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Abstract
This paper presents an experimental study of dynamic indefinite horizon
R&D races with uncertainty and multiple prizes. The theoretical predictions
are highly sensitive: small parameter changes determine whether
technological competition is sustained, or converges into a market structure
with an entrenched leadership and lower aggregate R&D. The subjects’
strategies are far less sensitive. In most treatments, the R&D races tend to
converge to entrenched leadership. Investment is highest when rivals are
close. This stylized fact, and so the usefulness of neck-to-neck competition
in general, is largely unrelated to rivalry concerns but can be explained
using a quantal response extension of Markov perfection.
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1. Introduction
In a number of industries firms compete by innovation in perpetual races without
clear finishing lines. When a firm is ahead in the race, it earns higher rewards than the lagging
firms, e.g. a higher product quality justifies a higher price mark-up or captures a larger market
share. Conversely, it earns lower rewards when overtaken. We find, for example, such market
structures in the pharmaceutical (Cockburn and Henderson, 1994), disk drive (Lerner, 1987)
and semiconductor (Gruber, 1994) industries. In such industries, innovations are typically
gradual. Technology progresses in incremental steps rather than leaps, thereby rendering
patents less crucial in defining relative market positions. Also, innovations affecting relative
market positions can occur in terms of production processes rather than the product per se.
This paper aims to improve the understanding of perpetual R&D races by presenting
the results of an experiment and by developing the quantal response extension of the Markov
perfect equilibrium concept. The quantal response model captures the notion that subjects
make mistakes and know that others do too. It is capable of explaining the key stylized fact
observed in our experiment, namely that R&D is most intensive when competition is neck-toneck.
The theoretical literature contains several models of perpetual races. For instance,
Gilbert and Newbery (1982) find that the leader would remain unchallenged in a model where
progress steps occur with probability one for the firm that invests most. Reinganum (1983)
finds that the leader would be overtaken in a model where the leader enjoys a monopoly
position (as the leader has less incentive to invest than the follower). Hörner (2004) analyzes a
more general model and shows that these effects coexist in most cases: leaders want to kill the
rivalry of followers when sufficiently ahead (to get them to give up first), and followers want
to prevent this when sufficiently behind (such that the leader would relax first). In addition,
these effects need not weaken as the gap increases (e.g. leaders may be best off defending
their positions only if the lead is sufficiently large). In contrast, Aghion et al. (1997) present a
framework where the closer competitors are the higher is the R&D investment. In summary,
equilibrium behavior in R&D races is well understood, theoretically and for a wide range of
frameworks, but predictions differ qualitatively depending on the context in which the race
takes place (i.e., the underlying assumptions).
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Existing empirical studies provide weak support for the validity of equilibrium
analyses in the case of R&D races (e.g. Meron and Caves, 1991; Cockburn and Henderson,
1994). Part of the problem may be in ignoring internal and external economies of scale
(Cockburn and Henderson, 1996), but Cohen and Levin (1989) note more fundamental
limitations of existing field studies: measuring strategic behavior is difficult and thus attempts
are often imprecise, while R&D motivations are varied. If the specifics of the R&D races can
also have a significant impact on outcomes, as shown by Hörner (2004), and are hard to
measure, this makes drawing implications from field studies still more difficult.
Our experimental approach addresses these problems by studying a controlled
environment that measures strategic behavior precisely. The variety of races we consider falls
under the general framework introduced by Hörner (2004). Hörner’s model combines aspects
of Aoki’s (1991) model where rewards are assigned every time period (round) for being ahead
in the race with aspects of Harris and Vickers’ (1987) model where there are nondeterministic probabilities of success dependant on R&D investment levels. Our experimental
design implements Hörner’s infinite horizon game with players discounting future payoffs as
an indefinite horizon game with non-degenerate continuation probabilities. Assuming Markov
perfection, we derive theoretical predictions that provide benchmarks of strategic behavior,
against which our experimental data will be compared.1 The predictions suggest a significant
sensitivity of technological competition to even small changes in the strategic context.
Our experimental results fail to display the theoretically predicted sensitivity, and
consistently find the greatest R&D effort when competition is neck-to-neck and, in three
treatments out of four, a tendency for races to converge to entrenched leadership. The baseline
model using MPE fails to explain our data, but the goodness-of-fit can be improved
significantly by considering quantal response equilibria (QREs) in Markov strategies. The
basic intuition underlying QREs is simple: agents do not play best responses but quantal
responses (the higher a strategy’s payoff, the higher its probability, but all strategies have
positive probability), and they take the “mistakes” resulting from quantal responses into

1

There is a small number of experiments that employ alternative frameworks to look at either one-shot or single
prize dynamic R&D competition: see Isaac and Reynolds (1988, 1992), Hey and Reynolds (1991), Sbriglia and
Hey (1994), Zizzo (2002) and Kähkönen (2005).
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account in equilibrium play.2 This leads to a simple, one-parametric extension of MPE that
successfully explains the dynamics of R&D races.
Section 2 describes the theoretical framework and derives Markov perfect equilibrium
predictions. Section 3 reports the experimental design, presents the stylized findings and
evaluates the empirical performance of the predictions based on best response (non-QRE)
models. Section 4 introduces quantal response equilibria in Markov strategies, considers them
in the context of our setup and evaluates their performance. Section 5 concludes.

2. The Best Response Models: Markov Perfection and Rationalizability
In this section, the framework is defined and an exact approach to determine
dominated strategies and to compute pure Markov perfect equilibria (MPEs) is illustrated. We
call solution concepts that are defined based on best response functions, in our context
Markov perfection and rationalizability, as “best response models.” Based on this, predictions
for the experimental treatments are derived. The main obstacle to be resolved is the
infiniteness of the state space, due to which exact payoff computations are impossible. This
leaves us with the choice between two approaches. If we restrict ourselves to arguments based
on payoff boundaries, then exact eliminations of dominated strategies and exact computations
of pure MPEs are possible. Alternatively, we may truncate the state space, which allows us to
compute approximate payoffs, and thus to compute “approximate” mixed MPEs and quantal
response equilibria. The exact approach and the underlying theoretical arguments are
presented in this section. The approximate approach is employed in section 4, in the
computation of quantal response equilibria.

