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ABSTRACT

The observation that subjects can learn to cooperate in repeated prisoner’s dilemma
games suggests that human players are more sophisticated and/or less self-interested than
the predictions of simple adaptive learning models proposed in recent research. The
present chapter demonstrates that this phenomenon is consistent with simple
reinforcement leatning, when learning is overa strategy set that includes arepeated game
strategy that allows reciprocation to be learned. A three-parameter mode} that quantifies
this assumption was found to outperform alternative models in predicting the results of
the three experiments conducted by Amnon Rapoport and Mowshowitz (1966).

INTRODUCTION

- Experimental study of the effect of experience on choice behavior typically re-
" weals a slow adaptive adjustment process. If one of the possible alternatives
. yields higher return, decision makers slowly learn to prefer it. Recent research

(e.g., Roth and Erev 1995; Erev and Roth 1998b; Rapoport et al. 1998; Cheung
-and Friedman 1999; Tang 1996; Camerer and Ho 1999, Mookerjee and Sopher
:. 1997, Sarin and Vahid 1998; Daniel et al. 1998) demonstrates that this common
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adjustment process can be approximated by surprisingly mﬁmﬁ_m mwm mmwmw,ww
adaptive learning models. For example, Roth mﬂ.&. (1999) and _ HmMm e E. )
show that a two-parameter reinforcement H.mm.agm model that looks o <w i
mediate reinforcement of simple, one-period actions, and mMmEM_oum. a M\powom
level of rationality, can be used to predict behavior in more than 60 binary
SmMmH._ important exception to this regularity oceurs in strategic maaumw HWMM M.Mmﬁ
cilitate reciprocation (situations in AMEM.”H UMMWM.M@M” MHM&MHMMMMWNEG@&
eration). For example, Ana (
H“HMM%MMMW ,EHEQW_ Rapoport and Mowshowitz (1 om& wozm_a that _M OM..
tain two-person iterated prisoner’s dilemma (PD) games mo.m.w o~mmwmwp vﬁo
sented in ‘Figure 12.2) experience wmaﬁomw. the frequency o mmH mmwamg
alternative that yields higher payoffs A&ﬁmﬂmadn D). FMMMMW %Em player
the proportion of C choices increases wi . . .
° M“ﬁnomuwwﬂﬁumwwﬂ Qmm__.a< and Roth 19982) we mvnnama.mm that the _Mnmn MNWWW
may not reflect a limitation of the reinforcement learning approac Mmu of the
assumption of bounded rationality), rather that the players _mmnn&wo Jus from
immediate actions (stage-game sirategies) cﬁ.m_mo from .Hmummﬁ mmBo m_ T
gies. To capture learning in games, R&@Bomﬁ.ﬂ.ou strategies must be exp M ,c.w
modeled. In this chapier, we take a prelim inary step ﬂ.oimum Ma.m MM&QOM
proposing and evaluating a reinforcement _mmEEm ann.H in QEM , Eb» on
to stage-game strategies, players can leam a Hmoﬁnoomaom strategy. g
treatment would consider more carefully how ﬁmﬁ_oﬁmﬂ noﬁ.nwﬂon fgam sate
gies arise. Here we simply investigate the .ounoﬂﬂ to S?n_e.._ Hnﬁmonomag -
ing can capture the emergence of cooperation when leaming is among rep
mmﬂmmmmwmmmwﬁﬁa recent findings which demonstrate Emﬂ behavior M_b mEM
ple games can be captured by models of nmmumou.oo«nﬁ” _oE.E.ﬂm over ac oumg
two-parameter model that can account for behavior in matyix ,mmm“mw m_m.ﬂ Mﬂ ioh
players cannot reciprocate is presented. Next, we review ﬂ_o IO »ﬂm M.. farites
observed in previous studies of repeated PD games, .moozm_nm onthe o:m. . M_ -
ments conducted by Rapoport and Mowshowitz (1966) to test simp
i ing models.
E%WMWMMNMEOMMP we show that a minimal mﬂﬂ&ﬁﬂmcb o.w &m mw,\o.wmwmﬂ.
eter basic reinforcement learning model, the addition of a woam.iwbmmﬁ MMHMOWM
tion strategy, can be used to capture Rapoport and Mowshowitz’s gs.

estimated the model’s three parameters on the basis of the data of Experiment 1 .

