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A Results for Market Games

In this appendix we consider predictions for the PC and RC market games. Proposers’ preferences

(βP , rP ) are drawn from some distribution FP and responders’ preferences (βR, rR) are drawn

from some distribution FR. The solution concept we consider is a pure strategy Perfect Bayesian

Equilibrium.

Proposition 1. There is a unique PBE in the PC market game: both proposers offer 100 chips,

and the responder randomly chooses one of the offers.

Proof. [sketch] Let a be Proposer 1’s offer, and suppose that a < 100. Clearly, it is never strictly

optimal for Proposer 2 to offer anything less than a. It is also not optimal to offer a. By choosing

a+ ε instead of a, the proposer increases his chance of winning from 1/2 to 1. The net impact on

utility is (100 − a − ε) − (100 − a)/2 > 0 for ε sufficiently small. Thus, it is not possible to have

a < 1 in equilibrium.

Proposition 2. The following is a PBE of the RC market game: the proposer offers 0 chips and

the responders accept with probability 1.

Proof. [sketch] First, we show that the Proposer offering 0 and the responders accepting all offers

is an equilibrium. Since α < 1, it is always optimal for a proposer to offer nothing if that offer will

be accepted with probability 1. Next consider a responder’s best response function in this proposed

equilibrium. Note that by deviating and choosing to reject the offer, the responder cannot decrease

the size of the pie. Since the other responder will accept, the final outcome after the deviation

will still be the proposer getting 100 chips and the responders getting nothing. Thus there is no

incentive to deviate.

1



B Appendix to Section 4

B.1 Reference dependence over monetary payoffs

Here we consider a model in which preferences are reference-dependent with respect to mone-

tary payoffs, but the fairness preferences are fixed. Let a responders’ preferences be given by

u(πR,πP |r) = πR + µ(πR − r) + f(πR,πP ) where r is the reference point, µ is the gain-loss utility,

and f is the fairness utility. Let µ and f be continuous and assume that u(πR, 300 − 3πR|r) is

strictly increasing in πR for each r. This guarantees that for each value of r, there is a minimally

acceptable offer MAO(r). Finally, we make the standard assumption that µ is concave.1

Proposition 1. MAO(r) is decreasing in r.

The intuition for the Proposition is simple: the higher the reference point r, the more painful

it is to get a payoff of 0, and thus the lower the MAO. Formally, µ(πR− r)−µ(0− r) is decreasing

in r because of the concavity of µ.

Now the natural assumption to make about how experience shapes the reference point is that

experiencing higher offers or payoffs should lead to a higher reference point r. This is the case

in theories of backwards-looking reference points, as in Bowman et al. (1999). Alternatively, if r

is shaped by expectations which are based on the types of offers observed, then r should again

be increasing in history of offers. Thus in experiment 1, r should be higher for responders in

the PC market than for responders in the RC market. The Proposition thus implies that PC

responders should actually have lower MAOs than RC responders - the opposite of our experimental

results. This implies that unless fairness preferences are themselves shaped by past experience,

there is no natural model of reference-dependence over monetary payoffs that is consistent with our

experimental results.

B.2 Belief-based reciprocity models

We now argue that belief-based reciprocity models do not offer a natural explanation of our results.

First, consider Dufwenberg and Kirchsteiger’s (2004) extension of Rabin’s (1993) intention based

reciprocity model. For the proposer, [0, 100] is the efficient set of offers a, and thus the “equitable”

benchmark is given by aep = 50. If the proposer believes that a responder accepts his offer of a

with probability θ, then his kindness toward this responder is thus θa− 50.

For the responder, the set of efficient strategies conditional on an offer a is simply to accept;

thus the “equitable” payoff to the proposer conditional on an offer a is simply a. Therefore, if a

responder rejects a proposer’s offer, his kindness toward the proposer is −a. Letting φ denote the

strength of the reciprocity motive, the responder’s payoff from choosing an MAO is given by∫
x
[a− φa(50− aθ̃]1x≥MdF̃ (x) (B.1)

1Note that our assumptions on µ are more general than those of Kőszegi and Rabin (2006).
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where F̃ are the responder’s beliefs about the strategy of the proposer, and θ̃ is the probability

that the proposer thinks his offer will be accepted (from the responder’s perspective; i.e., it is

the responder’s second order belief). Thus the MAO is given simply as the value M for which

M − φM(50 −Mθ̃) = 0. The key feature of this condition is that M does not depend on the

responder’s expectation of proposer behavior. Thus this model, combined with a reasonable theory

of adaptively formed expectations, would still not explain our results.

Similarly, in Falk and Fischbacher’s (2006) model, a straightforward extension of (19) in their

Appendix 3, shows that U2A − U2R, the relative gain from accepting versus rejecting an offer a, is

given by

U2A − U2R = a+ φθ̃(300− 3a− a)(100− a) (B.2)

Again, this shows that the acceptance decision does not depend on beliefs F̃ .

It is possible that past experiences might shape the second order belief θ̃. However, there are

no models of learning that posit how past experiences shape second-order beliefs, and there is not

a clear hypothesis about how our phase 1 experiences should shape it. Moreover, intention based

reciprocity models do not make a robust prediction about how θ̃ affects M . In Dufwenberg and

Kirchsteiger (2004), M is decreasing in θ̃ while in Falk and Fischbacher (2006) M is increasing in

θ̃ (note that the utility from accepting is decreasing in θ̃ in equation (B.2) while it is increasing in

equation (B.1)).