2.1 The Framework
We closely follow Hörner’s (2004) definitions and approach, apart from adopting
symmetric parameters (which simplifies some notation). The set of players is B ∈ {1,2}. They
play for an infinite number of rounds. In each round t ∈ N , they simultaneously choose
whether to exert either high effort (H ) or low effort (L ) . This is respectively equivalent to
making a high or a low investment in the context of R&D races. The players’ effort can lead
2

Early examples of a quantal response equilibrium approach include McKelvey and Palfrey (1995), Fey et al.
(1996) and Anderson and Holt (1997).
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to Success (S ) or Failure (F ) . For any player i , high effort leads to Success with probability

α H , and low effort leads to Success with probability α L < α H . These probabilities are the
same for both players and constant throughout the game. The cost of exerting high effort is
denoted by c > 0 (which is equal for both players), and the cost of exerting low effort is
normalized to 0.
The state k t of the game in round t is the difference of the total number of Successes
of player 2 and those of player 1, computed over all rounds t ' < t . In t = 0 , the difference is
equal to zero (this assumption is irrelevant with respect to the set of subgame perfect
equilibria). Thus, the state space is Z (the set of integers). We say that player 2 is ahead
when the state is positive, k t > 0 , and 1 is ahead when k t < 0 . Player i ∈ {1,2} is behind if

and only if j ≠ i is ahead. When k t = 0 , Player 1 is ahead or behind with equal probability.
In each round t , player i realizes the (normalized) payoff R > 0 when she is ahead and the
payoff − R when she is behind. R is the same for both players, and players discount future
payoffs by δ . Note that δ is implemented by the experimental design, and so it is symmetric.
Players are assumed to use Markov strategies. The strategy of

i

is a

function τ i : Z → [0,1] . The value τ i (k ) is the probability that i exerts high effort in state k .
The space of Markov strategies of i is denoted as M i . The probability of Success of player i
in state k under strategy τ i is σ ik = τ i (k )α H + (1 − τ i (k ) )α L . Based on this, we can define the

probability of being in state k in round t, evaluated in round 0 under the strategy
profile τ = (τ 1 ,τ 2 ) . It is denoted π t (k | τ ) . Given the strategy τ i , the instantaneous rewards of
player i in state k are
⎧− 1 if i = 1
ri (k ,τ i ) = τ i (k ) * c + sign(k ) * R * ⎨
⎩ 1 if i = 2

The players are risk neutral and maximize the discounted expected rewards, the
overall payoff. The overall payoff of player i under the strategy profile τ = (τ 1 ,τ 2 ) is
∞

Vi (τ ) = (1 − δ ) * ∑
t =0

∞

∑δ π

k = −∞

t

t

(k | τ ) ri (k ,τ i )

The overall payoff is normalized and is evaluated based on state zero. The overall
payoff if the current state is k ∈ Z is denoted Vi (τ | k ) , and can be defined similarly through
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an expected payoff calculation. A strategy τ i is called best response to τ j in state k iff it
maximizes Vi (τ i ,τ j | k ) . A profile (τ i ,τ j ) of mutual best responses in state k = 0 constitutes a
Nash equilibrium in Markov strategies. Finally, a profile (τ i ,τ j ) of mutual best responses for

all states k ∈ Z is called Markov perfect equilibrium (MPE). In our experiment, the transition
probabilities α L and α H are non-degenerate. As a result, for all strategy profiles and all states
k , the probability that k is observed at least once in the remainder of the game is positive,

too. Thus, the set of pure MPEs is equivalent to the set of pure Nash equilibria (of the agent
normal form game), i.e. the solutions for our cases do not require conceptual assumptions
beyond Nash reasoning and the respective predictions appear comparably robust.
However, an alternative and even weaker concept that we will consider is based on
arguments of strategic dominance. Namely, we will consider the set of states where high
effort is rationalizable if all players employ Markov strategies. To be precise, we say that high
effort is dominated for player i in a given state if for all strategy profiles where i exerts high
effort in this state, i profits from deviating unilaterally to low effort in this state. High effort
is rationalizable if it is not iteratively dominated. It will be clear that this concept of
“rationalizability in states” is considerably weaker than rationalizability as it is defined
conventionally (or than equilibrium concepts, for that matter), and thus, we may expect that it
be met by “best responding subjects” in most cases.

2.2 The Computation of Payoff Boundaries

In the following, we can simplify the notation. We concentrate on statements about the
valuation function of player 2; loosely speaking, the corresponding perspective of player 1
can be found symmetrically. For a given strategy profile τ , the valuation of state k by player
2 is denoted as V2 (k ) .
Hörner showed that all Markov perfect equilibria are subgame perfect. Hence, a
strategy profile may not be a Markov perfect equilibrium when there exists a profitable
deviation to a non-Markovian strategy (the latter then implies that there exists a profitable
deviation to a Markov strategy). Fix a state k and consider a strategy profile where player 2
exerts high effort in k . Consequently, his valuation V2H (k ) of state k satisfies
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(

)

(

(

)

)

V2H (k ) = α H 1 − σ 1k δV2 (k + 1) + 1 − α H 1 − σ 1k − (1 − α H )σ 1k δV2 (k ) + (1 − α H )σ 1k δV2 (k − 1)
+ (sign(k ) * R − c )(1 − δ )

If 2 deviates to low effort in k for a single round, but sticks to the assumed Markov strategy
in the future, then his expected payoff (in state k ) is

(

)

(

(

)

)

V2L (k ) = α L 1 − σ 1k δV2 (k + 1) + 1 − α L 1 − σ 1k − (1 − α L )σ 1k δV2 (k ) + (1 − α L )σ 1k δV2 (k − 1)
+ (sign(k ) * R )(1 − δ )

Player 2 is better off deviating iff V2H ` (k ) − V2L (k ) < 0 , which is equivalent to

(1 − σ )(V (k + 1) − V (k )) + σ (V (k ) − V (k − 1)) < α
k
1

2

2

k
1

2

2

H

c
1− δ
*
δ
−αL

(1)

In turn, if the strategy profile in question implies that 2 exerts low effort in k , then 2 is better
off deviating to high effort if V2H ` (k ) − V2L (k ) > 0 . Otherwise, she would not deviate in state
k , and the strategy profile in question may be an equilibrium.

To evaluate Eq. (1), we require information about the valuation function V2 . In
general, the exact values cannot be obtained, as this would require the solution of an equation
system with infinite dimension (in particular, this applies in our case, where the transition
probabilities are positive and the players discount future payoffs significantly). However,
arbitrarily precise upper and lower bounds can be obtained by reducing the infinite to a finite
equation system through cutting off extreme states. This requires that the valuation function is
monotonic for sufficiently high and low states. Hörner showed that the payoff functions are
monotonically increasing over all states in every equilibrium, but in order to show that
specific strategy profiles are equilibria, we cannot use this result. In the following, we
establish the conditions for the payoff functions to be monotonic. In Lemma 1, we fix a state
k > 0 and show that if player 2 does not exert high effort in states k ' ≥ k , then his valuation

function is monotonic in those states. Lemma 2 contains a similar result for state k < 0 . All
proofs are relegated to the electronic appendix A.

Lemma 1

Assume α H , α L ∈ (0,1) and there exists a k > 0 such that τ 2 (k ' ) = 0 ∀k ' ≥ k .

Then, for all τ 1 , V2 (τ 1 ,τ 2 | k ') is increasing in k ' for all k ' ≥ k .
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Lemma 2 Assume α H , α L ∈ (0,1) and there exists a k < 0 such that τ 2 (k ' ) = 0 ∀k ' ≤ k . Then,

for all τ 1 , the following holds: if V2 (τ 1 ,τ 2 | k + 1) > − R , then V2 (τ 1 ,τ 2 | k ') is increasing in k '
for all k ' ≤ k , otherwise it is decreasing in k ' for all k ' ≤ k .

