Road Rage: Boundedly Rational Learning and Enforcement
via Simulated Annealing

by Roger A. McCain

Classical game theory assumes that agents always choose optimal strategies and
assume that other agents in the game also do so. However, agood deal of experimental
evidence (as well as common sense) suggests that people are not so perfectly rational and
only learn by experience to choose optimal strategies, if they do so at all.* Much evidence
from experimental game theory is consistent with the idea that agents choose strategies
probabilistically, but assign to each strategy a probability commensurate with the success
the agent has had with that strategy in the past.? This would lead to a probabilistic Nash
equilibrium, (Mailath) in which each agent chooses strategies with probabilities
commensurate with the success of those strategies, given the probabilities with which
other agents choose strategies.

Thisinvites computer simulation, for three reasons: first, because the problemis
complex enough that an analytic solution islikely to be difficult or too abstract to be
useful; second, because transient phenomena may be important determinants of long-term
tendencies, and simulation admits of studying the transient processesin detail, while
analytic solutions for final equilibriado not, and third, because there is alarge literature
and experience in simulating probabilistic processes that we are able to draw on.

However, agent-based simulation models in economics tend to follow the same
broad tradition, assuming that agents maximize utility, even if they do it imperfectly.

Examples may be found in simulations that assume boundedly rational and imitative



learning. A number of papers have studied imperfect imitative learning as a utility-
increasing activity (e.g. Dawid, McCain 2000). Some studies of imitative learning have
taken account of the tendency of people to imitate others who are "near" them in some
sense (e.g. McCain 2000, Bala and Goyal). As Axtell observed, however, imitation may
not be utility-increasing and may be motivated quite differently. Indeed, as McCain
(1992) observed, imitation may lead to destructive and self-destructive behavior, as in
road rage.

Experimental evidence suggests that real decisions may arise from a variety of
motives, including altruism (Levine) simple conformism (Bikhchanandi, Hirschliefer,
and Welsh), a sense of common identity (McCain 1992; van der Heiden et. al.), and
fairness (Rabin) in the sense of reciprocity (Sugden; Berg, Dickhaut, and McCabe;
McCabe, Rassenti, and Smith; Hoffman, McCabe and Smith; Shefrin and Triest; Fehr,
Kirchsteiger, and Reidl). This multiplicity of motives lends itself to an "impulse-filtering"
model (McCain, 1992) which would generate a probabilistic choice function (Mailath;
Erev and Roth; Chen, Friedman, and Thisse). It seems appropriate that agent-based
simulation studies might incorporate some of these more "realistic" aspects of human
behavior, and probabilistic choice models, in which the probabilities may be influenced
by more than one sort of motivation, supply a simple framework for such a pluralistic
approach.

In many studies, hypotheses based on rational (utility-increasing) motives give
rise to positive statistical tests, but other sorts of hypotheses, such as epidemiological
ones, also fit some of the data well. McCain (1992) proposes a model of choice behavior

designed to reconcile these observations. In that model, decisions are set in motion by



random impulses. The decision to act on an impulse or not are determined by a series of
probabilistic filters, any one of which may suppress or transform the impulse. Rational
decisions arise from the action of a "cognitive filter," but there may be other filters, such
as filters of conformity, reciprocity, or obsession. Moreover, the cognitive filter is
fallible, and may be less effective if e.g. the individual is aroused.

This paper reports simulations of a population of semi-rational agents playing a
simple aggression-retaliation game. The agents are modeled along lines suggested by the
impulse-filtering model, and in particular arousal is allowed for. The agents learn optimal
behavior, if at all, only through experience with boundedly rational learning. Simple as
this model is, it may be used for policy assessment. To illustrate this, we explore the
rationale and implications of a law enforcement strategy to reduce the number of road
rage incidents.This policy -- implemented by the Washington State Police in 1998
(Watson) -- focuses primarily on penalizing aggressors, not retaliators. Simulations of

such a policy with and without arousal are compared to the no-enforcement case.

L earning Optimal Strategy Choice and Simulated Annealing

Thus, we propose to simulate choices made probabilistically, with probabilities
influenced but not determined by considerations of increasing utility. Simulated
annealing (Goffe, Shaffer and Small, Wu and Wang) has promise here. Simulated
annealing has been used in numerical optimization where the objective surfaceis
complex so that conventional optimization algorithms (such as Newton-Raphson

methods) may become "trapped"” in local optimathat are considerably inferior to the



global optima. As such, simulated annealing is considered an aternative method to
genetic algorithms.

