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Abstract
Multi-agent transportation simulations represent travelers as individual “agents,” who
make independent decisions about their actions. We are implementing such a simulation for all of Switzerland, which is composed of modules that model those decisions
for each agent, such as: (i) Route planner: Generates routes. (ii) Micro-simulation:
Executes routes simultaneously; computes agent interactions, leading to congestion.
(iii) Feedback: Iterates the above modules, resolving interdependencies. We discuss
the operation of these modules, and focus on improvements made to the feedback system, such as an agent “memory” that allows agents to choose among previously used
routes based on their past performance.

1

INTRODUCTION

During the last decades, simulation has joined theory and experiment as a third method
of scientific inquiry. In simulation a virtual version of the real world is reconstructed
inside the computer, and scientific and engineering questions can then be addressed
to that computational model. Simulation is a particularly appropriate method when
analytical theory alone has little predictive power, when controlled experiments are
costly or impossible, or when extracting measurement data from the real system is
costly or impossible. All three criteria are fulfilled in transportation science as well as
in socio-economic science in general.
In addition, a new method is particularly appropriate for the simulation of socio-economic
systems: the method of multi-agent or agent-based simulations. In these methods, all
entities of the system are represented as objects which have internal states and follow
individual rules. This is particularly appropriate for objects which have a complicated
internal structure and which all differ from each other. Again, this is true for transportation science as well as in socio-economic science in general, but it also encompasses
engineering objects such as adaptive traffic signals.
The emergence of the agent-based technique would not have been possible without the
emergence of modern computing. Rule-based code runs efficiently on modern PCs,
making the technology widely available. In addition, agent-based code runs efficiently
on modern parallel supercomputers, while it did not run well on more traditional vectorizing supercomputers such as Cray. This makes the jump in computational capabilities
even larger than, say, in computational fluid-dynamics. In consequence, it is now possible to perform agent-based simulations of large metropolitan areas with 10 7 or more
travelers.
The last decades have seen considerable progress in making agent-based simulation
technology applicable for transportation. Agent-based transportation simulation packages consist of many modules, including the traffic simulation itself, route generation,
activity generation, housing choice, land use evolution, freight traffic, but also traffic
management strategies. Most if not all groups concentrate on a subset of these modules.
The modules interact, and the interaction goes in both directions: for example, the
execution of plans leads to congestion, yet the expectation of congestion influences
plans. Any large scale transportation package needs to resolve this logical deadlock in
a meaningful way. Reality seems to approach the issue of feedback by a slow systemwide learning process: People pre-plan major pieces of their life (like when and where
they work) a long time in advance and normally only re-adjust small pieces of their
schedules when needed (1). More precisely, they pre-plan and re-adjust on many time
scales, where the time scale is related to the magnitude of the adjustment: workplaces
and home locations are re-adjusted on time scales of several years, while the decision
to make a detour to buy some ice cream may happen within seconds. In consequence,
a simulation system is faced with two challenges:
1. Modeling adaptation and learning on all time scales — In principle, a transportation simulation should simulate several thousand days in sequence, and
the decisions of the individual people should unfold on their particular time
scales as pointed out above. In particular, travelers should be able to replan
while en route. While this sounds simple in principle, it is difficult in practice,
because one wants to avoid a large monolithic software package and thus one
wants to separate the traffic flow simulation from the strategic decision-making
of the travelers. This becomes particularly relevant for parallel transportation
simulations, since now the strategic planning needs to be separated from the
traffic simulation also for performance reasons. This is not the topic of this
paper; see (2) for more information.
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2. Behavioral realism vs. fast relaxation — In practice, simulating several thousand days in sequence is difficult to do because of computational resource
limitations. It is also questionable if this would yield useful results without a
deep understanding of the learning dynamics. As a reaction to this, mathematical modeling of transportation scenarios, as well as of economics in general,
in the past has relied on the notion of a Nash or User Equilibrium (UE). As is
well known, in a UE no traveler can improve by unilaterally changing her/his
behavior. The advantage is that a UE prescribes a state of the system and it
does not matter how the computational system arrives at it — as opposed to
a realistic modeling of the transient learning dynamics. Today, we however
increasingly recognize that socio-economic systems do not operate at a User
Equilibrium point; for example, for the housing market it is assumed that the
system is permanently in the transients (3).
This second point is the focus of this paper. Our approach to the problem is to design a
framework which admits all the different views to the problem. That is, the framework
should as well converge to the User Equilibrium (assuming it is unique and an attractor
— this is a difficult discussion but again outside the scope of this paper) as it should allow for experimentation with different behavioral hypotheses. We entirely concentrate
on day-to-day replanning although our results will also apply to within-day replanning.
In particular, we will demonstrate that the introduction of an agent database, which
keeps track of agents’ past strategies and their performances, will greatly improve both
plausibility and robustness of the system.
Throughout this paper we use the term agent to refer to an entity within the simulation
capable of making decision about its actions (such as the route to take from point a to
point b). Since our simulation does not yet involve land use or other non-transportation
activities, an agent is presently equivalent to a traveler, a person using the transportation
network.
The structure of this paper is as follows: Section 2 gives a general introduction to
multi-agent simulations. This is followed (Sec. 3) by an overview of existing methods
to solve the dynamic traffic assignment problem, which is the example problem which
was used in our investigations. Section 4 describes the specific modules we are using
in this study. Section 5 introduces the traffic scenarios we are applying those modules
to. Following that, Sec. 6 describes some results from the day-to-day replanning of our
feedback system, which turned out to have some implausible implications. We continue
the section by describing some alterations we made to the feedback mechanism to try
to resolve the problems, and the results of those changes. Next we present in Sec. 7
the agent database, a completely different and more robust approach to solving the
problems encountered in the previous section. This section includes results from the
agent database approach. We finish with a discussion and a summary.