These monotonicities allow us to compute boundaries of the valuation function
through solving finite equation systems. We denote upper bounds V 2 and lower bounds V 2 .
For a given strategy profile (τ 1 ,τ 2 ) and derived probabilities σ ik , we define the following
short-hands for transition probabilities: mk+1 is the probability of moving from state k to
k + 1 , mk0 the probability of not moving, and mk−1 the probability of moving to state k − 1 ,

(

)

(

mk+1 = σ 2k 1 − σ 1k ,

) (

)

(

mk0 = 1 − σ 2k 1 − σ 1k − 1 − σ 2k σ 1k ;

)

mk−1 = 1 − σ 2k σ 1k .

Proposition 1 Fix a strategy profile (τ 1 ,τ 2 ) and states K < K such that 2 exerts high effort

only in states k satisfying K ≤ k ≤ K . Upper boundaries V 2 (k ) of the valuation function of
player 2 satisfy the following equation system.

( )

( )

(

) (

V 2 K = m K+1δR + m K0 δ V 2 K + m K−1δ V 2 K − 1 + ri K ,τ i

)

V 2 (k ) = mk+1δ V 2 (k + 1) + mk0δ V 2 (k ) + mk−1δ V 2 (k − 1) + ri (k ,τ i )

{

∀k : K < k < K

}

V 2 (K ) = m δ V 2 (K + 1) + m δ V 2 (K ) + m δ max − R,V 2 (K ) + ri (K ,τ i )
+1
K

−1
K

0
K

Proposition 2 Fix a strategy profile (τ 1 ,τ 2 ) and states K < K such that 2 exerts high effort

only in states k satisfying K ≤ k ≤ K . Lower boundaries V 2 (k ) of the valuation function of
player 2 satisfy the following equation system.

( )

( )

( )

(

) (

V 2 K = m K+1δ V 2 K + m K0 δ V 2 K + m K−1δ V 2 K − 1 + ri K ,τ i

)

V 2 (k ) = mk+1δ V 2 (k + 1) + mk0δ V 2 (k ) + mk−1δ V 2 (k − 1) + ri (k ,τ i )

{

}

∀k : K < k < K

V 2 (K ) = m K+1δ V 2 (K + 1) + m K0 δ V 2 (K ) + m K−1δ min − R,V 2 (K ) + ri (K ,τ i )
Notably, these bounds are derived independently of how player 1 moves outside the
range of states defined through K and K . The lower bounds for the valuation in some state k
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may be inefficient if K − k < 2 and player 2 exerts high effort in state k . In this case, the
dimension of the equation system should be increased.

2.3 The Experimental Predictions of the Best Response Models

For our experimental parameters, we fixed R = 0.5, c = 1 (i.e. a revenue-to-cost ratio
R/c = 0.5), and δ = 0.9 for all treatments, while α H was 0.5 or 0.9, and α L = 0.1 or 0.25,
depending on treatment. R and c are arbitrarily chosen. Our choice of δ allows for a
sufficiently large expected number of rounds to give us a chance to observe the pattern of
behavior over time in this dynamic setting. In addition, we chose parameter combinations
leading to unique symmetric MPEs, in an effort to minimize coordination problems associated
with multiple symmetric equilibria. Finally, the four different parameter combinations give
rise to equilibrium predictions that are qualitatively similar to those introduced in Hörner:
absorbing, reflecting, symmetric, and one where low effort is exerted throughout.
The predictions are obtained in a two-step approach: first, we determine the set of
states where high effort is strictly dominated, and employing the derived limits of the strategy
space, we then determine the set of pure-strategy MPEs. Basically, high effort is dominated in
state k if Eq. (1) is satisfied for all strategy profiles, while exerting low effort will never be
dominated. This is illustrated in the following, based on defining payoff boundaries that are
computed as derived above.

Treatment A: α H = 0.5 and α L = 0.25 . In this treatment, exerting high effort is

iteratively dominated in all states. In iteration 1, we can show that this applies to all states
except − 1 and 0, and in iteration 2, we can show this for the states − 1 and 0. In turn, let us
also show that “exerting low effort in all states” is a Markov perfect equilibrium. We do so by
showing that Eq. (1) is satisfied for all states k . Let us define

(

)

DV2 (k ) := 1 − σ 1k (V2 (k + 1) − V2 (k ) ) + σ 1k (V2 (k ) − V2 (k − 1) )

Thus, we have to show that DV2 (k ) <

4
for all k . For most states, this is obvious,
9

since V2 (0) = 0 must hold under the hypothesized strategy profile. As a result,
DV2 (k ) <

3 1 4
* < must hold for all k ≠ 0 . To show that the players would neither deviate
4 2 9
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in state k = 0 , boundaries for the payoffs in the states k = −1 and k = 1 are required (under
the hypothesized strategy profile). Using the above equation systems for K = −1 and K = 1 ,
we obtain V2 (−1) > −

3
3
4
and V2 (1) < (conservatively rounded), which implies DV2 (0) < .
8
8
9

Treatment B: α H = 0.9 and α L = 0.25 . In iteration 1, we can eliminate high effort

in the states k ≤ −5 and k ≥ 5 , in iteration 2 high effort in state k = −4 , and in iteration 3 in
state k = −3 . High effort in the remaining states is not dominated. The unique symmetric
equilibrium in pure strategies implies to exert high effort in the states k = −1 and k = 2 , and
low effort otherwise. To prove this, we have to show that DV2 (k ) >
and DV2 (k ) <

20
in states k = −1, 2 ,
117

20
otherwise (under the hypothesized strategy profile). When we solve the
117

respective equation systems for K = −4 and K = 4 , this results immediately. Namely, we
obtain V2 (−2) ≈ −0.492 and V2 (3) ∈ (0.363,0.388) (conservatively rounded), which implies
DV2 (k ) <

20
for k ≤ −3 and for k ≥ 4 . The remaining bounds are
117

V2 (−1) ≈ −0.35

V2 (0) ≈ −0.156

V2 (1) ≈ −0.054

V2 (2) ∈ (0.232, 0.253) ,

which is enough information to show that the claimed strategy profile is an MPE. Note that
the three approximations are given with an accuracy higher than 10 −4 .

Treatment C: α H = 0.5 and α L = 0.1 . In iteration 1, we can eliminate high effort in

the states k ≤ −4 and k ≥ 5 , in iteration 2 for the states k = −3, 4 , in iteration 3 for the states
k = −2, 3 , and finally in state k = 2 . High effort is rationalizable in the states k = −1, 0,1 ; the
unique symmetric equilibrium in pure strategies is to exert high effort if and only if the state
is k = 0 . Thus, we have to show that DV2 (k ) >

5
if and only if k = 0 . When we solve the
18

equation systems for K = −2 and K = 2 , we obtain (conservatively rounded)
V2 (−1) ∈ (−0.42, − 0.41)

V2 (0) ∈ (−0.26, − 0.25)

This provides the required information.