The ssimulated annealing algorithm is simple, and is a'so known as the "metropolis
process.” The systemisinitialized in arandomly chosen state. At each step the current
state is compared with arandomly chosen alternative state and AE, the change in the
value to be maximized or minimized, is calculated. (For this economic application we
focus on maximization). If AE is positive, the system is shifted to the new state which
becomes the current state, asin any hill-climbing algorithm. However, if AE is negative,
then the system is shifted to the new state with probability exp(AE/T) where T isa
parameter, and kept in the current state without change with a probability of 1-
exp(AE/T). This (generaly small) probability of jumping to a state that is inferior to the
current one is what makes it possible for the algorithm to escape from local optima and to
find the global optimum with good reliability.

As the name suggests, simulated annealing is based on annealing in mechanics, a
process that roughly minimizes the energy (irregularity) of ametal. Thus, the parameter T
may be read as the temperature; T isaso known asthe resist. In all cases of annealing --
simulated or actual -- the temperature or resist is gradually reduced, so that the stability of
the system increases as it approaches its optimal state. But our knowledge of the
appropriate rate of decrease of temperature is empirical, and the optimal control of T is
not understood. Figure 1 shows the probability of anegative step asit varies with the size

of the step for T values of 100 (light gray) 10 (dark gray) and 1 (black).
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Figure 1. Probabilities of Utility-Reducing Choice with Three Resist Values

For present purposes, however, smulated annealing needs to be adapted in

severa ways.

a) Learning by experience. In the optimization applications, the objective

function value for each stateis, in effect, known in advance. By contrast,

boundedly rational human beings must learn by experience the payoffs from the

different strategies that they may choose.

b) Errors of two kinds. The metropolis process allows the agent to choose

anew state with alower objective value with some probability, but never to fail to

choose the new state if it has a higher objective value. This probably makes for

more reliable optimization, but real human beings do sometimes fail to adopt

potential improvements, so the adapted process should alow for this.



¢) Non-sdlf-interested motives. In that AE is adifference of utility or
payoffs, some changesin the process may be required to introduce non-self-
interested motivations such as altruism, reciprocity, and conformism.

To meet some of these issues, we modify the process by allocating probabilities
among them in such away that p, isthe probability that alternative 1 will be chosen, p,is
the probability that aternative 2 will be chosen, for application to 2x2 game examples.
The probabilities are calculated in two steps. In the first step, the agent recalls his past
average utility experience for alternative i and comparesit with his past average utility
experience with each of the other. Then E is computed as the difference between past
average utility for i and the past average utility of the alternative. In place of exp(AE/T)
we than compute exp(AE/T+In(g/(1-9))). The parameter g is the probability that a new
state will be chosen if there is no difference between the values of the objective function
in the new state and the old. This givesriseto a probability curve like Figure 2, which
should be contrasted with Figure 1. In Figure 2, g is 0.9 and the "temperature,” or resist,
is0.5. Thus the probability of choosing state 1 isno lessthan 0.9 if the state 1 is better

than state?.
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Figure 2. Probabilitiesfor a Model Allowing Two Kindsof Errors

Clearly, for the large value of the resist, the probabilities are roughly equal over a
wide range of A, while for the smallest value of the resist, the choice is nearly
determinate except for very small A. For a dichotomous choice the default value of g
would be 0.5, so that, with no experience of difference between the outcomes of the two

aternatives, the agent would choose them equiprobably.

A Measure of Specialization

We will be interested in the tendency of agentsto specialize in the "better" choice
or strategy. Accordingly, we will need a measure of agent specialization. Since the choice
is seen as being probabilistic, it lends itself to an entropy measure. The entropy of a
probability distribution is N=-Zp,In(p,) where p, is the probability that portal i will be
chosen and In denotes the natural logarithm. (Since the logarithms are negative, the

overall measureis positive). Entropy is an inverse measure of concentration of the



probabilities, and thus of specialization. Entropy is at its maximum when each alternative
is chosen with the same probability and is zero when one portal is chosen with

probability one. For a dichotomous choice maximum entropy is 0.69. In the simulations,
we will measure specialization by inverse entropy, 1/N, which will take a minimum value
of 1.44 for a dichotomous choice and a maximum value of infinity.