in Rapoport and Mowshowitz (1966) and evaluated it using @_o Homzzm. of MN@H,.
iments 2, 3, and 4. We conclude with a discussion of potential extensions S.n mM
model mH,& the main implications of the current results to the study of boun

rationality.
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REINFORCEMENT LEARNING

In an earlier paper, we demonstrated the potential of reinforcement leamning
models (Erev and Roth 1998b). Utilizing a wide set of experiments that study the
effect of long experience (more than 100 trials) in bi-matrix games in which
players could not reciprocate (Suppes and Atkinson 1960; Malcolm and
Lieberman 1965; O"Neill 1987; Rapoport and Boebel 1992; Ochs 1995), we
showed that observed behavior is reasonably approximated by sirnple adaptive
learning models. The results obtained from five of these games are summarized
in Figure 12.1. Experimental results and equilibrium predictions are presented
inthe left-hand column. The three ri ght-hand columns present the predictions of
three adaptive learning models (one- and three-parameter reinforcement learn-

ing models, and a four-parameter generalized fictitious play model). All models

appear to capture the major trends in behavior both when it is consistent and in-

consistent with equilibrium predictions.

To evaluate the predictive power of the adaptive learning models, we (in Erev
and Roth 1998b) calculated the mean squared deviation (MSD) between the

. mean resuits and the different predictions. The MSD score of equilibrium was
0.035; however, al learning models considered had MSDs below 0.01. The best
model, the three-parameter reinforcement learning, had an MSD of 0,006 when
the three parameters were estimated to fit the data, and an MSD of 0.007 when
the data of each experiment was predicted by the parameters that best fitted 2]]
other games,

More recentiy (Roth et al. 1999; Erev et al. 1999), we have shown that a
two-parameter reinforcerment learning mode! outperforms the three models that
we studied earlier. With a single set of (two) parameters, this model captures the
11 games studied by Erev and Roth (1998b), 9 probability learning tasks (Erev et
al, 1999), and 40 randomly selected constant sum games (Roth et al. 1999; a
“representative sample” in Gigerenzer et al.’s [1991] terminotogy). This model
can be summarized by the following three leamning assumptions.

L1 Initial Propensities

_Players have an initial propensity to play their stage-game strategies (i.e., their

‘'simple one-period actions), and only these strategies. At time ¢ = 1 (before any
experience has been acquired), the players are indifferent between their strate.
gies. Specificaily, let4,(1) be the expected payoff ton if all players choose their

strategies randomly, with equal likelihood. Playern’s initial propensity to select

strategy / equals this expected payoff from random choices, i.e., for each player
n, .

.Q@..Qv”h: Qu (12.1)
for all pure strategies /.-
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Figure 12.1 Repeated 2 x 2 games (S&A: Suppes and >mn%mo%mﬁw%mwﬂﬁowwﬁﬂmw o
d Lieberman 1965). Inthe top four games, each payoffunitin s e
an ing by 1/6 in S&A2, by 1/8in S&A8, and by 1/10 in S&A3k an ScAdu, Inthe it
game g were &Rmaw converted to money. Each cell in the lefi-hand co e
G ental results: the proportion of A choices over subjects in m.nrw
gﬁ:@&ﬁn n.xvma% 8 blocks) as a function of time Qooluwov trials in all ﬁww Emcd&nnnﬁﬂ
o I sent the models’ predictions in the same format. e q ilibriun
:E@H%memﬂumgﬁ%ﬂ the right-hand side of the data cells. Adapted from
Roth (1998b).

L2 Average Updating

jattrials + 1 isa weighted average of
ropensity of Player n to play strategy; at trial ¢ : cof
MMMWE& wnoWonm.Q (4 (1)) and the average payoff obtained by Player n from

i i initial propensityisa
playing j in the first 7 trials (4VE, ;(t)). The weight of the initial prop .

function of an initial ma.mmmm_ parameter N(1) and the number of time Player n
chose strategyj (C,; (#)). Specifically,

0.8_
23:3, VE ) ——HY s
#¢+0=0y O G Ny im, AP OCm Ny, 12D
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where m,, is the number of Player n’s pure strategies. Thus, N(1) can be naturally
interpreted as the weight of the intia] propensities, in units of number of experi.
ences with the game (and N(1Y/ m, is the number of “initial subjective experi.
ences” with each strategy).