2

MULTI-AGENT SIMULATIONS (MAS)

Arguably, one can differentiate between five broad categories of simulation techniques:
(i) Particle simulations (e.g. molecular dynamics)
(ii) Discretized field equations (partial differential equations)
(iii) Cellular automata
(iv) Discrete-event simulations (queueing models)
(v) Multi-agent simulations (MAS)
There are situations where particles are considerably more complex and possess considerably more internal “intelligence” than in standard physics or engineering applications. Typical examples of such particles are humans, but one can also look at ants or
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adaptive traffic signals. Such particles can not be described by the methods (i)–(iv). A
viable method is however to use rules to describe such particles. Rules can be easily
encoded for computers, but they are difficult to treat using the methods of continuous
mathematics. For that reason, MAS is a recent method.
MAS can be seen as a very recent merger of techniques from two different disciplines: (i) Complex Adaptive Systems (CAS), and (ii) Distributed Artificial Intelligence (DAI). Influences to CAS are cellular automata (4), neural networks (5), classifier systems/genetic algorithms (6), and ant colony optimization (7). interaction of
many simple entities to produce complex behavior; in that sense, the CAS interpretation of a neural network would be that many simple neurons interact in order to produce
complex emergent behavior of the neural network. One direction of CAS research has
taken those complex entities composed of simple rules to again interact and thus form
higher-level emergent complex adaptive systems. An example for this are stock market
simulations using a different genetic algorithm for the simulation of each individual
trading agent (8).
In contrast, Distributed Artificial Intelligence (DAI) has concentrated on the internal
structure of individual agents. Recently, the interactions of several such agents has
received much more attention (9, 10). Somewhat simplifying, one can say that DAI
concentrates on the interaction of few relatively complicated agents, while CAS concentrates on the interaction of many relatively simple agents. Therefore, MAS, as a
combination of CAS and DAI, concentrates on the interaction of many, somewhat complicated agents.
MAS codes are best implemented using object-oriented programming languages, since
those languages allow the clean encapsulation of internal object structure and objectobject interaction. An early project in this direction is SWARM (11) based on ObjectiveC; a recent addition is RePast (12) based on Java. People interested in computational
performance will also consider C++.
With respect to transportation simulations, aspects of MAS are slowly entering the field.
Let us look at transportation planning. The traditional approach is the four-step process,
consisting of Trip Generation, Trip Distribution, Mode Choice, and Route Assignment
(e.g. (13, 14)). When looking at each of the individual modules, one recognizes that
they are supposed to describe human behavior, but they are formulated in terms of aggregated flows. For example, many mathematical formulations of the route assignment
problem allow flows to be continuous variables (14).
There are however considerable efforts to put transportation simulation on a better behavioral basis (see (15)). These efforts include for example activity-based demand generation (e.g. (16, 17)) and individual route-choice models (e.g. (18)). In addition, traffic
simulations which allow one to follow individual travelers (e.g. (19, 20, 21, 22, 23))
make it now possible to couple those behavioral demand generation models with plausible traffic dynamics, allowing for logically consistent feedback. For example, it was
difficult to consider departure time choice and the resulting activity scheduling problem with static route assignment models which cannot model peak spreading. Highperformance implementations of those simulations (e.g. (24, 25, 26)) allow the simulation of very large scale scenarios, with 10 million or more travelers simultaneously in
the system.
Looking further ahead, the agent-based representation is extremely amenable to methodological developments. For example, results from psychology (e.g. (27)), from experimental economics (e.g. (28), (29)), or from travel behavior research (e.g. (1)) can be
directly used for such simulations, without the need for further transformations into the
variables used by the simulation system. In fact, we are currently in the process of
implementing activity-based demand generation within the agent-based framework.
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3