V2 (1) ∈ (0.22, 0.25)

V2 (2) < 0.43
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Treatment D: α H = 0.9 and α L = 0.1 . In iteration 1, we can eliminate high effort in

the states k ≤ −5 and k ≥ 5 , in iteration 2 high effort in state k = −4 . High effort is
rationalizable in all other states. The unique symmetric equilibrium implies high effort in the
states k = −2, − 1 , and low effort otherwise. To prove this, we have to show that DV2 (k ) >
for k = −2,−1 , and DV2 (k ) <

5
36

5
otherwise. We calculate the boundaries using equation
36

systems based on K = −4 and K = 4 . We obtain, conservatively rounded,
V2 (−4) < −0.491 V2 (−3) ∈ (−0.468, − 0.466)
V2 (1) ≈ −0.0114 V2 (2) ≈ 0.0534

V2 (−2) ≈ −0.4058 V2 (−1) ≈ −0.255
V2 (3) ∈ (0.339, 0.348)

V2 (0) ≈ −0.0823

V2 (4) ∈ (0.428, 0.453)

Here, it appears that the jump in the valuation function from state k = 2 to k = 3 justifies
high effort either in k = 2 (to reach the more valuable state k = 3 ) or in state k = 3 (to defend
it). This impression is misleading. In state k = 2 , player 1 (who is behind) would exert high
effort, which corrupts the chances of 2 to progress to state k = 3 . Formally,
DV2 (2) < (1 − α H ) * (0.348 − 0.0534) + α H * (0.0534 + 0.0114) < 0.09 <

5
36

In state k = 3 , in turn, player 1 gives up, implying that 2 needs not to exert high effort any
more. Formally,
DV2 (3) < (1 − α L ) * (0.453 − 0.339) + α L * (0.348 − 0.0534) < 0.133 <

5
36

Similarly, we can show for the other states that the above strategy profile is an equilibrium.

3. The Experiment
3.1 Experimental Design

The experiment was conducted in June 2005 in Frankfurt (Oder), Germany. Besides
the experimental instructions and control questionnaires, the experiment was fully
computerized. Subjects were students from the faculties of Business Administration and
Economics, Cultural Sciences, and Law. A total of 90 subjects participated in the 9 sessions
(with 10 subjects per session). Each session had 10 stages. We conducted three sessions for
each condition B, C, and D, comprising of treatment A and one of the other three treatments

12
B, C, or D respectively (discussed above in sub-section 2.3). Subjects were randomly paired
at the beginning of each stage.
Each stage ended in a round with a probability of 0.1; this implemented the discount
rate of 0.9. To facilitate the use of paired statistical tests, we uniformly applied across sessions
a predetermined number of rounds per stage. In the design process, we used a computer
program to randomly generate the sequence of number of rounds for each of the ten stages.
Each session had 88 rounds, and the breakdown of rounds for each of the 10 stages was 9, 10,
2, 3, 6, 4, 7, 18, 21, 8, respectively. Subjects were informed that each stage ended in each
round with a “10%” probability, but were not told the specific number of rounds the
experiment entailed.
Subjects were informed that the probability of success with high effort and low effort
might change from stage to stage, but were not told the specific parameters until the
respective stage began. We partitioned each session into three parts, with part 1 (stages 1-4)
entailing one of the treatments B, C, or D, part 2 (stages 5-6) with the baseline, treatment A,
and part 3 (stages 7-10) with the treatment played in part 1. The parameters were shown on
the computer display.
At the beginning of each stage, we provided subjects with an initial endowment of 8
experimental points. A high (low) investment cost 1 point (0 points). With each successful
investment a subject gained one progress step. The player with more (less) total progress steps
accumulated up to the end of that round was in this sense “ahead” (“behind”) then. This was
visually presented on the computer display with a “bar” showing their relative positions, as
well as labels showing the total number of steps made to date by each player in the pair.
Being ahead earned the leader a “high prize” worth 2 points; lagging behind earned the
follower a “low prize” of 1 point. These parameters implemented an R/c ratio of 0.5, with R
scaled up by 1.5 (i.e. R=0.5, –R+1.5=1 and R+1.5=2) to yield a per round equilibrium payoff
of 1.38±0.12 across treatments. In the case of a tie in total progress steps one subject in the
pair would earn the high (or low) prize with a 50% probability for that round. The conversion
rate was 1 euro per experimental point. Costs incurred and prizes earned accumulated within
stages, and were not carried across stages. Subjects were paid according to their earnings in
one randomly chosen winning stage, announced only at the end of the experiment.
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Subjects were randomly seated in the laboratory. Computer terminals were partitioned
to avoid communication by facial or verbal means. Subjects read the experimental
instructions and answered a control questionnaire before being allowed to proceed with the
tasks. The experimental instructions are in electronic appendix B. Experimental supervisors
individually advised subjects with incorrect answers in the questionnaires. Each session lasted
between 1 1/2 and 2 hours. Mean earnings were 15.87 euros per subject.3 Subjects were
privately paid and left the laboratory one at a time.

3.2 Experimental Results
3.2.1 Stylized Facts

We first give a picture of the data using descriptive statistics and univariate statistical
tests and then present the result of more reliable logistic regressions controlling for both
individual level and session level random effects.4 In what follows we label ‘high investment’
as ‘investment’ by a subject in a given round. Average investment in the experiment was
0.669, and did not vary much across treatments: it was 0.686 in the baseline treatment A, and
0.611, 0.706 and 0.683 in treatments B, C and D respectively. Students with an economics
background may have invested slightly less (ρ = -0.204, P < 0.06), while there is no evidence
of age or gender effects. Subjects did, in general, change their investment response as the
experiment progressed. Figure 1 plots average investment against experimental stage.
(Insert Figure 1 about here.)
Average investment seemed to decrease with experience. Spearman correlation
coefficients between round and stage were negative for all nine sessions (P < 0.005). In
moving from part 1 to part 3 (i.e., to experienced subjects that played again the same
treatment), average investment by subject increased for 18 subjects, was the same for 10
subjects and decreased for 62 subjects: overall in each and every session investment decreased
in moving from part 1 to part 3 (P < 0.005). However, while in part 1 average investment was

3

The monetary incentives provided in our experiment are substantial by East German standards. Our mean
payment of about 8 to 10 euros per hour is, for example, comparable to or higher than the mean wage of a
research assistant at Frankfurt-Oder.
4
Although this is an efficient estimation method that takes into account of the possible non-independence of
observations both at the individual level and at the session level, we have tried different specifications, and
believe that none of our key results are dependent on the specific estimation method. For example, very similar
results, found using a simpler logistic regression model with only individual fixed effects, are described in
Breitmoser et al. (2006).
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0.806, it was still equal to 0.605 in Part 3; furthermore, the stage 10 increase in average
investment, relative to previous stages, reduces the plausibility of the conjecture that
investment would drop much more if subjects were given even more experience.
Let o be the total number of successes of a player relative to the coplayer, so o = -k for
player 1 and o = k for player 2 in each race. In other words, o is a measure of relative position
by each player. Figure 2 plots average investment against o (for o in the range with most
observations, -3, …, 3): Table 1 employs a logistic regression model with individual level and
session level random effects with Investment as dependent variable (equal 1 when investment
1, else 0) and with Tie (=1 when players are tied, else 0), Leader (= 1 when the player leads
the race, else 0), Positive Gap (equal to o when positive, else 0), Negative Gap (equal to the
absolute value of o when o is negative, else 0), Stage (equal to stage number) and Round
(equal to round number) as independent variables.
(Insert Figure 2 and Table 1 about here.)
The results on Stage and Round are largely in line with the univariate analysis. In
treatment A, the Positive and Negative gap coefficients imply less effort the bigger the
relative gap between the players. In treatment B, a leader one step ahead may invest slightly
less than a follower one step behind, but as the lead increases the leader always invests more.
In treatment C, the leader invests less when she is one step ahead, the same when she is two
steps ahead, and more when she is three or more steps ahead. In treatment D, tied competitors
invest the most, with investment becoming smaller the larger the gap is; the leader tends to
invest more. Overall, there is a fairly robust across-treatment case for claiming that, the
greater the gap between R&D competitors, the lower the investment in R&D.
Is there a tendency for the market to become an R&D leadership monopoly? Figure 2
suggests that, for any given treatment and relative position, the average investment by the
leader is at least as large as that of the follower. While the regression analysis in Table 1
suggests instead that the answer is not positive for treatment A,5 it also implies that, in the
other treatments, the market does tend to become a R&D leadership monopoly as the gap in
relative position becomes large. To shed further light on this while controlling for individual