This averaging assumption implies that the updating from trial to trial can be
described as follows: If Playern plays his; pure strategy attime # and receivesa
payoffx, then the propensity to play strategy ; is updated to be:

G E+1D)= gy (OW () +x( -7 (1)), (12.2a)
where :
C.(H+N()/m
W()=—=% A,
© Cy O+ N D/ +1 (12.25)

This trial-to-trial formulation reveals that the propensity to play strategy ; in-
creases with relatively high payoffs x>q, HLSV and decreases with low payoifs
(x< m&.@v In addition, the updating speed decreases with experience, i.e., W(f)
increases with C,, i @)

L3 Exponential Response Rule

Probability, p ni8), that Player n plays his /% pure strategy at time ¢ is given by:

EXP| g (0115, ()] |
2 EXP gy )M/ S, ()]’ (12.3)

where the sum is over all of Player n’s pure strategies &, A is a free parameter that

Pni Qv“

. determines reinforcement sensitivity, and S, () is a measure of the standard devi-

ation of the payoffs Players has experienced up to time 7. Thus the probability of
selecting a strategy increases with the propensity to select it (which increases
with the average payoff from Past selections). The division by the standard devi-
ation measure implies that noisy reinforcements reduce reinforcement sensitiv-
ity (leading toward more uniform choice probabilities).

The standard deviation is estimated as the average absolute difference
between the recent payoff (xat trial #) and the accumulated average payoffin the
first 7 trials (4,(9). Following the logic of Equation 12 2a:

S2 O+ D=5, W O+, (O)-2G-m()), (12.4)
where
, t+N(1
W)= y@mrﬁ_ :_N.KE

The initial value 8,(1) is the expected distance of the payoff from random
choices from the expected payoff given random choice. (Note that the model is
defined only for positive 5,(1).) .

Average payoff, 4,(9), is calculated in a similar manner-
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4, (1 +1)= 4, QW (O)+ 4, L7 ()- (12.5)

As noted above, 4,(1) is the expected payoff from random choice.

RECIPROCATION

In contrast to the success of simple reinforcemenf'earning of stage-game strate-
gies in games in which players cannot reciprocate, these models are clearly vio-
lated in games that allow for reciprocation. For example, stage-game strategy
learning models predict a decrease in cooperation in PD games (cf. Figure 12.2).
Tn contrast to these predictions, previous research on the effect of experience in
iterated two-person PD games reveals that players can learn to reciprocate in
SOMe Zames.

An extensive examination of learning under conditions that facilitate recip-
rocation is provided by Rapoport and Chammah (1965) and by Rapoport and
Mowshowitz (1966). Both studies explored behavior in 300 repetitions of PD
games. Rapoport and Chammah explored seven games under distinct condi-
tions, while Rapoport and Mowshowitz focused on one of these games and stud-
jed the interaction between human and preprogrammed strategies. Since
Rapoport and Mowshowitz replicated Rapoport and Chammah’s main results
and added experiments that facilitate model development and comparison, we
focus here on the four experiments conducted by Rapoport and Mowshowitz.
Their main results can be summarized by the following five sets of robust behav-
ioral regularities.

Increase in Mutual Cooperation with Time

In Figure 12.2, the left-hand column presents the precentage of trials in which
both players cooperated (CC choices) in 6 blocks of 50 trials over the 19 pairs
participated in Experiment 1 of the Rapoport and Mowshowitz study. The pay-
off matrix used in that study is presented on the top of the figure. The results re-
veal an increase in mutual cooperation over time. The second column shows the
predictions of the basic RE model with only two strategies (C = cooperative; D=
defect) and with the original parameters, and reveals that the model fails to cap-
ture the data. Moreover, the incorrect prediction of a decrease in joint coopers-
tion is robust to the choice of parameters and the specific variant of the model: all
the reinforcement learning models we considered (in Erevand Roth 1 998b) pre-

dicted a drop in cooperation when the only strategies are “C” and “D.” The third

and fourth columns are simulations of the models developed and discussed be-
low (see section on MODELING RECIPROCATION), which enlarge the set of strate-
gies players may learn. .

