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Abstract

Uncertainty and learning play an important role fbe formation of international
environmental agreements (IEAs). For instance,nsifie uncertainty about climate
damages and technological abatement and mitigatmi®ns is still large despite
ongoing research. It has been shown that in thategfic context of voluntary
participation but strong free-rider incentives,ritéag may have a negative impact on
the success of IEAs. This paper extends the mddeblstad (2007) and Kolstad and
Ulph (2008) by considering risk aversion. This seesnggestive as uncertainties in
climate change are highly correlated and henceqpalkks may be limited. It is shown
that the negative conclusion with respect to thie raf learning derived for risk

neutrality has to be qualified.
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1. Introduction

Environmental issues such as climate change pasekiy challenges for economic
analysis: (i) the process of climate change iscéffely irreversible (ii) there are
considerableuncertaintiesabout the likely future costs of both abatement, inore
especially environmental damages; (iii) our underding of these uncertainties
changes over time as a result lefirning more about climate science, possible
technological responses and behavioural responseshduseholds, firms and
governments; (iv) the problem is global, but siticere is no single global agency to
tackle climate change, policies need to be negatiathrough international

environmental agreements.

The first three issues have been studied quitensixtely* in the context of a single
global government where the key issue is shouldotissibility of future learning in a
problem with uncertainty and irreversibility leaol tore or less current action. The
precautionary principleargues for more current action, but the theoretical empirical
analysis is more ambiguous. There has also beerexéensive literatufe both
theoretical and empirical, on the fourth issue, imatinly in the context of complete
certainty about the net benefits of tackling cliemahange. The conclusions have been
rather pessimistic, in the sense that while theeesabstantial benefits to all countries
collaborating to tackle climate change, relativedontries acting non-cooperatively, if
countries decide independently whether to joinrdernational environment agreement

(IEA) the gains from such agreements are small.

More recently these two strands of literature hbegun to be integrated. Ulph and
Ulph (1996), Ulph and Maddison (1997) compare tiiéy fcooperative and the non-
cooperative when countries face uncertainty abamate costs. They show that the
value of learning about damage costs may be negatiien countries act non-
cooperatively and damage costs are negatively labeckacross countries. Na and Shin
(1998), Ulph (2004), Kolstad (2007), Kolstad angt(2008, 2009) have considered

! See, for example, Arrow and Fisher (1974), Eps{&b80), Kolstad (1996a,b), Gollier, Julien and
Treich (2000), Ulph and Ulph (1997) as well as Ngr&isher and Hanemann (2007).

Classic papers are Barrett (1994), Carraro anis&ilco (1993) while for instance Finus (2001,
2003) and Barrett (2003) provide surveys of therditure.



how the prospect of future resolution of uncertammffects the incentives for countries

to join an IEA. Again the results have been rapiessimistic.

Kolstad and Ulph (2008) consider a model where treesiface common uncertainty
about the level of environmental damage cddtbey consider three types of learning:
with full learning uncertainty about damage costs is resolved bejouatries decide
whether or not to join an IEA; witlpartial learning uncertainty is resolved after
countries decide whether or not to join an IEA, batore they choose their emissions
levels; withno learninguncertainty is not resolved until countries hageided whether
or not to join an IEA and set their emission lev&slistad and Ulph (2008) show that
the prospect of learning, either full or partiagngrally reduces the expected welfare in

stable IEAs.

All these models have assumed that countries skengutral. However, in the climate
context, risks are highly correlated and henceipiigies for risk-sharing are limited so
that the assumption of risk aversion may be getevant. Endres and Ohl (2003) show
in a simple prisoners’ dilemma that risk aversiocréases the prospects for cooperation
once it reaches a certain threshold. BramoulléTaeith (2006) integrate risk aversion
in a global emission model that compares the napemtive with the fully cooperative
solution. They show that equilibrium emissions &eer with uncertainty and this
difference increase with the degree of risk aversis part of a hedging strategy but the
effect on global welfare is ambiguous. Boucher Braimoullé (2009) use the model of
Kolstad and Ulph (2008) to analyze the effect sk @version on coalition formation as
we do in this paper. In contrast to us, they usentiore sophisticated expected utility
approach whereas we employ the mean standard idevagiproach. However, they do
not consider the case of partial learning that appéo be particular relevant in actual
treaty-making and displays interesting strategiatdees. Moreover, they do not

consider the benchmark case of full learning.

By common uncertainty we mean that each coumrtres the samex antedistribution of possible
damage costs, and when uncertainty is fully resbihey face the samex postlevel of damage
costs, i.e. the risks they face are fully correladeross countries. Kolstad and Ulph (2009) extend
this model to consider the case where the riskb eaantry faces are uncorrelated. Uncorrelated
uncertainty is also considered in a slightly défer model in Finus and Pintassilgo (2009) and
empirically investigated in a climate model withetwe world regions in Dellink et al. (2008).



The paper proceeds as follows. In section 2, wegethe theoretical model. We first
summarise the benchmark cases: certainty and tmeertainty considering three
models of learning, assuming risk neutrality. Thea,move on to derive the case with
uncertainty and learning, considering risk aversibn section 3, we present some
numerical simulations as not all results can bévddranalytically in section 2. Section

4 summarises our main results.
2. The Model

2.1 No Uncertainty

There areN identical countries, indexetl=1,...,N. Each country produces emissions
X which we assume can take one of two valugs:1 (pollute) or x =0 (abate).
Aggregate emissions are denoted My=3YY,x . Aggregate emissions cause global
environmental damages. The cost of environmentahag@s per unit of global
emissions isy and the benefit per unit of individual emissiogsniormalized to 1.

(Thus, y essentially measures the cost-benefit ratio.) @dff to countryi is given

by
T (%, X)=x-yX. @)

In order to make this model interesting, we reqtiat the individual benefit exceeds
the individual unit damage cost from pollution, ile> y (hence countries pollute in the
Nash equilibrium) but not the global unit damagstcae. 1< yN (hence countries

abate in the social optimum), which together inglie
Assumption 1: }{\I <y<1l.

In order to study IEA formation, we shall use thmme model of Barrett (1994),
borrowed from the literature on cartel formatiomA&remont et al. 1983). This uses a
two-stage game approach. In the second stageerttigsion gamefor any arbitrary
number of IEA members, 1<n< N, the members of the IEA (which we shall denote
by the symbot, representingoalition country) and the remaining countries (which we
denote by the symbdl| representindringe country) set their emission levels as the

outcome of Nash game between the coalition andfringe countries. That is, the



coalition members together maximize the aggregayefp to their coalition whereas as
fringe countries maximize their own payoff. As wesamedl> y, ><1-f =1; coalition
members will chosex® =0 provided 1<yn, and so /7,'(n)=1-y(N-n) and
1¢(n)=-y(N-n)* however if1> yn, then coalition members will choos¢ =1

and so/75(n)=/7,"(n)=1-yN.