5

As in this treatment there were only two short stages of 6 and 4 rounds each, inferences on long run dynamics
should be read with caution, since large gaps in relative position could not be observed. Specifically, the relative
position coefficients appear driven by the single observation where a relative position gap of 4 was observed
between leader and follower, and where the follower engaged in high investment while the leader did not.
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propensities to invest,6 we ran Spearman correlations between investment and Positive Gap
and between investment and Negative Gap for each subject and treatment. It is then possible
to compare, for each subject, the two correlation values and see whether the Positive Gap
correlation is higher than the Negative Gap correlation. This would imply that, for any given
subject, as a follower she reduces high investment at a quicker pace than as a leader as the
relative gap in relative position increases. We find that this is not the case for treatment A,
whereas it is so for the other treatments (see Table 2).
(Insert Table 2 about here.)

3.2.2 Performance of the Best Reponse Models

We now check our data against the best response models described in section 2.
Rationalizability. We start by checking if behavior is consistent with some set of
beliefs about the coplayer’s actions, though not necessarily with MPE strategies. We expect
higher investment in states where high investment is rationalizable than in the other states. As
shown by Table 3, this appears to be the case, and is true for all sessions (P < 0.005).7
(Insert Table 3 about here.)
For all treatments but treatment A, rationalizable investments tend to cluster around 0
(with a bias towards leaders), and so the predictive power is unsurprising in the light of the
key stylized fact that investment tends to be higher with lower progress gaps. These results
are encouraging, but it should be noted that in two treatments out of four – including
treatment 1 where no high investment is rationalizable – agents still chose non-rationalizable
strategies over 50% of the times.
Equilibrium strategies. As shown in section 2, the unique MPE predicts low
investment in treatment A. It is also possible to estimate predicted average investment in the
other treatments: they are 0.212, 0.331 and 0.206 in treatments B, C and D. These values
show too little investment relative to the observed values in the 0.6-0.7 range. Overall, theory
predicts an average investment equal to 0.221. This is roughly only 1/3 of the observed value
(0.669). Furthermore, while the highest observed value is in the same treatment for which the
6

A limitation of this test is that it does not control for session level effects, but, as stated earlier, the regressions
in Table 1 do control for both individual level and session level effects. This test is just a simpler illustration of
the pattern that we observe in Table 1.
7
A similar statistical significance level (P < 0.001) was obtained in logistic regression models controlling for
session level and individual level random effects.
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largest investment is predicted (0.706), notwithstanding its prediction of zero investment
treatment A is not the treatment with the lowest investment. Even with the experienced
subjects of part 3, the observed average of 0.605 is way above the predicted value (0.238).
Since each player has two available choices in each round, we should expect a random
predictor to get it right 50% of the time. As shown by Table 4, the pure MPEs achieve a
performance comparable to that of a random predictor for inexperienced (i.e., part 1) subjects
in treatment C and for experienced (i.e., part 3) subjects in treatments B and C. In all other
cases, theory performs worse than chance.
(Insert Table 4 about here.)
This weakness in overall performance is confirmed by noting that MPE does better
than chance for 24 subjects, is tied in one case, and does worse than chance for 65 subjects. In
aggregate, MPE does worse than chance in all sessions (P < 0.005).
Next, we ask if the model correctly predicts the (array of) qualitative patterns across
conditions. In treatment A investment was neither low nor the lowest relative to the other
treatments. Only 2 subjects out of 90 complied with the model exactly; only another 2
invested high less than 20% of the times. Treatment B’s equilibrium has two features: (a)
investment as a function of relative position should be bimodal, with one peak in investment
by the leader and another peak in investment by follower; (b) the equilibrium should be
reflecting, meaning that, as we start from a situation of tie and we move from a gradually
more uneven race, the leader is the first to invest less on average relative to a follower. No
subject satisfies condition (a). Only 6 out of 30 subjects have a reflecting equilibrium pattern.
In treatment D we should also observe reflecting equilibrium behavior, but only 3 out of 30
subjects seemed to comply. As Table 2 shows, if anything treatments B and D provide the
strongest evidence of an absorbing equilibrium pattern, with followers reducing their
investment more quickly than leaders as the gap between the two increases, and the duopoly
tending to collapse into a R&D leadership monopoly. Finally, treatment C is the one treatment
where one should observe the strictly highest investment when players are tied (the model
predicts zero investment if players are not tied). Only 3 out of 30 subjects satisfy this
condition.
More generally, while the treatment parameters were chosen in such a way that we
should have observed very different behavior across treatments, the picture that we see
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emerging from Table 1 is one with a degree of robustness. There is a loose correspondence
between the fact that treatments B, C and D broadly predict high investment somewhere in the
region between o = -2 and +2 and the stylized fact from Table 1 that higher investment tends
to be observed when the gap between competitors is small. The details, however, do not
match.

3.2.3 Objective Functions with a Rivalry Motive

An unexplained stylized fact in our experiment is the prevalent over-investment. As
noted by Cohen and Levin (1989), other motives beyond strategic incentives to invest in
innovation may influence investment decisions, and Brenner (1987) discusses how a rivalry
motive can make competition desirable to increase R&D innovation. One may postulate that
the perpetual race setting elicits a competitive mindset in the minds of (at least some) agents,
making them wish to win the high prize more than they would purely on the basis of the
monetary payoffs (see electronic appendix C). By raising the revenue-to-cost ratio R/c, we can
model this, and as a consequence, predicted investment may approach realistic levels. If so,
then by controlling for payoff transformations we can indirectly identify rivalry concerns as a
motive of innovation behavior. To the extent that R&D teams might be more competitive than
purely egoistic players, an improved model should consider this explicitly.
A troubling feature of this exercise is noted in electronic appendix C, and is
unsurprising given the analysis in section 2: for a number of payoff transformations, equilibria
cannot be computed in the exact way described above. We focus on two well-differentiated
payoff transformations for which pure equilibria exist throughout: Transform 1 can be
obtained with R/c between 1.2 and 1.5, Transform 2 with R/c = 3.8 Transform 1 predicts high
investment for a gap between – 1 and 2 in treatment C, and for a gap o = 0, 1 in the other
treatments. Transform 2 predicts high investment for a gap between – 2 and 3 in treatment C,
and for a gap o = 0, 1, 2 in the other treatments. Table 4 compares the predictive success for
these models with that using MPE with R/c = 0.5.
High investment is predicted for more cases in the transformed models and so we may
expect better predictive power. Qualitatively, however, Transform 1 and 2 lose out on the