C Salience Theory

C.1 Set up

The true utility function is Ui = Π [µi − βmax(r − µi, 0)− αmax(µi − r, 0)], where µi = πi/Π is

player i’s share of the pie, and r = 1/N is the fairness norm in an N -player game.

How a responder trades off payoffs and fairness, however, depends on which is more salient.

We let ∆i := µi − r denote how much the responder’s share of the pie deviates from the fairness

norm, and we let (µi,∆i) denote the pair consisting of the responder’s payoff and the fairness

deviation. The salience of payoffs versus fairness deviations depends on how those attributes depart

from payoff and fairness values in the responder’s evoked set. The evoked set E includes 1) the

option corresponding to the proposer’s offer, (µ(ai),∆(ai)), where µ(ai) = ai
3(100−ai)+ai = ai

300−2ai

and ∆(ai) := ai
3(100−ai)+ai − r = ai

300−2ai
− r. It includes 2) the option corresponding to the

responder rejecting, (0, 0). And it includes 3) a historical average of payoffs and fairness values

either experienced or observed by the responder, (µHi ,∆
H
i ). We discuss the construction of the

historical averages later.

Given the evoked set E , the salience is determined by comparison to the reference good (µ̄, ∆̄)

given byµ̄ =
µi+0+µHi

3 and ∆̄ = ∆(µi)+0+∆H

3 . The salience of a payoff πi is given by σ(µi, µ̄) and the

salience of a fairness deviation ∆i is given by σ(∆i, ∆̄). As in BGS, we assume that the salience
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function σ(·, ·) satisfies

1. Scale invariance. σ(αx, αy) = σ(x, y)

2. Diminishing sensitivity. If x ≥ 0, then for any ε > 0, σ(x + ε, y + ε) ≤ σ(x, y), with the

inequality strict if y > 0.

3. Reflection. σ(x, y) = σ(−x,−y).

A salience function that satisfies these properties for x, y 6= 0 is σ(x, y) = |x−y|
|x|+|y| . Note that the

maximum value of this salience function is 1, and that σ(x, 0) = σ(0, y) = 1 for x, y 6= 0. To define

σ(0, 0), we thus make the more general fourth assumption that σ(0, y) = σ(x, 0) = 1 for all x, y.

As in BGS, the responder evaluates the option (µi,∆i) as follows:

U si =


Π [µi − δ (βmax(r − µi, 0) + αmax(µi − r, 0))] if σ(µi, µ̄) > σ(∆i, ∆̄)

Π [µi − (βmax(r − µi, 0) + αmax(µi − r, 0))] if σ(µi, µ̄) = σ(∆i, ∆̄)

Π [δµi − (βmax(r − µi, 0) + αmax(µi − r, 0))] if σ(µi, µ̄) < σ(∆i, ∆̄)

where δ ∈ (0, 1]. To ensure that the responder does not reject offers that give him more than

half of the pie, we make the reasonable assumption that α/δ < 2.

C.2 Explaining Experiment 1 results

The perceived utility of rejection is always zero. How does the responder evaluate the utility of

accepting the action? We first begin with the case in which (µHi ,∆
H
i ) ∈ {(0,−1/3), (1, 2/3)}. These

two cases correspond to the equilibrium outcomes in the PC and RC markets, respectively.

Case 1. (µHi ,∆
H
i ) = (1, 2/3) In this case, µ̄ = (1 + µi)/3 and ∆̄ = ((µi − 1/2) + 2/3) /3. Thus

payoff salience is given by σ(µi, (1 + µi)/3) = σ(3µi, µi + 1), while fairness salience is given by

σ (µi − 1/2, (µi + 1/6)/3) = σ (3µi − 3/2, µi + 1/6). Now because the proposer makes an offer that

gives the responder a payoff smaller than his own, µi < 1/2, and thus the combination of the scale

invariance and diminishing sensitivity assumptions implies that fairness is always more salient than

payoffs in this case. The smallest share µi a responder is willing to accept in this case must satisfy

δµi − β(1/2− µi) = 0

and thus µi = β
2(β+δ) . Since µi = ai

300−2ai
by definition, this shows that smallest offer a responder

is willing to accept in this case is thus M = 150β
δ+2β .
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Case 2. (µHi ,∆i) = (0,−1/3) In this case, µ̄ = µi/3 and ∆̄ = (µi − 5/6) /3. Thus payoff salience

is given by σ(µi, µi/3) = σ(3, 1), while fairness salience is given by σ (µi − 1/2, (µi − 5/6)/3) =

σ (3µi − 3/2, µi − 5/6). Now because the proposer makes an offer that gives the responder a payoff

smaller than his own, µi < 1/2 and thus ∆i and ∆̄ are negative. In this case, payoffs will be more

salient than payoffs if and only if µi−5/6
µi−3/2 < 3, which happens when µi < 11/24. When payoffs are

salient, the smallest acceptable share is the solution to

µi − δβ(1/2− µi) = 0

and thus is µi = δβ
2(1+δβ) . Now since µi = ai

300−2ai
, the smallest offer that a responder is willing

to accept in this case is M1 = 150δβ
1+2δβ . When fairness is salient, the smallest acceptable offer is

given by M2 = 150β
δ+2β as before. Because M1 < M2, it follows that the proposers will offer M1 iff

δβ
2(1+δβ) ¡11/24 or, equivalently, iff δβ < 11. If, however, δβ ≥ 11 then proposers offer M2. Note,

however, that δβ < 11 is a very general condition that is extremely unlikely to be violated. In the

standard ultimatum game without salience considerations, a β > 11 would imply that responders

reject all offers that give them less than 42.3% of the total pie.

