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1. Introduction

The experimental literature on backward induction and iterated removal of weakly
dominated strategies is split in its findings concerning the descriptive power of these
procedures. Whereas some studies (e.g., Erev & Rapoport, 1990) show that initially most
subjects tend to perform at least two levels of backward induction, other studies (e.g.,
Stahl and Wilson, 1995) exhibit a lower initial level of sophistication. Moreover, while
some studies (e.g., Nagel, 1995) demonstrate that the subjects move quickly towards the
unique backward induction equilibrium, other studies (e.g., Ball, Bazerman & Caroll,

1991; Cooper et al, 2000) reveal no such convergence.

The current paper deals with a comprehensive experimental investigation of the Sebenius
and Geanakoplos (1983) no-betting conjecture. In the Sebenius and Geanakoplos
(henceforth: SG) model, agents with asymmetric information are asked to decide
simultaneously whether they would like to engage in zero-sum betting. The bet is
realized if and only if both individuals voluntarily agree to participate. The actual
outcome is determined by the realized state of nature. Sebenius and Geanakoplos (1983)
however show that if the agents follow some backward induction type of reasoning then
at least one of them must reject the proposed bet in every state of nature and betting will
never be realized. In this sense, rationality implies the "impossibility of zero-sum betting"

in the Sebenius and Geanakoplos framework.

The SG no-betting result can be easily extended to more general settings. In particular, it
is easy to show that the SG reasoning implies the impossibility of speculative trades in
efficient economic markets (Milgrom and Stokey, 1982). The no betting conjecture thus
seems quite important as it suggests that in economies with rational agents only real,

value-adding trades can actually take place.

The main goal of the current paper is to study the potential descriptive implications of the
SG conjecture and improve our understanding of the conditions (if any) under which this

important conjecture is likely to describe human behavior.

In our experiments, we have let fixed pairs of subjects play repeatedly the two betting
games (S and L) sketched in Figure 1 for 250 rounds. We have started with a basic
experiment on 48 pairs of subjects. Half of these pairs got precise information about the

underlying game. The other half played the game with almost no information.



<Insert Figure 1>

The results for both conditions revealed a persistently strong inclination to bet. The
average betting rate at the first 50 rounds of the experiment was 37.5%. The
corresponding individual entry rate (at the first 50 rounds) was almost 70%.'
Convergence to the no-betting equilibrium was extremely slow. The average betting rate
at the first 10 rounds of the repeated play of Game S (the simpler game) was 42%; the
average betting rate at the last 10 rounds of that repeated game was 31%. The
corresponding figures for Game L reveal a decrease in betting proportion from 47% to
39%.

Put differently, the results suggest that our subjects consistently exhibit a low level of
sophistication (Stahl, 1993). In particular, the proportion of cases where subjects'
behavior was compatible with two (or more) levels of “iterated removal of weakly
dominated strategies” has mildly increased from 46.5% at the first 50 rounds of the

repeated game to approximately 63% at the last 50 rounds of the game. >

In an attempt to trace the reasons for our subjects' poor performance in the basic
experiment, we have manipulated the experimental design in 5 different directions. Some
of these manipulations have indeed proved successful in terms of significantly decreasing
the subjects' betting rate along the experiment. Yet, in all of these cases the individual
subjects kept accepting the bet repeatedly in 45%-50% of the trials. Our subject's low
level of sophistication and persistent inclination to bet thus seem quite robust with respect

to the experimental manipulations.

A post-hoc quantitative analysis of the experimental data set suggests that simple
adaptive learning models might be used to approximate subjects' behavior in all of the
experimental designs. In particular, we demonstrate that the adjustment process can either
be approximated by a simple reinforcement learning model or by a stochastic fictitious
play model. We argue that (in both learning models) under the assumption that the
learning speed decreases with payoff variability (Erev, Bereby-Meyer & Roth, 1999), it is

! All through the analysis we distinguish between "betting rates" which refer to those cases where both subjects
accepted the bet and "entry rates" that address the individual players and refer to the proportion with which the
individual players have accepted the bet.

% In particular, these numbers represent the proportion with which "Agent Two" subjects did not enter at the
information set {A,B}.



possible to describe the adaptation process in all 6 experiments by a single set of two
parameters; i.e., one does not gain much extra fit by approximating a different set of
parameters for each experiment. In this sense, the slow learning process seems to be

stable across our different experimental manipulations.

The paper proceeds as follows: Section 2 outlines the Sebenius and Geanakoplos
framework and the no-betting result. Section 3 describes the basic experiment. Section 4
deals with our five alternative designs. Section 5 presents the quantitative summary of the

results. Section 6 concludes.

2. The No-Betting Model

To illustrate the Sebenius and Geanakoplos model we use game S from Figure 1. We now
describe the game verbally and sketch the no-betting argument: Assume that two agents,
One and Two, are offered a zero-sum bet on a space of states Q= {A,B,C,D} as follows.
If the realized state is A, agent Two pays 32 dollars to agent One; if the realized state is
B, One pays 28 dollars to Two; if the realized state is C, Two pays One 20 dollars, and if
the true state is D, One pays Two 16 dollars. The agents hold asymmetric information on
Q. Let IT1={ {A,B}, {C,D} } denote the information partition of agent One and 12 = {
{A}, {B,C}, {D} } denote the information partition of agent Two. Thus, when the
realized state of the world is A or B, agent One only learns that the true state belongs to
the subset {A,B}. Similarly, when the realized state is C or D, One only learns that the
true state belongs to {C,D}. Agent Two, on the other hand, learns the exact state of the
world whenever the realized state is A or D, but cannot distinguish between states B and
C. The bet is outlined schematically as Game S in Figure 1. Assume also that both agents
initially assign equal probability % to each possible state and that betting occurs only
when both agents accept the proposed bet. If one of the agents rejects the bet, it is not

realized and each agent gets a fixed reservation payoff of 1 dollar.?

Note that given his prior uniform probability assessment agent One expects a gain from
betting in every state of nature; i.e., if the realized state is A or B, One’s conditional

expected payoff from betting is 0.5 (+32 —28) = 2 > 1 (the reservation payoff); if the

3 SG (1983) assume that the reservation payoff is zero. We choose to modify this framework slightly and assume a
fixed positive reservation payoff of 1 dollar. As demonstrated above, this modification does not effect the original
no-betting result. Yet, we believe it makes our experimental results more interesting since we show that the subjects
keep on betting although they have the option of getting a positive reservation value if they reject the bet.



realized state is C or D, One’s expected payoff from betting is 0.5 (+20-16) = 2 > 1.
Similar calculations show that agent Two expects a gain from betting whenever the
realized state is B, C or D. When the realized state is A, Two knows the actual realized

state and thus expects a loss of 32 dollars.

Assume now that the actual realized state is D and that both agents initially decide to
accept the bet at that state. Consider, however, the case where agent One mentally re-

evaluates the proposed bet in four steps as follows:

Step 1: If Two is rational, she should clearly reject the bet whenever her realized
information signal is {A}. (This follows from the assumption that Two learns the actual

state when the realized state is A and thus expects a certain loss from betting at A).

Step 2: If indeed Two rejects the bet whenever the realized state of nature is A, I (One)
can only lose (28 dollars) from betting when my realized information signal is {A,B}.
Anticipating Step 1, I should refuse the bet when my realized information is {A,B}; i.e.,

when the realized state is A or B.

Step 3: If indeed I (One) reject the bet when the realized state of nature is B, Two can
only lose (20 dollar) from betting when her realized information signal is {B,C}. Thus, if
Two is rational and anticipates Step 2, she should refuse the bet when her realized

information is {B,C}; i.e., when the realized state is B or C.

Step 4: If indeed Two rejects the bet when the realized state of nature is C, I (One) can
only lose (16 dollars) from betting when my realized information signal is {C,D}.
Anticipating Step 3, I should refuse the bet when my realized information is {C,D}; i.e.,

when the realized state is C or D.