8

Unlike Transform 2, Transform 1 can be supported by negative spite parameters in the admissible range for our
additive payoff transformation, namely between 0.7 and 1.
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across-treatments variety of dynamic paths of MPE: they uniformly predict regions of high
investment clusters where relative progress gaps are not too large.9 Transform 1 average
investments values were 0.670, 0.539, 0.761 and 0.531 in treatments A, B, C and D
respectively (0.669 overall); the corresponding numbers for Transform 2 were 0.913, 0.752,
0.880 and 0.735 (0.803 overall) and, it will be recalled, 0.686, 0.611, 0.706 and 0.683 (0.669
overall) for the observed data. So the transformed models meet the primary target of hitting
average investment values much closer to home, although Transform 2 has a systematic
tendency of overshooting the target. Table 4 contrasts the empirical fit of MPE with that of
Transform 1 and 2. Transform 1 predicts roughly 2/3 of the choices (0.656), and Transform 2
slightly more (0.714). While these results are far from sensational, and may simply be a byproduct of fitting the key stylized fact of overinvestment, they do imply that the models
predict better than 50% chance success in all sessions (P < 0.005).
The strategic problem faced by the subjects can be summarized as follows. In all
cases, there exist unique equilibria in pure strategies, and these equilibria are symmetric.
Dominance arguments show that high effort is rationalizable only in a connected set of states
around k = 0 . In the most extreme case (treatment 1), high effort is dominated in all states.
Thus, equilibrium play can be expected under comparably weak epistemic conditions (MPEs
are technically simple, as they can be defined in terms of the Nash equilibrium concept).
However, our experimental observations cannot be organized by arguments of dominance or
equilibrium play. Even after accounting for the possibility of rivalry concerns, hardly any
evidence of a qualitatively accurate relationship between predictions and observations was
found.

4. Quantal Response Equilibria in Markov Strategies
4.1 Preliminary Remarks and Definition

The following analysis will relax the assumption of rationality. Instead of assuming
that subjects play best responses to their conjectures, we assume that their decisions are
quantal responses. The concept of quantal response equilibrium (QRE) has been introduced

9

We checked the rationalizability of high (and low) investment under Transform 1 and 2 for o = -5, … +5, and
found that rationalizability places even less constraints here than with the baseline model. Most notably, high
investment in treatment A is always rationalizable with both Transform 1 and 2. Additional details are in
electronic appendix D.
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by McKelvey and Palfrey (1995, 1998) for normal form and extensive form games (see also
Turocy, 2005).10 The basic idea is best described in terms of a decision problem. Suppose that
one has to choose between the actions a and b, which yield the payoffs π a and π b ,
respectively. Ceteris paribus, the probability that one chooses a is assumed to be increasing
in π a , and in addition, it is assumed that π a > π b implies that a is chosen with higher
probability than b . Most studies assume that the choice probabilities can be described by the
logit response function. In our example, the probabilities of the actions a and b would be
Pr (a ) =

exp(λ ⋅ π a )
exp(λ ⋅ π a ) + exp(λ ⋅ π b )

and

Pr (b ) =

exp(λ ⋅ π b )
exp(λ ⋅ π a ) + exp(λ ⋅ π b )

for a parameter λ > 0 . The higher λ , the higher the weight assigned to the more profitable
action. For λ = 0 , the actions are assigned a probability of .5 each.
Our paper is the first in the literature, to the best of our knowledge, to apply quantal
response to the choice of Markov strategies in (infinite-horizon) dynamic games. We now
provide a general framework, which will later be applied to our specific setup. The set of
players is N and the set of states is Ω . Typical entities are denoted i, j ∈ N and ω ∈ Ω .
Following the literature, we assume | Ω |< ∞ , and as a result, we will have to restrict the
above R&D model to meet this assumption (see below). In all states, all players act
simultaneously. The set of actions of player i in state ω is S i (ω ) , it is finite and possibly a
singleton, and the corresponding set of action profiles is S (ω ) = ×i S i (ω ) . Action profile s in
state ω implies that player i realizes the instantaneous payoff qi (ω , s ) . In addition, s
induces a probabilistic state transition, as described by the transition function

T (ω ) : S (ω ) × Ω → [0,1] . For example, the probability that s ∈ S (ω ) induces a transition
from ω to ω ' is denoted as T (ω )(s, ω ') . Note that this definition allows for terminal states,
i.e. ω is (stochastically) terminal if Σ ω 'T (ω )(s, ω ') < 1 . The players discount future payoffs
using the discount factor δ<1.
Strategies map all possible histories of actions to (mixtures of) actions, and Markov
strategies map the set of states to (mixtures of) actions. Markov strategies are denoted

10

For example, Goeree et al. (2002) combines QRE with risk aversion to organize their experimental
observations of overbidding in private value auctions, while Yi (2005) applies QRE to understanding
experimental data on the ultimatum game.
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σ i ∈ ×ω ∆(S i (ω )) . For instance, the probability that i plays si in state ω is denoted by
σ i (ω )(si ) . A strategy profile is a subgame perfect equilibrium (SPE) if it induces Nash
equilibria for all possible histories of actions, and conventionally defined, Markov perfect
equilibria (MPEs) are SPEs that can be represented as profiles of Markov strategies. Due to
the “one-shot deviation principle” (e.g. following Props. 5.7.1-3 of Mailath and Samuelson,
2006), however, a MPE is equivalently defined as a strategy profile σ where no player is
better off deviating unilaterally (in any state) conditional on all other actions (including the
continuation play of this player) being in accordance with σ . Formally, σ is an MPE iff

∀i ∈ N ∀ω ∈ Ω ∀si ∈ S i (ω ) : π i ,ω (σ ) ≥ π i ,ω (si , σ ) ,

(2)

using π i ,ω (σ ) as the expected payoff of i in state ω if all players act according to σ , and

π i ,ω (si , ω ) as the expected payoff of i in state ω if he plays action si in the current round
and acts according to σ i in all later rounds, in response to σ −i .
That is, σ is an MPE iff it is a Nash equilibrium of a specific normal form game. This
game has | N | * | Ω | players, one per state and player, and player (i, ω ) ∈ N × Ω has the
strategy set S i (ω ) . The payoff of (i, ω ) associated with the strategy si ∈ S i (ω ) in response
to σ is π i ,ω (si , σ ) , and σ is a Nash equilibrium (or, MPE) iff Eq. (2) is satisfied. This
representation of MPEs as Nash equilibria allows the computation of MPEs using homotopy
methods. Besides, this definition of MPEs is independent of the initial state, and most
importantly for our purpose, it is an adequate basis for the definition of Markov QREs. We
follow the literature in concentrating on logit QREs, i.e. on equilibria based on the logit
quantal response function (generalizations similar to McKelvey and Palfrey, 1995, are
possible). Given a parameter λ ∈ 0 , a strategy profile σ constitutes a (logit) Markov Quantal
Response Equilibrium (QRE) iff
∀i ∈ N ∀ω ∈ Ω ∀si ∈ S i (ω ) : σ i (ω )(si ) =