Knowing the payoffs to coalition and fringe couagrifor any arbitrary number of IEA
members, we then determine the equilibrium in ih&t Btage, theanembership game
again as a Nash equilibrium: no coalition countwyld become better off by defecting

from the coalition, and no fringe country could bede better off by joining the

coalition:
Internal stability: ~ 0iOC: /78(n)=/7,"(n-1) 2)
External stability: ~ Oi0C: /7,'(n)=/7°(n+1) . (3)

Consider a coalition witm members that abates becadseyn. Now if one member
leaves the coalition and it still paid the remagnin-1 to abate, i.el< y(n-1),
internal stability /7°(n)= /7if(n—1) would require 0O-)(N-n)=1-y(N-n+1)

= y=1 which violates Assumption 1. Hence, we requiret ihadoes not pay the
remaining countries to abate, i.&>)(n-1), and then internal stability requires
0-)(N-n)=1-yN which implies thatn>1/ y. Thus, the internally stable coalition
n is the smallest integel( y) no less tharl/ y which can be easily checked is also
externally stable and hence stable. It is straggthrd to show that I(y) is a

decreasing and convex function pf

Sinceex anteall countries are identical, there is no explicibgess for determining
which countries get selected as IEA members andlwas fringe countries. We shall
assume, following Kolstad and Ulph (2008) and Rudmd Ulph (2007) that there is an

implicit random process for determining which coied become IEA members. Thus,

4 It is now evident why we need Assumption 1: ibig¢ trivial outcomes where all countries either

abate or pollute no matter whether they are coalithembers.

Ignoring the integer nature ofl(y) so that I(y)=1/y, then 1'(y)=-y2<0 and
I"(y)=2y°>0.
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we define the average or expected payoffdfy ) = (n* / N)/7iC +(( N-n )/ N) A

Then, it can be shown tha ') is a decreasing and concave functioryifi

Thus, this simple model provides a relationshipveenn the unit damage cogtand the
equilibrium number of coalition members. The edpilim is a knife-edge equilibrium
with n" countries forming the coalition which de factosdives once a member leaves

the coalition as no country would abate anymore.
2.2 Uncertainty

2.2.1 Introduction

Now assume that the unit damage cost of globalsanis is uncertain; it is assumed to
be the same for all countries, batk anteandex post We denote the value by, in

state of the world and hence (1) becomes:
ﬂi,s(xi’X)E)‘_ysX' (4)

For simplicity, we assume thgt, can take one of two valueliw damage costsy,
with probability p, andhigh damage costs);, with probability ( - p) where y; <),
and 0< p<1. We denote byy = py, +(1- p)y;, the expected value of unit damage
costs, and by (), ) =(y,— ¥, )\/p(Tp) the standard deviation of unit damage costs.

To assess how countries evaluate payoffs acrossssth the world, we assume that
each country’s attitudes to risk can be represebyedmean-standard deviatiofMS)

welfare function which is the same for all courgrie
V.(%,X)= g7, (x,X)-ao[/T (x.X) (5)

where a =20 is the coefficient of risk aversion; i.e. the pHyto a country is the
expected payoff minus the standard deviation ofoffayweighted by the factoor .

a =0 corresponds to risk neutrality. The MS decisiontedon, introduced by
Markowitz (1952) and Tobin (1958), has been conghamith what is regarded as a
more generakxpected utility(EU) criterion for decision-making under uncertgjn

introduced by von Neumann and Morgenstern (1944&rd have been a large number

6 Again ignoring the integer nature of 1(y), a(y)=2-Ny-1/(Ny),

W(y)=-N@-1/(Ny ¥ )< 0anddf(y)=-2/(Ny*)<0.



of studies comparing the relative advantages ol @pproach and asking under which
conditions are they consistent — i.e. they prodiheesame results. In a path-breaking
article Meyers (1987) showed that under a giverampater restriction (LS — location
and scale) the two approaches are consistenthandhe LS restriction holds in a wide
variety of economic models. The MS approach has &sen widely used in the

empirical and applied literature because of itspdicity (Saha, 1997).

For later purposes, it will be useful to define:

yEy+ao(y,)zy (6)
as the ‘risk-adjusted expected unit damage cost'.

While ex antecountries face uncertainty about the true valuarof damage costs, we
want to allow for the possibility that countries yrlaarn information during the course
of the game which changes the risks they face. Wadl $ollow Kolstad and Ulph

(2008) in considering three very simple modeldeafrning With No Learning (NL)

countries make their decisions about membershipeamdsions with uncertainty about
the true value of unit damage costs. Wil Learning (FL) countries learn the true
value of unit damage costs before they have to nihled& decisions on either
membership or emissions. WiBartial Learning (PL)countrieslearn the true value of
damage costs after they have made their membedsguigions but before they make
their emission decisions. Thus, in this simple wsia| learning takes the form of

revealing perfect information.

Like in the model without uncertainty, we have totreduce some parameter
restrictions. Moreover, the equilibrium size of thealition can be related to unit
damage costs. We then define=1();,), n=1(y), n=1(y) and n=1(y). It will
turn out that the relevant stable IEAs will takee@f these values. For sensible results,

we make the following assumption.

Assumption 2: (i) 1/ N<y <y<py, <1 (i) I/N<y<y<l=a<(l-y)loWy,)

(liin, <<n<<n.



Assumptions 2(i) and (ii) are essentially Assummpti in the context of uncertainty.
Note that Assumption 2(ii) imposes an upper linmittbe degree of risk aversion which
we can allow for, though as we shall see this dmédhave much effect on our results.
The last assumption is not essential for our resliut is designed to ensure that
uncertainty about unit damage costs is sufficiempifgat that it results in distinctly

different sizes of possible stable IEAs — i.e. utaiaty matters for the size of IEA.

Note that now with uncertainty the expected welfamam anex anteperspective is
a(y)=(A/N)V°+((N-n)/NY where i may take on one of the values
mentioned above (i.e3,, 0, n or h). Thus, there are now two sources of uncertainty
and risk in this model: the implicit uncertainty bt knowing whether one will be a
coalition or a fringe country and the explicit urtaenty of not knowing what unit
damage costs might be. This is especially importahen we are modelling risk
aversion and comparing outcomes from different nedglearning, to which we now

turn.
2.2.2 Risk Neutrality

In this subsection, we briefly summarise the rasfithm Kolstad and Ulph (2008) for
the case of risk neutralityp(=0) to provide a benchmark for comparison with thesne

results of this paper where countries are risksazer

Result 1: No Learning with Risk Neutrality

In the emission game, fringe countries always pejlicoalition members abate if
n=n=1(y) and pollute otherwise. In the membership game,uthigue stable IEA
has ny gy =N members which abate, arld —n fringe countries which pollute. The
expected welfare of a coalition member\i§, zy=-¥V(N-n) while for a fringe

country the expected payoff \'st’RN =1-y(N-"n). Taking account of the risk of
being a coalition member or a fringe country, expectedoffgyer country with No

Learning and Risk Neutrality i, zy=a(y)=(N-N)(1/N-y )

This result displaygertainty equivalencen the sense that the outcome is the same as

would be obtained if countries faced unit damagg<p with certainty.



Result 2: Full Learning with Risk Neutrality

If state s=1,h has been revealed at the outset, then in the emission fjarge
members always pollute, and coalition members abaterxfn, = I(y,). In the
membership game, the stable IEA msmembers; the payoff to a coalition member is
Ve ra(8)=-¥<(N-n;) and to a fringe country iS/FfL’RN(s): 1-y,(N- n . Taking
account of the risk of being a coalition member or a &irguntry in states, the
expected payoff per country & o\ (s)=w(ys)=(N-n;)(1/ N-y . The expected
size of an IEA with Full Learning and Risk Neutralitynig = pn+ (1~ p)n, and

the expected payoff per country, taking accountefigk of high or low damages, is:
VeLrn = P()) )+ (1= po(yy )= P(N=N )L/ N=) F (- p)(N- p N1/ Ny .