Thus, if agent One indeed applies the above reasoning before making his final betting

decision, he will refuse the proposed bet at the outset and betting will not take place.*

In general, let QQ denote a finite space of states, Po denote the agents’ common prior on

Q, IT1 and IT2 denote the agents' information partitions, and x : 3— R denote a zero-

* Alternatively, we may assume an explicit prepay communication process where the agents repeatedly announce
whether they accept the bet or reject it. Steps 1-4 imply that both agents will accept the bet at the first 3 rounds but
agent 1 will reject it at the 4-th round.



sum bet on Q ( where x(®) denotes agent Two's payoff to agent One when the realized
state is ® €€, and a negative number represents a payoff of agent One to agent Two at
the corresponding state). Let o'e() denote the realized stated of nature and assume that
both agents expect a gain from betting given their private information at ®'. SG (1983)
prove that if the agents are risk averse then one of them must reject the bet within Card
(IT1) + Card (IT2) -1 successive re-evaluation steps, as demonstrated above (where Card
(IT:) denotes the number of elements at the information partition IT:).” In this sense, zero-
sum bets will never be realized if the agents have the opportunity to thoroughly re-
evaluate their principle willingness to take the bet before it actually takes place.’
Moreover, it turns out that no-betting is the only possible equilibrium outcome when we
analyze the SG model as a static game of incomplete information; this equilibrium is
obtained by iterated removal of weakly dominated strategies. Furthermore, no-betting is
the only possible equilibrium result even when we consider an extended game where the
agents arrive at the zero-sum bet through a multi-stage negotiation process (Perets and
Sonsino, 1999).

3. The Basic Experiment

3.1 Procedure

Forty-eight pairs of Technion students played repeatedly each of the two games outlined
in Figure 1 (games S for Short and L for Long). Each of the games was played repeatedly
for 250 rounds. Participants arrived to the laboratory in pairs and were seated side by side
facing a personal computer screen. A partition was placed between them preventing one

player from seeing the other player’s screen-display or action.

Two experimental factors were manipulated to test the possible effect of information on
subjects' inclination to bet: Half of the subjects (24 pairs) received a detailed complete
description of the underlying betting game. To make the story more interesting, however,
we have framed it as a "stock-market" game.” We henceforth address these individuals as

the “informed subjects”. The other 24 “uninformed” pairs were also told that they would

> Note that risk aversion is not required to obtain the no-betting result in game S. This follows from the fact that in this
game each stage in the "iterated removal of information elements" process leads one of the agents to the conclusion
that he can only lose from betting in a certain information set. Game L however is different and risk aversion is
required in order to obtain the no-betting result for the states E,F,G and H in that game.

% For an extension of this result to the case where there exists some small probability ¢ that the agents are irrational in
the sense that they accept a bet when they expect a loss from betting, see Sonsino (1998).

7 The stock market cover story was removed in experiments 4.3-4.5.



participate in an experiment simulating a stock-market activity. These subjects were told
that in every round of the experiment each one of them would receive an information
signal describing the possible market conditions and would then have to decide whether
to enter the market or stay out. If one of them decides to stay out, both of them would
receive a payoff of one point. If both decide to enter, payoffs will be determined by the
actual market conditions. Yet, these subjects were not informed of the payoff function of
the game and the corresponding information structures. The (translated) instructions for
the two types of subjects are enclosed in appendices A.1 and A.2. In the experiments, the

instructions were provided in print and explained verbally by the instructors.

The second manipulation involved the order in which the two games (S and L) were
played. Twelve of the pairs that have received full information about the underlying game
started with a repeated play of the Short game and then played repeatedly the Long game.
The other 12 pairs started with the Long game and then switched to the Short game. The
24 uniformed pairs were similarly subdivided to two groups of 12 pairs each. We

henceforth address the first order as "order SL" and the second order as "order LS".

The experiment started with 3 fixed practice trials.® These were followed by 250
repetitions of the first game, an intermission, and 250 repetitions of the second game.
Each participant started the experiment with 1000 points. The accumulated score was
reset to 1000 at the beginning of the repeated play of the second game. In every round of
the game, the subjects gained or lost points according to their realized payoffs. In
particular, if one agent (or both) have refused the proposed bet at some trial, then each of
them got one point for that trial. In the break between the two games, the informed
subjects were given additional instructions describing the exact structure of the second
game. The uninformed subjects were only told that the second part of the experiment

corresponds to a “different market”.

Each player’s screen-display included 3 windows. The first, presenting the current

information signal.” The second, presenting the payoff (in points) at the current round.

8 The realized state of nature was revealed to the subjects after each of these practice trials. This data was not
provided in the experiment itself. The additional feedback was provided in the practice trials in order to help the
informed subjects fully understand the payoff function of the game.

? The subjects in one half of the pairs observed the information signal for 2 seconds and then had to announce their
decision. The subjects in the other half could observe the information signal for as long as they wish before making
their decision. The differences in results across these two conditions were marginal and statistically insignificant so
we have pooled the data together.



The third, presenting the accumulated payoff (in points). In every round of the
experiment, each of the participants first observed his realized information signal. He
then had to choose one of two keys (the first representing a decision to bet and the other
representing a decision not to bet). Payoffs were then realized according to the game’s

payoff rule and disclosed to the players. The accumulated score was updated accordingly.

Each subject received approximately $6'° for participating in the experiment. In
addition, each participant could gain $6 more as a bonus contingent on his performance
in the experiment. We have used a binary lottery (independent lottery for each
participant) to determine whether the player will receive the additional $6 at the end of
the experiment. The probability of winning the lottery was an increasing function of the
subject’s accumulated score in the two blocks of the experiment. The lottery was
implemented in order to eliminate the possible effects of risk attitude on subjects'

behavior (in accordance with Roth and Maluf (1979) binary lottery procedure).

3.2 Results
3.2.1: Initial behavior

The average individual entry rates of the informed subjects at the first round in which

each information set was played (for each order and each game) are presented in the
upper 4 rows of Table 1. Recall that in two of the information sets, {A} and {D}, the
rational behavior is obvious. The number of rounds (levels) required to eliminate each of
the other information sets (according to the SG model) is listed at the second row of the
Table."" The figures on the table reveal a surprisingly low initial level of reasoning.
Indeed, even in cases where it takes only two levels of reasoning to reach the no-betting
conclusion (at the information set {A,B}) the average entry rate was higher than 75%.
The coefficient of correlation between the levels required to eliminate each information
set according to the SG model (as given at the second row of Table 1) and the average
initial entry rate in each treatment was found insignificant. We discuss this observation

again in Section 5.

The right hand column of Table 1 presents the average initial entry rate of the uninformed

subjects for each condition. Since there is no point in separating the numbers across

1920 Israeli Shekel

" For example, the information set {A,B} is eliminated at the second round of the SG reasoning process, so the “levels
required” are 2.



information sets when subjects are uninformed, we present the average across all
information sets. The average initial entry rate across all conditions (.75) is surprisingly
high and significantly higher than then the 50% rate implied by random behavior (t[47]=
6.09 p <.0001).

<Insert Table 1>

3.2.2: Very Slow Learning

On average, the experimental results reveal a very slow decrease in the inclination to
accept the bet with experience. While the average betting rate at the first 10 rounds of the
repeated play of the Short game was 42%, the average betting rate at the last 10 rounds
was only 31%. (A significant difference at p<0.003 (t[47]=3.17)). The corresponding
figures for the Long game show a decrease in betting proportion from 47% to 39%
(t[47]=1.91, p<.07).

The two columns at the left of Figure 2a present the average betting rates in blocks of 50
trials for each one of the 8 conditions.'? The graphs reveal a very slow negative trend for
most of the experimental manipulations. This linear trend (over all experimental
manipulations) was significant (F[1,95]=11.35, p<.002).