Thismodel of probabilistic choice and learning was tried in several baseline
simulations, involving non-interactive polychotomous choice and severa well-known
two-by-two games in normal form. These simulations confirm that optimal strategies are
learned and the learning evolvesin ways that differ dightly according to the mixture of

motivesin the game.

L aw Enforcement and Subgame Perfection

"Road rage" isakind of aggression-retaliation "game" and susceptible to analysis
in terms of game theory. Since it involves a sequence of action (by an aggressor) and
retaliation (by the victim) "road rage" callsfor analysisin terms of sequential games and
subgame perfection, which is the standard of "rational" behavior in such games. These
concepts will be sketched intuitively in terms of the ssimplified "road rage" game shown
in Figure 3.

The figure shows that the potential aggressor, A, first decides whether to aggress
or not. If he does not, we follow the arrow indicated by "don't," and the aggressor getsa
payoff of 5 while the (potential) victim's payoff is 10. If the potential aggressor chooses
"aggress,”" the victim chooses whether to retaliate or not. If the victim does not retaliate,

then the aggressor gains with a payoff of 10 versus 5 for the victim. However, if the



victim chooses "retaliate," both parties|oose 20. These numbers are realistic only in the
gualitative sense that the aggressor has something to gain if there is no retaliation, but

that the losses in case of retaliation are greater than anything anyone has to gain.

- 20, - 20

Figure 3. " Road Rage" in Extensive Form

The criterion of "rationality” in such agame is "subgame perfect equilibrium.
(Selten) " Subgame perfection” reflects the common idea that the past cannot be changed,
and that arational person will make decisions that reflect this fact. Thus, at each stage,
the decision-maker chooses the highest payoff, taking whatever has gone before as given
and unchangeable. Thus, in particular, the victim of aggression must choose between a
payoff of +5, for nonretaliation, and a payoff of -20 for retaliation. The rational choiceis
nonagression. (If the participants do not expect to interact repeatedly in the future, asin
the anonymous face-offs of highway traffic, there is no benefit from gaining a reputation

asa'"retaliator.") But the potential aggressor can anticipate this choice, and thus knows



that the payoff of aggression (against arational victim) is 10 rather than 5. Thus
aggression isthe rational choice and (agress, don't retaliate) is the "subgame perfect
equilibrium™ for this game.

It is abit more complex than thisif some participants are not rational or if
rationality must be learned. In that case, the potential aggressor has to judge whether the
probability of facing an irrational or naive victim who will retaliate is offset by the gains
from aggression in case the victim acts rationally. In this game, with a frequency of
irrational retaliation less than 16.67%, aggression remains the subgame perfect strategy at
the first stage of the game.

"Rationality” isimportant from the point of view of enforcement. In this game,
aggression per se raises no efficiency issues’ although it may raise issues of justice.
However, retaliation leads to efficiency losses. Thus, prevention of retaliationisa
particular focus of enforcement. However, legal penalties for retaliation may not be
effective. Penalties shift the payoffs -- the rational determinants of actions -- to make
retaliation more costly. However, retaliation by its very nature is costly enough that it
will not be rationally chosen, which suggests that the penalties are likely to be ineffective.
Thisisarationale for the Washington State policy. A sufficient penalty on aggression
would make non-aggression the subgame perfect strategy at the first stage, and thus
eliminate the occasion for socially costly retaliation. Penalizing aggressive behavior isthe
enforcement strategy that corresponds to the assumption of universal rationdlity. In a
population of mixed "rational,” naive and irrational agents, we have a reasonable hope
that the rational component of aggressive behavior at least could be eliminated, thus

reducing the frequency of both aggression and retaliation.
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The Road Rage Game Simulation

The Road Rage game was initially tested in a ssmple random-matching model
with a population of 1000 and without spacial differentiation, arousal, or non-self-
interested motivations. On each round of play 100 matches took place. In each round, an
agent chosen as random was a potential aggressor and chose between the strategies
"aggress' and "don't aggress." A potential victim was also chosen at random but had to
choose a strategy only if the potential aggressor chose "aggress.” In that case the victim
chose between "retaliate” and "don't retaliate.” While clearly the subgame perfect
equilibrium is "aggress, don't retaliate,” some experience would be required to learn this
equilibrium. Initially, with no experience to draw on, agents choose both strategies 50-50.
Moreover, after every 100 matches, agents were selected at random with a 0.03%
probability, and re-initialized -- forgetting whatever experience they might have had and
resetting the agent's resist value to the starting value.