Rei . .
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Figare 12.2 The prisoner’s dilemma i
’ game studied by Ray rt and M i
MMMMWSH%HM _uoWSE parel &%_mww. the proportion of mutnal oﬂ%oﬂmmo: Aﬁmg%%mﬁ“w
o0 o es _M 6 blocks of 50 n._m@ in Experiment 1 of Rapoport and Mowshowitz
), and the relevant predictions of three models: the basic two-parameter

model, the extension that assum it-for-
that assumes a forgiving TFT mwh%ﬁ%mmﬂm.g Freteey (RET), and he extension

Large Between-pair Si».:nn

M.MM first %mbm_ of Figure H.n.w.w presents the distribution of the proportion of coop-
on (C) over the 300 trials summed across the 38 participants (Rapoport and

MM%MMM_&HW mxvnaﬁmﬁ 1). The results reveal extremely large variance. In
> e € t1 s )
uniform. xception of 2 mode on 90-100%, the distribution is almost

Experiment ' REFT

ML

percentage
SaBRsKa

[=JR}

Vo it o P

S 25 45 & 85 15 35 55 75 95 &5 25 45 65 &5

P(C)

Figore12.3 Distribution of C choices for al jects i
[ | the subjects in Experiment 1
and Mowshowitz (1966) (left), and the predicted distribution by EMnWmWﬂWMMMﬁ%.M

Markov/Learning (ML) models.
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Sequential Effects

Rapoport and Mowshowitz (1966) modeled the probability of cooperation in
trial 7+1 as a function of the decisions made in trial by both players. Following
Rapoport and Mowshowitz, we denote the conditional probability of coopera-
tion by Player n following a decision X by » and ¥ by Player o as P(CLXY).
Summed across trials and players the ebserved probabilities are:.
P(C|CC) = 0.81, P(CICD) = 0.43 , P(C[DC) = 0.37, and P(C[DD) = 0.22. These
probabilities are displayed graphically in Figure 12.4. Note that whereas they
show some responsiveness to the other player’s recent choice, the responsive-
pess is much weaker than the responsiveness predicted under the TFT
(tit-for-tat) strategy (for further explanation, see section below, An RET Model).
Under this strategy (to be discussed below) the expected probabilities are
P(C|CC) = 1, P(C|CD) = 0, P(CIDC) = 1, and P(C|DD) = 0.

Sensitivity to the Opponent’s Choice Probabilities

To facilitate a clean test of Markov chain models, Rapoport and Mowshowitz

(1966) conducted three experiments in which buman subjects played against
preprogrammed opponents (using the payoff matrix of Experiment 1). In Exper-

iment 2, the opponents were humans whose choices were determined by the fol-

lowing conditional probabilities: P(C|CC) = 0.76, P(C|CD) = 0.25,
P(CIDC) = 0.46, and P(C|DD) =022. In Experiment 3 the participants played
against a computer whose choice probabilities were P(C|CC) =0.72,
P(C|CD) = 0.26, P(C|DC) = 0.42,and P(C|DD) = 0.22. Finally, in Experiment 4
the game was played against a “learning” computer prograim. This program used
three fixed choice probabilities, P(CICD) = 0.41, P(C|DC) = 0.36, and
P(C|DD) = 0.17, but increased the probability of repeated cooperation in trial

Experiment REFT ML
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Figure 12.4 Conditional probabilities in Experiment 1 of Rapoport and Mowshowitz
(1966) (left), and the predicted probabilities by the REFT model and the Markov/Leart-

ing (ML) model.
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r+ A h vv HHO§ Y,

Y
&

P, (CcC)+(1— ¢)B, if mumal i i
WI_AO ﬁOvu , A v )B, if mu cooperation was achieved at r—1,

By (ClCC), otherwise; (12.6)

Mns.o P(CICC) = o..Emv 0=0.7,and B = 0.985. (These values were set to fit
e results of Experiment 1. We return to this point below.)

The m.wmn Humbo_ of Figure 12.5 shows the proportion of C choices by the hu-
man subjects in the four experiments. It shows that whereas the identity of the

- opponents (human or computer) had a small effect (cf. Experiment 1 to 4 and

Experirent 2 to 3), the opponent’s choice probabilities had a large effect.