<Insert Figure 2a >

In Figure 2b, we have separated the subjects' behavior in the Short game across
information sets. The graphs demonstrate that (in game S) Player Two has learned to
reject the bet when his realized information signal was {A}. On average, at the last 2
blocks of the experiment, subjects of type {A} have rejected the bet in 92.5% of the trials
(uninformed subjects rejected in 92% of the trials, while informed subjects rejected in
93% of the trials). These "nice" results, however, don’t carry over to the next information
set on the SG chain of reasoning: The average rejection rate of player One at the
information set {A,B} was 60.5% in the case of informed subjects and only 47.5% in the
case of uninformed subjects. When we move on to the "next" information set, {B,C}, the

results are even weaker (40% rejection rate in the case of informed subjects and 48%

'2 The horizontal axis (in figures 2a, 3a and 4a) counts the 50-trials blocks (from block 1 to block 5) in the experiment,
the vertical axis measures the average betting rate at the corresponding block. The two columns at the left of the
figure refer to the experimental results. The two columns at the right refer to the simulations that will be discussed in
Section 5.2.



rejection rate in the case of uninformed subjects). The data for game L reveals similar
trends: Nice learning at the information set {A}, which carries over only partially to the

information set {A,B} and almost disappears at the information set {B,C}.
<Insert Figure 2b >

Interestingly, it turns out that subjects of type One lost, on average (across both games
and all the manipulations) seven points in each of the trials in which they have entered
when their realized information signal was {A,B}. The corresponding average loss of
these subjects at the last block of the experiment was even higher (7.1 points). In spite of
this fact, the subjects kept accepting the bet repeatedly at {A,B}. The average entry rate
at {A,B} in the last block of the experiment was 37.5%. 13

3.2.3: Weak Information Effect

Figure 2 demonstrates that information had a surprisingly weak effect on subjects'

behavior. Informed players of type Two were less likely to enter at the information signal
{A} and more likely to enter at the information signal {D}. Yet, this reasonable behavior
did not translate into an overall significantly lower betting rate of the informed subjects.
Even the largest difference in average betting rates between informed subjects and
uninformed subjects (game S, block 1, order LS) was not statistically significant
(F[1,22]=4.1, p<0.6).

3.2.4: Non significant Transfer

The order manipulation was implemented to check whether experience in one game could
be carried over to a second different game. We also wanted to check the interaction of
information with this possible “transfer” effect. Our results however don’t provide clear
support to the transfer hypothesis. The initial entry rates (see Table 1) of the informed
subjects in game S were indeed lower at the information sets {A}, {A,B}, {C,D} when
the game was played second (order LS). Yet, the order effect is negative at the
information set {C,D} and it disappears when subjects are uninformed: the average initial
entry rate of uninformed subjects in game S is significantly higher in the order LS (then

in the order SL). The transfer effects are even weaker for game L.

" Informed subjects of type One lost on average 8.9 points from entering at (A,B). Uninformed subjects lost on
average 5.5 points in those cases.

10



3.2.5: Two Beats One in Game S

Table 2 demonstrates that Player Two was "the winner" in game S in both information

conditions in our experiments.'* The higher gains of that player might be explained by
the fact that this player has a "better" information structure than Player One in the two
games. In particular, Player Two is able to pre-identify state A in which he might lose a
relatively large number of points from betting. He can similarly pre-identify state D in
which he has a sure gain. Since Player One, on the other hand, has a coarse information
structure that doesn't include any singleton elements, that player plays the game (S) from
an inferior position and therefore loses to player Two on average. The relative advantage
of player Two, however, gets much weaker in game L. In that game, the information
partition of Two contains only one singleton element {A}. Moreover, the probability of

the corresponding state A is decreased to 1/8 (compared to 1/4 in game S).
<Insert Table 2>

The fact that Player Two makes nice profits along the experiment brings up an alternative
explanation to the consistent inclination to enter at the information set {A}: Player Two
might keep entering occasionally at {A} because this behavior pays off. By entering
occasionally at {A}, Two confuses player One and breaks down the SG domino-effect.
Indeed, if One would have learned to reject the bet at {A,B}, Two could not have ended
the experiment with such nice gains. In Section 4.2, however, we will reject this

"sophisticated" explanation.

3.3 Discussion

The results described above seem suspiciously discouraging. The most disturbing point is
the very slow learning of the informed subjects when playing the Short game. We were
especially bothered by the fact that in game S, informed subjects of type {A} have (on
average) accepted the bet in more than 10% of the trials. This behavior seemed
unreasonable given the simplicity of game S and the fact that these subjects were told at
the outset that they could only lose 32 points from betting in this case. We were also
surprised to see that player One type {A,B} accepted the Short bet (on average) in 51%
of the trials in spite of the fact that he has lost (on average) more than 7 points in each of

these entries. We have therefore decided to manipulate the experimental conditions in

' The order manipulation didn't have a significant effect in this case as well.
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several alternative directions in order to examine possible explanations to the observed

behavior.

<Insert Figure 3 >

4. Alternative Experimental Designs

4.1: Stronger Feedback.

In experiment 4.1 we have enhanced the feedback that was provided to the subjects after

each trial. In particular, we have disclosed to each subject the payoff that he would have
obtained if he chose differently at that round. In game S, for example, when the realized
state of nature at the first trial was A, and player One decided to enter while player Two

decided not to enter, One got a four lines feedback as follows:

Your response was Y
As a result your payoff is 1
Your total score is 1001

If you had chosen N,
your payoff would have been 1

Similarly, Two got the feedback:

Your response was N
As a result your payoff is 1
Your total score is 1001

If you had chosen Y,
Your payoff would have been —32

Except for the additional feedback the design of this experiment was identical to the one
described in Section 3. We had run 8 pairs of subjects in each of the four basic
information/ order conditions for this case. Table 1 presents the average initial entry rates
for this design. Figure 3a presents (graphically) the average betting rates in blocks of 50

trials for each case. Figure 3b presents the individual entry rates in each information set

12



for game S."” Tables 3 and 4 present the average betting rates by blocks for the Short

game and the Long game for this design. The major conclusions are outlined next.

<Insert Tables 3 and 4>

4.1.1. Decrease in Initial Entry Rates in Game S

The data on Table 1 demonstrates that the increased feedback has significantly reduced
the initial entry rates of informed subjects at the information signal {A,B} in 3 of 4 cases.
The average initial entry rate (across all information sets except for {D}) of informed
subjects in Game S has decreased from 63.4% (in design 3) to 51.8% (at the current
design). The corresponding proportions for uninformed subjects were 75% (in design 3.1)
and 59% (at the current design). In the Long game, the average initial entry rates of
informed subjects were not significantly different across the two designs.'® The average

entry rates of uninformed subjects in the Long game has decreased from 74.5% to 61%.

4.1.2 Insignificant Effect on Learning

The figures in Tables 3 and 4 demonstrate that the initial impact of the stronger feedback
was carried over to the subsequent rounds. While the average betting rate (across the two
games, the 4 information/order manipulations and the 250 repetitions) in the original
design was 36.8%, the corresponding figure for the stronger-feedback design (4.1) was
only 24.5% (significant difference at p<.0001). The linear trend from block 1 to block 5,

however, was not significantly different across the two designs (F[1,158]=1.16 n.s.).

4.1.3 Positive Information Effect

Information had a positive effect on learning in this design. While the decrease in

individual entry rate (from block 1 to block 5) for the informed subjects was 23.3%, the
corresponding figure for the uninformed subjects was 6.3%. A linear trend analysis
shows that the decrease in betting rates (across the five blocks) was significantly larger
for the informed subjects (F[1,62]=4.68, p<.04). The graphs in Figure 3a demonstrate

that the effect was most pronounced in the Long game.

'3 In figures 3b, 4a and 4b we have ignored the insignificant order effect and presented one "curve" for both orders (SL
and LS) in each condition.