We do observe some convergence toward equilibrium behavior on the part of the
victims of aggression. Figure 4 shows the evolution of the proportion of victims who
retaliated in three hundred sessions of 100 matches each, in simulations with five random

number seeds. The five random number seeds were color-coded as shown in Figure 5.
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Figure 4. The Proportion of Victimswho Retaliated in 5 Families of Simulations
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Figure5. Color-Coding for the 5 Families
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We see that the proportion of retaliators declines over the first 100 sessionsto
about 0.06, and thereafter remains steady on the average despite a good deal of
fluctuation. The average for all five ssimulations for the sessions from round 101-300 was
6.13% of incidents of aggression, with a standard deviation of 3.34%. This incidence of
retaliation is entirely a consequence of forgetting: in simulations without forgetting, the
rate of retaliation drops to zero. However, with forgetting at 1%, the rate of retaliation
from 101-300 was 14.4% of retaliators, with a standard deviation of 5.05%. The rate of
retaliation that balances the expected value of aggression against that of nonaggression is
0.1667, so with forgetting at 1%, retaliation closely approximates the balanced game --
the incentive to choose either an "aggressive" or "nonaggressive” strategy isdlight, in
such acase.

With retaliation at about 6%, however, it would seem that there is plenty of
incentive for arational agent to aggress. Looking at the results we see some, but a
distinctly limited tendency in that direction. Figure 6 shows the proportion of agents

choosing "aggress' over the 30000 plays.
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Figure 6. The Proportion of Aggressors

The different random seeds are coded as before. We see that, after an initial dip,
the proportion of aggressors rises so that a distinct majority are aggressors -- 0.5428 of
agents are aggressors in the last 100 sessions, with a standard deviation of 0.0543 -- but it
is clear that many agents are failing to learn the subgame perfect equilibrium, which calls
for 100% aggression at the first stage. This datum is not highly sensitive to the rate of
forgetting. Table 1 shows the average proportion of retaliators and of aggressors for

selected rates of forgetting.
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Table 1. Aggression, Retaliation, and For getfulness

retaliators S.D. aggressors  S. D.
forgetting = .003 6.13% 3.34% 54.28% 5.43%
forgetting=.005 8.75% 4.03% 53.67% 5.31%
forgetting= .01 14.4% 5.05% 48.85% 4.86%

Nevertheless, thereis aclear utility gain for the first-stage player, the potential
aggressor. The evolution of the average utility for the 300 sessions of 100 games each is
shown in Figure 7, with, once again, forgetting at .003. Enough equilibrial interactions
take place so that the utility of the average first-stage player rises above the payoff to
nonaggression. Indeed, the average net payoff to aggression isusually positive. It is
shown for the five simulations in Figure 8. This s the difference between the expected
payoff to aggression and that to non-aggression by agents. While the differential reward
isat its highest in the first 50 sessions, it remains positive on the average and averages
2.88 for the last 200 sessions in all five smulations. Why, then, isthere so little
aggression? The differential reward is an average of two kinds of outcomes -- successful
aggression, with a payoff of 10, and aggression with retaliation, with a payoff of -20.
Agents who try aggression early and acquire a negative experience may never again try
the experiments that would lead to a growth in the experience of positive payoffs that
would reverse their experience.

Accordingly, we look at the proportion of agents who, having been chosen as
potential aggressors, have experienced negative utility from aggression on the average, in
the past. Thisis shown if Figure 9. The random seeds are coded as before. We see that,
after the first 50 sessions, a mgjority of agents have negative average utility from earlier
adventures in aggression. For the last 200 sessions, the average proportion of first-stage

agents with negative prior experience is 60.56% with a standard deviation of 4.88%.
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Figure 8. The Average Net Payoff to Aggression
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Apparently the low convergence to the subgame perfect equilibrium reflects the
persistent effects of bad experiences with aggression in early stages when naive
retaliators are quite common, and subsequent encounters with forgetful retaliators. If the
agent has only alittle experience, and a high resist value, the probability of aggressionis
significant even if past experienceisagainst it -- "habits' have not yet been formed. But
on the other hand, if the agent has enough experience so that the resist is quite small, the
probability of a utility-decreasing choiceis small, and to many potential aggressors,
aggression appears on experience to be a utility-decreasing choice. In the words of my

Pennsylvania-Dutch mother, "once burnt, twice shy."
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Figure 9. The Proportion of Potential Aggressorswith Bad Memories of Aggression
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It is, then, forgetting that causes retaliation but memory that limits aggression. It
may be of some interest that these results deviate from rational self-interest (that is,
subgame perfect equilibrium) in ways that suggest reciprocity. That is, retaliation is
present when it makes the agent worse off, while aggression is limited beyond the extent
justified by the real risk of retaliation. But, in fact, the agents simulated here have no
reciprocity motives. Instead it isimperfect cognition, in the form of forgetting bad results
on the one hand and remembering them and letting them inhibit exploration on the other,

that produce the result.