Proposition 3. Suppose that δβ¡11. Then MAORC =
(
δ2+2δβ
1+2δβ

)
MAOPC < MAOPC .

C.3 The Mixture Model and the Role Switch and Full Information experiments

Is it observational experience or personal payoff experience that enters into the evoked set E as

(µH ,∆H)? While this does not affect our experiment 1 interpretation, since the two are essentially

identical, this can affect behavior in the Role Switch and the Full Information experiments. We

suppose that a fraction q relies on observational experience, and a fraction 1− q relies on personal

payoff experience. Out of those who rely on observational experience, we suppose that in the Full

Information Experiment, a fraction ω relies on what they observe in their own market, while a

fraction (1−ω) rely on what they observe in the other market. In this mixture model of the evoked

set, the distribution of the option (µH ,∆H) in the evoked set is thus as follows:

• For responders who were responders in the PC market and observed only that market,

(µH ,∆H) = (1, 2/3) with probability 1.

• For responders who were responders in the RC market and observed only that market,

(µH ,∆H) = (0,−1/3) with probability 1.

• For responders who were proposers in the PC market, (µH ,∆H) = (1, 2/3) with probability

q and (µH ,∆H) = (0,−1/3) with probability 1− q.

• For responders who were proposers in the RC market, (µH ,∆H) = (1, 2/3) with probability

1− q and (µH ,∆H) = (0,−1/3) with probability q.

• For responders who were in the PC market but observed both markets, (µH ,∆H) = (1, 2/3)

with probability 1− q + qω and (µH ,∆H) = (0,−1/3) with probability q(1− ω).
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• For responders who were in the RC market but observed both markets, (µH ,∆H) = (0,−1/3)

with probability 1− q + qω and (µH ,∆H) = (1, 2/3) with probability q(1− ω).

We now have the following result:

Proposition 4. Suppose that δβ < 11. Define Mh = 150β
δ+2β and Ml = δ̄2Ml, where δ̄2 := δ2+2δβ

1+2δβ < 1.

Then

1. For responders who were responders in the PC market and observed only that market, the

average MAO is Mh

2. For responders who were responders in the RC market and observed only that market, the

average MAO is Ml = δ̄2Mh

3. For responders who were proposers in the PC market, the average MAO is qMh+(1−q)Ml =

Mh

[
q + (1− q)δ̄2

]
4. For responders who were proposers in the RC market, the average MAO is (1−q)Mh+qMl =

Mh

[
1− q + qδ̄2

]
5. For responders who were in the PC market but observed both markets, the average MAO is

(1− q + qω)Mh + q(1− ω)Ml = Mh

[
1− q + qω + qδ̄2 − qωδ̄2

]
6. For responders who were in the RC market but observed both markets, the average MAO is

(1− q + qω)Ml + q(1− ω)Mh = Mh

[
q − qω + δ̄2 − qδ̄2 + qωδ̄2

]
.

D Convergence results

In this appendix, we show that if players enter the same environment with different experiences,

then preferences will eventually converge. We make several simplifications: we assume that α = 0,

and we assume that the effect of past experience is solely through the reference point . We consider

play in periods t = −T, . . . , 0, 1, 2, . . .∞. In periods t = −T, . . . , 0, players participate in some n

player game (possibly one of the market games), while in periods t = 1, 2, . . . players participate

in a non-competitive ultimatum game. As in section 3.3, we let µti denote the share of the pie that

player i received in period t, and set µti = 0 if all n players received zero payoffs in the respective

period. We assume that the proposer’s payoff in periods t > 1 is given by k(Y − a), while the

responder’s payoff is given by a, where a is the offer.

In period t = −T , player i’s reference point in an n person game is given by µ−Ti = 1/n. In

periods t > −T , the reference point of player i in an n-player game is given by

rti = (1− γ)(1/2) + γ

∑t−1
τ=−T wt−1−τµ

τ
i∑t−1

τ=−T wt−1−τ
.

where w0, w1, . . . ... is an infinite sequence given by w0 = 1 and wj = δj for some δ ∈ [0, 1]
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In the simple specification adopted here, the reference point is a convex combination of the “neu-

tral reference point” 1/n and the weighted average of past personal payoff experience. Augmenting

the specification to allow for observational experience would not change our results.

We consider the evolution of play between a proposer and a responder in periods t > 0. We

let rtP and rtR denote the proposer’s and responder’s period t > 0 reference points. We assume

that each period, proposers and responders have perfect information about each others’ reference

points, and play an SPE of the non-competitive ultimatum game. We let M t denote the minimal

acceptable offer of a responder i in period t > 0, and let at denote the proposer’s period t > 0 offer.