' The initial entry rates (excluding the information set {D}) were 67.25% in design 3 and 67.43% in design 4.1.
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<Insert Figure 3>

4.2: Change in pavoffs

In experiment 4.2 we have changed the payoff matrix of Game S as follows: The payoff
to player Two at the state A was changed from -32 to -128. The payoff to player Two at
the state D was decreased from +16 to +4. The main purpose of the change was to
provide stronger incentives to player Two to reject the bet at A. We expected that the
stronger incentives will speed up learning and significantly decrease the betting rates. We
have also decreased player Two's payoffs at D in order to make it more difficult for Two
to "beat" One in the repeated experiment. Thus, this design also tests the "sophisticated"
explanation discussed at the end of section 3.2.5. If we make it much more expensive for
player Two to enter at A (and significantly decrease the compensation he might get at D),

then intentional entry at {A} would not payoff as much as it did in the previous setup.

We have run this design only on game S and provided the subjects the same detailed
feedback that was used in design 4.1. Table 3 presents the average betting rates of the
informed subjects and the uninformed subjects for this case. The results are quite similar
to the ones obtained in design 4.1. Statistical analysis reveals that the change in payoffs
did not have a significant effect on the average betting rates (F[1,30]=.79, n.s.) and the
linear trend (F[1,30]=.83, n.s.)

Figure 3b, however, demonstrates that the change in payoffs (from design 4.1 to design
4.2) has caused a sharp decrease in the inclination of informed subjects to accept the bet
at the information set {A}. The average entry rate at {A} has decreased from 16.6% to
5.8%. The entry rate at {A,B} has also significantly decreased: From 51% in design 4.1
to 17.6% in the current design. The entry rates at {B,C} however were not affected by the
change in payoffs (59.8% in design 4.1 and 59.6% in design 4.2).

The effect of the change in payoffs was much weaker in the case of uninformed subjects.
The average entry rate of subjects of type {A} has decreased from 16.6% to 11.6%. This

however was not strong enough to significantly decrease the acceptance rates at {A,B}."

'7 The average entry rate of these subjects in design 4.2 was 41.6%. The corresponding figure for design 4.1 was
42.2%.
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Finally note that informed subjects of type Two have gained (on average) 23 points in
this design compared to an average gain of 540 points in design 4.1. Recall that the
subjects could make a sure gain of 250 points by simply rejecting the bet in each round.
This suggests that some of the (significantly larger) entry rates at {A} observed in the
previous designs might have been caused by strategic considerations (see Section 3.2.5):
Type Two players entered occasionally at {A} since it encouraged subjects of type One
to enter at {A,B} and “paid off” on average. The change in payoffs in the current design
ruins the profitability of this strategy and significantly cuts the entry rates at the
information set {A}. The fact that the subjects kept entering at {A} in more than 5% of
the cases even at the current design might be explained by (I) Other reasons for entering
at {A} (e.g., plain noise or mistakes) or (I[) Claiming that the sophisticated
considerations outlined above are partially robust to the failure of that strategy in the

current design.

4.3: Change in Cover Story

In experiment 4.3 we have modified the instruction set and the feedback provided to the
subjects in attempt to clarify and simplify the experiment. In particular, we have omitted
the stock-market cover story and used the original zero-sum bet framing of Sebenius and
Geanakoplos. In addition, we have changed the screen design and the feedback system.
At the beginning of each round, when the subject received his information signal, he was

reminded of his two options through the following screen:

DECIDE:

Y  Accept the game (see instructions
for payoff)

N Reject the game and your
Payoff will be 1 point

In addition, after each round of the experiment, each player observed a feedback window
disclosing all the information on the realization of the game at that round. For instance,
when the realized state at the first round of the experiment was A and both players
accepts the bet, player Two got the feedback:'®

'8 Note however that in this design we have not provided the enhanced feedback scheme used in designs 4.1 and 4.2.
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Your response: Y

The other player's response: 'Y
The realized state: A

Your payoff for this round: +32

Your total accumulated score: 2032

The subjects could examine the feedback window for as long as they chose. They were
instructed to press a certain key to remove the feedback and continue to the next round.
The (translated) instructions for his design are enclosed in Appendix A.3. We have run it
on 12 pairs of informed subjects. Table 3 shows that the betting rates per block for this
design are very similar to (and statistically not different from) the betting rates in the
original design (3). Figure 4b reveals that the modified instructions have helped subjects
understand that they should not enter in {A}: The average entry rate at {A} has decreased
from 19% in the design 3 to 6% in the current design. Similarly, the subjects have learned
that they should enter in {D}: The average entry rate at {D} has increased from 86.4% to
94%. The average betting rates in all other information sets were not significantly

different across the two designs.

<Insert Figure 4 >

4.4: Interesting Qutside Option

To check whether subjects keep entering because "rejecting is boring" we have replaced
the fixed 1-point reservation payoff that was paid to each subject when the bet was
rejected by a state-dependent lottery with an expected payoff of 1 point. We have run this
design on the Short game with 12 pairs of informed subjects. The instruction set was
identical to the simplified version used in design 4.3 except for replacing the sentence "if
one of the players rejects the bet, the bet will not take place and each player will get a
payoff of +1 point" with "If one of the players rejects the bet, the bet will not take place
and the payoff will be randomly determined. The distribution of payoffs for this case will

appear on your screen.”

The payoff distribution of the "reservation lottery" was fixed (across trials) for each

player and for every possible information signal of that player (but varied across players
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and across information signals).'” Whenever the realized state of nature was D, for

example, player One observed the screen:

DECIDE:

Y Accept the game (see
instructions for payoff)

eject the game and your
N Reject th d
payoff will be:

+20 with prob. 1/3
-16 with prob. 1/3
-1 with probability 1/3

Similarly, player Two observed:

DECIDE:

Y Accept the game (see
instructions for payoff)

N Reject the game and your
payoff will be:

+16 with prob. 2
-14 with prob. %

The betting rates per block for this design are disclosed in Table 3. The average betting
rate across all five blocks was 24%. This rate is 8% lower than the one for design 4.3, but
3% higher than the corresponding rates for designs 4.1 and 4.2. An examination of
subjects' behavior at the different information sets (see Figure 4b) gives the impression
that the alternative lottery option has confused the subjects and took them even farther
from complying with the rational no-betting conjecture. The average entry rate of
subjects of type {A} has increased to 24% in this design. The corresponding rate for

' In general, the payoff distribution of the lottery was determined as follows: It assigned equal probabilities to each of
the payoffs that the player could get given his realized information signal (so that player One could get +20 or -16
with equal probabilities when his realized information was {C,D}) and it assigned the same probability to the payoff
that made the expected payoff from the lottery equal to +1 (that is, -1 in the example above).
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design 4.3 was 6%. Similarly, the average entry rate at the information set {D} has

decreased from 94% (in design 4.3) to 78% (in the current design).

4.5: Changing the Incentive Scheme

In this design we have manipulated the payoff scheme in an attempt to simplify the task.
In particular, subjects were told that their final actual payoff (in Shekels) would be
determined by dividing their accumulated score at the end of the experiment by 100. The
subjects have started the experiment with 3000 points. Once again, we have restricted this
manipulation to the Short game and to the informed subjects. We have used the
simplified instructions introduced in Section 4.3 (modified to the change in payoff

scheme).

The average betting rates per block for this design are presented again in Table 3. The
results seem close to the ones obtained in design 4.3 (the one with the simplified
instructions). The betting rates are somewhat lower but the differences are not

statistically significant. The average betting rate at the last block of the experiment was
still 23%.

5. Summary: A Two-Model Framework

To summarize the results quantitatively, it is constructive to distinguish between the
initial tendencies to accept the bet and the observed characteristics of the learning
process. In this section, we present a post-hoc two-model framework summarizing the
experimental data. The specific models we examine are only examples of the large set of
models that might be used to summarize our data. Yet, we believe that the analysis

provides interesting insight into our subjects' behavior across the experiments.

Before we proceed with the details we need to define the concept of a "strategy" in the
Sebenius and Geanakoplos betting game. For this sake, we look at the SG game as a
static game of incomplete information. We define the (normal-form) pure strategies of the
game as follows: A pure strategy for player i specifies the behavior of that player
(accepting or rejecting the bet) for every possible information signal that this player may

receive. In game S, for example, a strategy for player One will specify that player's

2 Note however that this incentive scheme ignores the possible effects of individual risk attitudes on the
observed behavior.
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behavior (accept or reject) when his observed information-signal is {A,B} and his

behavior when his realized information-type is {C,D}.