Arousal

In al the ssmulations reported thus far, learning is driven by increasing utility. In
the impulse-filtering approach, "increasing utility" isidentified with the "cognitive filter,"
but it is argued that the "cognitive filter" may be less effective when the individual is
aroused. Arousal is readily modeled in the adapted simulated annealing framework used
here. In the adapted simulated annealing model, the individual will choose the "better"
aternative with a greater probability, but the distribution function depends on the resist
("temperature") and is flatter when the resist is greater, as shown by Figure 1. While the
general tendency of the "annealing” processis to reduce the resist, arousal would increase
it, corresponding to the general notion that the person who is aroused is "hot" and
therefore unpredictable.

In applying thisto the road rage game, we first situate the agentsin a"line
automaton,” a cellular automaton of just one dimension. That is, each agent is Situated at
one point of acircular space of 1000 points. The agentsin the four spaces on either side
of a particular agent constitute that agent's "neighborhood.” Agents become aroused when

one of their neighborsisavictim of aggression. That is, when agent i is the second player
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in arandom match and the first player chooses aggression, then the resist is increased by
acertain proportion for playersi-4, ..., i+4.

Asusual, five series of simulations were run with the same five random number
seeds as before. Arousal made some difference in the performance of the simulations.
Figure 11 showsthe average resist or "temperature” over all agents and all five families
of simulations, in the simulations with as opposed to those without arousal, as they
evolved over 500 steps of 100 games each. The average for ssmulations without arousal is
shown in solid red, and the average for ssmulations with arousal is shown by the cross-
hatched black curve. The resist declined more slowly and stabilized at a higher value with

than without arousal. Since a higher resist or "hotter temperature” means less predictable
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Figure 10. The Resist with and without Arousal

behavior, we might expect to see both more irrational behavior (retaliation and failure to
aggress) and more learning in later stages of the simulation. These would tend to offset

one another.
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However, thisisonly partly realized. Figure 11 shows the average evolution of
the proportion of incidents giving rise to retaliation for the ssmulations with and without
arousal. As before, the simulations without arousal are shown in solid red and those with
arousal in discontinuous black. On the whole, there islittle difference. It may be that the
learning problem for victimsis just simple enough so that rationality is learned despite
the arousal. Figure 12 shows the evolution of incidents of aggression with the same
framework. We see that there is somewhat less aggression in simulations with than in
those without arousal. Noting that aggression isrational in this game, less frequent
aggression is consistent with less rational behavior in the presence of arousal. Aswith
retaliation, thereislittle difference in the convergence of the two groups of simulations to
the stable utility maximum of 7.5 for both agents. On the whole, then, arousal makes little
difference in the results of the basic model, but does retard somewhat the tendency of

potential aggressorsto learn that it is rational to aggress.
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Figure 11. Incidents of Retaliation With and Without Arousal
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Figure 12. Proportion of Incidents of Aggression

Enforcement

We now consider simulations in which there is law enforcement along the lines
suggested by the policy of the Washington State Police. Agents who choose the strategy
of aggression are, in some cases, stopped and fined 100. Of course, it is not possible to
penalize every aggressor, and we expect that the effect of the policy will depend on the
frequency of enforcement. We compare four sets of simulationsin which aggressors are
penalized with a probability of 0.005, 0.01, and 0.05, and in which thereis no law
enforcement. In these simulations, we do not have arousal .

We would expect to see enforcement have an effect on the rate of aggression.