Throughout this analysis, we will be concerned with steady state preferences and strategies:

Definition 5. A steady state is a pair of strategies (a∗,M∗) and reference points (r∗P , r
∗
R) such

that

(a∗,M∗) is an SPE of the ultimatum game in which players have the fairness reference points

(r∗P , r
∗
R)

r∗P = (1−γ)(1/2)+γ
π∗P

π∗P+π∗R
and r∗R = (1−γ)(1/2)+γ

π∗R
π∗P+π∗R

, where π∗P and π∗R are the proposer’s

and responder’s steady state SPE payoffs

Our first result in this section is that there is a unique steady state to which play always

converges:

Proposition 6. Assume that γ < 1. Then there is a unique steady state 〈(a∗,M∗), (r∗P , r∗R)〉. In

the steady state, a∗ > 0, a∗ < k(Y − a∗), and a∗ = M∗. Moreover, this steady state is globally

stable. That is, for any set of initial experiences {µti}0t=−T , preferences and strategies converge to

the steady state:

lim
t→∞

rtP = r∗P and lim
t→∞

rtR = r∗R

lim
t→∞

at = a∗ and lim
t→∞

M t = M∗

Proposition 6 shows that if players have enough experience in the ultimatum game environment,

then their fairness preferences in that environment can be characterized as a fixed point of an

adjustment dynamic. In fact, Proposition 6 shows that our model uniquely pins down what the

steady-state fairness preferences can be—the steady state is unique. The only assumption needed

to guarantee uniqueness is that γ < 1: that is, that players’ fairness preferences are not completely

(though perhaps arbitrarily close to) determined by past experience.

A second prediction of the model is that when players have extreme past experiences as in our

market conditions, convergence to the steady state will be monotonic. That is, PC responders

should monotonically decrease their MAOs, while RC responders should monotonically increase

their MAOs:

Proposition 7. Assume that γ < 1 and that
∑0
t=−T µ

t
R

T+1 +
∑0
t=−T µ

t
P

T+1 ≤ 1.
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1. If
∑0
t=−T µ

t
R

T+1 < r∗R, then for all t > 0, M t < r∗R but is strictly increasing in t.

2. If
∑0
t=−T µ

t
R

T+1 > r∗R, then for all t > 0, M t > r∗R but is strictly decreasing in t.

Proposition 7 simply says that even though responders’ MAOs should not reach steady state

levels in a finite number of periods, the effect of past market experience should still diminish over

time.

Proof of Proposition 6

Step 1: We first show that there is a unique steady state. In any steady state, we must have

M∗ − β[r∗R(k(Y −M∗) +M∗)−M∗] = 0, (D.1)

which can be rearranged to show that

M∗

k(Y −M∗) +M∗
=

βr∗R
1 + β

. (D.2)

Offering a∗ = M∗ is clearly optimal for the proposer, conditional on making an offer that the

responder will accept. Moreover, since r∗P + r∗R = 1 by definition, some algebra shows that

r∗P [k(Y −M∗) +M∗] < k(Y −M∗),

from which it follows that the proposer derives positive utility from making an offer a∗ = M∗. Thus

the proposer’s optimal strategy is to offer a∗ = M∗ in any steady state.

Plugging in a∗ = M∗ into (D.2), and using the definition of r∗R, we now have that

r∗R = (1− γ)(1/2) + γ
β

1 + β
r∗R. (D.3)

Equation (D.3) is a linear equation in r∗R with a unique solution given by

r∗R =
(1− γ) + β(1− γ)

2 + 2β(1− γ)
. (D.4)

Thus there can be at most one steady state. We now show that the unique solution does, indeed,

correspond to a steady state. First, examination of equation (D.4) shows that r∗R ∈ (0, 1): since

(1− γ) < 2, it is clear that the numerator is smaller than the denominator. Next, by definition of

M∗, accepting an offer of a∗ = M∗ is weakly optimal for the responder. And as we have already

established, offering a∗ = M∗ is also optimal for the proposer.

Step 2: We now show that for each ε > 0, there exists a t ≥ 1 such that rtR + rtP ≤ 1 + ε. To
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see this, notice that µtR + µtP ≤ 1 for t ≥ 1, regardless of the outcome in period t. Thus

rtR + rtP = (1− γ) + γ

(∑t−1
τ=−T wt−1−τµ

τ
R + wt−1−τµ

τ
P∑t−1

τ=−T wt−1−τ

)

≤ (1− γ) + γ

(∑0
τ=−T wt−1−τµ

τ
R + wt−1−τµ

τ
P∑t−1

τ=−T wt−1−τ
+

∑t−1
τ=1wt−1−τ∑t−1
τ=−T wt−1−τ

)

= 1 + γ

(∑0
τ=−T wt−1−τµ

τ
R + wt−1−τµ

τ
P∑t−1

τ=−T wt−1−τ
−
∑0

τ=−T wt−1−τ∑t−1
τ=−T wt−1−τ

)

But ∑0
τ=−T wt−1−τµ

τ
R + wt−1−τµ

τ
P∑t−1

τ=−T wt−1−τ
≤
∑0

τ=−T 2wt−1−τ∑t−1
τ=−T wt−1−τ

and ∑0
τ=−T wt−1−τ∑t−1
τ=−T wt−1−τ

→ 0

as t→∞. Thus for each ε > 0, there exists a t ≥ 1 such that rtR + rtP ≤ 1 + ε.