∑

exp(λ * π i ,ω (si , σ ))

exp(λ * π i ,ω (s 'i , σ ))
s ' ∈S (ω )
i

(3)

i

This definition is adequate in the sense that, as λ → ∞ , the limit points of Markov QREs are
Nash equilibria in the sense of Eq. (3). As a result, these limit points are MPEs of the dynamic
game, and the solutions for intermediate values of λ are their quantal response pendants Markov QREs.
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Central to the definition of Markov QREs is π i ,ω (si , σ ) , which is obtained by solving
a simple equation system. Given (i, ω , si ) and σ , the equation system can be defined as

L(i, ω , si ;σ ) × p(i, ω , si ;σ ) = r (i, ω , si ;σ )
using the terms defined in Eq. (4) below. It comprises | Ω | +1 equations, labelled

m1 ∈ Ω ∪ {x} , and a corresponding number of unknowns p m2 , with m2 ∈ Ω ∪ {x}. Using

(s i , σ )

to denote the mixed strategy profile where (i, ω ) behaves according to si and the

other players (agents) according to σ ,

⎧1 − δ T (m1 )(σ , m2 )
⎪− δ T (m )(σ , m )
1
2
⎪⎪
Lm1 ,m2 (i, ω , si ;σ ) = ⎨0
⎪1 − δ T (ω )((s , σ ), ω )
i
⎪
⎪⎩− δ T (ω )((si , σ ), m2 )

if m1 = m2 ≠ x
if m1 ≠ x, m2 ≠ x, m1 ≠ m2
if m1 ≠ x, m2 = x
if m1 = m2 = x

(4)

if m1 = x, m2 ≠ x

⎧⎪∑s∈S (m1 ) qi (m1 , s ) * ∏i∈N σ i (m1 )(si ) if m1 ≠ x
rm1 (i, ω , si ;σ ) = ⎨
if m1 = x
⎪⎩∑s∈S (ω ) qi (ω , s ) * ∏i∈N σ i (ω )(si )

with

T (ω )(σ , ω ') := ∑s∈S (ω )T (ω )(s, ω ') * ∏i∈N σ i (ω )(si )
as the probability of a transition from state ω to ω ' , given σ . Due to δ < 1 , the matrix

L(i, ω , si ;σ ) is invertible ( δ < 1 implies that it is diagonally dominant), and given the
solution vector p(i, ω , si ;σ ) , π i ,ω (si , σ ) is equal to p x (i, ω , si ;σ ) . Because of the
invertibility of L(i, ω , si ;σ ) and the consequential continuity of π , the existence proof of
QREs, Theorem 1 in McKelvey and Palfrey (1995), extends to Markov QREs with minor
modifications.

Proposition

Consider a dynamic game N , Ω, (S i ), (qi ), δ

and λ ≥ 0 . A strategy profile

σ satisfying Eq. (3), i.e. a logit Markov QRE, exists.
Define N = N × Ω , and for all j = (i, ω ) ∈ N , let S j := S i (ω ) . We also define

Proof:

(

)

u (σ ) = u j (σ )

j∈N

(

)

, where u j , s j (σ ) = π j s j , σ for all s j ∈ S j , and

σ

j ,s j

j

∑s ' ∈S
j

For all j ∈ N , σ

(

exp λ * u j , s j

(u ) =

j

(

)

exp λ * u j , s ' j
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)

is continuous on R j , and u is continuous on Σ . Hence, σ o u is
S

j

continuous on Σ , and by Brouwer's fixed point theorem, it has a fixed point. Any such fixed
point satisfies Eq. (3). QED

4.2 Applying the Markov QRE Framework to Dynamic Patent Races

In the race model investigated here, player i in state k has to choose between high or
low effort. As defined above, given a strategy profile τ , high effort yields Vi H (k ) and low
effort yields Vi L (k ) . Hence, player i should exert high effort with the probability

τ i (k ) =

(

)

exp λ ⋅ Vi H (k )
.
exp λ ⋅ Vi H (k ) + exp λ ⋅ Vi L (k )

(

)

(

)

Any strategy profile τ where this equality holds for both players i and all states k is
a Markov quantal response equilibrium (Markov QRE) for the respective parameter λ and
the logit response function. For λ → ∞ , the Markov QREs converge to MPEs, and, for all λ ,
Markov QREs exist (as shown above). As for the experiment Markov QREs can be computed
only if the state space is restricted, and for this reason, QRE predictions that are
computationally exact in the absolute sense cannot be obtained. In our computations, the state
space is restricted to k = (− 15, K ,15) , which implies that the predictions are “almost exact”
(i.e. sufficiently exact for all purposes) in the states that we observed in the experiment.
Details on the computations can be found in the electronic appendix E. Computations were
performed with the help of Gambit, a software package developed by McKelvey et al. (2007).
Figure 3 reports the probabilistic Markov QRE predictions for the four treatments, as a
function of λ and relative position.
(Insert Figure 3 about here.)

5. Markov Quantal Response Model Performance

Determining the goodness-of-fit of a QRE model is made difficult by the fact that the
model is probabilistic, and so the model does not predict an action deterministically but rather
the probability of an action in each case. Therefore, the predictive success of QRE cannot be
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measured by the proportion of actions it explains, which was how we measured the predictive
success of the best response models. A natural alternative is to use Selten’s (1998) quadratic
scoring rule to measure predictive success (defined as the Euclidean distance between
observations and predictions). It can be interpreted as a measure of the proportion of
explained variance of the empirical distribution of actions. Using this measure, we estimate
the QRE model (i.e. λ ) and evaluate it relative to the MPE prediction (as obtained for

λ → ∞ ).
In aggregate, we have 7920 observations, and the overall quadratic score for the model
is the sum of all the individual scores. The absolute score of the limiting MPEs (for λ → ∞ )
is 1620.86 and is best understood in relation to the maximal and minimal scores that a model
can obtain given our data. The best possible model predicts a mixed strategy that equates with
the observed relative frequencies of high effort, and the worst possible model predicts (with
probability 1) the least frequent observation in each state. The corresponding scores are Qmin =
-3916 and Qmax = 5147.147.
With respect to this range of possible scores, the normalized score of the limiting
∗
MPEs is QMPE
= 0.611 . In contrast, the estimated QRE model (λ = 0.841) obtains a score of

∗
4150.77, and normalized this score is QQRE
= 0.890 . This is a significant improvement with

respect to the limiting MPEs ( p = 0.004 in a two-sided Wilcoxon signed rank test with the 9
sessions as units of independent observations).
Adding a rivalry motive to the objective function by assuming u (π i ) = π i − β π j (β >
0 is a coefficient) can further improve the goodness-of-fit.11 The estimated model (λ=0.601,
∗
β=1.279) obtains a score of 4671.29, which corresponds to a normalized score QQRE
+ENV =

0.947. With respect to the plain QRE model, this constitutes another improvement
(p=0.004).12
(Insert Figure 4 about here.)
Figure 4 compares predictions with data. As before, considering a rivalry motive
increases predicted investment, although not quite by enough in Treatments C and to some
extent A. The predictive success of the QRE models in explaining up to 95% of the variance,
11

This corresponds to the “direct envy” specification of electronic appendix C. We have also tried other
specifications of the rivalry motive.
12
Limited depth of reasoning, instead, did not help (see electronic appendix E).