With Full Learning, the outcome in each statan terms of the size of a stable IEA,
payoffs to coalition and fringe countries and hemes@ected payoff to a country is
obviously just the same as an IEA game where thel lef damage costg, is known

with certainty, and we then take expectations actios two states of the world to obtain

expected size of an IEA and expected payoff pentgu

Before discussing the outcome with Partial Learnibgill be useful to introduce the
following notation: lete =n - ¥ ) which is the difference between smallest integer
not less than /1, and 1 y; and hencé < £ <1 and define:

—h_ 0

p= :
1-Vh+en

Result 3: Partial Learning with Risk Neutrality

In the emissions game, fringe countries alwaysupallcoalition members abate in both
states of the world ih>n, pollute in both states of the worldnf< n,, and pollute in
state s=1| and abate in states=h if n,<n<n. In the membership game, the IEA
with np gy = N, members is always stable; all countries pollutéhie low damage cost
state, while coalition members abate in the higmdge cost state. Ip > p, then there
is a second stable IEA withy_ gy =n, members in which fringe countries always

pollute and IEA members always abate.



In the first equilibrium withn,, .\ = n, members, the expected payoff to a coalition
member isVg, qn(Ny)= P(1- Ny, - (E py, (N- i while the expected payoff to a
fringe country iszfL’RN(nh)= p(1- Ny, * (I p)[Ey,(N- n, ). Taking account of
the risk of being a coalition or fringe country etlexpected payoff per country is given
by Ve an(N)= (1= N7 W+ (3= p)n, = 1/ N.

In the second equilibrium with,, o, =n, members, the expected payoff to a coalition
member isVg (N )=-)(N-n ) while the expected payoff to a fringe country is
VPfL,RN(nI )=1-y(N-n ). Taking account of the risk of being a coalitionfonge

country, the expected payoff per country is giveNh o\ (n)=(N-n )(1/ N-y ..

Comparing the outcomes in terms of expected sizbeolEA and expected payoff per

country across the three models of learning wigkRieutrality, we find the following:

Result 4: Comparison of Qutcomes

(i) Mol gy = NS N g™ NS N = (PNFE (B PN E Mo e F
(i) VoL rn(Nh)S Ve reS Vi rnS Ve pd N

With respect to the ranking of the expected sizéheflEA, the inequality between No
Learning and Full Learning follows from the conwgaf I( ) (see footnote 5) and the
other relations from Assumption 2 afik p<1. In terms of the expected payoff per
country, the inequality between Full Learning and Nearning follows from the
concavity of a( y) (see footnote 6); the inequality between No Leayrand Partial
Learning with the high membership outconmg, follows from the fact thaty >n and
y>1/ N by Assumption 2; the inequality between Partialinéng and the low

membership outcome, , and Full Learning is derived in Kolstad and U(@008).

In summary, with Risk Neutrality, if we view the raaneter valuesp > p generating
Np_ gy = Ny @s being rather uninteresting (i.e. we are intete cases where the risk of
high damage costs are quite significant), then ereclude that learning, whether full or

partial, reduces welfare.



2.2.3 Risk Aversion

We now analyse how the results for Risk Neutratayry over to Risk Aversion where
the coefficient of risk aversiorr in (5) is strictly positive. We introduce some
additional notation. Recall that expected risk-athd unit damage costs as defined in
(6) is y and let the corresponding stable IEA hdve I()7) members, such that each
country faces a probabilith / N of being an IEA member with welfarej( N -n),
and a probabilityl—(n/ N ) of being a fringe country with welfare-JA N -n). Then

the ex ante expected risk-adjusted payoff per country is gively
V(¥)=E[a())|-aow(i )] or:

p()=ef)-ad(y) where o(j)=(1/ Njy)[1-(1/Ny)] . (8)

The first term is just expected welfare. The tem[w.)( I/)] measures the standard
deviation of the risk of being a signatory or negrsitory; the difference in payoffs is
just 1; so the termd(y) just measures the square root of the probabilitheing a
coalition member multiplied by the probability ofibg a fringe country where we use
the approximationn=1(y)01/y. Now we know thata(y)<0, of(y)<0 (see
footnote 6). It is straightforward to shbwhat ()20« y<2/N, i.e. A= N /2.
The rationale is thad( ) is zero when all countries are either signatofjes 1/ N ) or
non-signatories f=1) and reaches its maximum value (0.5) when halfcihéntries
are signatories and half are non-signatories. Hen@éy)<0 if y<2/N, ie.
n= N /2, but otherwise the sign is ambiguous. Since frassulption 21/ N < <1,
y>2/ N cannot be regarded as unlikely and hence theteffedsk on per country

payoff is non-trivial.
No Learning

In the emissions and membership game the outcomegeay similar to the case with
Risk Neutrality, except that countries base the#cisions on the ‘risk-adjusted’

expected unit damage cogt )y +ao( y, ) rather than on expected unit damage gost

! Let q(y) be the probability of a country being a signatompere g(y)=1/Ny; then

ay)=ya(y)1-a(y)), do/dy=(dd/dq)dq/¢d , dg/dy<0 and do/dgz0 -
g<1/2.
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Result 5: No Learning with Risk Aversion

In the emission game, fringe countries always pejlwhile coalition members abate if
n=n and pollute otherwise. In the membership game, uhigue stable IEA has
Ny ra=N members abating angN —n) fringe countries polluting. The expected
payoff to a coalition member ¥y z,=-}(N-N) and to a fringe country it is
VNfL,RA= 1-y(N-"n). Taking account of the risk of being a coalitiommber or a

fringe country, expected payoff per country with Nearning and Risk Aversion is

given byVy, ga= (V).

Comparing the results for risk aversion with thosgh risk neutrality, we have:

Nra=1(P)SI(V) =Ny re and Vg ga=ay)-ad(y)<ay)< Y )=V ra-
Thus, risk aversion leads to a smaller IEA and lower country welfare than risk

neutrality.

More generally, we are interested in the compagasibatics of a change in the risk of

high or low damages and in risk aversion. We have:

5 4t
ML RA — 1( y)&ﬂ/ <0 where x=a,0(y,) ©)
oX 0x

since I'(y) <0 and aJ%X>O. Thus, increasing either risk aversion (i@) or risk

(i.e. standard deviation) reduces the size of & IE

d A 5 - 9 ; p
\ng,RA =a(y ) ) -ad(P)] -4 ) and MVnra =ald( y)-ad(y)] (10)
a 0o(ys)

Both of these derivatives are negativeyi€ / N (i.e. '(y)=0), otherwise they are
ambiguous in sign. Thus, it is possible that amease in risk aversion or risk could
raise expected welfare. The reason for the la@isult is that an increase in the risk of

high or low damage costs ceeducethe risk of being a signatory or non-signatory.
Full Learning

Again, the results are somewhat similar to the gae Risk Neutrality.
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Result 6: Full Learning with Risk Aversion

If state s=1,h has been revealed at the outset, then in the eamissnd in the
membership game nothing changes under risk avecsiorpared to risk neutrality (see
Result 2). Taking account of the risk of being aliion member or a fringe member in
state s, the expected payoff per country in stateis sV, (S)=p(Vs)=
a(ys)—ad(y,) and the expected size of an IEA with Full Learrang Risk Aversion
IS Mg ga = PN+ (1= p)n,. Taking account of the risk of high or low damagés ex-

ante expected payoff per country is:

VeLra= POV )+ (1- plo (v )—a\/ p(E= P)le v, o0 F .