Step 3: We now show that there is some t† ≥ 1 such that at = M t for all t ≥ t†; that is, for all

t ≥ t†, the proposer derives positive utility from offering M t and having that offer accepted.

Set rtP = 1− rtR + εt. As in the proof of Proposition 6, we have that rtR[k(Y −M t) +M t] > M t.

Thus

rtP [k(Y −M t) +M t] = (1− rtR + εt)[k(Y −M t) +M t]

< [k(Y −M t) +M t]−M t + εt[k(Y −M t) +M t]

= k(Y −M t) + εt[k(Y −M t) +M t].

This means that the proposer’s utility from offering M t is such that

utP ≥ k(Y −M t)− βmax(εt, 0).

Moreover, because rtR ≤ (1− γ)/2 + γ = (1 + γ)/2, it easily follows that

M t =
kβrtRY

1 + β(1− rtR) + kβrtR

is bounded away from Y (for all possible β) as long as γ < 1. Thus we have that for all t, there is

some c > 0 such that k(Y −M t) ≥ c. By step 2, there is a t† such that βεt < c for all t ≥ t†. Thus

there is a t† such that k(Y −M t)− βmax(εt, 0) > 0 for all t ≥ t†.
Step 4: We now strengthen step 2 to show that |rtP + rtR− 1| → 0. By step 3, we now have that
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µtR + µtP = 1 for all t ≥ t†. Thus for t > t†,

rtR + rtP = (1− γ) + γ

(∑t−1
τ=−T wt−1−τµ

τ
R + wt−1−τµ

τ
P∑t−1

τ=−T wt−1−τ

)

= (1− γ) + γ

(∑t†−1
τ=−T wt−1−τµ

τ
R + wt−1−τµ

τ
P∑t−1

τ=−T wt−1−τ
+

∑t−1
τ=t† wt−1−τ∑t−1
τ=−T wt−1−τ

)

= 1 + γ

(∑t†−1
τ=−T wt−1−τµ

τ
R + wt−1−τµ

τ
P∑t−1

τ=−T wt−1−τ
−
∑t†−1

τ=−T wt−1−τ∑t−1
τ=−T wt−1−τ

)

But since ∑t†−1
τ=−T wt−1−τµ

τ
R + wt−1−τµ

τ
P∑t−1

τ=−T wt−1−τ
→ 0

and ∑t†−1
τ=−T wt−1−τ∑t−1
τ=−T wt−1−τ

→ 0

as t→∞, it follows that rtR + rtP → 1 as t→∞.

Step 5: We now finish off the proof of the proposition by proving that the steady state identified

in Step 1 is globally stable.

Define νtR =
∑t−1
τ=−T wt−1−τµτi∑t−1
τ=−T wt−1−τ

. Define the map ξ : R→ R as follows:

ξ(ν) = (1− γ)/2 + γν.

Define the map ψ : R→ R as follows:

ψ(ν) =
βξ(ν)

1 + β
.

Notice that ψ is linear in ν and has slope γβ/(1 + β) < 1; thus ψ is a contraction and has a unique

fixed point. In a steady state, r∗R = ξ(ν∗R), and thus equation (D.2) implies that

M∗

k(Y −M∗) +M∗
= ψ(ν∗R). (D.5)

But since ν∗R = M∗

k(Y−M∗)+M∗ by definition, it follows that the unique fixed point of ψ corresponds

to the unique steady state.

Now for t† defined as in step 3, rt = ξ(νt) and Mt

k(Y−Mt)+Mt = ψ(νtR) for all t ≥ t†. Because ξ

is strictly increasing, each value of νtR corresponds to a unique value of M t. Because ψ is strictly

increasing and because Mt

k(Y−Mt)+Mt is strictly increasing in rtR, each value of νtR also corresponds to

a unique value of M t. Because ξ and ψ are both continuous functions of ν, showing that νtR → ν∗R
will thus imply that M t → M∗ and rtR → r∗R. Moreover, since |rtR + rtP − 1| → 0 by Step 4,

convergence of rtR will also imply convergence of rtP . And finally, since Step 3 shows that at = M t
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for all t ≥ t†, νtR → ν∗R will thus also imply that at → a∗.

Because ψ is an increasing and linear function of νt that crosses the 45-degree line exactly once,

it thus follows that ψ(ν) ∈ (ν∗, ν) for ν > ν∗ and ψ(ν) ∈ (ν, ν∗) for ν < ν∗. By definition,

νt+1
R =

w0∑t
τ=−T wt−τ

µtR +

(
1− w0∑t

τ=−T wt−τ

)
νtR (D.6)

is a convex combination of νtR and ψ(νtR) = Mt

k(Y−Mt)+Mt = µtR, which implies that νt+1
R ∈ (ν∗R, ν

t
R)

if νtR > ν∗R. Similarly, it follows that νt+1
R ∈ (νtR, ν

∗
R) if νtR < ν∗R.