5.1 Modeling the Initial Behavior.

To characterize our subjects' initial inclination to accept or reject the bet (as described on
Table 1) we use the concept of level-n strategies as advanced by Stahl (1993, 1996) and
Stahl and Wilson (1995). In particular, we assume that subjects choose their behavior
from a finite set of Level-n strategies as follows: Level-0 is the strategy in which the
agent accepts the bet in every information set.”' Level-1 is the strategy in which the agent
plays his best response to the assumption that his opponent plays Level-0, and - in
general - Level-n (for n>1) is the strategy in which the agent plays his best response to

the assumption that his opponent plays the strategy Level-(n-1).

For instance, in game S, if the realized information is {A,B} strategy Level-1 implies that
Player One will play best replay to the belief that the expected payoff from betting is
0.5(+32) + 0.5(-28) = 2. Since this is bigger than the reservation payoff 1, One’s best
response is to accept the bet at that information set. Similarly, it is easy to show that One
would also prefer to accept the bet at the information set {C,D} when he expects his
opponent to enter. Thus, Level-1 for player One is the pure strategy (Bet, Bet). Table 5

presents the strategies Level-1 to Level-7 for each player, in the games S and L.
< Insert Table 5 >

Note that in the Short game all the strategies of level n >4 prescribe the SG no-betting
behavior (in the sense that each player rejects the bet in those states of nature in which he
should have learned to reject the bet according to the SG algorithm). In the Long game,
however, we need 7 iterations to reach the no betting result: Strategy Level-7 is the only

one in the list that prescribes the SG behavior.

We have added to the list one more strategy, Level-8, that is formally a (weak) best

response to Level-7.” Level-8 is interesting for its own sake since it prescribes betting

2! This definition is different from the one used by Stahl and Wilson (1995) that assume random behavior
in Level-0. Note however that using Stahl and Wilson's definition for Level-0 does not change the structure
of the strategies Level-1-Level 8 as presented on Table 5.

2 That is, the expected payoff from playing Level-7 is the same as the expected payoff from playing Level-
8 when the opponent follows Level-7.

19



only in those information sets where the agent expects a gain from betting independently
of his opponent behavior (i.e., it prescribes betting only at the information set D of player

Il in game S).

To study the effect of our experimental manipulations on the subjects' initial inclination
to bet, we study a logistic level-n model, where the probability of accepting the bet at the

information set w, P(accept|n), is given by the expression:

Ln [ P(accept|r) / (1- P(accept|n) ) | =
Bo +Bi(Li[x]) + Ba(Lalx]) +... + Bs(Ls[]).”

In this expression, Bo-Bs denote the estimated parameters of the model while L[] denote
the probability with which the player accepts the bet when his realized information signal
is m and he follows the strategy Level-n. In particular, o represents the "independent”
initial tendency to bet, while ;-Bs represent the impact of the different Level-n strategies

on that tendency.

We have estimated the model’s parameters by running logistic regressions in different
levels of data-aggregation. First, we have run the model for each one of the 21
experimental conditions separately”* and observed that: (a) In all treatments with
informed subjects the only significant coefficients were [o,3; and P (the coefficients B3, -
B7 were not significant in all these treatments). (b) In all treatments with uninformed
subjects the only significant coefficient was Py (the coefficients [; - Pg were not

significant in all these treatments). *°

2 When estimating the model for treatments that only involved the Short game we have restricted the equation to the
form Ln[P(acceptim)/(1- P(acceptm))]=Bo+Bi(L[ ]+ Bo(Lalm])+Bs(Ls[n])+Bs(Ls[x]) (since Ly[x] = L[] for n>4 in
this game).

* See Table 1 for a concise presentation of the 21 experimental conditions (12 with informed subjects and
9 with uninformed subjects; 13 involving the Short game and 8 involving the Long game). Note that since
the short game has 5 information sets while the Long game has 8 information sets these conditions translate
into a total of 13*5+8*8=129 curves.

 The initial betting rates measured in Table 1 ignore the fact that the experience gained while responding
to previous information signals, might have affected subjects' behavior in their first encounter with a given
information signal. To check the robustness of our results we have also run the regressions for the case
where the initial betting rates were measured only from the data for the first round of the repeated game.
The results were not significantly different from the originals.
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Following observation (a) we adopted the restricted model
(5.1.1) Ln [ P(accept|r) / ( 1- P(accept|n) ) ] = Bo +PB1(Li[r]) + Bs(Ls[7]),

to represent the initial inclination to accept the bet in the 12 treatments with informed
subjects. To shorten the exposition and avoid unnecessary details we choose to present
the results of this estimation for all 12 treatments together.”® The estimated coefficients
and significance levels are: By = -1.66 (p<0.0001), B; = 2.456 (p<0.001) and Bg = 0.539
(p<0.05). These results clearly reflect the low initial level of sophistication of our
subjects. The significance of g seems to follow from the high entry rate at the
information set {D} in game S (Level-8 is the only strategy that prescribes entry at {D}

alone).

Following observation (b) above, we simply let the average entry rate represent the initial
inclination to accept the bet in the treatments with uninformed subjects; i.e., we adopt the
model

(5.1.2) P(accept|nr) = Average initial entry rate at 7,

to represent the initial inclination to bet in the treatments with uninformed subjects.

Since the average entry rate at the 9 treatments with uninformed subjects was 0.68 (see
Table 1), we simply let p=0.68 represent the initial inclination to accept the bet in the

pool of uninformative treatments.

5.2 Modeling the Learning Process

5.2.1: Learning by Reinforcement

The experimental literature on learning in games widely agrees now that human subjects'
behavior in repeated interactions might be approximated by quite simple adaptive
learning models.”” Erev and Roth (1998), for instance, show that a simple two-parameters

learning model can be used to approximate subjects' behavior in 12 different

26 We had 8*5+4*8=72 observations for this estimation.

7 For specific examples, see Roth and Erev (1995), Erev and Roth (1998), Daniel et al.(1998), Fudenberg
and Levine (1998), Chung and Friedman (1999), Tang (2001), Camerer and Ho (1999), Mookherjee and
Sopher (1997), Sarin and Vahid (1999), Rapoport and Amaldoss (2000).
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(independent) experimental data sets. In this section we show that a similar two-
parameter model (based on the models used by Erev et al. (1999) and Roth et al.(2000))
can be used to approximate the subjects' behavior in the current task. The main
assumptions of our model (henceforth addresses as RL for Reinforcement Learning) are
described next:

Al: Initial Propensities

At time t=1 (before any experience has been acquired) each player i has an initial
propensity to play his k-th pure strategy that is described by a real number qj(1).
Informally, the initial propensity to play strategy k can be thought of as a subjective
initial estimate of the expected payoff from playing that strategy.

A2: Updating of Propensities

If player 1 plays his j-th pure strategy at time t and receives a payoff of x, then his
propensity to play strategy j is updated with respect to x according to the following

formula:
(A2)  qij(t+]) = [ qi(DICi(O-1+N(1)/mg] +x 1/ [Cij(0N(1)/my].

where Cij (t) is the number of times that strategy j has been played by 1 at the first t rounds
of the game, N(1) is a parameter (the first "free" parameter of the model) that determines
the strength of the initial propensities, and m; is the number of pure strategies for player 1.
Thus, the propensity to play strategy j is increased (when x>qij(t)) or decreased (when
X<qjj (t)) according to the payoff (x) that it has actually generated at the last round of the

28
game.

The propensity to play all other strategies (k#j) that were not actually played at round t, is

not changed at that round.

