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Abstract

A common value auction experiment is run to compare the relative influ-
ence of observation and experience on learning. It is shown that the ex-post
observation of opponents’ actions and payoffs homogenizes behavior and ac-
celerates learning toward the Nash equilibrium. Besides, experiential and
observational learning are both relevant and of comparable magnitude. A
general reinforcement model for continuous strategies, encompassing choice
reinforcement learning, direction learning and payoff dependent imitation,
performs well in explaining the experimental data and it dominates com-
peting models such as the reinforcement of best response strategies.

Keywords: Learning, Observation, Continuous Reinforcement, Struc-
tural Estimation.

JEL Classifications : C13, D91, DS83.

I would like to thank John Kagel for financing the experiments. I would
like to thank Jean-Francois Richard, John Kagel, Alvin Roth, Thomas
Muench, Debra Dwyer, Christopher Swann and Robert Slonim for help-
full discussions. I also would like to thank the editor and two anonymous
referees for the quality of their comments. All remaining errors are mine.

* Department of Economics, State University of New York at Stony Brook, 11794-4384 Stony
Brook, NY, USA. E-mail : olivier.armantier@sunysb.edu



1. Introduction

Modern approaches of human behavior in psychology distinguish two principal
sources of learning: personal experience and observation.! Experience shapes
behavior as a response to a direct stimulus on an organism, while observational
learning originates from observing the responses of other organisms. These basic
principles of learning have been repeatedly tested and validated in psychology.
Learning models developed in economics are largely inspired from the psychology
literature. As we shall see in section 2 however, most learning models in economics
rely exclusively either on experience or on observation. As a result, the following
issues have been left essentially unexplored in the economic literature: firstly, the
precise impact on learning of observation relative to experience has rarely been
addressed; secondly, several competing hypotheses of observational learning have
been proposed without being explicitly compared. The present paper attempts to
address these issues by answering the following two sets of questions:

(1) How do observation and experience each affect learning in economics? Do
subjects learn differently with observation? Does behavior converge faster toward
an equilibrium when observation is possible? Is the magnitude of experiential and
observational learning comparable?

(2) How is observation processed in the learning mechanism? Do people simply
imitate others? Do they learn to predict their opponents’ frequency of play? Do
they lean toward strategies that would have been successful in the past?

To address these questions an experiment consisting of repeated common value
auctions has been conducted under two extreme treatments. In the first treatment,
players observe their opponents private signals, bids, and payoffs at the end of
each auction period. In the second treatment, losing bidders receive no feedback,
while the auction’s winner observes only his own payoff. In the second treatment
players can learn only from experience, while in the first treatment they can also
learn from observation.

A model free approach is first applied to identify qualitatively the presence
of learning and the influence of observation. Then, a learning model is devel-
oped to test competing hypotheses of observational learning. This model has
five key characteristics: firstly, it explicitly combines experience and observation;
secondly, it accounts for continuous strategies; thirdly, it is based upon a gen-
eral reinforcement approach; fourthly, it captures the relevant features of a wide
range of existing learning models in economics; finally, it is firmly grounded in

!See for instance the work of Whitehurst (1978) as well as Hikaru (1984).



the psychology literature.

In a nutshell, the experimental results show that observation homogenizes
behavior and accelerates learning toward the Nash equilibrium solution. The
structural estimation indicates that experimental subjects learn from experience
but also copy successful behavior based on payoffs. Moreover, the experimental
results suggest that observation influences behavior almost as much as experience.

The paper is structured as follow: section 2 briefly reviews the learning liter-
ature in economics. The model and the experiment are introduced in section 3.
In section 4, regressions are run to identify the presence of learning and whether
observation matters. The general reinforcement learning model is developed in
section 5. The structural estimation strategy is presented in section 6. A bench-
mark is estimated in section 7 and it is compared to competing hypotheses in
section 8. Finally, section 9 concludes.

2. Learning in Economics

Most economic models of learning rely either upon experience or observation.
For instance, the Choice Reinforcement Learning approach (hereafter CRL) is
the most popular in the class of experiential learning models (c.f. Bush and
Mosteller (1955), as well as Erev and Roth (1998)). The model rests upon the
assumption that individuals act randomly in ways that have produced high payoffs
for themselves in the past. In other words, agents learn exclusively from their own
experience.

In the observational learning literature, the Beliefs Based approach assumes
that players form some beliefs about their opponents’ future actions, based on
past observations of plays. Then, players choose a best response strategy that
maximizes their expected payoff given the beliefs they formed. In other words,
the Beliefs Based approach assumes that players learn only from observing the
frequency of play of their opponents. This class of models includes Cournot (1960)
and Fictitious Play (Brown (1951)). Other models of observational learning in-
clude “imitation” (Schlag (1999)), where agents copy successful or popular actions
of others; “learning direction theory” (Selten and Buchta (1999)), where players
adjust their behavior in the direction of strategies that would have been success-
ful; and finally, “Rule learning” (Stahl (1996), (2000)), assumes that players select
among a set of predetermined behavioral rules based upon potential past perfor-
mances. Note that these observational learning models assume that observation
is processed differently within the learning mechanism.



The Experience Weighted Attraction model (hereafter EWA) of Camerer and
Ho (1999) is a notable exception as it implicitly combines experiential and ob-
servational learning. The authors however limit observational learning to the
reinforcement of unchosen strategies and competing alternatives are not tested.