For t† defined as in step 3, a simple induction thus implies that if νt
†
R < ν∗R, then νtR will be

strictly increasing for t ≥ t† and bounded from above by ν∗. Similarly, if νt
†
R > ν∗, then νtR will be

strictly decreasing for t ≥ t† and bounded from below by ν∗R. Because any monotonic and bounded

sequence converges, νtR must converge to some ν∗∗ ∈ [0, 1]. Because each value of νtR corresponds

to a unique value of M t, and because ψ is continuous in ν, there must, therefore, exist some M∗∗

such that M t →M∗∗. Thus

lim
t→∞

µtR = lim
t→∞

M t

k(Y −M t) +M t
=

M∗∗

k(Y −M∗∗) +M∗∗
.

It is then easy to show that

νt =

∑t−1
τ=−T wt−1−τµ

τ
i∑t−1

τ=−T wt−1−τ
→ M∗∗

k(Y −M∗∗) +M∗∗
.

On the other hand,

ψ(νtR) =
M t

k(Y −M t) +M t
→ M∗∗

k(Y −M∗∗) +M∗∗
.

But since ψ is continuous, we therefore have that ψ(ν∗∗) = ν∗∗. And because ψ has a unique fixed

point, it must be that ν∗∗ = ν∗R, thus completing the proof.

Proof of Proposition 7

Since rtP + rtR ≤ 1 for all t ≥ 1, the reasoning of Step 3 in the proof of Proposition 6 implies

that the proposer will offer at = M t in all periods t ≥ 1. Thus for t ≥ 1, rt = ξ(νtR) and
Mt

k(Y−Mt)+Mt = ψ(νtR).

As in the proof of Proposition 6, a simple induction thus implies that if ν1
R < ν∗R, then νtR will

be strictly increasing for t ≥ 1 and bounded from above by ν∗. Similarly, if ν1 > ν∗R, then νtR
will be strictly decreasing for t ≥ 1 and bounded from below by ν∗R. But since M t is a monotonic

function ζ(·) of νtR such that M∗ = ζ(ν∗R), the result follows.
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E Comparing Phase 1 and Phase 2 proposer offers
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Figure E.1: Proposer offers in phase 1 and phase 2 of the Baseline Experiment.

F Regressions with differently coded experiences

In this section, we analyze whether our results on the effect of observational experience and per-

sonal payoff experience are sensitive to their respective definitions. First, we have measured ob-

servational experience and personal payoff experience simply as the respective average over all

15 periods of phase 1. As an alternative to plain averaging, we consider weighted averages,

G(µτ ,ντ ) = g
(∑

δtµt/
∑
δt,
∑
δtνt/

∑
δt
)
, which give more weight to more recent periods in

phase 1 of the experiment. Second, we have made assumptions about observational experience in

the Full Information treatment experiment as well as about personal payoff experience in case of

rejection, and we would like to check whether our results are robust to changes in these assumptions.

Table F.1 shows results of the same IV GMM regression that is presented in columns (5)

and (6) of table ?? of the paper, but uses alternative measures of personal payoff experience and

observational experience.

Two different weights have been used to construct the geometric averages: δ = 0.9 and δ = 0.95.

It can be seen that using geometric averages does not qualitatively alter our results. Observational

experience and personal payoff experience remain significant determinants of responders minimum

acceptable offers in phase 2 of the experiment. Also, the magnitude of the estimated coefficients

remains quite stable. Consequently, our results on the impact of observational experience and

personal payoff experience are robust to alterations in the construction of these measures.

Second, we had to make assumptions on experienced payoff shares in case of rejections, i.e.,

12



Table F.1: The effect of discounted experiences on minimum acceptable offers

(1) (2) (3) (4)
MAO MAO MAO MAO

Observational experience (δ = 0.9) 23.84*** 23.73***
(6.33) (8.43)

Personal payoff experience (δ = 0.9) 11.76** 20.12**
(5.14) (9.93)

Observational experience (δ = 0.95) 24.85*** 21.75***
(6.67) (7.44)

Personal payoff experience (δ = 0.95) 12.15** 17.17**
(5.32) (8.45)

Constant 32.03*** 34.32*** 31.89*** 35.76***
(4.74) (3.42) (4.79) (3.34)

Adj. R2 0.02 0.03 0.02 0.04
Observations 222 3330 222 3330

Instrumental variables regressions estimating the impact of phase 1 personal payoff experience and observational
experience on phase 2 MAOs. Estimates computed using the iterative GMM estimator. All regressions are IV GMM
regressions, similar to those in columns (5) and (6) of table 6 of the paper. However, here observational experience
and personal payoff experience are geometric means of first period offers and payoffs. The discount rate is either
δ = 0.9 or δ = 0.95. Observational experience and personal payoff experience are instrumented using 6 dummies,
one for each market treatment and experiment. Columns (1) and (3) contain period 1 observations of phase 2 only.
Columns (2) and (4) use data from all 15 periods. All regressions also contain dummy variables for high proposer
personal payoff experience and for high proposer observational experience. Robust standard errors are clustered by
phase 1 market matching group (30 clusters). Significance levels: ∗ = 10%, ∗∗ = 5% and ∗∗∗ = 1%.

when the total sum of payoffs is 0. In the paper, we have assumed that in these cases, the personal

payoff experience is equal to 0. An alternative intuition is that in an N -player group, µti = 1/N

when Πt = 0, to reflect the possibility that when everyone gets the same payoff (even when it’s zero)

the player feels like it was such an equitable outcome that his subsequent feelings of entitlement

move towards him getting an even share of the surplus. Additionally, in the Full Information

experiment, all subjects received feedback about the average offer in the RC and in the PC market.

