain parameters. To get arobust result inside the stylized CLIMBER world one has to in
lude the un
er-tainty of all experiment related parameters at least. These are the amplitude offreshwater noise and strength and duration of the additional freshwater baseline.In
luding the un
ertainty of additional parameters drasti
ally enlarges the 
om-plexity of the problem to estimate the likelihood. Within the 
ontext of the 8.2 kaevent the ne
essity of dire
tly estimating the unknown likelihood from ensemblesimulations pla
es a 
ontraint to the manageable 
omplexity in learning spa
e.As a �rst step to improve the soundness of the learning e�e
t the strength FWof the baseline �ux employed in the 8.2 ka simulations is in
luded as an un
ertainparameter. The in�uen
e of the un
ertainty of FW on the now three-dimensionallikelihood has been investigated by a nearly fa
torial sampling design. As the 2Dlikelihood is known to be well represented by a Gaussian �t in logarithmi
 di�u-sivity spa
e the sampling follows the assumption that the in�uen
e of FW 
analso be modeled as Gaussian. For eight points in di�usivity spa
e the 8.2 kasimulations have been repeated with altered values of FW (0.015 Sv and 0.04545



5 Dis
ussionSv against 0.03 Sv in standard). The multi-dimensional Gaussian �tting routinehas been extended to three dimensions.The resulting �t of the likelihood proje
ted onto di�usivity spa
e is shown for
FW = 0.03 Sv in �gure 5.2[left℄. The half-width of the likelihood taken as errorbar de�nes the posterior quantile shown in �gure 5.2[right℄. The in�uen
e of FWon the error quantile in two-dimensional di�usivity spa
e is demonstrated in �g-ure 5.5 that shows the half-width error quantile for three di�erent values of FW .The 
omparison of the error quantile in �gure 5.2[right℄ to the same setting in �g-ure 4.7[right℄ shows a stronger spread espe
ially in ahoc for the three-dimensionalappli
ation of the �tting routine.This leads to several possible 
on
lusions: The number of measurements mighthave been insu�
ient to 
onstrain the �tting in a sensible way (the spread isoverestimated in �gure 5.2). Alternatively the assumption of Gaussian shapelikelihood in FW may be misleading. In both 
ases a more sophisti
ated sam-pling s
heme would be needed to investigate the shape of the three-dimensionallikelihood. If the likelihood had at least a global maximum an optimizationapproa
h 
ould be of use (Seidel approa
h). Although the �tting routine overes-timated the range in di�usivity spa
e and thereby wiped out the learning e�e
tin ahoc the range in av does not in
rease by large. By 
hanging FW within
[0.015-0.045] Sv the range in the verti
al o
ean di�usivity parameter is in
reasedto [0.62− 0.87] · 10−4m2/s 
ompared to [0.68-0.82] · 10−4m2/s in �gure 4.7[right℄.The un
ertainty of FW hardly weakens the learning e�e
t on verti
al o
ean di�u-sivity but diminishes the learning e�e
t on horizontal di�usivity. This means thatadditional information is needed to regain the whole learning e�e
t. This 
an bedone either by independently 
onstrain the baseline �ux from other paleo-dataor to enlarge the base of model-data 
omparison.5.3 Impa
t of the learning e�e
t on 
limatepoli
yNow one would like to ask whether there are already some qualitative 
on
lusionsone 
ould draw for 
limate poli
y, under the s
enario that the results obtainedso far 
ould be 
on�rmed by more 
omplex models and a more 
omprehensivestatisti
al analysis. As a main result of the present study it 
an be obtained thatun
ertainty on 
limate response time s
ale 
ould be redu
ed to the lower half ofthe interval in time s
ale. This would have the following impli
ations:Previous work on 
onstraining 
limate sensitivity from the signal of anthropogeni
warming within the 20th 
entury fa
ed - among other di�
ulties - the problemto disentangle the joint e�e
t of Climate Sensitivity and response time s
aleon the warming signal: The warming may result from low Climate Sensitivity
ombined with fast response, or large sensitivity 
ombined with slow response. If46



5.3 Impa
t of the learning e�e
t on 
limate poli
y

116013901650197023502800

0.6
0.7

0.82
0.95

1.14
1.3

0

0.2

0.4

0.6

a
hoc

 (m2/s)

FW=0.03 Sv

a
v
 (10−4 m2/s)

lik
el

ih
oo

d 
(n

ot
 n

or
m

al
iz

ed
)

1160 1390 1650 1970 2350 2800
0.6

0.7

0.82

0.95

1.14

1.3

FW=0.03 Sv

a
hoc

 (m2/s)

a v (
10

−
4  m

2 /s
)