In the experimental economics literature, few studies have investigated the
effect of observation on learning. Erev and Rappoport (1998) run an entry game
experiment and note that behavior is affected by information regarding other
players’ payoffs. Huck et al. (1999), as well as, Offerman et al. (2000) find that
the experimental outcomes in Cournot games appear to be consistent with the
prediction of an imitation model. However, experimental subjects are not ran-
domly matched in these experiments, and one may wonder whether subjects are
learning to play strategically, or whether they are learning to cooperate. Abbink
et al. (1999) find that the responder rejection rate in ultimatum games increases
when the actions of other participants are revealed. The authors suggest that
responders try to create a group reputation for being “tough” by manipulating an
“internal social norm”. Mookherjee and Sopher (1994) find a significant effect of
observation on behavior in a matching pennies experiment. The authors, however,
were unable to derive an empirically relevant model to explain the nature of this
effect. Finally, Duffy and Feltovich (1999) consider a similar design to analyze
the effect of observation in ultimatum and best-shot games. The comparison of
experimental outcomes with predictions simulated from a discrete CRL model
yields mixed results.

This brief review of the literature indicates that the following two questions
have not been clearly answered: firstly what is the relative impact of experience
and observation on learning? Secondly, which observational learning approach
prevails? The present paper propose to shed some light on these two issues.

3. Experimental Model and Treatments

3.1. The Model

An experimental session consists of 1" independent first price common value sealed
bid auctions with N participants. At auction ¢, the true value of the item, x},
is drawn from a uniform distribution on the interval [z,Z]. Private signals &
(i = 1,...,N) are drawn independently from a uniform distribution on [z} —
g,z + €]. The interval [z, 7], the distribution of true values, the value of &, and
the distribution of private signals are common knowledge from the beginning of



the experiment. The true value xf, and the other bidders’ private signals are not
known to bidder ¢ at the time she submits her bid bf. The high bidder earns a
profit equal to the true value of the item less the amount she bids. If bidders are
symmetric, risk neutral, act non-cooperatively and if bids can be any real number
and are subject to the boundary condition B (z — ¢) = x — ¢, then the unique
Bayesian Nash equilibrium bid function is:

BU(&) =b" =& —e+Y ifz+e<&<zT—2  (3.1)
2¢e N
where Y = N+1eXp{—£ (65_24‘8)} . (3.2)

The bid function is more complex when £ does not belong to the interval [z + &,7 — €].?
To avoid drawing types in this interval, [z, Z] is chosen large enough in practice so
that zf is unlikely to be generated outside the interval [z +2¢, 7T —2¢]. As a result,
all ¢! generated during the experiments belonged to the interval [z + ¢, T — €].

The bid function (3.1) is linear in £ up to a factor Y that decreases rapidly
toward 0 as £ increases. Garvin and Kagel (1994) ignore Y and approximate the
strategy of player i by a bid factor st € R such that

bi=¢ —ste . (3.3)

The strategy space is then fully characterized by a one dimensional continuous
parameter s which can be directly inferred from the observation of an action.
The corresponding Nash equilibrium bid factor is roughly sV* = 1. Player i can
avoid the “winners curse” when N = 6 (the number of bidders in the experiment)
by using a bid factor st > 0.714, which leads to positive profits on average.

Kagel and Richard (1997) show that strategies of the form (3.3) are legitimate
approximations of the bid functions since they are not only epsilon-equilibrium but
also epsilon-best-responses to any strategy profile. This approximation can also
be interpreted within the context of “Rule Learning” where one can use bounded
rationality to argue that players limit themselves to linear rules of the form (3.3).
Therefore, strategies are represented in the remainder by the bid factor, which
is a tractable approximation of the bid function. Note that the objective is not
to verify whether agents use the Nash equilibrium bid function, but rather to
analyze how behavior changes over time. The bid factor is perfectly suited for
this purpose.

2See Armantier (1999,a) for a complete derivation of the bid function over the entire support.



3.2. Experimental Treatments

The experiments are based upon the theoretical framework presented in section
3.1. Two extreme treatments are differentiated: in the “feed-back” (hereafter
FB) treatment, every bids and the corresponding private signals, the winning
bidder’s profit as well as the true value zf are announced to all players after
each round. The information is revealed in such a way that it is not possible to
identify individual bidders. In the “no-feed-back” (hereafter NFB) treatment the
true value z}, and the winner’s profit are announced only to the auction’s winner.
The remaining players are informed that they did not win the auction, and do
not observe other bidders’ information. Therefore, subjects are playing the same
game, with the same unique Nash equilibrium in both treatments, and only the
environment differs.

A common value auction experiment appears favorable to investigate the effect
of observation on learning since i) common value auctions are complex games of
incomplete information and substantial learning has been observed in previous
experiments (see e.g. Garvin and Kagel (1994) or Selten and Buchta (1999)); ii)
common value auctions may provide positive as well as negative payoffs which
has been shown to intensify learning; iii) unlike Mookherjee and Sopher (1994) or
Duffy and Feltovich (1999) the game has a unique symmetric equilibrium in pure
strategy;® iv) auctions are “winner takes all” situations in which players should
adjust their strategy only after winning an auction if they learn according to the
CRL model.* On the other hand, if observation matters, the adjustment process
should be smoother.

Subjects receive a starting balance and are no longer permitted to bid if their
balance becomes negative during the course of the experiment. Subjects are ran-
domly matched at the beginning of each auction period. In both treatments extra
subjects were recruited in order to anticipate bankruptcies and keep the num-
ber of bidders constant. The occurrence of a bankruptcy and the introduction

3The matching pennies game in Mookherjee and Sopher (1994) has a mixed strategy equilib-
rium. Randomization is a non-trivial task for a subject and the optimal behavior is not easy to
detect by other players (and also by the econometrician) even when observation is allowed. The
games considered by Duffy and Feltovich (1999) possess several equilibria which, in addition,
are not symmetric. Finally, it has been suggested that players may utilize strategically the in-
formation revealed in the ultimatum game used in Duffy and Feltovich (1999) not only to learn
but also possibly to educate their opponents about their own ”toughness”.