We have assumed that all subjects correctly weight the information from the PC market twice as

much as the information from the RC market, reflecting the fact that there are twice as many offers

comprised in the average offer of the PC market. Alternatively, it is possible that subjects weigh

these two pieces of information equally. Consequently, we test the robustness of our results with

regard to the assumed observational experience of subjects in the Full Information experiment.

Table F.2 replicates columns (5) and (6) of table ?? from the main paper using these alternative

codings of personal payoff experience and observational experience. Personal payoff experience2

is the recoded personal payoff experience variable and observational experience2 is the recoded

observational experience variable. Columns (1)-(6) replicate the original estimations in table ?? of

the paper using different combinations of the recoded variables. Again, it can be seen that our esti-

mates are robust to these changes in the definition of observational experience and personal payoff

experience. The magnitude of the estimated coefficients is remarkably stable, and observational

13



Table F.2: Alternative codings of observational experience and personal payoff experience

(1) (2) (3) (4) (5) (6)
MAO MAO MAO MAO MAO MAO

Observational experience2 26.00*** 15.96*** 26.72*** 16.43***
(7.06) (5.11) (6.93) (4.97)

Personal payoff experience 12.59** 10.84**
(5.52) (5.36)

Observational experience 26.72*** 16.43***
(6.93) (4.97)

Personal payoff experience2 12.40** 10.92** 12.41** 10.92**
(5.48) (5.34) (5.48) (5.33)

Constant 31.71*** 39.16*** 31.26*** 38.83*** 31.26*** 38.83***
(4.84) (3.19) (4.74) (3.15) (4.74) (3.15)

Adj. R2 0.025 0.047 0.030 0.050 0.030 0.051
Observations 222 3330 222 3330 222 3330

Instrumental variables regressions estimating the impact of phase 1 personal payoff experience and observational
experience on phase 2 MAOs. Estimates computed using the iterative GMM estimator. All regressions are IV GMM
regressions, similar to those in columns (5) and (6) of table 6 of the paper. However, observational experience2
differs from observational experience (as used in the paper) in how observed offers in the Full Information experiment
are weighted. Observational experience gives 2/3 weight to the average offer in the PC market and 1/3 weight to
the average offer in the RC market, reflecting the fact that there are twice as many proposers in the PC market.
Observational experience2 weighs the average offers in the RC market and PC market equally in each period. Personal
payoff experience2 codes personal payoff experience as 1/3 in case an offer is rejected by all subjects. Personal payoff
experience, on the other hand, codes rejections as a personal payoff experience of 0. Observational experience
and personal payoff experience are instrumented using 6 dummies, one for each market treatment and experiment.
Columns (1), (3) and (5) contain period 1 observations of phase 2 only. Columns (2), (4) and (6) use data from all 15
periods. Standard errors are clustered at the phase 1 market matching group level (30 clusters). Significance levels:
∗ = 10%, ∗∗ = 5% and ∗∗∗ = 1%.

experience and personal payoff experience remain significant determinants of responders’ minimum

acceptable offers independent of the precise definition of these terms.
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G Ruling out Anchoring

As we note in section 4.3 of the paper, experimental evidence has shown that individuals can

be influenced by arbitrary anchors (Lichtenstein and Slovic, 2006; Kahneman and Tversky, 2000;

Ariely et al., 2003; Simonson and Tversky, 1992), and that behavior that appears to be consistent

with expressing a particular preference can in fact be the result of arbitrary anchoring.2 On the

face of it, our path-dependence account may seem very similar to anchoring. However, there is

one crucial difference. We posit that past experience affects preferences, and we further show that

differences in preferences will affect behavior in environments such as the Ultimatum Game, but

that they will not affect behavior in competitive market games as in phase 1 of our experiment (see

Appendix A). In contrast, standard anchoring and adjustment theory (Tversky and Kahneman,

1973) does not make such a prediction. This theory states that subjects’ choice of action (e.g.,

offer) starts at some anchor, and then is incompletely adjusted toward the optimal choice of action.

Formally, the choice of action is given by a = (1 − κ)ϑ + κa∗ where ϑ is the anchor, a∗ is the

optimal action, and κ ∈ [0, 1] is the degree of adjustment away from the anchor. Such anchoring

and adjustment theory would predict that anchors should also have an effect in the market games.

Here, we provide evidence that suggests that behavior in our experiment is not driven by the

mere provision of arbitrary anchors. To show this, we exploit a design feature in the Full Information

experiment. In this experiment, all subjects received feedback about the average offers in both the

PC and the RC markets after every period during phase 1 of the experiment. If responders’

acceptance behavior were influenced by the provision of arbitrary anchors, we should observe that

responders in the RC market in the Full Information experiment show higher acceptance rates

than Responders in the RC market in the Baseline or in the Role Switch experiment.3 This is the

case because in the Full Information experiment, they are subjected to higher anchors than in the

Baseline experiment or in the Role Switch experiment, in which responders only get to observe the

offers made by their matched proposer.