DYNAMIC TRAFFIC ASSIGNMENT (DTA)

The problem considered in this paper is known as dynamic traffic assignment (DTA).
Given a set of travelers, all with fixed starting time, the task is to find plausible routes for
each traveler. In order to define “plausible”, one often makes the assumption that travelers should go towards a User Equilibrium (UE), where no traveler can arrive earlier at
his/her destination by changing routes. However, the UE formulation is a mathematical
construct; it is not the real problem that we want to solve.
The traditional approach to this type of problem is static assignment (e.g. (14)). In
static assignment, there are is no time-of-day; instead, trips between any given origindestination pair are assumed to occur at a constant rate. The advantage of the static
formulation is that a fair amount of mathematics is known about it, including a uniqueness proof for certain situations, which allows one to compare results even if they are
obtained with different methods.
Since the static assignment problem is non-linear, the methods to solve it are iterative
(e.g. (14)). One of the oldest solution algorithms is the Frank-Wolfe algorithm. An
interpretation of it is that the routes of a certain fraction of the population are re-planned
optimally based on the current link travel times. Those routes then replace the previous
routes of that part of the population. New link travel times are computed using the
new set of routes and the volume-based link travel time function. A critical issue is the
selection of the replanning fraction; it turns out that the Method of Successive Averages
(MSA), which means that the replanning fraction drops as 1/n where n is the iteration
number, guarantees convergence, albeit a slow one, to the correct (unique) solution.
Static assignment does not, by definition, model time-dependent dynamics correctly.
There are many ways to attack this problem, ranging from making relatively small
changes to static assignment (e.g. (30, 31, 32)), via so-called mesoscopic simulations (33,
20, 21, 34), to very detailed micro-simulations (19, 22, 35, 36).
Since much less is known about the mathematics of the dynamic problem (37), implementations often move to “learning algorithms” (13, 30) instead of the nonlinear
optimization methods used for the static assignment. In learning algorithms, the travelers search for better routes based on some kind of historic information; there are many
different ways of doing this. The learning algorithms typically no longer guarantee
any property of the solution (such as being a User Equilibrium), but in general one can
assume that they go towards a fixed point (if everything is deterministic) or towards
a steady state density (for stochastic systems if they are Markovian) (see, e.g., (38)).
Markovian means that the transition probabilities to the next iteration only depend on
the current iteration. If the stochastic systems are in addition ergodic, that is, each possible combination of routes can be reached by the iterative dynamics, then the steady
state density is unique (39). For certain non-traffic systems it has even been shown
that a best-reply dynamics leads to a User Equilibrium, an observation which connects
learning dynamics and optimization techniques.
Unfortunately, for large scale scenarios these properties are less useful than they sound.
Let us concentrate on stochastic systems. The problem essentially is that the relatively
small number of iterations that is typically done is by far not enough to come close to the
mathematical limit. Intuitively, with a plausible 10% replanning fraction, ten iterations
are necessary until everybody in the population had one chance to react to a change
in the system. However, every time someone finds a solution (a route) that was not
previously used, this counts as such a change and the ten “final” iterations need to start
over. A drastic version of this is called “broken ergodicity” (40), where the system can
remain in subregions of the phase space for very long times, in spite of being ergodic.
In practice, however, such problems with dynamic traffic assignment rarely occur and
simulations relax reasonably fast (41, 38). However, none of the currently known mathematics explains this nice behavior; maybe one can speculate that the dynamic problem
inherits some of the “niceness” of the static problem.
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Existing learning approaches to the dynamic traffic assignment typically only remember one route per traveler. Some approaches (e.g. (20)) use a probabilistic route choice
which is somewhat similar to our agent-based approach, but in general the thinking behind those methods is different: In those implementations, the assumption is that there
is some external module which calculates all options for each traveler, and then makes
a random weighted draw between these options (discrete choice theory, see e.g. (16)).
The external module needs to compute the utilities for each individual option. Since it
is not possible that all options have been previously tried out, the external module needs
to make assumptions about the option’s performance. This enters a possible cause of inconsistencies into the system, since those assumptions about system performance need
not be identical with actual performance. Such inconsistencies can for example arise
because of programming errors or modeling simplifications; our paper shows an example. In this paper, it will be shown how a truly agent-based representation of learning
makes all this considerably more robust.
An additional point is that for large scenarios it is not possible to compute all possible
options, and some usually heuristically selected subset needs to be used. In the discrete
choice approach, it would be the discrete choice module that selects that subset. In
our approach, the agents themselves determine that subset. Depending on the implementation, the difference may not be so large. However, in view of history-dependent
learning, for example with mental maps (e.g. (42)), the agent-based representation also
seems to be more robust here.