Comparing the results for Risk Aversion with thagigh Risk Neutrality, we have in
terms expected IEA size g, = pn+ (11— p)n,= ny gy Hence, risk aversion has no

effect on the expected size of the IEA. In terms)giected welfare we have:

VELRa= [paly,)+(1- plo(y)l—alpdy,)+(1-p)o(y,)]

~ap(1- P)Lp(W )= Py N <[Pl 1) +(1= )Xy )] =Ver n (11)

Thus, expected welfare with Risk Aversion is lovilean expected welfare with Risk
Neutrality. This reflects the two sources of riskthe risks of being selected as
signatories rather than non-signatories in the o high damage cost states and the

risk of the low or high damage cost states occgrrin

More general comparative statics are more complitahan for the case of No
Learning. What can be said is:

0N Ra

=0 where x=a,0(),) . (12)
ox

That is, the expected size of the IEA is unaffedtgdthe degree of risk aversion and

risk.

d
VeLRa - [ b 1) +(1- p)W )] -Jp(1-p)L (1) - P15 )1 (13)

oa
+a[ A y) -A )p(1-p)

12



The first two terms in (13) are negative, while thigd is ambiguous in sign. Thus, as in
the case of No Learning, also under Full Learning, possible that an increase in risk
aversion could raise expected welfare. We haveyebbeen able to analyse the effect

on expected welfare of an increasedify, . )
Partial Learning
Again, the results have a broad similarity to thosgask neutral case.

Result 7: Partial Learning and Risk Aversion

There are two possible stable IEAs.

()  There is a stable IEA of sizg, p,=n, where coalition members pollute in the
low damage cost state and abate in the high damag# state and fringe
countries pollute in both states. The expected fisyto coalition and fringe

countries are given by:
Veap(Np)=-FN+ p+ (- pyyn-a [Fyyn} p(F p and

VRfA,PL(nh): 1-yN+ (- py,n+ay,n/ p(¥ p

(i) There is a second stable IEA of size, z,=n, iff p>p+6& with
f=a,p(1- p) where coalition members abate in both states amagé
countries pollute in both states. The expected fiayim coalition and non-

coalition countries are given b¥/s, go=-#(N-n,)andVy g4=1-y(N-n).

(i) If the selected IEA has, ., members, then the expected payoff per country is
given by:

n (N = ga
VoL ra™ MV;L,RA( Np rat T) V!

N

PL,R/(n PL,R/;

a
_N\/( N = Mo ra ML ralV 5L RAN pLRA™ VfPL,R(An oL RN

The proof is given Appendix A. Note that there ajwaexists an equilibrium
NpL ra= Ny, but there may be a second equilibriumg, g, =n, provided p> p+8

holds which however, as pointed out above alreamytlie case of Risk Neutrality
(which requiresp > p for this second equilibrium to exist), may be neigal as a not

very interesting parameter constellation as thédaidity of the high damage cost state

13



is very low. Like under Full Learning, Under Parti@arning the size of the coalition is
not affected by risk and risk aversion. However, a@=a./p(l-p)=
ao(y,)I(y,—V,), the probability that the second equilibriumoccurs becomes lower

with increasing risk and risk aversion.

The expected payoff per country in the equilibriwith n,_., =n, are lower with Risk

Aversion than Risk Neutrality as has been obsefeedNo and Full Learning, and this
is likely to be true for the equilibrium witm, ., =n, for most plausible parameter
values, though we have not been able to prove fthisall parameter values (see
Appendix). However, the effect of risk aversion aigk on the expected payoff per

country is again not straightforward.

This concludes almost what we can say analyticalbput stable IEAs with Risk
Aversion, except for one particular case in whiagtoemparison among the three models

of learning is straightforward.

Corollary 1: Comparison of No, Full and Partial Learning and Risk Aversion

Let p=0.5 and a =1, then the stable IEA for Partial Learning i, and for No
learning 1 and n,, = . Moreover, expected payoff per country is the stimall three

models of learning.

Proof: Using (6), we havey = 05(y, +y,)+05(y, =¥ )=y, and n, =1(y,) and
n=1(y). Moreover, §=0.5 and hencep< p+8 and the second equilibrium

NpL ra =N, does not exist. From Result 5, we havig z,=0o(y,), from Result 6

VFL,RA:0-5[,0(V| o) -05[o(y))-o(y)l =Ay,) and from Result 7
VPCL,RA(nh): —YuN+05+ 0.5/ n—- 0.5y n, F-y (N- n,,
V,jL’NL(nh )=1-y,N+05/n+05,n=%y,(N-n andhence

)_\/nh(N_nn)_
T

1
VPL,RA(nh):(N_nh)(N_yh p(n,).

In the next section, we will use some numericallymisito first establish some of the
properties of the stable IEAs with Risk Aversiorddtartial Learning; we shall then use
numerical analysis to compare the outcomes oftirgetmodels of learning with Risk

Aversion.
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3. Numerical Analysis

3.1 The Choice of Parameter Values

For the results that follow, we have fixétl=100 and chosen 15 values af= 0, 0.05,
0.10, 0.15, 0.20, 0.40, 0.60, ... , 1.6, 1.8, 2.0 arkl In Tables 1 and 3 we have
conducted 500,000 Monte-Carlo simulations. Bar s=1,h, we have chosen a
uniform distribution of 1), between 1 andN, to ensure we get a corresponding
uniform distribution of values for the corresporgisizes of IEA,n, = I(y,). We have
chosen values op from a uniform distribution lying between 0.02 a®®8: we rule
out very small probabilities because we want riskbe ‘significant’. Following
Assumption 2, we have to rule out some paramet@bamations. In particular, we rule
out parameter combination which result in any ef fbllowing: <1, (n, -n)<2 and
(n—-n,)<2. As noted in the discussion of Assumption 2, tingt inequality ensures
that in the No Learning case and Risk Aversionyimig is a dominant strategy in the
Nash equilibrium and for non-signatories; the lattero inequalities ensure that
uncertainty is sufficient to lead to distinct IEf&es forn,, n andn,. How significant

is the first restriction, in particular when comgarto the case of Risk Neutrality?
Table 1 about here

Recall that Risk Neutrality required <1 (Assumption 1) and now with Risk Aversion
y <1 (Assumption 2) withy =y +ao(y,)=y. The first column in Table 1 shows the
proportion of the 500,000 combinations of paramegdues that satisfy Assumption 2.
We see that forr < 2.0 approximately 63% of the 500,000 combinations affameter

values satisfy Assumption 2 and this percentaggs stmost the same with increasing
a . However, even forr > 2.0, the proportion of accepted combinations of patame
values does fall only slightly. Thus, we conclutiattthe requiremenj<1 is not a

significant restrictiory.