4The experience of not winning an auction may lead players to modify their strategy. This
possibility will be taken into account in the subsequent theoretic model.



of a replacement player was announced only in the FB treatment.” Note that
replacement players enter the game without prior experience which may poten-
tially create a discontinuity in behavior. Inspection of data, however, indicates
that the impact of a replacement player is statistically insignificant. Auction
survivors were paid their end-of-session balance along with a participation fee in
cash. Players who became bankrupt and extra subjects who did not participate
received a participation fee. The experiment consisted of a FB and a NFB session.
Each subject participated only in either one of the two sessions. Each session was
divided in two sub-sessions lasting approximately an hour and a half each and
taking place a week apart. The same subjects participated to the two FB (NFB)
sub-sessions. Such design feature is commonly used to analyze the effect of ex-
perience (see e.g. Kagel and Richard (1997)). However, it may allow players to
reflect or communicate between sub-sessions. Careful examination of data indi-
cates that there is no significant difference between the actions taken at the end
of sub-session 1 and the beginning of sub-session 2.

In practice the total number of periods played in a session was T' = 78 in the
NFB treatment (periods 1 to 38 in sub-session 1 and 39 to 78 in sub-session 2) and
T = 80 in the FB treatment (periods 1 to 40 in sub-session 1 and 41 to 80 in sub-
session 2). True values, and private signals were uniformly distributed in cents on
the intervals [z, 7] and [z} — €,z + €] with [z, 7] = [15,925] and € = 12. In each
session there were 24 active players in each period divided in 4 auctions of N = 6
bidders. A starting balance of $25 was given to each player at the beginning of
sub-session 1. In addition to their earnings subjects received $20 to show up at
both sub-sessions. Subjects were recruited primarily among undergraduates at the
University of Pittsburgh. In both treatments, sub-session 1 started by reading the
instructions aloud, followed with 2 dry runs in which the outcome did not count
toward the players’ final earnings.” The analysis of the data begin with the first
auction period involving cash payoffs. In this experimental setting, the expected
profit of the auction’s winner was roughly $3 per period. Descriptive statistics of
the experimental outcomes are summarized in Table 1. The differences between
the FB and NFB treatments are tested on the basis of the Mann-Whitney test.®

5In the subsequent analysis, a replacement player will be considered to play his first period
at round j, if he enters the game after a bankruptcy in round j — 1.

6This result may be explained by the fact that bankruptcies are rare and essentially occur at
the beginning of a session when subjects are actively learning and behavior is still very volatile.

"The instructions are similar to Garvin and Kagel (1994) and, therefore, are not reproduced
here.

8The Mann-Whitney test is a non-parametric altenative to the two-samples-¢-test that does



4. Adjustment Learning and Observation

The object of this section is to gather qualitative evidence of learning and to
determine whether observation has a distinct effect on behavior. Table 1 indicates
that subjects in the FB treatment earn significantly more money on average and
they are less likely to suffer from the winner’s curse. Players who receive feedback
also participate for a significantly longer period of time as they are less likely
to face bankruptcy. Finally, the item is bought more often by the high signal
bidder in the FB treatment. In other words, Table 1 strongly suggests that there
is a treatment effect, as observation appears to have a distinct influence on the
experimental outcomes.

[Table 1 here]

Let us now examine the influence of observation on the learning process. The
evolutions of the bid factor s! in each treatment (averaged over 8 periods) are
presented in figure 1 and 2. The shape of these figures clearly indicates an
increasing function. To formalize this result let us run the following regressions
for each sample

st = app + Bppt + uy when st € FB, (4.1)

st = anpp + Byrpt + Ui when st € NFB. (4.2)

To account for the obvious heteroscedasticity across periods let us assume that
Var (uy) = o3 -t where d € {FB,NFB}. Regression results related to this
section are summarized in Table 2. Let us apply the standard one sided uni-
formly most powerful test to decide upon the null hypotheses Hy : {5, < 0} for
d € {FB,NFB}."’ The p-values in Table 2 indicate that one can reject the null
hypotheses at the usual significance levels. This result however is not sufficient to
conclude that the bid factor increases over time. Indeed, the evolution of strate-
gies originates both from adjustment and/or market selection. Market selection
eliminates, through bankruptcy, players who perform poorly. Such players use
a bid factor below 0.714 which lowers the average strategy in the early periods.
Consequently, the shape of figures 1 and 2 might represent “bad” players dropping

not require the assumptions of normality and equality of variances. For details see Gourieroux
and Monfort (1995).

9The superscript ¢ represents the number of periods actually played by a player and not the
round of plays. The distinction is only relevant for replacement players.

1 For details regarding the implementation of the test see e.g. Gourieroux and Monfort (1995).



out of the experiment. In order to differentiate the market selection effect from
the adjustment process let us divide the original samples in two sub-samples of
“good” and “bad” players. The latter regroups players who went bankrupt or lost
more than 4/5 ($20) of their starting balance in less than 16 periods. Figures 3
to 6 compare the evolution of the bid factor for these sub-samples over the first
16 periods. Although these figures cannot be as clearly interpreted, they indicate
that both types of players learn to increase their bid factor over time. This obser-
vation is confirmed at a 5% significance level by a pair of one sided tests applied
to the good and bad players (see Table 2).

[Table 2 here]

To assess how observation affects the “speed” of learning, let us define the
following two criteria: the number of periods before players learn to avoid the
Winner’s Curse and the number of periods before agents learn to consistently play
the Nash equilibrium bid factor. Figures 1 and 2 indicate clearly that observation
allows players to avoid the Winner’s Curse sooner. The average bid factor is
above 0.714 after (roughly) 20 periods in the FB treatment, versus 40 periods in
the NFB treatment. Furthermore, the averages bid factors lay in a narrow band
around the Nash equilibrium after 60 periods in the FB treatment, while in the
NFB treatment strategies still oscillate after 80 periods in a large band below the
Nash equilibrium, with no indication of a possible convergence. To confirm these
results let us test first the one sided hypothesis Hy : {B8rp < Bypp} in the joint
estimation of the regression model (4.1) and (4.2) over the first 40 periods where
most learning takes place. The test statistic is 4.583 corresponding to a p-value of
2.29E-6 and we can reject the null hypothesis at a 5% significance level. This test
confirms that learning is initially slower in the NFB treatment. Symmetrically,
let us test the one sided hypothesis Hy : {vpp > Ynpp} Where 7 controls the
multiplicative heteroscedasticity. The test statistic and p-value are respectively
3.181 and 7.31E-4. The null hypothesis is rejected at a 5% significance level which
implies that strategies are significantly more volatile in the NFB sample. The
speed of learning observed in figures 1 and 2 may be influenced by the market
selection effect. However, a similar analysis restricted to good or bad players
produces comparable results.