4

THE MODULES

The modules which are important for this study are the traffic micro-simulation, the
route generator (“router”), and the feedback mechanism, which controls the interaction
between the micro-simulation and the router.

4.1

Queue Micro-Simulation

As a traffic micro-simulation we use an improved version of a so-called “queue simulation” (43). The improvements are an implementation on parallel computers, and an
improved intersection dynamics, which ensures a fair sharing of the intersection capacity among incoming traffic streams (26). The details of the traffic simulation are not
particularly important for this paper; we expect many traffic simulations to reproduce
similar results. The important features of our simulation are:
• Plans following. The feedback framework generates individual route plans
for each individual vehicle, and the traffic simulation needs to have travelers/vehicles which follow those plans. This implies that the traffic simulation
needs to be microscopic, that is, all individual travelers/vehicles are resolved.
Beyond that, however, it does not prescribe the dynamics; everything is possible from smooth particle hydrodynamics (e.g. (20, 21)) to virtual reality microsimulations (e.g. (22)).
• Computational speed. We need to run many simulations of 24-hour days —
usually about 50 for a single scenario. This means that a computational speed
of 100 times faster than real time on a road network with several thousands of
links (road segments) and several millions of travelers is desirable. Our queue
simulation demonstrates that this is feasible.
• Congestion build-up and queue spillback. Although this is not a requirement
for the framework in general, the results of the present paper depend on the fact
that congestion normally starts at bottlenecks (i.e. where demand is higher than
capacity), but then spills backwards into the system and across intersections.
Once such congestion is there, it takes a long time to dissolve. The model
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should reflect this, and it should reflect the physical space that the queued
vehicles occupy in the system.

4.2

Router

In addition, we need a router, i.e. a module that generates paths that guide vehicles/travelers
through the network from a given origin to a given destination. In addition, the vehicles/travelers have starting times, and the router needs to be sensitive to congestion so
that it tends to avoid congested links.
The router we have used for the present study is based on Dijkstra’s shortest-path algorithm, but “shortness” is measured by the time it takes an agent to travel down a link
(road segment) in the network. These times depend on how congested the links are,
and so they change throughout the day. This is implemented in the following way: The
way a Dijkstra algorithm searches a shortest path can be interpreted as expanding, from
the starting point of the trip, a network-oriented version of a wave front. In order to
make the algorithm time-dependent, the speed of this wave front along a link is made
to depend on when this wave front enters the link (e.g. (44)).
That is, for each link l we need a function c l (t) which returns the link “cost” (= link
travel time) for a vehicle entering at time t. This information is taken from a run of the
traffic simulation. In order to make the look-up of c l (t) reasonably fast, we aggregate
over 15-min bins, during which the cost function is kept constant. That is, all vehicles
entering a link between e.g. 9am and 9:15am will contribute to the average link travel
time during that time period.

4.3

Feedback

Finally, we need the feedback mechanism to couple the router and the traffic simulation.
Initially, we feed the traffic simulation with plans based only on free speed travel times.
Every time a traffic simulation run completes, the router uses the simulation output to
update the travel-time (cost of utilization) associated with each link in the network.
After the router updates its view of the network, it generates new plans for a subset
(typically a randomly selected 10%) of the drivers, and the entire updated and merged
plan-set is fed back into the micro-simulation for another run. We repeat this process
as many times as necessary (about 50) until the system “relaxes”. Relaxation is as of
now not measured by a quantitative criterion, but via judging visualizer output. This
will eventually change.
Figures 1(a) and 1(b) illustrate the improvement in the system due to this iterative
scheme. Each figure shows a snapshot of vehicle positions in the Gotthard scenario,
described in Sec. 5. Figure 1(a) shows a snapshot during the initial (0th) iteration, three
hours after the simulation started. Congestion is not known in this iteration, so each
traveler assumes free speed travel times, and chooses a route as if it is the only driver in
the network. They all choose the freeways, and do not explore alternative routes. Figure 1(b) shows the same situation, but 49 iterations later. Here, the drivers have taken
into account the congestion caused by other vehicles on the roadways, so they use many
more routes.