Failure of Simple Markov Chain Models

Wm%mwmn Mwm Mowshowitz (1966) tried to account for their data using a simple
ok chain model that assumes fixed and independent switching probabili-
: es ﬂmﬁ state to state. In mvn.wm:uﬁu_m 2 and 3, this model bas four free parame-
%HM“Q e oom&nou& ?.o,g.gramm QAQOQM P(CICD), P(CIDC), and P(CIDD})

etermine the switching probabilities. Rapoport and Mowshowitz found
_.._.umﬂ when the parameters are estimated by the observed switching probabilities
{in the H&QEE nﬁumnﬁoncu the model under-predicts the frequency of mutual
cooperation. In particular, it predicts 16% of the CC outcomes in Experiment 2
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Figure 12.5 Cooperation rate (C choi
ces by the human subjects) in the i
ments run by Rapoport and Mowshowitz (1966) (left), and the m_nnmwomonm owﬁamwﬁmﬁ

and the Markov/Learni i
Erperiont 1 ng (ML) models. Note that parameters were estimated based on
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and 11% of the CC outcomes in Experiment 3. The observed CC percentages An RET Model

were 21% and 15%, respectively. . )
Previous study of behavior in PD games reveals that the Tit for-TFat (TFT)
SR strat-

egy can lead to efficient cooperation (e.g., Roth and Murnighan 1978; Axelrod

MODELING RECIPROCATION 1980) in these settings. The TFT strategy can be thought of as the simplest
as the: St quan-

To distinguish among the possible explanations for the failure of the simple rein-

forcement learning models in games in which players can rectprocate, it is con-
venient to perform a “cognitive game theoretic” decomposition of these models.
The model presented above and other reinforcement leaming models can be de-
composed into three basic submodels:

1. Anabstraction of the incentive structure: all of the models we considered
iraplicitly assume that subjects are sensitive to the objective payoff
function.

2. An abstraction of the cognitive strategies considered by the subjects: in
Erev and Roth (1998b), we modeled subjects as leaming among simple
actions (stage-game strategies).

3. An abstraction of the decision/learning rule among the relevant strate-
gies: here we have focused on one particular reinforcement learning Tute,
whereas in Erev and Roth (1998b) we also studied expectation-based
adaptive learning rules.

Previous explanations of reciprocation considered potential violations of all
three submodels. Incentive-based explanations were provided by Kelly and
Tibaut (1978) and from recent work by Bolton and Ockenfels (1998) and Fehr
and Schmidt (1999). According to these accounts, Teciprocation is a result of
subjective incentives that differ from the objective monetary incentives. Expla-
nations based on cognitive strategies were provided by Axelrod (1980, 1984),
Komorita and Parks (1995, 1998), and Messick and Liebrand (1995). In addi-
tion, Amnon Rapoport and Mowshowitz (1966) and Macy (1991) account for
reciprocation by invoking particular learning rules.

While all three classes of explanations provide insightful accounts of recipro-
cation in many settings, it seems thata modification of the cognitive strategies’
submodel is necessary to account for reciprocation in repeated games. One of

the most robust findings reported by Anatol Rapoport ct al. (1976; see also-
Bornstein et al. 1997) is that players were able to reciprocate by alternation in
chicken-type games. Since alternation is a strategy that involves memory ofthe
o previous period, it could not be observed that subjects confined their learningto .-
o ﬁ%ﬂM&%@M%ﬁM?ﬂmmwdwa@i&mﬁ,mﬂnﬁuﬂd.m&q% wo-submodels-{the-as-

sumed learning Tule and incentive structure) cannot explain this observation.
Our main goal in this chapter is to show how this apparently necessary modi-

Sication can be accomplished in a reinforcement learning model. We hope to -
show that this necessary modification will turn out to be sufficient to account for -

the five regularities described above.

tification of the concept “reciprocation.” Formally it states that:

RI  IfPlayern chooses to start reciprocating at trial £, he or she cooperates at

Eﬁﬂ&mﬂaooovmamﬁmﬂﬁ&n+. .
1
0) has cooperated at £ ifand only if the other player (Player

MMMMUH.W ﬂ%MmHM mﬂmw_mw in the current adaptive learning framework, its length
bas fo be definc m.; ﬁMB ! %ﬁ learning, players should have multiple experiences
lization longt ene ve mﬂ_ﬁ%am” Moreover, it is natural to assume that the
petzation length ases with experience and the potential benefit from reci
ese behavioral assumptions are quantified here as follows: "

R2 . .
If Playern chooses a reciprocation strategy (TFT, denoted here as strat.

egy k) at trial ¢, the probabili . .
rialf + 11 probability that he or she will continue to utilize it at