Figure 5.4: (left) Gaussian �t to the 
onditional likelihood P (T |α =
[ahoc, av,FW = 0.03Sv]), (right) the same viewed from above with thehalf-width of the �tone 
ould ex
lude the slow response end, that would point towards the lower endof Climate Sensitivity. This �nding would be in-tune with, hen
e would further
on�rm, results from von Deimling et al. (2006), who also ex
luded high-endClimate Sensitivity well beyond 5◦C. In terms of a hedging strategy this impliedthat so
iety would not have to hedge against very extreme values of sensitivity,whi
h implied a net gain in global welfare produ
tion (GWP): As Held et al.(2007) 
ould show, GWP 
osts for mitigation s
ale with Climate Sensitivity asabout 0.5% per ◦C. Given a 
urrent GWP of 0.4 · 1014 US $ per year, this wouldattribute a severe e
onomi
 value to that Bayesian Learning. Furthermore, withina Bayesian framework, any information stemming from statisti
ally independentdata sour
es, tends to sharpen the overall posterior distributions. Hen
e, when
ombining the results from von Deimling et al. (2006) with the present work,a further narrowing of the error bars on Climate Sensitivity 
an be expe
ted.Finally, lower values of Climate Sensitivity implie a lower total 
arbon sto
k that
ould still be emitted within this 
entury, given a parti
ular global temperature
ap. For potential anthropogeni
 interventions that are mu
h faster than CO2
on
entration in
rease, it 
an be 
on
luded that 
limate response is more on thefast side of what has been proposed so far, hen
e the time s
ale e�e
t woulddominate that of lower Climate Sensitivity for abrupt 
hanges in for
ing. Thisis of relevan
e for desulphurization poli
y within the fossil fuel se
tor, as sulfateaerosols 
urrently impose a signi�
ant global 
ooling e�e
t. In 
ase 
ountrieslike China and India de
ided for an abrupt SO2 mitigation poli
y this 
ould havesevere 
onsequen
es for the likelihood of observing global temperature 
aps. Thiswould enhan
e the pressure for earlier CO2 emission mitigation while the overallsto
k of 
arbon allowed to be emitted stays lower (see above). Proje
ting SO247
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Figure 5.5: 1/2 error bar of a Gaussian �t to the 
onditional likelihood P (T |α =
[ahoc, av,FW]) for di�erent values of FW (upper: FW = 0.015Sv,middle: FW = 0.03Sv, lower: FW = 0.045Sv )
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5.3 Impa
t of the learning e�e
t on 
limate poli
yemissions until 2020, this 
ould make up a di�eren
e in global mean temperatureon the order of 1◦C (E. Bauer, H. Held, private 
omm.).
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6 Summary & OutlookIn this study a Bayesian Learning s
heme has been su
essfully implemented byemploying CLIMBER-2.3 to 
onstrain o
ean di�usivity parameters from Green-land paleo-data 
ontaining the 8.2 ka event. Ensemble simulations of the 8.2 ka
old event in CLIMBER-2.3 revealed a time s
ale of 
ooling that points towardsan at least hemispheri
al range of the event. The inability of CLIMBER-2.3 to re-produ
e the right duration of 
ooling within a one-pulse s
enario emphasizes theimportan
e of in
luding additional 
ontinental runo� around the 8.2 ka event.The resulting learning e�e
t on the di�usivity parameters showed a redu
tionin un
ertainty of fa
tor 3 
ompared with prior knowledge. This learning e�e
thas been transfered to other 
limate-relevant parameters, su
h as TCR, αres andpropagator c, to redu
e un
ertainty of various aspe
ts of future 
limate evolutionsu
h as proximity to bifur
ations or time s
ale and amplitude of 
hanges in tem-perature due to 
hanges in greenhouse gas emissions. By linking the parametersfrom natural systems to model parameters in so
io-e
onomi
 
ontext the impa
tof the Bayesian Learning on 
limate poli
ies and de
ision making pro
esses hasbeen dis
ussed.As dis
ussed in se
tion 5.3 the transforation of the learning e�e
t on model pa-rameters to fa
tors whi
h are important in so
io-e
onomi
 modeling revealed anet bene�t in terms of GWP. So in future studies the importan
e of investigationin di�erent parameters 
an be 
ompared. In the same way di�erent data sets
an be 
ompared a