5

THE SCENARIOS

The goal of our work is a full 24-hour simulation of all of Switzerland, including transit
traffic, freight traffic, and all modes of transportation. This will involve about 7.5 million travelers, and more than 20 million trips (including short pedestrian trips, etc.). A
more short-term goal is a full 24-hour simulation of all of car traffic in Switzerland. For
this, we will have about 4.5 million car trips. However, we have not yet met this goal
completely; current results refer to simulations of the morning peak only. Our network
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consists of 10 564 nodes and 28 622 links. This network is provided by the Swiss transportation planning authorities. Besides the standard attributes for geographical location
and length, the links have speed, capacity, and type attributes.
In order to test our modules and our framework, we use a so-called Gotthard scenario. In this scenario, 50’000 travelers/vehicles start, with a random starting time
between 6am and 7am, at random locations all over Switzerland, and with a destination in Lugano/Ticino. Although this scenario has some resemblance with vacation
traffic in Switzerland, its main purpose is to test the congestion dynamics of the microsimulation, and its interaction with the feedback framework. This will become clear
later in the text.
We have a second testing scenario, the 6-9 scenario, which is larger in scale than the
Gotthard scenario, but still smaller than our eventual goal. In this scenario, 1’000’000 travelers/vehicles drive typical morning rush hour trips beginning between 6am and 9am
throughout the Switzerland network. This is more realistic than the Gotthard scenario,
as it is based on real-world trip data, and can be compared to actual road count data
taken throughout Switzerland. The actual comparison is reported elsewhere (45). More
details about the origin of the input data can be found in (46).

6

LINK TRAVEL TIME FEEDBACK

Even within the framework as described above, there is considerable flexibility in how
to interpret the different pieces. One of these pieces is how to aggregate the link travel
times: While the traffic simulation generates link entry and exit times for each individual vehicle, the router needs link traversal times as a function of link entry time.
As pointed out above, these latter times also need to be aggregated in order to reduce
computational overhead.
One issue is whether to use link entry or link exit times as the basis for aggregation. The
way the router works, one would like the average travel time of all vehicles entering the
links during a specific period of time. In terms of simulation logic, this is awkward
since one needs to keep information about when the last vehicle belonging to such a
batch has actually left the link.
This issue can be addressed by “backdating” (47), that is, one calculates the respective
link entering times. For example, assume that the average link travel time for vehicles
exiting between 9 and 9:15 is 10 min, and the average link travel time for vehicles
exiting between 9:15 and 9:30 is 15 min. By backdating, one would arrive at the result
that all vehicles entering between 8:50 and 9:05 need 10 min, and all vehicles entering
between 9:00 and 9:15 need 15 min. This clearly leads to gaps and overlaps; piece-wise
linear functions can be used to interpolate between the periods.
In our approach, we separate the aggregation from the micro-simulation. That is, the
micro-simulation is asked to output event information every time a vehicle leaves a
link. A post-processing step then aggregates this data into the information needed by
the router.
For the post-processing, we use a pair of AWK scripts; AWK is a standard Unix tool
(named for the initials of its authors) that parses line-oriented input files while it also is
a fully programmable, C-like interpreted programming language. The first script reads
the events file produced by the micro-simulation, filters the events that relate to vehicles
entering and exiting links, and compiles them together into an intermediate file that lists,
for each vehicle, the time it entered and exited each link on its route. The second script
aggregates the output of the first script, to determine the average travel-time on the
links.
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6.1