Co _ H v
CONT (£)=1 G (t )+ N(O)PR® if PR>0
0 otherwise
where Cu®is Em number of times that the reciprocation str
played, N(0)>0 is “convergence speed” parameter, p is mmmoﬁmwmwnm.m

length” parameter, and PR i ;
. > is the relati ial gai .
tion. The potential is estimated as: ve potential gain from reciproca-

w 7, (wax)~, (min) 429
HM nwﬂmh”ﬁw.mnvﬁmmvﬁm o”mvmoﬁon payoff for Playern m?m.d successful recip-
> 4,(1) 1s the expected payoff from
. . random play,
! MAHMNWHHW;ASEV are the best and worst possible payoffs wow waM.ﬂa
oo Ha%ﬂ game V (recy=1, 4,(1)=—1, V (max}=10 mbm
f —10. Thus, the potential from reciprocation, PR, om:&m“c 1

(12.7)

Note tha e L
: uonﬂmoa ﬂh__”wgnw”om quantification implies that when reciprocation is not ex-
willnotbe ol gher payoff than the payoff from random play (PR < 0) i
e played more than once per strategy choice. When reciprocationi ) it
T Sialegy cnoice. W , OB Ko e+

actad HO A H
85&.&8 Mcmmww HM Emwﬂ. payolf (PR > 0), the probability of repeated selection
. xperience to PRP, the parameter M0) determines the speed of

_ this convergence :
i gence process. Thus, like N(1), N(0) can be thought of as a “conserva-

sm” parameter. To reduce the n .
straint N(0) = N(1). number of free parameters we impose the con.
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The first model oouma.mnmm here, referred .n_wm mw E% w.m.m. Bo“mwwmnm MMEEE_
ion of the reinforcement mode! descri d above see . REIN
MMMMM,MMM_, LEARNING). The extension implies that Em&m.nm.ooumamwe,_ﬂm
strategies: the two stage-game strategies and the “probabilistic length
. ipti d R2.

teey as defined by assumptions R1 an . H
mﬁmuowwwmn_ﬁnuﬁ% this model has three parameters: The _..a,—m EEMHMW %MMHMM MM A
(N(1) and A) and one reciprocation length wmnmﬁmmﬁn ©)-Toev themodel
we first derived its predictions of the evolution of the mutual coopera

Experiment 1 of Rapoport and Mowshowitz (1966) and found the parameters .

that best fit the data (minimize the MSD between the observed and predicied ag-
-block learning curve).

mﬂm,—m,wamm%ﬁ Mﬁ predictions of this model for the current mmﬂo, oMMw MOMMHWMM

i ions in whi i irs of players play |
ter simulations in which 1000 SHE& pairs o ‘
Mwﬂuwwg% (areplication of Experiment 1 nE%v.owoﬁ mmmo g%mmwpmo_wwmwow MM.H
ibe the simulation (and explain the mode ) it is usefn .

MMHM MMEESmou conducted before the first trial and during each aﬂoﬂmﬂo“ WM

first trial the (uniform) initial propensities, 4,(1) and S,(1) were ¢

each player. In the current game,

1-10+10-5 _
b4O=—7 —="1

- (—D)}+ [ 10)— D+ ho— 1)+ 5- (1) L7 (29
4

5, ()=
and g,; ()= 4, (1)=-1

1 iti ’ to equal “decide.”
d j. In addition, the players’ state was sett al “decide
w&.qm“ﬂ:%ﬂo&hm steps were then taken during the simulation (in trial ¢ of the
simulation of each dyad):

/ “decide” selected one of =
tegy selection. Each player whose state was cted one of -
- _wwwnﬂmw@ possible strategies (C, D, or TFT) with the probabilities given

by assumption L3. The counter of the selecied strategy AOQSV gwmm ;uﬂ.m
dated (by adding 1). If the selected strategy was TFT, the player’s sta
was set to “TFT-continue.”

2. Alternative selection. If the state was not “TF[-contue, Eﬁro Mmo”mnn”h_._.
alternative was identical to the strategy (C or D). When ﬁm § o s
“TFT-continue,” which implies that the strategy was TFL,P ayer H._&.
lected alternative was C if and only if at least one of the following co &

tions (from R1) were met: .
a. Player n's opponent (Player o) chose C at trial £ — 1.

b. Player n selected the TFT at trial £ {the State was “decide” at the ca.

ginning of the trial). . .
3. Payoff n&m&nnqa. The payoffs were Q.Qmﬁga@ by the chosen altemna
tives (using Figure 12.2’s payoff matrix).
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4. Propensities updating. The propensities of the selected alternatives were
- updated using assumption 1.2, .