A3: Exponential Derivation of Probabilities

The probability pjj(t) that player i plays his k-th pure strategy at time t is given by:

(A3) Pik(t) = EXP[Aq;k (1)/S;(H)1/Z EXP[Aqy;(t)/Si(1) ],

%% Initial propensities get together a total weight of N(1), so that the initial propensity assigned to each
strategy j of player i is N(1)/m;. The division by m; is required in order to approximate the experimental
results for the Short game and the Long game with the same general model (since the number of pure

strategies for each player is quite different across the two games).
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where the sum is over all of player i’s pure strategies, A is a "free" parameter of the model
that represents the sensitivity of the choice-probabilities with respect to the history of the
game, and S;(t) is a measure of payoff variability that is repeatedly updated as follows:
Si(1) equals the expected absolute value of the difference between the payoff obtained
from random choice and the average payoff from random choice® and for every t >1,
S;(t+1) is calculated from S;(t) by the following formula:

Si(t+1) = [Sj()(t -1+ N(1)) + |x - Aj®|}/ [t + N(D)],
where A;(1) denotes the expected payoff from random choice and for every t>1,
Aj(t+1) = [A;(O(t -1+ N(1)) +x]/ [t + N(D)].

We derive the choice probabilities using the exponential formula (A3) to avoid the

unnecessary complications that may arise when the propensities become negative.

Existing experimental data suggests that the speed of learning decreases with payoff
variability (see, for example, Erev et al.(1999)). The normalization of the propensities for

time t with respect to S;(t) is carried out in order to reflect this fact.”

Our model thus has two "free" parameters: A and N(1). For our specific application, we
assume that the strategy space upon which the model is applied is the space of normal-
form strategies in the SG betting game. We use the two initial propensities models (5.1.1
for the pool of informed subjects and 5.1.2 for the pool of uninformed subjects) described
in Section 5.1 to estimate the initial inclination to accept the bet in each information set
and derive a corresponding initial probability distribution over the space of (pure) normal

form strategies of the game in the obvious way.

5.2.2: Method and Main Results

A grid search was conducted to find the parameters (A and N(1)) that minimize the Mean

Squared Deviation (MSD)®' between the observed average betting rates (in blocks of 50

¥ I.e., if X denotes the random payoff to each player when both players enter with probability 0.5 in each
information set, independently across information sets, then PV(1) is equal to E(1X- E(X)I) where E is the
expectation operator.

30 This "normalization" seems especially relevant to the comparison between designs 4. and 4.2.
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trials) and the learning model's predictions. The model's predictions were derived by
running 500 computer simulations for each experimental condition.’ In each simulation,
a pair of virtual agents played a fixed SG betting-game repeatedly. In each round t of the

simulation, the following steps were implemented:

(1) Players’ strategies were randomly selected according to Assumption A3.

(2) The state of nature was randomly selected, and each player’s realized
information-signal and implied act ("bet" or "don't bet") were determined accordingly.
(3) Individual payoffs were calculated according to the game’s payoff function.

(4) Individual propensities were updated according to Assumption A2.

(5) The average payoff measure (A(t)) and payoff variability measure (S(t)) were updated

accordingly.

The best fit in our grid search was obtained for the case where N(1) = 100 and A = 6. The
MSD over the 129 curves (see footnote 29) was 0.018.>> The simulation results are

graphed vis a vis the experimental results in Figures 2-4.

To check the robustness of the learning process with respect to our experimental
manipulations, the model’s parameters were also estimated separately for each of our 21
tasks. This procedure that increases the number of free parameters from 2 to 42 has
decreased the average MSD score from 0.018 to 0.013.

As an additional sensitivity check we have also estimated the initial inclination to bet for
each one of the 21 treatments separately using equation 5.1.1 for the treatments with
informed subjects and equation 5.1.2 for treatments with uninformed subject and used the
estimated equations to generate the initial propensities for the simulation of each
treatment. The average MSD for this treatment however was very close to the one

obtained in the general estimation: MSD=0.018 in both cases.

3! Formally, the MSD score measures the average squared distance between the prediction graph and the
experimental data. For a detailed discussion of MSD rules see Selten (1995).

32 Note however that our learning model (with the initial propensities derived from equations 5.1.1 and
5.1.2) does not distinguish between experiments 4.1, 4.3 and 4.5 and the original Experiment 3, the
simulation results presented for conditions 4.1, 4.3 and 4.5 are thus identical to those presented for
treatment 3.
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Finally, we have also run the simulation starting with a uniform initial betting rate of 0.5
in each information sets. The average MSD score of this model was 0.0246. The results

of all 4 simulations are presented on Table 6.

To verify that the normalization for payoff variability (as measured by the parameter
Si(t)) indeed contributes to the fit of the model, we have run the simulations again
restricting Si(t)=1 for each t and i. The MSD of the restricted model was 0.027 (see Table

6 for comparisons with other simulations).

A careful examination of the simulation-results (see, for example, the summarizing
graphs in figures 2-4) reveals that our learning model captures the following
experimental results:

(1) The very slow learning in game L.

(2) The somewhat faster learning in game S.

(3) The difference in subjects' behavior across information sets.

(4) The fact that the experimental manipulations outlined in Section 4 did not have a

significant effect on the adaptation process (see Figures 2-4).

5.2.3: Stochastic Fictitious Play
Stochastic Fictitious Play models (henceforth: SFP) (see, for examples, Fudenberg and

Levine, 1998, Goeree and Holt, 1999) typically assume that the players use all the
available information to compute the expected payoff of each strategy. In particular, the
SFP models (implicitly) assume that the information concerning the forgone payoff from
unchosen strategies is as important as the payoffs actually obtained. Formally, (see
Camerer and Ho, 1999) it is possible to show that the same three equations that were used
to describe the Learning by Reinforcement model in Section 5.2.1 can be used to present

SFP learning when assumption A2 is replaced by the following A2":

A2’: Updating of Propensities with known forgone payoffs

If the payoff (that was obtained or could have been obtained) from strategy j at trial t is X;
then the propensity to play strategy j is updated with respect to x; according to the

following formula:

(A2’) qij(t+1) = [qij(t)[t—1+N(l)/mi] + X 1/ [t+N(1)/my].
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To evaluate the descriptive power of the SFP learning model in the current experiment,
we have used again the grid search method + computer simulations outlined in Section
5.2.2 to estimate the parameters N(1) and A. In particular, we have estimated two versions
of the model. At the first, we have normalized for payoff variability exactly as explained
in Section 5.2.1.** At the second, we have constrained the payoff variability measure S(t)
to be 1 for all t.

The results of the two estimations are summarized in the last two rows of Table 6. The
figures on the Table show that with normalization the fit of the SFP model (MSD=0.021)
is close to the fit of the RL model (MSD=0.018). A closer look at the results suggests that
the main reason for the slightly lower fit is that the SFP model predicts a higher learning
speed than the RL model. This prediction is inconsistent with the results for some of the

35
treatments.

As in the case of the RL model the fit is impaired (the MSD increases to 0.031) when the
normalization is removed. A closer examination of the data suggests that the
normalization is particularly important to capture the small effect of the payoff
manipulation described in experiment 4.2. Without this normalization both models (RL
and SFP) predict a large difference between the predictions for experiment 4.2 and the

experimental results for this game.

5.2.4 Implications

We would like to emphasize again that the current attempt to model the adjustment
process was not intended to find the “best” approximation of the observed behavior. It is
possible for instance that a generalized model that accommodates the RL model and the
SFP model, like the model proposed by Camerer and Ho (1999), would provide closer
predictions of the observed data.’® Nevertheless, the results above clearly demonstrate
our main point: Simple (two-parameters) adaptive learning models can be used to
approximate subjects behavior in all 21 experimental tasks (129 curves) when the

learning speed is normalized with respect to payoff variability.

3 Typically, (see for example Fudenberg and Levine 1998, Goeree and Holt, 1999) SFP models do not
normalize for payoff variability.