Basic feedback

We ran the above setup with the Gotthard scenario. In this section we present the results
of that simulation.
For the following, we concentrate on an about 50 km × 100 km section north of Lugano.
For better exposition, the orientation of the plots will be rotated by 90 degrees, so that
Lugano now is to the right and the Alps are to the left. Fig. 1(c) shows snapshots of
the situation at 19:00 and at 20:00. These and all other snapshots are after 49 feedback
iterations. In general, the vehicles are jammed up because there are bottlenecks inside
Lugano.
The implausible feature of these plots is that there are traffic jams on the side roads
while the freeway is empty. Note that there is no en-route replanning, and so the planfollowing vehicles are stuck with their plans for the whole duration of their trips.
The problem was caused by the fact that the router will not react “fast enough” if traffic
is moving well at the beginning of the time bin, but not at its end. Cars that enter a
link at the beginning of the time bin will leave sooner than the router expects, but those
placed at the end of the time bin will leave later than expected.
As an example, suppose that the router is considering routing two agents A and B on
a link L during the time bin from 7:00 to 7:15. Suppose further that L is close to
free-flowing at 7:00, but is congested by 7:15. Also assume that its average travel-time
during this time bin is calculated to be five minutes. If agent A starts out on the link
near the beginning of the time bin, say 7:03, it has a clear ride and will be off the link
after, say, four minutes. If agent B starts out on the link closer to the end of the time bin,
say 7:10, it gets into that congestion and has a longer travel time, say nine minutes. The
result is that in the simulation agent A will be minute ahead of the router’s schedule,
while B will be four minutes behind schedule.
Overall, there are four cases:
1. Congestion building up, and vehicle early in time bin. Then the vehicle will be
faster than the router thinks. Since congestion is just building up, it will also
be faster in other parts of the system, thus amplifying the initial error.
2. Congestion building up, and vehicle late in time bin. Then the vehicle will be
slower than the router thinks. The vehicle will fall behind, and since congestion is building up, it will fall behind further in other parts of the system, thus
amplifying the initial error.
3. Congestion going away, and vehicle early in time bin. Then the vehicle will
be slower than the router thinks. By falling behind it will encounter less congestion, which will limit how much it falls behind.
4. Congestion going away, and vehicle late in time bin. Then the vehicle will be
faster than the router thinks. By being faster it will encounter more congestion,
which will limit how far ahead of schedule it is.
From this description it is clear that in particular the first two cases are a problem since
the dynamics tends to amplify the errors. In order to test our hypothesis, we describe
two modifications to the router in the following.

6.2

Offsetting the Time Bins

As a first possible remedy, giving the router an “early warning” about impending congestion build up is considered. This is done by simply offsetting all the time bin data
so that it is ahead of reality by one bin. This causes the router to use the 7:15–7:30
time bin information when it enters a link between 7:00 and 7:15. That way, it will
instruct agents to avoid congested links before those links actually get congested. It
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will also place more vehicles on links that are undergoing transitions from congested to
free-flowing at an earlier time. Based on the reasoning above, however, this situation
should not cause too much of a problem. – It turns out that this alone is not sufficient:
The system still allows the freeways to empty earlier than the side roads (not shown).

6.3

Maximum vs. Average Travel-Time

Another issue with the data used by the router is that it is an average of the travel times
experienced by the vehicles. As stated above, if the router under-predicts the travel-time
for an agent on a link during a time bin, that agent will be behind schedule. Instead of
giving the router an early warning, we alter the router’s view of the links so that it pays
more attention to the travel times of those vehicles who experienced congestion on the
links. In other words, we bias the link selection against congested links. The simplest
way to do this is to take the maximum travel-time experienced on each link during each
time bin, rather than the average. – Also this measure does not fix the problem: The
freeway still empties earlier than the side roads (not shown).

6.4

Combining Maximum Travel-Time and Offset Time Bins

Neither offsetting the travel times data, nor biasing it toward the maximum reported
travel time make the results plausible. As a next test, a combination of the two was
tried. That is, the system takes the maximum travel times instead of the averages, plus
it offsets the resulting travel times data by one bin. Figure 1(d) shows the output from
this result. As one can see, the side roads finally empty out before the freeway does, as
is plausible.

6.5

Conclusion

After enough analysis, “combining maximum travel-time and offset time bins” finally
solved the problem. One essentially had to greatly exaggerate the router’s view of the
links undergoing transition from free-flowing to congested regimes, so that it could react
in time to move travelers away from those links to avoid the congestion. This solution
was tailored for this specific problem, however. If there are other routing problems that
we discover at a later time, we may have to adjust our travel time reporting strategy
again. Such adjustments could conflict with the current method, bringing back the
problem of empty freeways with congested side roads. For example, we never looked
at routes for vehicles which are early within a time bin, the first of our four above cases.
We would like a more robust solution, which can work even if flaws exist in the router
or the feedback system.
In the next section we present an alternative solution to the maximum and/or offset
strategies, which moves away from adjusting the travel times reporting, to adjusting the
behavior of the travelers.

7
7.1

THE AGENT DATABASE
Concept

In the above methods, all agents forgot their previous plans when new ones were created, on the assumption that the new ones were always better than the old ones. But,
if the router is flawed, or not obtaining the proper information, this might not (always)
be true. So, we now give the agents a memory of their past plans (also called decisions
or strategies), and the outcome (performance of plans) of those decisions. We allow
them to choose their new route plan based on the performance of the route plans in their
memory. New, untested routes from the router iteration are given top priority, but if an
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agent has tried all of his/her plans before, then he/she chooses one by comparing their
performance values. For an early version of this approach, see (48).
By giving the agents a memory, we must give them a way to select remembered routes.
For a given plan — as a whole — we can find the total time taken to traverse the route.
This will be a measure of the performance of the route. This is also called the “score”
of the route strategy. Agents can compare scores of remembered routes, and choose
one based only on performance information, without knowing anything else about the
routes.
The idea here is that we do not need to fix the router to be perfect, as long as it generates
reasonable routes most of the time. We can use the original router and travel time
reporting strategies, and still get behavior that makes sense. An additional significant
advantage is that with our system, other performance criteria besides travel time are
easily implemented – one just needs to change the function that calculates the score. In
order for that change to be meaningful, one needs a router that generates at least some
routes which are “good” under the actual choice criterion that is implemented.