24
as measured by the quadratic scoring rule, appears to be primarily attributable to their ability
to closely track changes in investment as a function of the relative position: the model
predicts the largest investment when competitors are neck-to-neck, regardless of the strategic
context, which is what we observe in our data.
Why do the QRE models predict that investment is largest with neck-to-neck
competition? For small λ s (as estimated in our data), they imply that either action (high or
low investment) is chosen with positive probability. For example, if one’s best response is
low investment, the corresponding quantal response will assign a positive probability also to
high investment (although the best response action will be assigned the larger probability
weight). This resulting probability of high investment depends on λ and on the relative
payoffs of the two actions. Ceteris paribus, high investment tends to be most profitable in the
case of neck-to-neck competition, as one is closest to gaining or losing the lead then. For
example, assume that the best response is to exert low effort in all states; then the probability
weights that the quantal response assigns to high investment are higher in states closer to
k = 0 . If the best response is high investment, in turn, then the assumption of quantal

response induces a drop in the probability of high investment, but this drop tends to be lower
in states closer to k = 0 . Combined, the probability of high investment tends to ‘gain’ more,
or ‘suffer’ less, from assuming quantal response in states closer to k = 0 . Thus, quantal
response predicts more investment when players are neck-to-neck.13

6. Conclusion

Indefinite and stochastic R&D races with multiple prizes are a good description of
real-world R&D contests typically involving gradual innovations. We ran an experiment
where we examined behavior in four variants of such races, and considered a rivalry motive
and a quantal response approach as ways of understanding the empirical failures of “best
response” game theory predictions.
With theoretical predictions serving as benchmarks for what strategic behavior to
expect, we found that behavior was less context-sensitive than the theory predicted. In all our
treatments except the control treatment where low investment was always predicted,
When λ becomes large, however, then the interactions of the strategies in different states start to dominate the
reasoning underlying the equilibrium strategies. Turocy (forthcoming) shows that the limit of a convergent
sequence of agent QRE is a sequential equilibrium of an extensive form game.

13
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technological competition tended to evolve into a R&D leadership monopoly: a market
structure with an entrenched leadership and lower aggregate investment than if competitors
would remain neck-to-neck. This conclusion holds regardless of the other general empirical
finding that aggregate investment was, on average, higher than theory predicted.
Overinvestment may be influenced by a rivalry motive, but most of the discrepancy between
observations and predictions is explained by an assumption of quantal response as opposed to
optimal response.
In contrast to the sentiments cast by previous empirical studies, we conclude that
behavior in perpetual R&D races is largely not inconsistent with equilibrium reasoning. When
combined with a rivalry motive, the Markov quantal response equilibrium approach explains
around 95% of the variance in the empirical distribution of responses: neck-to-neck
competition stimulates R&D investment. Further research, for example varying the number of
R&D competitors, reconsidering modeling assumptions, and analyzing welfare and policy
implications, seems warranted.
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FIGURE 1
Average investment and experimental stage

Condition B (C, D) had treatment B (C, D, respectively) in stages 1-4 and 7-10 of the
experiment. Stages 5 and 6 always had treatment A.
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FIGURE 2
Average investment and relative position

Average investment as a function of relative position o, for o = - 3, …, 3.
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FIGURE 3
QRE predictions depending on λ and relative position

Average investment as a function of coefficient λ and relative position o, for o = - 3, …, 3.
The higher λ is, the lower the error rate by subjects. For λ = 0, subjects play randomly, hence
the lines start at 0.5; as λ increases, the lines move monotonically towards either high or low
investment.
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FIGURE 4
Observations vs. predictions in the four treatments

QRE: Markov quantal response equilibrium predictions, either baseline or where augmented
with a rivalry motive.
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TABLE 1
Logistic regressions of investment with multi-level random effects
Treatment A

Treatment B

Tie
Leader
Positive Gap
Negative Gap
Stage
Round
Constant
Log likelihood
Treatment C
Tie
Leader
Positive Gap
Negative Gap
Stage
Round
Constant
Log likelihood

β
-0.738
0.626
-1.762
-1.243
-0.228
-0.227
4.515
-432.251

t
-1.5
0.89
-4.48
-3.64
-1.11
-3.03
3.39

β
0.034
-0.669
0.12
-0.337
-0.116
-0.082
3.171
-1035.71

t
P
0.17 0.864
-2.81 0.005
1.55 0.122
-4.43
0
-5.83
0
-6.5
0
7.76
0

P
0.133
0.372
0
0
0.267
0.002
0.001

β
Tie
-0.123
Leader
-1.431
Positive Gap
-0.142
Negative Gap
-1.146
Stage
-0.107
Round
-0.081
Constant
0
Log likelihood -1013.312
Treatment D
β
Tie
1.402
Leader
0.424
Positive Gap
-0.297
Negative Gap
-0.401
Stage
-0.155
Round
-0.074
Constant
3.039
Log likelihood -938.737

t
P
-0.46 0.648
-4.89
0
-2.48 0.013
-7.1
0
-5.67
0
-6.3
0
0
0

t
P
6.48
0
1.71 0.088
-4.41
0
-4.94
0
-7.45
0
-5.24
0
6.03
0

Sample size: n = 900 (treatment 1); 2340 (treatments 2, 3 and 4). Regressions control for
session level and individual level random effects. P values provided are two-tailed.
TABLE 2
Do subjects as followers reduce investment more quickly than as leaders, as the gap between
leaders and followers increases?

Treatment
A
B
C
D

Leader's investment relative to follower's
as gap between two increases
Higher
Same
Lower
19
4
20
23
0
6
19
0
10
26
0
4

P
0.933
0
0.013
0

Subjects who are both leaders and followers at some point in a given treatment are included,
and Spearman correlations are computed between Positive Gap and investment and between
Negative Gap and investment. The table checks whether the (Positive Gap, investment)
correlation is higher, the same or lower than the (Negative Gap, investment) correlation for
any given. P values are computed using two-tailed Wilcoxon tests.
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TABLE 3
Percentage of high investment choices and rationalizability in the baseline model
Rationalizability
Treatment
of high investment
A
B
Yes
0.666
No
0.686
0.249

C
0.751
0.610

D
0.724
0.387

All
Treatments
0.711
0.563

Values are the percentages of high investment choices classified according to treatment and to
whether high investment is rationalizable in the baseline model. Low investment is always
rationalizable.
TABLE 4
Percentage of choices correctly predicted by the baseline model and the extended models
Treatment
A
B
C
D
Total
R / c ratio

Horner
Baseline
0.314
0.398
0.488
0.333
0.396
0.5

Transform 1 Transform 2
Model
Model
0.660
0.712
0.708
0.717
0.656
0.682
0.715
0.744
0.689
0.714
1.2-1.5
3

R/c ratio stands for revenue / cost ratio. The extended models are introduced in section 3.2.3.