To summarize, subjects learn to increase their bid factor. This process is
affected by experience as well as observation of others. Observation has a distinct
influence on the experimental outcomes as it homogenizes behavior and accelerates
learning toward the Nash Equilibrium. In the following sections we attempt to

9



determine how observation is processed within the learning mechanism.

5. Reinforcement Learning Model and Observation

5.1. Existing Learning Models in Economics and Psychology

Popular learning models (CRL, EWA, Rule Learning, similarity...) are based
upon four key principles: firstly, strategies (or learning rules) are discrete ran-
dom variables drawn from a given distribution; secondly, strategy distributions
are updated after each period based upon new information; thirdly, the updat-
ing rule reinforces the probability of a given played (CRL) or un-played (EWA)
strategy (or learning rule) based upon a reinforcement factor representing either
actual (CRL) or potential (EWA) payoff; finally, most parameters of the models
represent some fundamental principle of learning that have been repeatedly tested
in psychology.!’ Note that the learning models in economics have been almost
exclusively developed for discrete strategy space. To accommodate continuous
strategies, such as the bid factor in the theoretic model presented in section (3.1),
one would need to discretize the strategy space. Such discretization, however, are
often arbitrary and it may lead to inaccurate approximations.!?

The subsequent section introduces a generalized reinforcement model explicitly
accounting for observation and continuous strategies. The objective is not to
formulate a new and/or competing model, but rather to capture most relevant
features of existing learning approaches in one encompassing model. Moreover, the
model proposed is consistent with the psychology literature where reinforcement
is not limited to choices.

5.2. General Reinforcement Learning Model

Before we formalize the continuous reinforcement rule, let us illustrate the learning
process in the context of the traditional CRL model. At round ¢, player ¢ draws

UFor instance, Blackburn (1936) established “the Power Law of Practice”, Watson (1930)
confirmed the importance of “Recency” and reference points.

12Note that in the experiment, the bids and private signals are dicrete variables defined in
cents over wide intervals. Therefore, the bid factor st = (5§ —bt) /e takes a large but finite
number of values on [—1,1.5] and it may be best described as a continuous variable.

I3For instance, Social Learning emphasizes secondary reinforcements of unconditioned (neu-
tral) stimulus (e.g. Houston (1991)) and perceived reinforcements of observed actions (e.g.
Vicarious Reinforcement of Bandura (1977)).

10



her strategy s from a continuous distribution defined over the interval [s, 5], with
mean m}, variance vf, and probability density function gf(.). For the ease of
exposition, let us assume that the strategy distribution is symmetric (See figure
7). Then, m} can be seen as the perceived “optimal” strategy at round ¢, while v}
represents the confidence in this “optimal” strategy. When v! tends to zero the
strategy distribution is concentrated around the mean m! and player 7 is almost
guaranteed to select m! which is then a pure strategy equilibrium. On the other
hand, when v! gets larger the strategy distribution can be expected to be almost
uniform and player 7 will experience different strategies with equal probability. v!
may be seen either as an experimentation factor or a bandwidth for computational
errors.

After playing a strategy st subject i receives a payoff p! and she updates her
strategy distribution with a reinforcement rule R(.). Heuristically, the effect of
R(.) in the CRL model is to add some mass to the strategy density g:™(.) around
or away from st, depending upon the reward p:. Namely, when player i receives a
positive payoff, the reinforcement rule has the shape of a normal density function
with mean s! and standard deviation o; (t) (see figure 7). In this case, some
mass is added to the density function g/*!(.) around the strategy played si. As
the reward gets larger, the standard deviation o; (t) gets closer to 0, and the
reinforcement rule is more concentrated (see figure 8). As a consequence, more
mass is added around s! and player i is more likely to play the same strategy
again. Symmetrically, when a player receives a negative payoff, the reinforcement
rule has the shape of a reverse normal distribution (see figure 9). Intuitively, the
negative reinforcement rule “subtracts” some mass from the strategy played st
and redistribute it to strategies away from si. As a consequence, the probability
of subsequently generating a strategy in the neighborhood of s! decreases. The
negative reinforcement rule is more concentrated around the strategy played as
the reward p! decreases and player ¢ becomes less likely to draw the same strategy
st in the future (see figure 10). When the payoff is zero, the strategy distribution
stays unchanged as there is no experiential learning. Note that this model may
converge toward a pure or a mixed strategies equilibrium (see Armantier (1999,
b)).

Let us now formalize the model. Consider a general reinforcement learning
model consisting of L different observational and experiential reinforcement rules.
The reinforcement rule in model [ (I =1, ..., L) is a continuous function denoted
R(s | miﬁk,rik,t,ﬁl) where s € [s,3] and G is a vector of parameters. This rule
is similar to the one previously introduced for the CRL model and it is such that

11



at any period k < t, (where t is the current period) player i reinforces a strategy
mﬁyk based upon a reinforcement factor rik The general reinforcement learning
model combines all these reinforcement rules and the strategy distribution evolves

according to the following law of motion,

t L
gz’l(s) + Z Z R(S | mé,lmré,k?tv ﬁl)
t1(g) = k=1i=1 . (5.1)

In the traditional CRL we have L = 1, mik = s¥ and rik = pf where s¥ and p¥ are
the strategy played and the payoff received by player i at period k < t. The game is
assumed to be such that payoffs are within a closed interval (piC € [}_9, }_9} ) and there
always exists a strategy, s, for which the expected payoff is greater than zero.
Note that the model verifies the “law of practice” stating that learning curves are
steepest in early periods, thanks to the cumulative structure of the reinforcement
rule. The function g/ (.), commonly known as the initial propensity, may reflect
players introspection or experience from previous games. How subjects select their
initial strategy distribution is a question beyond the scope of the present paper.
In the remainder g}(.) is a given distribution, possibly a function of parameters
to be estimated.