ording to their potential to redu
e un
ertainty in importantso
io-e
onomi
 fa
tors. In this way the Bayesian approa
h not only improves the
on�den
e in model proje
tions but provide a rational measure of importan
e fordi�erent possible investigations.The limited availability of 
omputational power rises 
onstraints on the dimensionof model-data 
omparison and the dimension of parameter spa
e to be investi-gated by Bayesian Learning. Due to this imperfe
tions all results presented hereprove valid in the stylized CLIMBER-2.3 world only. Therefore this study 
anonly be seen as a preliminary investigation of the feasibility and value of theBayesian assimilation s
heme. A more sophisti
ated treatment of the subje
t byusing more 
omplex models (paleo-GCMs) and data (e.g. SST re
onstru
tionsfor equatorial Atlanti
, re
onstru
tions of pre
ipitation in monsoon regions) hasto follow.
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Zusammenfassung in deuts
herSpra
he�Unsere Welt ist unsi
her� [Howson and Urba
h (1991)℄. Dies gilt insbesondere,wenn man komplexe Systeme wie das Klimasystem der Erde betra
htet. DieseUnsi
herheit begrenzt unser Wissen über die Zukunft unabhägig davon, ob sieunserer eigenen Unvollkommenheit wie mangelndem Systemverständnis oder be-grenzter Re
henkapazität oder der starken Ni
htlinearität des Systems oder ele-mentarem Zufall entspringt. Deshalb ruht jeder Versu
h einer Prognose über diezukünftige Entwi
klung des Klimasystems auf einer Vermutung, die in unseremaktuellen Wissen über das System gründet. Die Modellierung des Klimas isteine formalisierte Version der Vermutung, die das verfügbare Wissen über Sys-temzusammenhänge konsistent zusammenführt. Ein Teil unserer Unsi
herheit istin den Modellen in Form frei einstellbarer Parameter repräsentiert. Entspre
hendzeigen die Modelle eine Vielzahl vers
hiedener mögli
her Szenarien zukünftigerEntwi
klung. Es bleibt das prinzipielle Problem, zwis
hen wohlbegründeten Ver-mutungen und reinen Spekulationen zu unters
heiden. Ein mögli
her Ansatzbesteht darin, den Prognosen derjenigen Modelle zu vertrauen, wel
he mögli
hstviele Phänomene und Charakteristika des heutigen und vergangenen Klimas re-produzieren können. Diese Gewi
htung von Paramtersätzen für Modelle anhandvon Paläodaten wird dur
h den Bayess
hen Formalismus bes
hrieben.Bisherige Studien über Bayess
hes Lernen mit dem Klimamodell CLIMBER-2.3haben si
h zentral mit der Eins
hränkung der Unsi
herheit der Klimasensitivitätbefasst, also mit Glei
hgewi
htseigens
haften des Klimasystems. Der zentraleAnsatz dieser Arbeit besteht darin, für das Bayess
he Lernen einen anderen Poolvon Paläodaten zu nutzen, von denen eine starke Korrelation zur globalen ef-fektiven Wärmekapazität des Ozeans erwartet wird. Diese Gröÿe hat starkenEin�uss auf die Bestimmung der Zeitskala der Reaktion des Klimasystems aufanthtropogene Treibhausgasemissionen und damit (zusammen mit der Klimasen-sitivität) auf die Festlegung �optimaler� Klimapolitik. Eine frühere Arbeit vonBauer et al. (2004) hat gezeigt, dass CLIMBER-2.3 in der Lage ist, das 8.2 kaEreignis na
hzubilden. Diese Arbeit ruht auf der Annahme, dass das 8.2 kaEreignis stark von den Ozeandi�usivitäten bestimmt wird, wel
he ihrerseits dieWärmekapazität maÿgebli
h mitbestimmen.Diese Arbeit setzt si
h als Ziel, mittels Bayess
hen Lernens einen dynamis
hkonsistenten Bogen vom 8.2 ka Ereignis bis zur Zeitskale der Reaktion des Kli-masystems auf Treibhausgasemissionen zu spannen. Dazu wird ein S
hema zur53