Table G.1 contains information that tests whether the information provided in the Full in-

formation experiment indeed provides an alternative anchor and consequently changes proposers’

offers. Moreover, table G.2 provides results from a probit regression that test whether responders’

acceptance behavior is affected by the altered anchor in the Full Information experiment. It turns

out that neither proposers’ offers nor responders’ acceptance behavior in the Full Information ex-

periment is statistically different from the respective behavior in the Baseline or the Role Switch

experiment. Interacting a Full Information experiment dummy with both an RC market dummy

and a PC market dummy yields insignificant and economically very small coefficients, implying

that proposer and responder behavior in neither the RC nor the PC market was affected by the

altered anchor in the Full Information experiment. Consequently, anchoring does not seem to be a

2See, however, Fudenberg et al. (2012) and List et al. (2013) for evidence questioning the robustness of these
anchoring effects.

3We restrict attention to the RC market because in the PC market, responders almost never reject both offers,
and hence there is not enough variance in the data to identify a potential impact.
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Table G.1: OLS regressions on proposer offers

(1) (2)
Full info * PC Market 1.32 1.76

(0.98) (1.40)
Full info * RC Market –3.73 2.11

(3.61) (3.77)
PC Market 41.34*** 46.73***

(3.07) (3.40)
Constant 36.99*** 31.15***

(2.99) (3.17)
Adj. R2 0.69 0.72
Observations 3330 2430

OLS regression of proposer offers on treatment dummies and interactions. PC Market indicates observations from
the Proposer Competition market. Full info*PC Market is an interaction between a Full Information experiment
dummy and a proposer competition market dummy. Equivalently, Full info*RC Market is an interaction between a
Full Information experiment dummy and a responder competition market dummy. Column (1) contains data from all
3 experiments. Column (2) only compares the Full Information experiment and the Baseline experiment. Standard
errors are clustered at the phase 1 market matching group level (30 clusters in columns (1) and (3), 22 clusters in
columns (2) and (4)). Significance levels: ∗ = 10%, ∗∗ = 5% and ∗∗∗ = 1%.

Table G.2: Probit regressions on responder acceptance decisions

(1) (2)
Accept Accept

Maxoffer 0.01*** 0.01***
(0.00) (0.00)

Full info * PC Market –0.05 –0.01
(0.05) (0.04)

Full info * RC Market –0.00 –0.04
(0.03) (0.04)

PC Market 0.02 –0.04
(0.04) (0.08)

Adj. R2 0.23 0.21
Observations 3330 2430

Marginal Effects of a Probit regression of responder acceptance decisions on treatment dummies and interactions. PC
Market indicates observations from the Proposer Competition market. full info*PC Market is an interaction between
a Full Information experiment dummy and a proposer competition market dummy. Equivalently, Full Info*RC
Market is an interaction between a Full Information experiment dummy and a responder competition market dummy.
Maxoffer contains the best offer made to responders in a particular round. In responder competition, there is only
one offer. In proposer competition, it is the higher of the two offers made. Column (1) contains data from all 3
experiments. Column (2) only compares the Full Information experiment and the Baseline experiment. Standard
errors are clustered at the phase 1 market matching group level (30 clusters in columns (1) and (3), 22 clusters in
columns (2) and (4)). Significance levels: ∗ = 10%, ∗∗ = 5% and ∗∗∗ = 1%.

driving force of behavior in our experimental setting.
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H The Full Information Experiment

Table H.1: Minimum Acceptable Offers in the Full Information Experiment

OLS IV
(1) (2) (3) (4)

MAO MAO MAO MAO

PC Responder 11.55* 5.64
(6.11) (5.64)

Personal payoff experience 19.69 ** 9.62
(9.97) (9.27)

Constant 48.45*** 47.58***47.17 ***46.95 ***
(4.67) (3.90) (4.81) (3.98)

Adj. R2 0.01 0.03
Observations 87 1305 87 1305

Columns (1) and (2) show results of an OLS regression. Regressions include a dummy for proposer phase 1 market
experience. Column (1) uses data from period 1 of phase 2 only. Column (2) uses all data. Columns (3) and (4) show
IV GMM regressions, in which payoff experience is instrumented using 6 dummies, one for each market treatment
and experiment. Observational experience cannot be included here because it is constant across treatments in the
Full Information experiment. Column (3) contains data from period 1 only. Column (4) contains data from all 15
periods. Standard errors are clustered at the phase 1 market matching group level (18 clusters). Significance levels:
∗ = 10%, ∗∗ = 5% and ∗∗∗ = 1%.
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I Phase 1 of the Role Switch and the Full Information Experi-
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Figure I.1: Left Panel: Average offers over time under responder competition and under proposer
competition in phase 1 of the Role Switch experiment. Right Panel: Average offers over time
under responder competition and under proposer competition in phase 1 of the Full Information
experiment

The exogenous assignment to either the PC market or the RC market also had strong effects

on market outcomes and personal payoff experiences in the Role Switch and the Full information

experiment. Figure I.1 shows average offers in phase 1 of both experiments for all 15 periods.

Not surprisingly, a very similar pattern to phase 1 of the Baseline experiment emerges. In both

experiments, the difference in average offers between the RC market is large. In an OLS regression

of offers on a PC market dummy, offers on average differ by 35 chips in phase 1 of the Role

Switch experiment and by 46 chips in the Full Information experiment. Both differences are highly

significant (p < 0.001).
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