Thisisshown in Figure 13. This plot shows the average rate of aggression in four series
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of simulations, each series comprising five simulations with five random seeds, as it
evolves over 500 periods of 100 plays each of the game. The average for simulations with
no enforcement is shown in black; for simulations with enforcement at probability 0.005
in red, for simulations with enforcement at probability 0.01 in green, and with
enforcement at probability 0.05 in blue. We see that enforcement at relatively low rates
has some but relatively little effect relative to no enforcement, while enforcement at 0.05
resultsin a qualitatively different behavior, an overall decline in aggression. This reflects

the subgame perfect equilibrium: with the probability of retaliation at about 0.06,

0 100 200 300 400 500

Figure 13: The Probability of Aggression in Twenty Simulations -- Averages by
Probability of Penalization

aggression continues to be subgame perfect at a probability of punishment under about
0.035. Thus, at lower rates of punishment, law enforcement retards the rate of learning of

subgame perfect strategies, which isin any case slow and incomplete; at higher rates it
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switches the subgame perfect equilibrium, and crossing that "tipping point” leads to
gualitatively different behavior.

Since retaliatory behavior is not punished by law under this policy, we would
expect little impact on the probability that victims retaliate in cases of aggression. Thisis
borne out by the observations reported in Figure 14, with the four series of simulations

coded as before.

— average - 3
— 2 — 4

Figure 14: The Conditional Probability of Retaliation in Twenty Simulations --
Averages by Probability of Penalization

The objective of the policy isto affect the number of incidents of retaliation. This
depends both on the probability of aggression and the probability of retaliation given that
aggression does occur. Since we know that one component of the product is affected by

the occurrence and frequency of enforcement and the other is not, we may anticipate the
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result shown in Figure 15, which is coded as before. We see avisible difference between
enforcement at .05 and the other cases. In fact, there is a dlight difference among the no
enforcement case and the cases of enforcement at .005 and .01. The average
unconditional rates of retaliation, during the last 10,000 plays of the game, for the four
cases were as shown in Table 2. If we were to perform conventional statistical tests on
these nonrandom data, we would judge the differences among the first three

nonsignifigant.
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Figure 15: The Unconditional Probability of Retaliation in Twenty Simulations --
Averages by Probability of Penalization

Table 2. Unconditional Probabilities of Retaliation by Enfor cement Regime

case no enforcement 0.005 0.01 0.05
rate of retaliation 0.0375 0.0347 0.0323 0.0170

Aswe would expect, thereis little or no difference in the rates of learning among
the four series of simulations, and this series will not be shown.

The convergence of the average utility for the four series of simulationsis shown
in Figure 16. Here we see lower stable utility levels for the cases with law enforcement,
and the utility is lower as the frequency of punishment rises. In part, thisis unsurprising.
The utilities here are those of the players in the game, and so are net of the finesimposed
on those who attempt aggression. If the fines replace some taxes in financing public
goods, then there would be an offsetting benefit from the public revenue through fines.
Moreover, recall that the subgame perfect behavior is Pareto-optimal, so that offsetting

efficiency gains are limited to the reduction in retaliations, while retaliation in later (near
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equilibrium) plays of the gameisin any case very uncommon. Further yet, the cost of
retaliatory behavior in this version of the gameis slight by comparison to both the gains
from aggression and the penalty. Nevertheless, this difference points up a fundamental
social dilemma, the problem of any benevolent authority, which isillustrated by the well-

known dilemma of monetary policy against inflation. If the penalties imposed were not
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Figure 16: The Convergence of Utility in Twenty Simulations -- Aver ages by
Probability of Penalization

fines but some non-transferable disutility -- for example, the if the emotional discomfort
of the traffic stop were substantial relative to the fine -- so that the penalties were a net
loss, then the efficiency of penalties for aggression would be subject to serious question.
Asthe next stage, aparallel series of simulations was conducted with arousal.
Arousal was treated as before, with one qualification. As before, an act of aggression

leads to arousal on the part of all the neighbors in an eight-person neighborhood in the
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line automaton; however, in addition, alegal penalty also creates arousal in the
neighborhood of the person penalized.

As before, the model with arousal behavesin away that is qualitatively similar to
its behavior without arousal. Accordingly, we will limit our attention to the differencesin
the last 100 sessions, that is, the last 10000 matches. Table 3 shows the rate of aggression
in eight series of ssimulations -- four with, and four without aggression, and with no
enforcement or enforcement at three different rates.

Table 3. Rate of Aggression by Enforcement and Arousal
no enforcement 0.005 0.01 0.05
without arousal 0.63 058 054 033
with arousal 0.61 057 053 031
Table 3 supports two immediate conclusions. First, arousal makes very little difference
to the results. Second, that dight differenceisin the direction of less aggression. Itis
striking that thisis true even in the case of enforcement at the rate of 0.05, for which

nonaggression is subgame perfect. Table 4 compares the rate of retaliation conditional on

an act of aggression being chosen.