6 Summary & OutlookImplementierung des Bayess
hen Lernens aus Paläodaten präsentiert. Der Fokusliegt dabei auf Isotopendaten aus den grönländis
hen Eisbohrkernen, die dasprominente 8.2 ka Kaltereignis beinhalten. Da dieses Ereignis in extremer Weiseaus dem sonst stabilen Klima des frühen Holozäns heraussti
ht, ist von demModell-Daten Verglei
h eine starke Eins
hränkung der Unsi
herheiten der Ozean-parameter zu erwarten. Da das 8.2 ka Ereignis in CLIMBER-2.3 stark ni
htlin-ear von den unsi
heren Ozeandi�usivitäten abhängt, kann die Likelihood derDifussivitäten ni
ht wie allgemein übli
h a priori als gauÿförmig angenommenwerden. Dieser S
hwierigkeit wird dur
h Anwendung einer verraus
hten Version(CLIMBER-2.3n) des Klimamodells begegnet, mit dem die Likelihood der Oze-andi�usivitäten aus Ensembleexperimenten numeris
h aufgebaut wird.Als Ergebnis dieser Studie erbra
hte das Bayess
he Lernen eine Eins
hränkungder Unsi
herheit bezügli
h der Ozeandi�usivitäten um einen Faktor 3 gegenüberdem Vorwissen. Dieser Lernerfolg wurde auf andere Klima
harakteristika wieTransient Climate Response (TCR) und den Temperatur Antwortparameter (αres)übertragen. Wie die S
hendier Experimente gezeigt haben, lassen si
h 
a. 0.5◦Cder Unsi
herheit in TCR ni
ht dur
h die Klimasensitivität erklären [Held et al.(2007)℄. Dies entspri
ht der Ausgangsstreuweite des TCR in dieser Arbeit, daandere Ein�ussgröÿen auf die Klimasensitivität als konstant angenommen wur-den und somit die Klimasensitivität in dieser Arbeit nahezu konstant bleibt. Dieverbleibende Unsi
herheit in TCR konnte um 0.3◦C (entspri
ht einem Faktorvon 3.8) reduziert werden. Da die TCR die Reaktion des Klimasystems auf eineVerdopplung der Kohlendioxid-Konzentration auf kurzen Zeitskalen (70 Jahre)bes
hreibt, konnte diese Arbeit einen alternativen Zugang zur Verbesserung vonKlimaprognosen für das beginnende 21. Jahrhundert aufzeigen.Ein weiterer Transfer des Lernerfolges bringt eine Eins
hränkung in der Zeit-skala der Reaktion des Klimasystems auf anthropogene Treibhausgasemissionen.Diese Zeitskala bes
hreibt die Ges
hwindigkeit, mit der eine Störung der Kohlen-dioxidkonzentration abklingt. Der Werteberei
h konnte von [20-42] auf [22-32]Jahre einges
hränkt werden. Eine kürzere Zeitkonstante bedeutet zum Einen,dass getro�ene Klimas
hutzmaÿnahmen s
hneller greifen, also die Wirksamkeitmögli
her Klimas
hutzregime erhöht wird. Zum Anderen bedeutet dies jedo
hau
h, dass eine Industrie, die si
h einem konkreten Temperaturziel verp�i
htethat, s
hneller auf alternative Te
hnologien umrüsten muss. Wäre die Trägheit(Zeitskale) des Systems sehr ho
h, so könnte man no
h ein Stü
k länger emittierenals bisher und dann dur
h ambitionierten Klimas
hutz umrüsten (Overshooting),bevor die Auswirkungen der Emissionen si
htbar werden. Da eine frühe Um-rüstung höhere Kosten verursa
ht als ein späterer Umstieg, sorgt eine niedrigeZeitkonstante für höhere Kosten.Als Ausbli
k dieser Arbeit wird der Ein�uss des Lerne�ektes bezügli
h der Klima-parameter auf eine Klimas
hutzpolitik beispielhaft diskutiert.Vereinfa
hende Annahmen, begrenzte Verfügbarkeit von Re
henleistung und diebegrenzte Au�ösung und Qualität von Modell und Daten bes
hränken die Be-54



lastbarkeit der hier erzielten Ergebnisse. Einige der konkreten Bes
hränkungen(die reduzierte Anzahl betra
hteter Ausgabegröÿen und die begrenzte Auswahlan Verglei
hsdaten) werden explizit diskutiert und mögli
he Erweiterungen wer-den gezeigt: Die Zahl betra
hteter Modell-Parameter wird von zwei auf dreierhöht; entspre
hend s
hwindet der Lerne�ekt. Als erweiterte Datenbasis lieferndie Salinitätsfelder eine Verbindung des Lernergebnisses bezügli
h der Ozeandif-fusivitäten zum Abstand der thermohalinen Zirkulation von einer Bifurkation.Diese Studie hat die Nützli
hkeit Bayess
hen Lernens als Werkzeug zur integri-erten Behandlung eines Modell-Datenverglei
hs mitsamt der Auswirkungen aufandere Ausgabegröÿen bis hin zur Diskussion klimapolitis
her und wirts
haftli
herImplikationen gezeigt. Da die Ergebnisse dieser Arbeit nur in der stilisiertenCLIMBER-2.3 Welt gültig sind, kann diese Studie allerdings nur als Vorarbeit be-tra
htet werden, die zu umfangrei
heren Untersu
hungen mit verbesserter Daten-lage und komplexeren Modellen animiert.
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