3. Deviation and average measures. S(t + 1) and A( + 1) webe calculated
using the rules specified in assumption L3 (note that S(z+ 1) is updated
based on 4(3).

6. Updating the state. If the state was TFT-continue, a virtual coin was
flipped and with probability 1-CONT(?) the state was change to “de
cide.” (CONT() was calculated using assumption R2).

The predictions of the RET model with the parameters that best fit the data in a
grid search (M1) = 10, A = 100, p = 0.03) are presented on the third columm of
Figure 12.2. The results reveal that the model predicts that almést all leamning
will occur in the first 50 trials. Thus, it does not capture the slow increase in mu-
tual cooperation observed by Rapoport and Mowshowitz (1966).

A More Forgiving Model (REFT)
Previous research (e.g., Axelrod 1984) suggests that the failure of the TFT strat.

.“egy, as quantified above, is likely to be a result of not being “forgiving” enough

to capture cooperation in a noisy environment. For example, a single mistake
(deviation from TFT) by one of the players on trial implies no mutual coopera.
tion until the two players deviate from TFT together at the same trial. Since play-
ersare assumed to make independent choices, a single deviation is more likely to
occur than a joint deviation.

To evaluate if making the reciprocation more forgiving can improve the fit of
the model to the Rapoport and Mowshowitz (1 966) resuits, the current model re-

- places assumption R1 with a more forgiving assumption, which implies that if

both players choose to reciprocate, cooperation will be achieved within two pe
riods. Specifically, it is assumed that:

RIf If Player n chooses to start reciprocating at trial #, he cooperates at that

trial and cooperates at trial ¢ + 1 if and only if at least one of following
conditions is met;

a. Player o has cooperated at trial ¢,
b. Player o has cooperated attrial z— 1, and» has not cooperated at triai z,

- The predictions of the REFT model were derived using the simulation presented
“above after replacing the R1 conditions with the R1f condition (in step 2). The
‘model’s predictions with the parameters that best fit the data N1 =1,A=3.3,
p=10.05) are presented in the fourth column of Figure 12.2. The plot shows that

-the forgiving model captures the increase in cooperation and outperforms the
:RET model.

Although the REFT model was fitted to the aggregate curve, it tends to pre..

dict large between-subject variability. Figure 12.3 compares the distribution of
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C choices in the Rapoport and Mowshowitz (1966) experiment and in the simu-
lation of the REFT model, and reveals a similar (but not identical) almost uni-

form distribution.
Figure 12.4 compares the observed and predicted conditional probabilities

(in. Experiment 1). It shows that the model captures the main experimental

trends: high P(C|CC) and low P(C|DD) values. However, the model incorrectly
predicts that P(C[CD) exceeds P(C[DC). This bias'suggests that the current “for-
giving” model is not “forgiving enough” to capture exactly the sequential de-
pendencies in the Rapoport and Mowshowitz study.

Predictive Power and Alternative Models

The second column in Figure 12.5 shows the model’s predicted C rate in the four
experiments run by Rapoport and Mowshowitz. Note that the parameters were -
estimated based on Experiment 1 results. Thus, the fit of Experiments 2, 3,and 4
allows evaluation of the model’s predictive power. Figure 12.4 shows that the
model captures the raok ordering and trends observed in the three experiments: -

increase in cooperation in Experiment 4, a flat curve in Experiment 2, and lowest
level of cooperation in Experiment 3. In addition, the simulations reveal that the

current “parameter-free” predictions of Experiments 2 and 3 outperform the pre-
diction of the four-parameter Markov chain model discussed above. The aver.
age CC percentages predicted by the current model (in the last 250 trials) are

22% and 18%.

The failure of the basic Markov chain model led Rapoport and Mowshowitz -

to propose a variant of this model, which assumed that the likelihood of an exit

from a CC state decreases with repeated CC outcomes. This Markov/Learning -
(ML) model was implemented as the experimental condition in Experiment 4. -
and described above. Note that it has six parameters (the parameters are esti- -
mated from the observed sequential dependencies). The third column in Figure .

12.5 shows the predictions of the ML model with the parameters estimated by

Rapoport and Mowshowitz based on the results of Experiment 1. Whereas this -
model captures the main experimental trends and clearly outperforms the .

Markov chain model, its quantitative predictions are less accurate than the pre-

dictions of the REFT model. In all four cases the REFT model is closer to the ex-

perimental curves.