33 The full details on the SFP estimation can be obtained from the authors upon request.

3% Note however that Camerer and Ho use at least 5 parameters to model each Player's role in each task.
This translates into 210 parameters in the current study.
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Our results also suggest that the adjustment of the learning speed with respect to payoff
variability is very important in the current context. This in turn might imply that the main
reason for the slow learning observed in our experiment, is the relatively large payoff
variance that characterizes our betting games. Under this interpretation the observed slow
learning does not follow from the difficulty of backward induction reasoning. Indeed,
note that the speed of learning was not significantly affected by the information
conditions (while backward induction reasoning can only be applied under full
information). Note also that this interpretation suggests that the no-betting result might
still be relevant in betting environments with relatively low payoffs. In particular, one
may imagine an Internet betting site where betting occurs repeatedly while participants
update their (normal-form) betting strategy once in a while after observing the average
payoff obtained from their previous strategy. If the frequency of betting is high then the
observed payoff-variability will be relatively low. Our results suggest that the no-betting
result might apply in this application.

6. Discussion

The rapidly growing literature in experimental game theory demonstrates very clearly
that human agents are not always rational but seem to adjust their behavior to their
accumulated experience in most circumstances. These observations suggest that
theoretical results that assume "common knowledge of rationality" or "equilibrium
behavior" might have descriptive implications if adaptive agents learn from experience to

follow the corresponding type of behaviors.

The SG model seems like an especially interesting setting for testing human agents'
ability to learn from experience to behave in the "rational way". In particular, note that
since the SG game is a zero-sum game (with a fixed positive reservation price) the
strategic type of explanations that may be used to explain subjects' deviations from
unique equilibrium outcomes in games like the Centipede game (e.g., McKelvey and
Palfrey, 1992) cannot be invoked in this setting. Our comprehensive experimental
investigation also suggests that we cannot explain the subjects' persistent inclination to
bet by means of risk-preferences,”’ "wrong" instructions, "weak" feedback, boring

alternatives or an "unsuitable" payoff scheme.’® The argument: "subjects bet simply

37 Note again that the no-betting result holds independently of the risk-preferences of the agents in game S
and in 1/2 of the states in game L

3% Note however that our experimental investigation was restricted to a set-up with low-medium incentives.
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because they love betting or enjoy playing games like the SG betting game (e.g., they
derive utility from betting)" also seems irrelevant since our subjects kept betting and
losing even when the alternative was a degenerated bet (design 4.4). With this regard,
note also that the betting rate of our informed subjects was not lower than the betting rate
of the uninformed subjects, even though the uninformed types did not know the exact

structure of the game.

The current results are consistent with the findings of Ball, Bazerman and Caroll (1991)
on the “Acquiring a Company” game. The participants in Ball et al’s game were asked to
bid a price for a company that is worth X to the current owner and 1.5X to the potential
buyer. Subjects were told that X is uniformly distributed on [0, 100] and that the current
owner would accept bids higher than X. The only rational solution to the game is bidding
0. The average initial bid however was around 60 and almost did not decrease in 20
repetitions of the task. Thus, like the participants in our current study, the bidders in the

acquiring game fail to converge to the rational solution. *°

It is important, however, to emphasize that our results do not imply that subjects cannot
learn to play rational equilibria in games with a unique rational outcome. There is no
doubt that very detailed instructions, use of the “strategy method” or role switching
across players might help subjects move closer to the rational solutions (Sevik 2000).
The main implications of the current study however are that “experience” per se does not
guarantee elimination of zero sum betting. The fact that 2-parameters models can be used
to approximate the learning trends in 21 different tasks suggests that general
approximations of behavior can be obtained. The observed learning process in our
experiments, in particular, seems relatively robust with respect to the experimental

manipulations.
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Appendix 1: Instructions

A.1: Instruction for Informed Subjects in Experiment 3

In the next hour you will participate in an experiment simulating a simple stock-market
activity with two participants. The experiment is subdivided into two parts, with multiple
rounds in each part. In each round, you have to decide whether you are interested in
entering the market or not. If you decide to enter, you should press the <Y> key. If you
decide not to enter, you should press the <N> key.

The screen display has three windows:

The lower window displays, in each round of the experiment, a signal (one letter, two
letters or three letters) that gives you partial information regarding the state of the market.
The signal should be considered a "hint" concerning the realized state of the market.
Along the experiment, you should try and understand the meaning of these signals. The
actual state of the market is described by the letters A, B, C and D. The probability of
drawing each of these states is equal and independent across rounds.

The middle window displays your profit (or loss) in points, for the current round: If you
have decided not to enter, trading will not take place and your profit for the round will be
one point. If you decide to enter, but the other player has decided not to enter, again
trading will not take place and your profit will be one point. Only if both players decide
to enter, trading will take place. Your realized profit (or loss) will then be determined by
the following rule:

Realized state of nature A B C D
Profit for player 1 +32 -28 +20 -16
Profit for player 2 -32 +28 -20 +16

The boxes in the figure represent the information-signals observed by the players. For
instance, when the realized state of nature is B, player 1 will receive (in the lower
window of the display) the signal AB, while player 2 will get the signal BC. When the
realized state of nature is A, player 1 will observe the signal AB while player 2 will
observe the signal A.

The upper window displays the accumulated score.

You start each part of the experiment with 1000 points.

You will receive 20 Shekel for participating in the experiment but you may gain a bonus
of an additional 20 Shekel contingent on your performance. Your chances to win the
additional bonus increase with your final cumulative score at the end of the experiment.
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In part B of the experiment you will be asked to perform the same task for a different
stock-exchange market. There will be a short break between parts.

You are player 2

Part B

In this part you are asked to repeat the previous task for a different market. The realized
state of the market cannow be A, B, C, D, E, F, G or H.

You start this part of the experiment with 1000 points; however your chances of winning
the 20 I.S. additional bonus will be determined by your total final score for the two parts

of experiment.

The payoff rule for this part is as follows:

Realized state of
nature A B C D E F G

Profit for player 1 | _+32 -28 +20 16 |1 423 0| 10 i -17 1| +14
Profit for player 2| -32 +28 -20 +16 -23 +10 +17 -14

The boxes in the figure represent again the information-signals observed by the players.
For instance, when the realized state of nature is F, player 1 will observe the signal HF,
while player 2 will observe the signal DEF. When the realized state of nature is A, player
1 will observe the signal AB while player 2 will observe A.

You are player 2

A.2: Instruction for Uninformed Subjects in Experiment 3

In the next hour you will participate in an experiment simulating a simple stock-market
activity with two participants. The experiment is subdivided into two parts, with multiple
rounds in each part. In each round, you have to decide whether you are interested in
entering the market or not. If you decide to enter, you should press the <Y> key. If you
decide not to enter, you should press the <N> key.
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The screen display has three windows:

The lower window displays, in each round of the experiment, a signal (one letter, two
letters or three letters) that gives you partial information regarding the state of the market.
The signal should be considered a "hint" concerning the realized state of the market.
Along the experiment, you should try and understand the meaning of these signals. The
actual state of the market is described by the letters A, B, C and D. The probability of
drawing each of these states is equal and independent across rounds.

The middle window displays your profit (or loss) in points, for the current round: If you
have decided not to enter, trading will not take place and your profit for the round will be
one point. If you decide to enter, but the other player has decided not to enter, again
trading will not take place and your profit will be one point. Only if both players decide
to enter, trading will take place. Your realized profit (or loss) will then be determined by
some fixed payoff rule that assigns a given payoff to each state of nature.

The upper window displays the accumulated score.

You start each part of the experiment with 1000 points.

You will receive 20 Shekel for participating in the experiment but you may gain a bonus
of an additional 20 Shekel contingent on your performance. Your chances to win the
additional bonus increase with your final cumulative score at the end of the experiment.

In part B of the experiment you will be asked to perform the same task for a different
stock-exchange market. There will be a short break between parts.

You are plaver 2

Part B

In this part you are asked to repeat the previous task for a different market. The realized
state of the market cannow be A, B, C, D, E, F, G or H.

You start each part of the experiment with 1000 points.