The reinforcement rule adopted here is based upon a normal probability den-
sity function f(. | ¥, o% (t)) with mean u¥ and variance o¥ (t),

Fls | b0k (1) when ;> 0
{fw b0k (6) = fls | pbook (0)  when iy < o}
(5.2)

where  pf=ml, and of(t)= (aé)(kftfl) (vl ) - (5.3)

i, 7

R(S | mi,lm Tﬁ,lm tv ﬁ])

and 0 < o < ozé <ap < 1. In this simple model the parameter ﬁl reduces to aé.
Note that the negative reinforcement rule in expression (5.2) is always positive.
This formulation guarantees that g/™(.) will be a density function.

The exponent of o, acts as a discount or forgetting parameter that reduces the
influence of past experiences. This effect, known as “Recency”, has been shown to
be robust in the psychology literature. As k gets distant from the current period t,
o¥ (t) gets larger which implies that the corresponding reinforcement rule is flatter.
As a consequence, the outcome in a much earlier period k has less influence on

l

the strategy distribution g/*'(.). Beyond a bounded memory interpretation, o/

12



also takes into account the fact that other players are simultaneously learning to
play the game. Player i’s best response to other players’ initial strategies will not
be optimal anymore in later periods since player i’s opponents will modify their
strategies through learning. Therefore, subjects should deliberately forget distant
past, and recent events should play a larger role in determining behavior.

5.3. Direction Learning

To illustrate the concept of direction learning consider the traditional CRL and
the experimental auction model. When bidder 7 plays st and receives a negative
payoff, he should realize that his bid was too high. He should also understand that
a smaller bid factor would have generated a worse payoff, while a larger bid factor
would have improved his situation. In that case, instead of negatively reinforcing
strategies symmetrically around st, he should reinforce negatively strategies below
st, and reinforce positively strategies above st. By doing so, player i is more likely
to generate a strategy greater than s’ and get a better payoff in the future.

To incorporate direction learning within the reinforcement rule, let us replace
©¥ in equation (5.3) by

2
#f = m,i»’k + (aé)Q (§'Ia§.<0 + §.1a2,>0 - mi,k) ei(riyk) ) (54)

where —1 < aé- <1, j =1 (j =2) when the reinforcement factor rik is positive
(negative), and Ia§- <o is the indicator function satisfying Ia; <0 = 1 when aé- <0
(otherwise Ia§- <0 = 0). The parameter of the reinforcement rule now generalizes
to B = (aé, o), 0/2). When ag- is positive (respectively negative), ¥ lays in the in-
terval [mﬁ’k,g} (respectively [§, mﬁk}) and strategies slightly greater (respectively
smaller) than mi , are primarily reinforced. In other words, the parameter o/, (0/'2)
accounts for any potential direction learning associated with a positive (negative)
reinforcement factor. Note that 1 gets closer to m!, when (rﬁﬁk)Q increases. This
implies that when the reinforcement factor is large and positive (negative) the
center of the reinforcement rule is closer to the strategy reinforced, so that mik
is more (less) likely to be played in the future. Finally, aé- = 0 corresponds to no
direction learning, while aé- = #+1 can be considered full direction learning, since
players essentially reinforce either s or s for a reinforcement factor rf.’ . close to
zero. Unlike Selten and Buchta (1999), this formulation allows one to predict not
only the direction of learning but also the amount of change.

13



Anderson et al. (1999) propose a different theoretic direction learning model
where the direction and amount of change are based upon the gradient of the
expected payoff function. The model proposed here is slightly more flexible since
direction learning may vary with actual, expected or even another player’s payoff,
depending upon the reinforcement rule adopted. In addition, the effect of positive
and negative rewards are differentiated which, as we shall see in section 7, is an
important feature to describe learning in the experiment. Finally, the direction
learning model adopted is simpler and it may be implemented easily to estimate
structurally the general reinforcement model.

5.4. Reinforcement with Observational Learning

The reinforcement rule R(s | mﬁﬁk, rﬁﬁk,t, ﬁl) can account explicitly for different
forms of observational learning. The structure of the rule essentially remains the
same, but the variables mﬁ»,  and rﬁﬁ .. take different values depending upon the type
of observational learning under consideration.

For instance, with payoff dependent imitation, player i partially reinforces
the strategy played by player j # i at period k (mi,C = sf) based upon the
reinforcement factor rik =0 p;?, where pf is the payoff of player j, and ¢ is a
discount factor that downweights reinforcement from other players’ payoffs. In
other words, when player i witnesses a large loss (profit) by player j # i, she
revises her strategy distribution so that she will be less (more) likely to play s;‘? in
the future. In “winner takes all” games such as an auction, players may choose
to reinforce only the winner’s strategy.

According to EWA players update the strategy played but they also use ob-
servation to look back and determine how un-chosen strategies and, most impor-
tantly, un-chosen best response strategies would have performed. In other words,
at the end of round k, player i observes her opponents strategy profile s, and
she calculates what would have been her best response strategy BR(s",). Then,
player i updates her strategy distribution around BR(s";) based upon the profit
(or expected profit) I1gx this best response would have generated. Although an-
alytically dissimilar, the generalized reinforcement model can capture the most
relevant features of EWA. Indeed, in addition to a CRL rule, an observational
reinforcement rule may be created by setting m}, = BR(s",) and rl, = 60" - pg.
Note that #' represents the relative effect of foregone payoffs and it is closely
related to the parameter ¢ in Camerer and Ho (1999).