Table 4. Conditional Rate of Retaliation by Enforcement and Arousal

no enforcement 0.005 0.01 0.05
without arousal 0.0595 0.0595 0.0594 0.0522
with arousal 0.0581 0.0610 0.0625 0.0639

We see that, in the absence of arousal, there is essentially no relationship between the rate
of enforcement and the conditional rate of retaliation; but with arousal the rate of

retaliation increases with the rate of enforcement! This may reflect two changes. Recall
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that retaliation is never subgame perfect, and consequently all incidents of retaliation are
attributable to bounded rationality, i.e. either to forgetting or to arousal. Recall also that
law enforcement activity increases arousal. Thus law enforcement can increase retaliatory
activity. Second, victims learn only in cases in which aggression actually takes place. To
the extent that the enforcement is successful in reducing incidents of aggression, learning
non-retaliation is retarded. Since arousal aso retards learning on the whole, these effects
may reinforce one another.

Since the policy is directed toward reducing the total number of incidents of
retaliation, Table 5 shows the proportion of al matches that led to retaliation in the eight

series of simulations.

Table 5. Unconditional Rate of Retaliation by Enforcement and Arousal

no enforcement 0.005 0.01 0.05
without arousal 0.0375 0.0347 0.0323 0.0170
with arousal 0.0355 0.0345 0.0330 0.0195

Once again, the first conclusion is that arousal makes little difference. The second
conclusion is a bit more complex. With arousal, the increase in the conditional rate of
retaliation at higher enforcement levels somewhat offsets the reduction in the rate of
aggression with higher enforcement, so that there is a bit more retaliation with arousal
than without at the highest rate of enforcement. Nevertheless, enforcement at 0.05
reduces the number of retaliatory incidents by 45% in the presence of arousal and by 55%

in the absence of arousal, relative to no enforcement at all.
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Concluding Summary

These simulations have explored the learning of equilibrium in agame in which
aggression is subgame perfect but retaliation is not, and used these explorations for a
tentative assessment of law enforcement strategy with respect to road rate. The results
suggest a mixed conclusion with respect to the application of subgame perfection. First,
there is some tendency to learn the subgame perfect strategies, but the rates of learning
differ for the two roles of aggressor and victim. With forgetfulness, victims' strategies
stabilize at an equilibrium level within about 10,000 to 15,000 matches, while aggressor's
strategies continue to converge through 50,000 matches and convergence still seems
incomplete at that point. This slow convergence seemsto reflect along-lasting influence
of rare events of retaliation on the learning of potential aggressors: "once burnt, twice
shy." It seems that the subgame perfection of aggression is a more difficult learning
problem than that of nonretaliation. The resulting relative scarcity of acts of aggression
might, if it were observed in areal human population, be interpreted as a result of
altruism or reciprocity, but there is no altruism nor reciprocity in these simulations, so the
result is attributable to boundedly rational learning. When arousal is introduced, these
tendencies are only slightly retarded.

Thus, in application to law enforcement, the subgame perfection criterion needs to
be used with some care. Nevertheless, we find that it does predict the long-term trends as
they vary with rates of enforcement of the penalty for aggression, in comparable
sequences of simulation with varying rates of enforcement. In particular, only if the rate

of enforcement is high enough so that nonaggression becomes subgame perfect will the
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tendency toward aggression and retaliation be qualitatively effected. In other cases,
penalization of aggressive behavior only retards the tendency of potential aggressorsto
learn the subgame perfection of aggression. Thus, subgame perfection should indeed be
used in assessing law enforcement policies, but with an understanding that it describes
the long-term tendencies of experienced subjects and short-term responses may be

relatively dlight.
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Notes

! For a witty survey of the issues, see The Economist.

A survey of some recent literature is available from the author on request.
’ What the aggressor gains is no less than what the victim loses, so either allocation is
Pareto Optimal -- but even if that is not true, e.g. if the payoff to a successful aggressor is
9 rather than 10, the losses due to retaliation can be of a greater order of magnitude than
those from aggression per se, e.g. manslaughter as against a few seconds’ delay in traffic.

Thus the game analysis focuses on losses due to retaliation.
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