8 We have conducted simulations for a wider ranfgpasameter values than those reported here —

and even whero =5.0 the proportion of parameter values sampled whatfsfy Assumption 2
drops only to 61.6%.
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3.2 Stable IEAs for Partial Learning

The first question we need to resolve from the mizakanalysis concerns what are the
stable IEAs for the Partial Learning case. We shibimeResult 7 that there is a critical
value of p, such that ifp< p+8, there is a unique stable IEA, nametly; while if
p=p+é, n is also a stable IEA, and if we apply the selectiaterion of maximum
welfare (which is equivalent to Pareto dominant@gn n, will be selected rather than
n,. How frequently is the conditiop > p+§& satisfied? The results are shown in the

second column in Table 1.

We see that with Risk Neutrality (i.ec=0) n, is selected in only 0.57% of cases, and
this falls quite sharply ag increases as the discussion of Result 7 suggdatiag to
0.01% by the time the coefficient of risk aversieaches 2.0. So for the vast majority

of parameter values the only stable IEA for Pattedrning isn,,.

3.3 How Risk Aversion Affects IEA Size and Welfare

Kolstad and Ulph (2008) showed that with Risk Nality there are two possible
rankings of IEA size and welfare across No Learn(Ndy), Full Learning (FL) and
Partial Learning (PL) as summarised in Result 4vabdi) p= p then with PL there

are two stable IEAs of which is selected because of Pareto-dominance, and so
Nt rn S NeL S Np g™ N While Vi gy SV g Ve r(N); (1) in the much more
likely outcome where p<p, with n, the unique stable IEA with PL and

My = NpL rn S N gnS NeL gy WHile Vg (N)S Ve geS Vg It is worth noting in

the latter case that there are two reasons whyaveels lower with PL than with NL:

(i) there is a smaller number of signatories withtRan NL; (ii) with PL, in the low

damage cost state of the world signatories pothtteer than abate.

How do these results change with risk aversion?béfggn by looking at what happens
for some specific parameter values and then conbllastte Carlo simulations on a

much wider range of parameter values.

o Recall that these results depend on ignoringitkeger nature of IEA size, and so are strictly

speaking approximations. See footnotes 5 and 6.
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3.3.1 Specific Parameter Values

Tables 2(a) — (c) consider what happens as risksereincreases for three different

combinations of parameter values.
Tables 2(a) — (c) about here

Table 2(a)This case has quite large values figrand n, but 0.5= p< p< p+8. Thus
for PL, n, is always the unique stable IEA and Risk Aversias ho effect on the size
of IEA for FL and PL. For NL, with Risk NeutralityEA size lies between FL and PL,
consistent with Kolstad and Ulph (2008), but ak @sersion increases, the size of IEA
with NL falls as suggested by the discussion irise@.2.3 (see equation (9), reaching
n,, the same as with PL, when=1 (see Corollary 1), and then falls belawy as risk
aversion increases above 1. Now we can get parametdues with

NuLra< Np= Np ga< Ng g, Which was not possible with Risk Neutrality.

For welfare, there are several effects of increpssk aversion on welfare. First, there
is simply the direct effect that as risk aversiooréases, welfare falls even if there is no
change in number of signatories or emissions. biate this effect, we have also
computed welfare for the non-cooperative equilibriapart from the coalitional
equilibrium (i.e. IEA) for NL, FL and PL. We compuboth the per country level of
welfare and the proportionate gain in welfare (esped in percentages), denotgd

from an IEA relative to the non-cooperative equilim.

As risk aversion increases, the gain in welfare &dls for all three models of learning.
When a =25, we have effectively exhausted the gains from |E#&sall forms of

learning. Why is this?

Consider first FL. As risk aversion increases, éherneither a change to the number of
signatories in each state of the world nor to teemissions. So why does welfare fall
faster than in the non-cooperative equilibrium? WMRL, IEAs create two risks in
addition to the risk of high or low damage cosiswhen the state of the world changes
from low damage to high damage the number of soyres falls; this is the usual
‘perverse’ behaviour story but it increases th& agtached to having a high damage

cost; (ii) there is now the risk associated witlingea signatory or a non-signatory —
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which is not an issue in the non-cooperative woAd.risk aversion increases, these
additional risks that arise with an IEA reduce thelfare gains from forming an IEA

relative to the non-cooperative outcome.

Now consider NL. Because the number of signatdsgle same in both states of the
world, the first factor in FL does not apply. Howewhe second additional risk — of
being a signatory or non-signatory — still appliBat now there is also now the direct
effect that the number of signatories falls as rslersion increases, reducing the

welfare gains relative to the non-cooperative éloyiiim.

Finally, consider PL. As with NL, the number of is&gories does not change with the
state of the world. Thus, the first source of addal risk with FL is not present with
PL. Unlike NL, for the parameter values considenedTable 2(a), the number of
signatories does not change as risk aversion isesedlowever, there is another factor
with PL which affects the welfare cost of risk: rs&gories abate in the high damage cost

state and pollute in the low damage cost stategiwtdduces the effect of risk.

It is clear that there are different factors affegtthe welfare of countries as risk
aversion increases under the three different modkelearning. Therefore, it is not
surprising that welfare ranking across the thréfemint models change as risk aversion
increases. With Risk Neutrality, the ranking igpasdicted by Kolstad and Ulph (2008)
— welfare is higher with NL than with FL which isgher than with PL. This ranking
remains the same unit =1, when, as proved in Corollary 1, welfare is thegan all
models of learning. Foo >1, welfare is now highest with FL, and for between 1.2

and 1.6, welfare is higher with PL than with NL.

In summary, while it is straightforward to understavhat happens to the size of IEA
under the three regimes of NL, FL and PL as riskrsion increases, there are
interesting complex effects on welfare becauséhefdifferent elements of risk, and so

the rankings of welfare between the three learmeggmes change in complex ways.

Table 2 (b):In Table 2(b) we keepp =0.5, but choose higher values of damage costs
and hence lower values of andn,. The gains from learning are smaller than in Table

2(a) because of the lower sizes of stable IEAs. @texesting difference compared to
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Table 2(a) is that while the relative welfare gafrem an IEA relative to the non-
cooperative outcome (i.g) fall as risk aversion increases for NL and Flg gains with
PL increase slightly withe for a <1. The welfare gains from NL are higher than FL
for a <0.2, are higher with FL than NL foer >1.6, and switch around for intermediate
values ofa . The interesting difference now is that, while telfare gains from PL are
lower than with NL or FL fora <1, as with Table 2(a), they are higher than with ddL
FL for a >1.

Table 2 (c)iIn this table, we keep the same values for damages @s in Table 2(b) but
choose a much higher value fosuch thatp > p. The key difference to Table 2(b) is
that with low risk aversion, with Pln, is the selected stable IEA (because p+8),
and so for these values of risk aversion the nurabsignatories and welfare are higher
with PL than with either NL or FL. But whetr > 0.1, the stable IEA switches tn,
(becausep< p+8) and now welfare with PL lies below FL and NL fot higher
values ofa, even though the relative welfare gain with PL imses for0.1<a < 2.0.
The reason is that far > 0.1 the IEA size with PL is always lower than with L FL.
Comparing NL and FL, we see that for< 0.6, FL has higher welfare than M. but
for higher values ofr , the relative welfare gains are very similar andts® ranking

between NL and FL switches around.