One can define other forms of observational learning. For instance, pure im-

14



itation models reinforce the winner’s strategy independently of payoff. In the
context of auctions, Garvin and Kagel (1994) suggest that losing bidders apply
the winner’s strategy s* to their own signal and learn from determining the profit
this bid would have yielded had they won the auction. In other words, when
player ¢ does not win the auction he reinforces the strategy mﬁ»,k = s* based upon
the reinforcement factor rﬁﬁk = ¢ (:v’g — ff + sﬁ,s). Finally, Erev and Rappoport
(1998) suggest that observation of other players’ payoffs influence the reference
point. The latter hypothesis has been tested without success in an earlier version
of the paper (see Armantier (1999, b)).

6. Estimation Procedure and Model Comparison

From an econometric perspective learning models have two interesting features.
Firstly, the observed actions S = (s}, ., sk, 83, ., %, ., 51, ., Sy ) are neither identi-
cally nor independently distributed since strategy distributions are updated indi-
vidually based on previous periods plays and outcomes. Secondly, learning models
may converge toward a pure strategy equilibrium in which case the asymptotic
strategy distribution ¢{°(.) is degenerate. These two characteristics are such that
the analysis of learning model estimators is non-trivial and rarely addressed in
the literature with the notable exception of Cabrales and Garcia-Fontes (1999)
and Armantier (2000). The Maximum Likelihood is a popular method to esti-
mate learning models with a finite number of strategies (e.g. Camerer and Ho
(1999), or McKelvey and Palfrey (1995)). However, as noted by Stahl (1996) and
Armantier (2000) the application of Maximum Likelihood to continuous strate-
gies may be hazardous. Indeed, as behavior converges toward an equilibrium
the strategy distributions becomes more concentrated and later observations are
much more influential on the likelihood function. This imbalance may result in a
disproportionate contribution of later observations on the parameter estimate.
To circumvent this convergence problem Armantier (2000) proposes an M-

estimator ﬁ corresponding to an objective function of the form:
T N ) ) )
sonn(3) = - 54 (] - )+ (0 -t @) ) o)
=1 i=1

where [ is the parameter to be estimated and nf . (B) is the moment of order p
of player i’s strategy distribution at period t. Heuristically, the objective is to
reconcile observations with their theoretical moments conditionally on the history
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of play. This method offers the key advantage of allocating the same weight in the
objective function to any observation. Armantier (2000) proves that the estimator
of the general reinforcement model parameter E is consistent and asymptotically
normally distributed as T' tends toward infinity. The expression (6.1) requires
the derivation of the theoretical moments at each period and for all bidders. The
strategy distributions do not have a tractable analytical form and the theoretical
moments 77; , () are replaced by Monte Carlo simulation estimates, 77 (/3).

Nested learning models are typically compared on the basis of likelihood ratio
tests (e.g. Stahl (2000) or Camerer and Ho (1999)). As previously mentioned
however, this approach is not well suited here due to the inadequate properties
of the likelihood function. Instead, we will consider traditional Wald tests based
upon the unconstrained optimization of the objective function (6.1).!* The Wald
test possesses the appropriate asymptotic properties since the M-estimator is con-
sistent and asymptotically normally distributed. The covariance matrix involved
in the determination of the test statistic is evaluated with a Bootstrap technique
based upon the estimated parameter 3.1

7. Estimation of a Benchmark Model

Let us estimate first a benchmark model including the traditional CRL and payoff
dependent imitation, both with direction learning. Alternative learning models
will be compared and tested against this reference model in section 8.

The vector of parameters to estimate is § = (697, 8™ 11, 6%) where g7 =
(a§BE, af Bl afBE) and ™ = (o™, af™ adM §"™™) are the coefficients of the
CRL and payoff imitation reinforcement rule and (u, 0?) are the parameters of the
initial strategy distribution function. All strategies observed during the experi-
ments are within the interval [—1.0,1.5].1% Therefore, [s,3] is fixed to [—1.0,1.5].
Players are initially considered symmetric and strategies in period 1 are assumed
to be generated from a normal distribution truncated on [—1.0, 1.5] with parame-
ters (u,0?). The histograms of players’ strategies in the first periods of play tend
to support this assumption. The M-estimator presented in section 6 is applied to

YFor details on the implementation of the Wald test see Gourieroux and Monfort (1995).

15The Bootstrap is a statistical technique consisting in repeatedly resampling the original data
from the estimated distribution in order to make inferences from the resamples on parameters
such as, for instance, the standard deviation of the estimated parameters. For details on the
Bootstrap technique see Shao and Tu (1996).

16 A bid factor of —95.8 was recorded but it was a mistake to the player’s own admission.
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the FB and the NFB samples. Results are presented in Table 3.
[Table 3 Here]

The estimation of the initial propensity parameters correspond to an expected
strategy of 0.247 (0.249) and a standard deviation of 0.661 (0.692) in the FB
(NFB) sample. Note that the first two moments of the initial strategy distribution
are strikingly close in both treatments. Actually, a statistical test indicates that
the parameters (ﬁ, 82) cannot be distinguished in the estimation including both
the FB and NFB samples. In other words, subjects appears to have a similar initial
apprehension of the game independently of the treatment applied. Finally, the
strategy selection in period 1 is very volatile and almost uniform over [—1.0, 1.5].
This may be explained by the complexity of the common value auction and/or by
the subjects lack of previous experience with comparable games.

Let us examine first the parameters associated with the CRL model. The
forgetting parameter &SRL is close to 1 with both the FB and NFB samples.
This implies that learning occurs at a slow pace, as past and recent experience
have almost the same influence on the current strategy selection. The forgetting
parameter is, however, slightly but significantly smaller in the NFB treatment.
Therefore, behavior can potentially change somewhat more abruptly as the result
of new experiences when information is low. The estimation of forgetting para-
meters is known to vary tremendously from game to game. Some estimates in
Camerer and Ho (1999) and Stahl (2000) are actually greater than one suggesting
“explosive dynamics” and/or a model’s misspecification. The forgetting parame-
ters in the present paper are estimated without constraint, but they are all below
one and seem consistent with previous studies.