You will receive 20 Shekel for participating in the experiment but you may gain a bonus
of an additional 20 Shekel contingent on your performance. Your chances to win the
additional bonus increase with your final cumulative score at the end of the experiment.

You are player 2

A.3: Instruction for Informed Subjects in Experiment 4.3 (Short Game, Part A)

You are given the possibility to participate in a betting-game as follows:

The game has two players: One and Two
The bet has four possible outcomes represented by letters: A, B, C and D
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The probability of each outcome is 1/4
The payoff to both players will be determined by the following rule:

If the realized state is A, Player 2 will pay Player 1 32 points
If the realized state is B, Player 1 will pay Player 2 28 points
If the realized state is C, Player 2 will pay Player 1 20 points
If the realized state is A, Player 1 will pay Player 2 16 points

You have to decide whether you would want to participate in the bet without knowing the
actual realized state. Yet, the bet's organizers will give you some partial information
(signal) concerning the realized state before your decision making.

Player One will receive the signal AB when the realized state is A or B. He will get the
signal CD when the realized state is C or D.

Player Two will receive the signal A when the realized state is A, the signal BC when the
realized state is B or C, and the signal D when the realized state is D.

The structure of the bet is summarized in the next figure:

Realized state of nature A B C D
Profit for player 1 +32 -28 +20 -16
Profit for player 2 -32 +28 -20 +16

The bets' payoffs will be actually played only if both players (One and Two) will decide
to accept the bet. If one of the players will decide to reject, the bet will not take place and
each player will get a payoff of +1.

The experiment includes 250 rounds. In each round of the experiment, you have to decide
whether you would like to take the bet or not. If you decided to accept the bet, you
should press Y. Otherwise, you should press N.

After each round of the experiment, you will observe a feedback window disclosing the
following information:

Your response

The other player's response
The realized state

Your payoff for that round

Your total accumulated score

To exit the feedback window and move to the next trial, you should press 9.
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You start the experiment with 2000 points.
You will receive 20 Shekel for participating in the experiment but you may gain a bonus
of an additional 20 Shekel contingent on your performance. Your chances to win the
additional bonus increase with your final cumulative score at the end of the experiment.

Figure 1: The Basic Betting Games

Agent One

Agent Two

Agent One

Agent Two

Game S
A B C D
+32 -28 +20 -16
-32 +28 -20 +16

Game L
A B C D E F G H
+32 -28 +20 -16 L +23 -10 =17 +14
-32 +28 -20 +16 -23 +10 +17 -14
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Figure 2a: Average Betting Rates (Experiment 3)
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Figure 2b: Average Individual Entry Rates (Experiment 3)
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Figure 3a: Average Betting Rates (Experiments 4.1, 4.2)
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Figure 3b: Average Individual Entry Rates (Experiments 4.1, 4.2)
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Figure 4a: Average Betting Rate (Experiments 4.3-4.5)
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Figure 4b: Average Individual Entry Rates (Experiment 4.3-4.5)
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Table 1: Individual Initial Entry Rates in Each Information Set

Full Information Low
information
Information set | A D AB BC | CD | DEF | EG | FG FH
Levels required 1 1 2 3 4 5 6 7 8
Design Game | Order
Basic
S SL 0.33 ] 0.50 | 1.00 | 0.75 | 0.83 0.67
S LS 0.08 | 1.00 | 0.75 | 0.75 | 0.58 . ) . 0.83
L SL 0.17 067 | 042 | 0.92 | 058 | 092 | 0.75 | 0.83 0.80
L LS 0.25 . 067 | 0.75 | 0.67 | 0.83 | 0.83 | 0.75 | 0.75 0.69
4.1 S SL 050 | 0.75 | 0.88 | 0.75 | 0.38 0.65
S LS 0.00 | 1.00 | 0.38 | 0.63 | 0.63 . ) . 0.53
L SL 0.25 050 | 0.50 | 0.75 | 0.38 | 0.88 | 0.75 | 0.63 0.47
L LS 0.25 . 0.88 |1 0.88 | 0.88 | 0.75 | 0.88 | 0.75 | 0.88 0.75
4.2 S 013 ] 0.75 | 0.75 | 0.88 | 0.63 0.75
4.3 S 0.17 | 1.00 | 0.83 | 0.75 | 0.92
4.4 S’ 0.25 1 092 | 0.92 | 0.67 | 0.92
45 S 0.17 | 1.00 | 1.00 | 0.83 | 0.67
Mean 021 | 087 | 0.77 | 0.71 | 0.73 | 0.64 | 0.88 | 0.75 | 0.77 0.68
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Table 2: Gain and Loss (in Points) to each Player*’

Player One Player Two
Game S
Informed -308 +653
Uninformed | -389 +719
Game L
Informed +136 +161
Uninformed | +162 +138

%0 The figures in the table represent the average of the following measure of gain/loss per player: [ Score at the end of
the experiment - Score at the beginning ]/ [Score at the beginning].

42



Table 3: Average Betting Rates in Blocks of 50 Rounds at the Short Game™'

3a. The Case of Informed Subjects

Design\Block | Block1 Block2 Block3 Block4 BlockS | Average
Design 3 34% 32% 29% 31% 31% 31%
Design 4.1 25% 24% 22% 20% 16% 21%
Design 4.2 30% 20% 19% 21% 17% 21%
Design 4.3 35% 30% 34% 30% 30% 32%
Design 4.4 27% 31% 21% 18% 24% 24%
Design 4.5 37% 30% 28% 29% 23% 29%
3b. The Case of Uninformed Subjects

Design\ Block | Block1 Block2 Block3 Block4 Block5S | Average
Design 3 41% 39% 32% 30% 29% 34%
Design 4.1 24% 23% 19% 19% 18% 21%
Design 4.2 31% 25% 21% 16% 19% 22%

! We had 12 pairs of subjects in design 3, 4.3, 4.4 and 4.5 and 8 pairs of subjects in designs 4.1 and 4.2.
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Table 4: Average Betting Rates in Blocks of 50 Rounds at the Long Game*

4a. The Case of Informed Subjects

Design\ Block | Block1 Block2 Block3 Block4 BlockS | Average
Design 3 41% 43% 41% 39% 41% 41%
Design 4.1 35% 29% 25% 23% 20% 26%
4b.The Case of Uninformed Subjects

Design\ Block | Block1 Block2 Block3 Block4 BlockS | Average
Design 3 40% 43% 40% 40% 38% 41%
Design 4.1 33% 30% 30% 29% 29% 30%

2 We had 12 pairs of subjects in designs 4 and 8 pairs of subjects in designs 4.1 and 4.2.
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Table 5: Level-n Strategies for Games S and L *

Game S Game L
Player IT Player IT Player 1 Player I1
Set: AB CD A BC D AB CD EG FH A BC DEF GH
Strategy:
Level-0 1 1 1 1 1 1 1 1 1 1 1 1 1
Level-1 1 1 0 1 1 1 1 1 1 0 1 1 1
Level-2 0 1 0 1 1 0 1 1 1 0 1 1 1
Level-3 0 1 0 0 1 0 1 1 1 0 0 1 1
Level-4 0 0 0 0 1 0 0 1 1 0 0 1 1
Level-5 0 0 0 0 1 0 0 1 1 0 0 0 1
Level-6 0 0 0 0 1 0 0 0 1 0 0 0 1
Level-7 0 0 0 0 1 0 0 0 1 0 0 0 0
Level-8 0 0 0 0 1 0 0 0 0 0 0 0 0
Table 6: Comparison of alternative models of the adaptation process.
Model Initials Estimated parameters | MSD
RL with normalization General N(1) = 100, A=6 0181
General Task specific (42) 0.0130
Task Specific N(1) = 100, A=6 0.0184
Uniform N(1) =100, A=8 0.0246
RL no normalization General N(1) =1,A=.25 0.0270
SFP with normalization General N(1) =100, A.=8 0.0216
SFP no normalization General N(1) =1, =25 0.0311

* The figures at the table specify the probability of entry in every information set.
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