3.3.2 Results from Monte Carlo Simulations

The analysis in section 3.3.1 was for 3 specifts ¢ parameter values other than
We now present the results of 500,000 Monte Cantulations conducted on the basis
set out at the beginning of section 3. The resuttsshown in Table 3(a) for size of IEA
and Table 3(b) for welfare, respectively. For eawfhthe valid combinations of
parameter values the programme calculated the ngrdi the relevant variable across
the three models of learning. There are 13 possiikings, and the programme then
calculated the proportion of all valid parametembinations which satisfied each of
these possible rankings. Only seven of the 13 plessankings had non-zero values for

at least one of the two variables for some valuesroand these proportions are

10 Note that this applies even far=0, contrary to the result of Kolstad and Ulph (2Qa&)t this is

due to the approximation of treating IEA size asa number not an integer. See footnote 9.
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reported in the first seven columns of Tables 3] 3(b). To assess the results more
readily, the final three columns present the prbporof valid parameter values for

which FL, PL and NL are the highest ranked.
Table 3(a) and (b) about here

Table 3(a) Size of IEA

As already noted in the discussion of Table 1 ath&lysis of Risk Neutrality in Kolstad

and Ulph (2008) showed that the ranking of IEA simmuld be as in Case 1 except for
the small proportion of cases (just over 0.5%)Vidrich n, would be selected as the
stable IEA for PL, in which case the ranking in €ds would be selected. Table 1
showed that the proportion of cases for whighis selected as the stable IEA for PL
falls rapidly as risk aversion increases. Theselteare largely confirmed by Table 3(a)
except that there is a small proportion of cas&8d)for which with risk neutrality the

ranking in Case 7 arises. As noted in footnotesd® X0, this reflects the fact that the
result in Kolstad and Ulph (2008) relies on an agpnation. As risk aversion increases
this case rapidly disappears. So @r> 0.1, the largest expected size of IEA always
arises with FL. However, as columns displaying piheportion of Cases 1 to 3 show,
the ranking of expected IEA size for NL and PL desquite sharply ag rises above

0.2. There is now a rapidly increasing number afesafor which expected IEA size
with No Learning is below that for Partial Learnifige. Case 2), reflecting the fact that

as risk aversion increases the size of IEA withfalls while that for PL is constant.

Table 3(b) Welfare

Again starting from Risk Neutrality, the analysisKnlstad and Ulph (2008) showed
that to a first approximation we would expect thelfewre ranking given by Case 7
except for the small proportion of cases for whigth PL n, is the selected stable IEA.
The simulation results show that these resultsagegn a first approximation, and there
are about 5% of cases for which (as in Table 2{&lfare is higher with FL than NL
(i.e. Case 1).

As risk aversion increases the proportion of cdgesvhich NL generates the highest

welfare falls as risk aversion increases, fallingte] slowly initially and remaining
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above 0.5 for risk aversion below 1.0; but once r@sersion rises above 1 the
proportion of cases for which NL generates the é&sglwelfare falls quite sharply (see

Figure 1).
Figure 1 about here

By contrast the proportion of cases for which Fingrates the highest welfare rises as
risk aversion increases, rising quite slowly fakraversion less than 1 but more rapidly
as risk aversion increases above 1 until toe1.6 the proportion of parameter
combinations for which FL generates the highestll@f welfare is higher than for PL
or NL (see Figure 1). Finally, for PL, as risk asien increases above 0.2 there is an
initially growing proportion of cases for which vi@le is highest, and for in the
range 1.2 — 1.6 the proportion of parameter contiming for which PL yields the
highest welfare is greater than for FL or NL (seguFe 1). All together, it is evident
that with increasing risk aversion, learning, eitimethe form of Partial or Full learning,

yields higher welfare than No Learning.
4, Summary and Conclusions

Kolstad and Ulph (2008) showed that with risk nality the possibility of learning

better information about environmental damage caststhe future had rather
pessimistic implications for the formation of IEAExcept for a very small set of
parameter values for which partial learning wouldest a high IEA membership,
learning resulted in lower expected membershigpéotial learning and lower expected

welfare for both full and partial learning. Henaea strategic context, learning is bad.

This result is qualified when one takes accountrisk aversion. As risk aversion
increases, the proportion of cases for which exggechembership is higher with no
learning than partial learning falls steadily, amiaen risk aversion is sufficiently high,
there are more parameter combinations for which beeghip with partial learning is

higher than with no learning. In terms of expectesdfare the proportion of parameter
values for which no learning yields higher expectedfare than partial learning or full
learning falls as risk aversion increases and tdficsently high risk aversion this

relation is reversed.
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However, while increasing risk aversion makes lgayn- either in the form of full or
partial learning — more attractive from global vee# perspective, this is in the context
in which the gains from forming an IEA relativettee non-cooperative equilibrium fall

constantly and become very small (2% -3%).

Thus, we can add two versions of the paradox ofcttamons known from Barrett
(1994). Whenever the relative gains from stablepeoation would be large, learning
has a negative impact on the success of IEAs. Téwe misk averse governments are,

the lower are the relative gains from stable coafben.
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Appendix A: Proof of Result 7

Emissions Game

The strategies are the same as for Result 3, leutexipected payoffs are different
because of risk aversion. Fringe countries alwagiuie no matter the state of the
world or the number of coalition members. The stygtfor coalition members depends

on the number of members and the state of the vasrfdllows:

@ n= i: coalition members abate in both states of thddv&xpected payoffs are:
I

Ve(n)=-p(N-n)andV'(n)=1-py(N-n).

(i) n<i: coalition members pollute in both states of tharldi Expected payoffs
W

are:
Ve(n)=V"'(n)=1-yN.

(iii) is n <—1: coalition members pollute in the low damage atate and abate in

I 17
high damage cost state. Payoffs in the two states a

Low damage cost: V=V =1-yN;

25



High damage cost: V¢ =—y,(N-n)andV, =1-),(N-n).

Expected payoffs, taking account of risk aversae;

VE(n)=[pVC+ (- pNV 1-ay pd- p)(V°- \° §
==yN+ p+(1- py,n-ay pl- p)[1+ (v, -y, )N-y, n]
=-yN+p+(1- py,n-ay pl- p)[l-y,n]

Vim)=[py +@- pN 1-ay p- p)V -y §
=1-yN+(1- p),n-ay pd- p)[(V, -V, )N=y,n]
=1-pyN+(1- p),n+ay p(l- p)yn]

Membership Game

Using the expected payoffs calculated above, we need to determine stable IEAs.

Recall that with Risk Neutrality we showed in Résdithat n, is always a stable IEA

while if p= p, thenn, is also stable. We now analyze stability for tlaetial Learning

with Risk Aversion, using the payoff functions dexil above.

a)

b)

c)

We shall ignoren< n, —1 which generates trivial stable IEAs where all coest

pollute.

No n>n can be stable because V¢(n)-V'(n-1)=

- (N-n)-1+y(N- n+1)=y-1< 0 (where we use i) from above).

No n such thatn,<n<n can be stable. We have (where we use iii) from

above):
VE(n)=-yN+ p+ (- py, n-ay pl- p)i+ ¢;,—y )N-), njand
V' (n-1)=1-yN+ (1- py, (- 1)ay/ pd p)i0h -y IN-¥, (n-1)]and

thereforevVe(n)-V' (n-1)= (4, -1)A- p+a./ pd- p)Xx O.

Thus, the analysis so far just leaves 2 candidate@on-trivial) stable IEAs:n, and

nh-
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d) When isn stable? It will save notation to defifg=a,/p(1- p). From b) we
know thatV°(n +1)< V' (n ), son is externally stable. It will be internally

stable iff V°(n )= A (n-1) (where we use i) from above for=n, for the

LHS and iii) for the RHS of this inequality).