The parameter af'?F is insignificant, while a§'® is close to 1, in both samples.
This indicates that a negative reward leads subjects to increase the bid factor,
while a positive payoff does not influence the direction of learning. Therefore,
direction learning theory applies only in the experiment when payoffs are negative.

Let us now turn to the estimation of the payoff dependent imitation model
parameters. First and foremost, one can observe that (o™, oM oM, 6'M) are
insignificant (significant) when estimated with the NFB (FB) samples. Therefore,
as expected, observational learning occurs only when subjects receive information

about their opponents’ plays and outcomes. Note also that &g RL s not signifi-

cantly different than &éM in the FB treatment. In other words, subjects appear to
remember as well past personal experience and observation. On the other hand,

af' L is slightly but significantly larger than 2. This implies that losing one’s
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own money has a more direct impact on the direction of learning. Finally, the
parameter 'M is slightly but significantly smaller than 1 in the FB treatment.
This indicates that losing bidders reinforce the strategy of the winner with almost
the same intensity as if they had won the auction themselves. The magnitude of
this effect is larger than in Camerer and Ho (1999) who find that (on average)
subjects weigh observation half as much as experience. This difference might be
explained by the fact that the common value auction is arguably more complex
than the games considered by Camerer and Ho. In the common value experiment
it appears that observation is a useful and necessary complement to experience.

To test for the presence of heterogeneity across players within the same treat-
ment let us first estimate the model with a different parameter 3, (i = 1,..., N) for
each player. Then, we can test the restriction Hy : {(ﬁicRL,ﬁfM) = ( 1CRL, {M) , Vi=2,..., N}.
The Wald statistics, the degrees of freedom and the p-values of all nested tests
run in this section are presented in Table 4.'” The p-values indicate that one can-
not reject the null hypothesis at the usual significance levels. Unlike Stahl (1996)
and (2000), we do not find conclusive evidence of heterogeneity across players.
However, comparable tests clearly suggest heterogeneity across treatments.

Let us now test whether the parameters a; (7 = 0, 1,2) are common to both the
experiential and the observational learning reinforcement rule in the FB sample.
The null hypothesis is Hy : {ajCRL = onI-M, Vi =0,1,2, } The p-value shows
that we can reject the null hypothesis at a 5% confidence level. Finally, Table 4
also indicates that the pure CRL model (Ho : { pIM = 0}) and the pure payoff
dependent imitation model (Ho : { BORL — 0}) are strongly rejected by the data.
In other words, observational and experiential learning are both present and of
comparable magnitude but they are significantly distinct.

[Table 4 Here]

To evaluate the relevance of the estimates, let us run some Monte Carlo simu-
lations. Figures 11 and 12 represent the average learning path (along with one
standard deviation) of one thousand computer replications of the experimental
sessions based upon the parameters estimated with the M-estimator. The overall
simulated behavior mimic very accurately the behaviors of actual players, and is
well within one standard deviation (Figures 1 and 2). An additional measure of fit
is provided in Table 5 where Monte Carlo descriptive statistics are summarized. A
comparison with Table 1 indicates that the general reinforcement learning model

1"The Wald tests are based upon the estimations of the unconstraint models. With the
exception of the heterogeneity test, the tests are performed only with the FB sample.
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replicates fairly well the qualitative results observed during the experiment as well
as the differences between the FB and NFB treatments.

[Table 5 here]

8. Models Comparison

The object of this section is to test competing learning models and in particular
alternative hypotheses of observational learning. The different hypotheses can be
nested within the general reinforcement model and comparisons will be conducted
on the basis of Wald tests. Results are presented in Table 4.

8.1. Exogenous Adjustment and Nash Equilibrium with Errors

Learning is typically assumed to occur when the strategy selection of a player at a
given period is influenced by his own or any other players past actions and /or out-
comes. In contrast, a non-learning adjustment process is determined exogenously.
Such adjustment includes for instance reducing mistakes while manipulating the
computer, or making smaller mental calculation errors.

The general reinforcement rule can be modified to account for exogenous ad-
justment by imposing m}, = Mmi,_; + Soo(1 — A1) and 1}, = or}, , where
M € [0,1], A2 > 1, s € [5,3], af = 1, 7l is normalized to 1 and m! . (r!,) is the
strategy reinforced (the reinforcement factor) at period k < t. This exogenous
reinforcement rule has three characteristics: firstly, the strategy reinforced and
the reinforcement factor evolve exogenously; secondly, the reinforcement factor is
an increasing unbounded function of ¢; finally, behavior converges toward a pure
strategy equilibrium s,,. The Nash equilibrium model with errors is a special
case of exogenous adjustment where the asymptotic outcome s, equals 1 (the
Nash equilibrium in the auction model). This approach finds additional support
from the fact that players in the FB sample appear to converge toward the Nash
equilibrium.

The unrestricted model consists of the benchmark model combined with the ex-
ogenous adjustment process. Parameters of the unconstrained model are (3, A1, A, Soo)
where (§ = (ﬁCRL , M. , o) is the parameter vector in the benchmark model.
The model is tested twice under each of the following two null hypotheses Hy :
{ﬁCRL =0, = 0} and Hj : {ﬁCRL =0, =0, s, = 1}. Table 4 indicates
that both hypothesis are strongly rejected by the data. In other words, the ad-
justment process is not exogenous and it can be attributed to learning.
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8.2. Imitation Learning

In a pure imitation model, losing bidders copy exactly the previous period winner’s
strategy. Such strict behavior is not observed in the data. However we can test
weaker versions of the model such as pure imitation with errors and imitation of
successful or popular behavior.

