
of a1. This is fairly restrictive, as it suggests that every agent needs
to be visible to every other agent.

We can do better by introducing an information flow analysis.
We only require that, for each non-local effect assigned to agent,
that effect is computed using only information from agents visible
to the one being assigned. However, this property depends on the
values of the agents, and cannot (in generally) be inferred statically
from the script. Thus it is infeasible to exploit this property in
general.

However, there is another way to invert scripts in the phase of
visibility constraints. Suppose the visibility constraint for a script
Q is a distance bound, such asd(x,y) < R. If we relax the visibility
constraint for the script in the proof of Theorem 2 tod(x,y) < 2R,
then the proof carries through again. We state this modified result
as follows:

THEOREM 3 Let Q be a query script with visibility constraintV .
Let V ′ be such thatV ′(x,y) if and only if ∃zV (x,z)∧V (z,y). Then
there is a scriptQ′ with only local effects such that[[Q]]V = [[Q′]]V ′ .

PROOFSKETCH. The proof is similar to that of Theorem 2. The
only difference is that we have to ensure that the increased visibility
for Q′ does not cause the weak references in a script to resolve to
agents that would have otherwise evaluated toNIL . In the construc-
tion of Q2, we use local constants to normalize the expressions so
that any agent reference in the original script becomes a local con-
stant. For example, suppose each agent has a fieldfriend that is a
reference to another agent. If we have a conditional of the form

if (friend.x - x < BOUND) { ... }

then we normalize this expression as
const agent temp = friend;
if (temp.x - x < BOUND) { ... }

We then wrap these introduced constants with conditionals that test
for visibility with respect to the old constraints. For example, the
code above would become

const agent temp = (visible(this,friend) ?
friend : null);

if (temp.x - x < BOUND) { ... }

wherevisible is a method evaluating the visibility constraint and
evaluates toNIL in the monad algebra. Given the semantics ofNIL ,
this translation has the desired result.

C. DETAILS OF SIMULATION MODELS
This section describes the simulation models we have imple-

mented for BRACE single-node performance and scalability ex-
periments.
Traffic Simulation. Traffic simulation is required to provide accu-
rate, high-resolution, and realistic transportation activity for the de-
sign and management of transportation systems. MITSIM, a state-
of-the-art single-node behavioral traffic simulator has several dif-
ferent models covering different aspects of driver behavior [54].
For example, during each time step, a lane selection model will
make the driver inspect the lead and rear vehicles as well as the av-
erage velocity of the vehicles in her current, left, and right lanes
(within lookahead distance parameterρ) to compute the utility
function for each lane. A probabilistic decision of lane selection
is then made according to the lane utility. If the driver decides to
change her lane, she needs to inspect the gaps from herself to the
lead and rear vehicles in the target lane to decide if it is safe to
change to the target lane in the next time step. Otherwise, the vehi-
cle following model is used to adapt her velocity based on the lead
vehicle. The newly computed velocity will replace the old veloc-
ity in the next time step. Note that if the driver cannot find a lead

Lane Change Frequency Avg. Density Avg. Velocity
1 8.93% 7.42% 0.007%
2 5.57% 10.38% 0.007%
3 7.67% 9.38% 0.007%
4 21.37% 19.72% 0.007%

Table 2: RMSPE for Traffic Simulation (LookAhead = 200)

or rear vehicle withinρ, she will just assume the distance to the
lead or rear vehicle is infinite, and adjust the velocity according to
a free-flow submodel.

One note is that since the MITSIM implementation hand-coded
nearest neighbor indexing for accessing the lead and rear vehicles
for performance reasons, its lookahead distance actually varies for
each vehicle. In our reimplementation we fix the lookahead dis-
tance to 200 and apply single-node spatial indexing. In order to
make sure this implementation difference does not generate drasti-
cally different aggregate driving behavior, we validate consistency
of the MITSIM model encoded in BRASIL in terms of the sim-
ulated traffic conditions. We compare lane changing frequencies,
average lane velocity and average lane density with the segment
length 20,000 on both simulators. The statistical difference is mea-
sured by RMSPE (Relative Mean Square Percentage Error), which
is often used as a goodness-of-fit measure in the traffic simulation
literature [10]. The results for all these three statistics are shown
in Table 2. We can see that except for Lane 4’s average density
and changing frequency, all the other statistics demonstrate strong
agreement between the two simulators. This exception is due to
the fact that in the MITSIM lane changing model drivers have a
reluctance factor to change to the right most lane (i.e., Lane 4).
As a result there are only a few vehicles on that lane (56.33 vehi-
cles on average compared to 351.42 on other lanes), and small lane
changing record deviations due to the fixed lookahead distance ap-
proximation can contribute significantly to the error measurement.
Fish School Simulation. Couzin et al. have built a behavioral fish
school simulation model to study information transfer in groups
of fish when group members cannot recognize which companions
are informed individuals who know about a food source [13]. This
computational model proceeds in time steps, i.e., at each time pe-
riod each fish inspects its environment to decide on the direction
which it will take during the next time period. Two basic behav-
iors of a single fish are avoidance and attraction. Avoidance has the
higher priority: Whenever a fish is too close to others (i.e., distance
less than a parameterα), it tries to turn away from them. If there
is no other fish within distanceα, then the fish will be attracted to
other fish within distanceρ > α. The influence will be summed and
normalized with respect to the current fish. Therefore, any other in-
dividuals out of the visibility rangeρ of the current individual will
not influence its movement decision. In addition, informed individ-
uals have a preferred direction, e.g., the direction to the food source
or the direction of migration. These individuals will balance the
strength of their social interactions (attraction and avoidance) with
their preferred direction according to a weight parameterω.
Predator Simulation. Since both the traffic and the fish school
simulations only use local effect assignments, we designed a
new predator simulation, inspired by simulations of artificial soci-
eties [30]. In this simulation, a fish can “spawn” new fish and “bite”
other fish, possibly killing them, so density naturally approaches an
equilibrium value at which births and deaths are balanced. Since
effect inversion is not yet implemented in the BRASIL Compiler,
we program biting behavior either as a non-local effect assignment
(fish assign “hurt” effects to others) or as a local one (fish collect
“hurt” effects from others) in otherwise identical BRASIL scripts.
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