A more obvious advantage of the REFT model over the ML model is dis- .

played in Figure 12.3. Here thie ML model predicts a normal shape distribution
of individual subjects and fails to capture the observation that a significant pro-
portion of pairs appear to become stuck at a very low frequency of cooperation...

Finally, Figure 12.4 shows that the ML mode] outperforms the REFT model
in describing the conditional probabilities. The advantage of the ML model in

this case is not surprising as three of its parameters were estimated from these: .

data.
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ADDITIONAL BEHAVIORAL REGULARITIES

W. . . - -
w%m“ﬂw H%MMNMWM AmHMM wca W..HWH in preparation) suggests that the predictive
at modet 15 not limited to the payoff matrix used by Ra
. . -, o

MMMH W\mumﬁrosaﬁ (1966). Similarly, good fits are found for all nﬁwwu M»MMM
P Yy Rapoport and Chammah (1 965). With the parameters estimated here

% xvnnEwH 1 o.w Rapoport and Mowshowitz 1966), the model captures the
wn MM“ Mm ﬁwﬂwﬂﬁﬁmﬂoﬂm on the payoff matrix. Most importantly, it accurately

cooperation will be obtain i i
o 00 ed by most players in certain PD games,
Erev and Roth (in preparation) also su i

. . . ggest that with a more general defini-
Mma m“._% the reciprocation strategy, the current model can account for behavior HHb
e oM H.Mw.mmmmm 2x m. games studied E. Rapoport et al. (1976). For example, it

pture the conditions under which players are able to reach efficient mwa

- fair alternation outcomes.

Future research is needed to extend th
¢ ; 1o ¢ current model to address repeated
supergames like the prisoner’s dilemma studied by Selten and Stoecker %mev.

CONCLUSIONS

WMH_MMSQ mm_”%m give Ewuaa. the opportunity to achieve cooperation through the
oo MM“MN %mwﬁ mnwﬁm.ﬁm that make current actions contingent on the pre-
ious 1y of play. Learning models that do not allow players to make such
ou&. gent decisions cannot reproduce the observed behavior, In this chapter,
Mmawm-wzmmmn how on.@ alittle sophistication must be added to the nomumoBmanm
o W ﬂwm& ﬂém&@ explored (a g@%mﬂmﬂmﬁﬂ model that captures be-
pvlorh SMM._»HMm _ o_“uwwﬁ Bmwm and games in which players cannot reciprocate)
PO ma&m chavior in the repeated prisoner’s dilemma. Results reveal
on n.n. a single reciprocation strategy, together with the two

stage-game strategies, is sufficient to permit simple reinforcement learnine to
m%nﬁw many aspects ofthe observed data. A three-parameter model that acmwm.
Ewm M_M Wﬂwﬁvnom was woﬁ.a to outperform alternative models in predicting
P of the three expeniments conducted by Rapoport and Mowshowitz
) to compare alternative descriptive models of behavior in the PD game
Although the current model is only an example of a strategy set m&m&mﬂ 8

capture the ,mmoo.ﬁ of experience on cooperation, it has two important advanta,
oMMH.m MM.Eo previous nwﬁmummobm. First, most recent research focuses on mrwom
MER ﬁaﬁ %Eonmﬁnoum Eﬂuﬂdgﬁ assumptions can lead to reciprocation.
. I research (like the ploneenng research by Anatol Rapoport and
QEE ﬁ.wm.& and Amnon Rapoport and Mowshowitz [1966]) shows that
useful quantitative predictions can be made.

Second, the reinforcement leamning “engine” is potentially general. The ?.mm-

- et reinforcement leaming mode] is a generalization of 2 model that ranhyrac
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behavior in more than 60 games in which players cannot 8&@8@% and, Mm MM
hope to show in the future (Erevand Roth, in prep.), can be extended to any

@- - 1] r X
mm_wu general, the approach that we have outlined here E<o?mw separating ENQ |
arnin, u i iti ilable strategies. The
’ ing rules from their cognitive model of the aval : :

Mwmmmwwn mwmmp_u_o is intended to make plausible the %@oﬁwgm”m that, é%._w MM M.M. .
i implé€'models of reinforcem -
iate model of strategies, even very mE.pEm : rcern E
W.MHMM\ be sufficient to predict how behavior will evolve over tme m repeated

play of simple games.
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