To incorporate the imitation of successful behavior, the general reinforcement

(a(})DIM) (k—t—1)

0 < of™ < 1 and s* is the current period winner’s strategy. Hence, every
player reinforces the winner’s strategy independently of the payoff it yielded. A
pure imitation model with errors requires that % (t) = ¢ — (¢ — &g "™ ) I—; where
Ix—; is the indicator function and c is a large real constant (¢ = 100 in practice).
This formulation implies that the variance of the reinforcement rule equals &OP M
when k£ = t. Otherwise, the reinforcement rule is flat for k strictly smaller than
the current period ¢ since the variance o¥ (t) is large. As a result, the strategy
distribution in period t is affected only by the winner’s strategy in period t — 1.
In other words, subjects copy the strategy of the previous period winner but they
are allowed to make mistakes and select a strategy different than s’ . Imitation of
popular behavior is derived along the same line except that the reinforced strategy
mﬁ»’k is now equal to the average (3’;) or the mode (sfn) of other players strategies.

The unconstrained parameters in the models including imitation of success-
ful or popular behavior are (8, af"™), and (8, oy IM) in the models including
pure imitation model with errors. The null hypothesis in each test is H :

{ BERL =0, "M = O}. These hypotheses are strongly rejected by the data (see
Table 4). Note that tests of the hypothesis Hj : {ﬁIM = 0} are also rejected
indicating that payoff dependent imitation is not dominated by other forms of
imitation learning. In other words, imitation appears to be a driving force in
learning, as long as it incorporates the performance of the subject copied. Models
including imitation of other players (not only the winner) based upon actual or
potential payoff have also been tested without success. Finally, the Garvin and
Kagel hypothesis presented in section 5.4 was also strongly rejected.

learning model is modified by setting m/, = s¥ and o} (t) = where

8.3. Reinforcement of Best Responses Strategies

Do best responses act as an attractor in the strategy selection? To test this
hypothesis let us consider an observational learning model reinforcing the ex-post
best response to the actual plays of the other players based upon the expected
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payoff this strategy would have generated.'® The unrestricted model is defined
by the parameters (ﬁ, ﬁRBR) where PR — (aé?“BR, aRBE a?BR,HRBR) and the
null hypothesis is Hy : { pRBE — 0}. Table 4 clearly shows that the reinforcement
of best responses is dominated by a combination of CRL and payoff dependent
imitation learning. This results may be partially explained by the fact that best
responses and expected payoffs are complex to derive in common value auctions.
Camerer and Ho (1999) suggest that the observation of others serves only as
a proxy to determine one’s own best strategy. They also suggest that reinforce-
ment of foregone payoffs should encompass imitation learning in symmetric games
with a large number of players. The common value auction game is symmetric
and the number of players may be considered reasonably large. The results ob-
tained here, however, appear to partially dismiss the Camerer and Ho claim. The
reinforcement of foregone strategies suggested by EWA has been found to have
some explanatory power, but imitation should be seen as a distinct and sometime
dominating force in observational learning that should not be ignored.

9. Conclusion and Discussion

The object of the paper was to shed light on the following two questions: What is
the relative influence of observation on learning? Which among the observational
learning models proposed in the literature prevails? A common value auction
experiment demonstrates that i) players learn both from observation and experi-
ence; ii) observation may play a major role in the learning process; iii) observation
may homogenize and accelerate learning toward the Nash Equilibrium; iv) obser-
vational and experiential learning can be of comparable magnitude; v) finally, a
payoff depend imitation approach with direction learning dominates other obser-
vational models (such as pure imitation, or reinforcement of best strategies) to
explain the experimental data.

These results however may not generalize to every game. In particular, the
common value auction is a complex game of incomplete information, and obser-
vational learning may play a lesser role in simpler contexts. It has also been
shown that other forms of observational learning perform well in certain games
(e.g. Camerer and Ho (1999)). Finally, Offerman et al. (2000) suggest that
the dissemination of information about others may facilitate (tacit) collusion in
repeated games with the same players. Future research should therefore concen-

18In practice the expected payoff is evaluated by Monte Carlo simulations.
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trate on identifying the determinants within the structure of the game and within
the observed information that may influence learning. The contribution of the
present paper was to demonstrate that observation, and more specifically payoff
dependent imitation, may be a driving force in the learning process.

It should also be noted that subjects in the FB treatment receive total, non-
noisy and immediate feedback regarding their opponents’ private information,
plays and outcomes. Such unique conditions are difficult to reproduce in real life.
However, it is not uncommon in new or changing environments to observe that
information about participants is revealed ex-post. Such exchanges of experience
may be initiated by an official regulatory entity but it may also stem from the
firms themselves through coalitions or trade associations. For instance, European
and Australian governmental agencies and telecommunication companies, were
made aware of the most minute details regarding both the strategies employed
and the results obtained by their American counterparts before implementing and
participating in their national spectrum auction. Providing information about
others may be a particularly relevant policy in developing economies, new markets
(e.g. the internet), or after a policy change. In such contexts, subjects may not
have time to learn from their own experience and the social cost of failure may
be quite high.

Finally, environmental factors, such as the ex-post observation of opponents
actions and payoffs are typically ignored in theoretic modeling. The paper clearly
shows that such factors may influence short term behavior. This research therefore
fits within the contingent learning approach (Slembeck 1998) in the sense that we
attempt to identify within the environment the determinants affecting learning.
Some of these determinants have been widely studied in the psychology literature
and these results should not be ignored by economists. The present papers shows
that it is possible to develop empirically relevant models that are consistent with
the two disciplines.
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Figure 1
Evolution of the Bid Factor
Sample with Feed Back
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Figure 2
Evolution of the Bid Factor
Sample with No Feed Back
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Figure 3
Evolution of the Bid Factor
Sample with Feed Back
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Figure 4
Evolution of the Bid Factor
Sample with Feed Back
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Figure 5

Evolution of the Bid Factor
Sample with No Feed Back
Good Players
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Figure 6
Evolution of the Bid Factor
Sample with No Feed Back
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