= =¥(N-n)21-pN+(1- Py (n-D+x/(n-26

= m-1-(1-pm(n-9-m(n-26=0

= pun +(1- PR+ -%)on-1-(1- P (n-3-w(p-36=cC
e p(1+5y|_yh)_(l_yh)-l_(yh_yl)enl_yh(n_j)gz 0

= p(l+ey —1)-B(1-y, +en) +0[v,—ny]=0 ()
= (p=D)(1+en -m)26[ Ny - 1]

= (p=B)(1+ Ny ~1-4)20[ny -4 ]

- (p—b)ZH

= p=p+o

Now with Risk Neutrality, i.e.d =0, and condition (I) is just the condition that is

stable, i.e.p= p, as in Result 3. For Risk Aversion, i£>0, we can conclude as for

Risk Neutrality that if p< p, the inequality is not satisfied for risk averdayers
(a>0) andn is not stable. A necessary so not sufficient comifor n, to be stable
is thereforep > p.

e) When isn, stable? We know from c) that®(n, + \EAVA (n, ) and son, is

externally stable. It will be internally stable\i(n, )=V ' (n,-1) (where use for
the LHS of this inequality iii) and for the RHS fipm above):

< =N+ p+(1- p)yn,-6[1-y,n]2 1=} N

= (-p) (K -1 26[1-y,n)] - 1- p=2-6 (1)
= 0=2p-1

As =0, condition (Il) always holds. Thus, is always an equilibrium.

To summarise the analysis, as in the case of askrality, the only possible candidates
for stable IEAs aren, and n,. n, is always a stable equilibria angl if p>p and

condition (I) holds. Hence, risk has no effect ba equilibrium size of the coalition. As
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f=a\p(l-p)=ao(y,)!(y,-y ). the likelihood thatn is an equilibrium decreases

the higher risk and risk aversion.

To complete the analysis we need to compute pantopwelfare for Partial Learning.

If the selected IEA has, signatories, then the expected per country welfeom

Partial Learning is:

(N_nPL)Vf

n
— "'PL [ N
\ pLRA N pL.

VoL ra= N pLrA NpL)F

_%\/( N = by [Ve (e )= VoL (e )F

In the case of, we get:

Vo ra(n)= = (N q)+(1-ﬂNj(1_ V(N-1))-a (1_%j o

=1-J(N —n)—%—a\/(ll Ny 1~ (U Ny )]
=1-(N-n)-:-ad(y)

Using y=y+ao(y,), VpL,RA(n|)=1-J7(N-n)-%-aw(m)-aa(ys)(N- n)

which is smaller thatV, g (N )=1—}7( N- r\)—% as stated in Result 3. Moreover,
Vo ra(N))
%A\I:—(N—n)a(ys )-9(x)<0
a
and
Newrd M) —p)a<o.
o(ys)

In the case ofy,, we get:

VoL rn(Np)= (A= Ny )+ (1= p)n,(y,—1/N;
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Vo (1) o Vil 1)+ Vi )= (N ) Vi e Voo 9]
:%vpim(nh)+(1—%jvp1m( )= (y ) (Vo 1)~ Veud 1)

a1+ (Vi )= Vool -5 )13

=V ra(Ne) = ( J(Vh)-l__j((l P)’“”m)

=1- N+ @- p)[yin, -1, /N]+ay p@- pyyn, -a - p)d(v.) -ay pa- p)ad(,) +%]

So we can conclude:

VoL ralNp )< Ve ga(Np) = Ny h_% Xoy h{aﬂ’l__pp} (1

However, even allowing for the fact thgi< p<1, it is clear that we can choose
parameter values far L 0 and p C p C1 such the LHS of the inequality (ll1) is strictly
positive while the RHS is approximately zero. Seré¢h could be some extreme
parameter values for which the inequalities in) (0 not hold, though for almost all

parameter values we would expect the inequaliti€dlli to hold.
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Table 1: Percentage of Usable Simulation Runs andeRcentage of Partial Learning Cases with 2 StableEIAs

Percentage Percentage
of Usable Simulation Runsof Usable Simulation Runs
for whichnis stable
0.00 63.2 0.57
0.05 63.0 0.46
0.10 63.1 0.37
0.15 63.1 0.30
0.20 63.0 0.26
0.30 63.2 0.20
0.40 63.1 0.15
0.50 63.1 0.13
0.60 63.0 0.10
0.70 63.1 0.09
0.80 63.2 0.06
0.90 63.1 0.06
1.00 63.2 0.06
1.20 63.0 0.05
1.40 63.0 0.04
1.60 63.2 0.03
1.80 63.2 0.02
2.00 63.1 0.01
2.50 62.8 0.01




Table 2: Comparison of No Learning, Full Learning and Partial Learning for Specific Parameter Values

2(a) Parameter Valuesi =0.0687; 5 = 0.0164;p = 0.5; y = 0.0426;n, = 61;n,=15; n =24

a No IEA IEA IEA

Cooperation No Learning Full Learning Partial Learning

Y, n v g n v g n Y, g

0.00 -3.255 24 -2.474 24.0 38 -2.620 19.5 15 -2.81513.5
0.05 -3.386 23 -2.628 22.4 38 -2.759 18.5 15 -2.93313.4
0.10 -3.517 23 -2.750 21.8 38 -2.898 17.6 15 -3.052 13.2
0.15 -3.647 22 -2.907 20.3 38 -3.037 167 15 -3.172 13.0
0.20 -3.778 21 -3.066 18.88 38 -3.175 15,9 15 3.29 12.8
0.40 -4.301 19 -3.641 15.4 38 -3.726 13.4 15 -3.78512.0
0.60 -4.824 18 -4.186 13.2 38 -4.271 11.5 15 -4.29111.0
0.80 -5.347 16 -4.785 10.5 38 -4.812 10.0 15 -4.812 10.0
1.00 -5.870 15 -5.347 8.9 38 -5.34)7 8.9 15 -5.347 9 8
1.20 -6.393 14 -5.914 7.5 38 -5.87p 8.1 15 -5.806 .8 7
1.40 -6.916 13 -6.488 6.2 38 -6.40[L 7.4 15 -6.459 6 6
1.60 -7.439 12 -7.066 5.0 38 -6.920 7.( 15 -7.087 4 5
1.80 -7.962 12 -7.592 4.7 38 -7.43% 6.6 15 -7.629 2 4
2.00 -8.485 11 -8.177 3.6 38 -7.943 6.4 15 -8.285 9 2
2.50 -9.793 10 -9.563 2.3 38 -9.19p 6.1 15 -9.814 0.2 -

V=expected per country payoff; = equilibrium coalition size;g =relative gain (%) compared to No Cooperation.