7.2

Implementation of the Agent Database

We introduce a database into the iteration framework to give the agents memory of their
plans. Currently, this database is implemented in MySQL, an open-source relational
database system (see www.mysql.org; SQL stands for “Standard Query Language,”
and is the language used to exchange data with the database server). Each time the
router generates a new plans file, those plans are added to the database, along with
the identifying number of their corresponding agent, and the starting time of the plan.
The database also stores, for each plan, the most recently measured travel time (score)
made by the agent for that plan; and a flag that, when true, marks the plan as being
the one used by its agent in the most recent micro-simulation. For new, untried plans
generated by the router, the travel-time is considered to be zero, and the agent is forced
to always choose that plan next. See Fig. 2(a) for an example of how the database stores
information. At this stage, the database allows each agent to choose a plan (explained
in more detail below), and updates the flags to reflect the new choices. These chosen
plans are output to the micro-simulation for another run.
After a simulation run is finished, its output is processed into link travel times for the
router, and a file containing each agent’s trip time. The latter is read into the database,
where it is stored together with the corresponding route-plan. At this point, the database
is ready for the next iteration, when the router will again generate a new set of plans
that must be entered into the database.

7.3

How Plans Are Chosen Based on Performance

An important detail left out of the above explanation is how the performance (total
travel-time) information is used by the agents to choose their plan for the next iteration.
Each agent a uses a logit model (16) to select option i:
e−β·Ta,i
P (Ta,i ) = P −β·Ta,i ,
je

(1)

where Ta,i is the travel time.
The value of β determines how likely it is that a “non-best” plan will be chosen. For
the Gotthard scenario, we chose the value of β so that about 90% of the agents would
choose their best possible plan. The corresponding value of β was 1/(360 sec).
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7.4

Results of Agent Database on the Gotthard Scenario

Figure 1(e) shows the results of using the original feedback method from Sec. 6.1 plus
the agent database, with plans selected as described above. As one can see, the freeway
problem is avoided when the agents have memory of their plans, without any other
changes in the router or in the travel time feedback. If the router starts putting too
many agents on the side roads, some will eventually try out an old plan that used the
freeway and find that it has a good performance, so will likely use that plan again. As
long as they remember one or more plans that utilize the freeway, the agents can decide
for themselves to use it, bypassing the side road choice of the router. Thus, the agent
database gives an added flexibility and robustness to the system, so that even with a
flawed router or feedback mechanism, the results come out satisfactorily. This value
of β we chose seemed to work well, but future work will likely need to explore the
outcome of other values for this constant.

7.5

Computational Speed of the Agent Database

Figure 2 shows several graphs relating to the execution time as a function of iteration
number for the important steps in the agent database feedback approach.
Besides for the Gotthard scenario, the agent database was also used for simulations of
the 6-9 scenario, as explained in Sec. 5. Further information about this, including a
comparison to static assignment results and to field data volume counts, are presented
elsewhere (45). The computational performance results for that study are included here.
Figure 2(b) shows the execution time for those feedback steps that are linear in time
based on their input size (O(n)). The number of plans in the database goes up by 10%
each iteration, and the execution time of these operations is going up linearly with the
iteration number (and thus the number of plans). So, we know that most of the database
operations scale up (essentially) linearly. This graph also allows one to compare the
results of the two test-cases, based on their problem size. The Gotthard scenario began
with 50’000 plans while the 6-9 scenario began with 1’000’000. By multiplying the
Gotthard execution times by 20, one can see those lines match with the 6-9 lines, further
supporting linear complexity.
Figure 2(c) shows some other operations (such as parsing the events files) that do not
have linear execution time, but mostly constant execution time (O(1)). These rely on
the amount of data produced by the simulator, such as the number of events.
Figure 2(d) shows the execution time (for the 6-9 scenario only) of different versions
of the output-travel-times operation, which requests the output of an agents’ travel-time
scores. In the “old” method, output-travel-times asked the database server to sort the
information by the agent and plan number. This took a long time within the database
(“output-tt w/DB sort”). This was improved significantly by asking the database for
unsorted data and then sorting it externally (via the Unix “sort” command). The corresponding execution times for database output and for external sorting are “output-tt
unsorted” and “sort-tt”. Even when adding up those two time contributions (“output-tt
+ sort”), they are still significantly less than with the original approach.
Figure 2(e) summarizes the other three graphs by depicting the contribution of each
operation to the total execution time of each iteration. In this figure, the results for
the Gotthard scenario are omitted for clarity. The main point of this figure is that,
excluding the microsimulation, the feedback process takes an average of about 2600
seconds (about 43 minutes) to execute for about 1 million agents.