Table 2: Comparison of No Learning, Full Learning and Partial Learning for Specific Parameter Values

2(b) Parameter Valuesy =0.2198;y = 0.0909;p = 0.5; y = 0.1554;n = 12;n,=5; n=7

a No IEA IEA IEA
Cooperation No Learning Full Learning Partial Learning

\Y \Y, \Y, \Y, g
0.00 -14.534 7 -13.517 7.0 8.5 -13.524 6.9 5 -14.01 3.6
0.05 -14.856 7 -13.829 6.9 8.5 -13.858 6.7 5 -121.31 3.7
0.10 -15.178 7 -14.141 6.8 8.5 -14.191 6.3 5 -18.61 3.7
0.15 -15.501 7 -14.454 6.8 8.5 -14.524 6.1 5 -14.91 3.8
0.20 -15.823 6 -14.921 5.7 8.5 -14.857 6.1 5 -16.22 3.8
0.40 -17.112 6 -16.18( 5.4 8.5 -16.186 5.4 5 -16.44 3.9
0.60 -18.400 6 -17.439 5.2 8.5 -17.511 4.8 5 -17.66 4.0
0.80 -19.689 5 -18.879 4.1 8.5 -18.831 4.4 5 -18.90 4.0
1.00 -20.978 5 -20.147 4.0 8.5 -20.147 4.0 5 -20.14 4.0
1.20 -22.267 5 -20.415 3.8 8.5 -21.4%9 3.6 b -23.40 3.9
1.40 -23.556 5 -22.683 3.7 8.5 -22.766 3.4 5 -22.66 3.8
1.60 -24.844 4 -24.164 2.7 8.5 -24.069 3.1 5 -2B.93 3.7
1.80 -26.133 4 -25.441 2.7 8.5 -25.368 2.9 5 -26.21 3.5
2.00 -27.422 4 -26.717 2.6 8.5 -26.663 2.8 5 -25.50 3.4
2.50 -30.644 4 -29.908 2.4 8.5 -29.881 2.5 5 -29.76 2.99

V=expected per country payoff; = equilibrium coalition size;g =relative gain (%) compared to No Cooperation.
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Table 2: Comparison of No Learning, Full Learning and Partial Learning for Specific Parameter Values

2 (c) Parameter Valuegj =0.2198;y, = 0.0909; p = 0.925; y = 0.1006;n, = 12;n,=5; n =10

a No IEA IEA IEA
Cooperation No Learning Full Learning Partial Learning
Y, n v g n Y Y g
0.00 -9.057 10 -8.151 10.0 11.48 -8.080 10,8 12 97Q. 12.0
0.05 -9.227 10 -8.319 9.8 11.48 -8.265 10/4 12 3®.1 118
0.10 -9.396 10 -8.487 9.7 11.48 -8.449 10/1 12 0B3 117
0.15 -9.566 10 -8.654 9.5 11.48 -8.633 9.8 5 -9.450 1.2
0.20 -9.736 10 -8.822 9.4 11.48 -8.817 9.4 5 -9.607 1.3
0.40 -10.415 9 -9.592 7.9 11.48 -9.552 8.3 5 -1D.24 1.7
0.60 -11.094 9 -10.267 7.5 11.48 -10.285 7.8 5  830. 1.9
0.80 -11.773 8 -11.048 6.2 11.48 -11.015 6.4 b 523. 2.1
1.00 -12.452 8 -11.727 5.8 11.48 -11.743 5.7 b5 12P. 2.3
1.20 -13.131 8 -12.406 5.5 11.48 -12.469 5.0 b 822. 2.3
1.40 -13.810 7 -13.20( 4.4 11.48 -13.193 4.5 5  48@3. 2.4
1.60 -14.489 7 -13.883 4.2 11.48 -13.914 4.0 b5 141, 2.4
1.80 -15.168 7 -14.566 4.0 11.48 -14.683 3.5 5  8QA. 2.4
2.00 -15.847 6 -15.371 3.0 11.48 -15.350 3.1 b  415. 2.4
2.50 -17.545 6 -17.086 2.6 11.48 -17.183 2.8 b5 175 . 2.1

V=expected per country payoff; = equilibrium coalition size;g =relative gain (%) compared to No Cooperation.
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Table 3a: Percentages of Cases with Ranking of IE8izeover No Learning, Full Learning and Partial Learning

a Case Number Highest Ranked

1 2 3 4 5 6 7 FL PL NL
0.00 96.4 0 0 0 0.6 0 3.0 96 1 3
0.05 98.0 0 0 0 0.4 0 1.6 98 0 2
0.10 98.9 0 0 0 0.4 0 0.8 99 0 1
0.15 99.4 0 0 0 0.3 0 0.3 10( 0 0
0.20 99.4 0 0.2 0 0.3 0 0.2 100 0 0
0.40 92.4 0.4 7.1 0 0.2 0 0 100 0 0
0.60 78.1 6.7 15.1 0 0.1 0 0 100 0 0
0.80 63.0 18.6 18.4 0 0.1 0 0 100 0 Q
1.00 50.0 31.4 18.6 0 0.1 0 0 100 0 0
1.20 39.2 43.9 16.9 0 0 0 0 100 0 0
1.40 31.0 54.4 14.7 0 0 0 0 100 0 0
1.60 24.6 62.9 12.5 0 0 0 0 100 0 0
1.80 19.6 69.8 10.6 0 0 0 0 100 0 0
2.00 15.8 75.3 8.8 0 0 0 0 100 0 0
2.50 9.5 84.5 6.0 0 0 0 0 10( 0 0

Case 1: FL > NL > PL; Case 2: FL > PNE Case 3: FL > NL = PL;

Case 4: PL>NL > FL; Case 5: PL > FNE

Case 6: NL>PL>FL; Case7: NLb#PL.

Highest Ranked: FL: Cases 1+ 2 +3; PlseSal+5; NL: Cases 6+7



Table 3b: Percentages of Cases with Ranking of Walfe over No Learning, Full Learning and Partial Learning

a Case Number Higest Ranked
1 3 4 5 6 7 FL PL NL
0.00 5.4 0 0.3 0.2 0 94.1 5 1 94
0.05 6.1 0 0.3 0.2 0 93.5 6 0 94
0.10 6.8 0 0.3 0.1 0 92.8 7 0 93
0.15 7.4 0 0.2 0.1 0 92.3 7 0 92
0.20 7.9 0 0.2 0.1 0 91.5 8 0 92
0.40 11.0 0 0.8 1.4 7.8 77.2 13 2 8
0.60 12.2 0 4.6 7.2 14.6 56.8 17 12 7
0.80 12.0 0 10.5 13.9 16.5 38.4 21 24 5
1.00 12.8 0 16.2 18. 15.3 25.4 25 39 4
1.20 154 0 19.8 19.6 12.9 17.4 30 40 3
1.40 19.4 0 21.6 19.3 10.5 13.2 35 41 2
1.60 23.9 0 22.3 17.8 8.4 11.4 40 40 2
1.80 28.8 0 21.9 15.8 6.8 11.0 45 3B 1
2.00 33.5 0 21.3 13.8 5.4 11.2 48 3b 1
2.50 43.2 0 19.7 8.9 3.4 13.3 55 28 1

NNooprorRraRU

Case 1: FL > NL > PL;
Case 4: PL>NL > FL;

Highest Ranked:

FL: Cases 1+ 2 +3;

Case 2: FL > PNE
Case 5: PL > FNE

PlseSal+5;

NL: Cases 6+7

Case 3: FL > NL = PL;

Case 6: NL > PL > FL;

Case 7: NLE#PL.



Figure 1: Highest Ranking of Welfare over No Learnng, Full Learning and Partial Learning

Percentage

100

0 0.5 1 15 2.5
alpha
—e— Full Learning —=— Partial Learning No Learning

36