8

DISCUSSION

The true potential of multi-agent simulations in the area of transportation science has
not yet been fully tapped. An important point of a true CAS method is that each agent
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has several different individual strategies, and that learning methods are applied to generate new strategies, either via crossbreeding of existing strategies or via innovation.
However, virtually no existing (large scale) implementation allows for multiple strategies per agent. Even TRANSIMS, which is based so much on individual intelligent
agents, in its default configuration does not exploit the potential of multiple strategies
per agent, although the design would allow it.
An open issue concerns the calibration and validation of agent-based techniques. There
are several related but separate issues:
• Verification that a code corresponds to its specifications. It has been our experience also in other projects such as in climate simulations that this goal is difficult to achieve in practice. Also, as one has seen in this paper, even code fully
corresponding to specifications can give implausible results. Formal proofs of
correctness have now become possible for medium-sized projects (B. Meyer,
personal communication), but are relatively expensive and possibly incompatible with a research environment. Still, some process of verification and “code
freezing” should be eventually implemented.
• Calibration means that the parameters of the model were adjusted so that
they match some given set of data as well as possible. In our case, the microsimulation is (by definition and via some testing) fully calibrated against the
input data that it uses. The routing model uses the normatively declared timedependent fastest path. And the feedback mechanism uses a heuristic 10%
learning rate, which yields fast relaxation but has no additional justification.
• Validation means that the calibrated model is used for some real world problem and compared to some field data, preferably against field data that has not
been used for the calibration. We have in fact done such a study for traffic in
Switzerland, where realistic OD matrices were fed into our system and the resulting volumes for the morning rush hour were compared against reality. The
details of this go beyond the scope of this paper and can be found in Ref. (45).
The overall result was an average relative error of less than 26%. This was better then the results of an assignment model that was used for comparison, and
interestingly this result came out although the OD matrices were calibrated to
optimize the assignment result against the counts.
In general, it is our belief that validation of agent-based models should be in the field,
not on synthetic or reduced scenarios. A good way, in our view, would be to have
international competitions as they are common in other fields of science. Such a competition would be organized around major infrastructure changes. It would give access
to all possible input data to the scenario, the predictions would be submitted before the
infrastructure change is executed, and after the infrastructure change the predictions
would be checked. Although each individual competition would have a strong random
component, one would expect that in the long run the better methods would produce
the better results.

9

CONCLUSION

The purpose of this paper and this study is to demonstrate that for multi-module transportation simulations, not only is the functionality of the single modules important,
but also how they interact. In particular, an agent-based implementation of the interfaces between the modules is capable of correcting for artifacts in the modules. An
agent-based representation means that travelers are considered as agents, which have
a memory of different strategies and their respective performances. In general, they
chose the strategy with the best performance, but from time to time re-try one of the
other strategies just to check if its performance is still unchanged. Also from time to
time, new strategies are generated and added to the pool.
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In this particular example, we apply this approach to route feedback for dynamic traffic assignment. The problem was that the router uses aggregated feedback information
from the micro-simulation, and that this aggregation with most plausible algorithms
lead to artifacts in the resulting traffic. Specifically, the router under-estimated long
distance travel times, leading to the fact that the router assumed the existence of congestion for later parts of the trip while in fact the congestion was long gone. This resulted in travelers using the side roads where the freeway would have been much better.
The use of the agent data base solves this problem without any changes in the router.
That is, even when the router consistently generates faulty plans, the agent database
approach will compensate for this as long as at least some of the routes are plausible.
The approach was implemented using MySQL as a data base, and AWK as scripting
languages. The agent database was then applied to a simulation of the morning rush
hour of “all of Switzerland”. The results of this are reported elsewhere (45).
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FIGURE 1: (a)–(b): Example of relaxation due to feedback. (a) Iteration 0 at 9:00
— all travelers assume the network is empty. (b) Iteration 49 at 9:00 — travelers take more varied routes to try to avoid one another. (c)–(e): A freeway and
side roads with the different travel time feedback method at 19:00 (left) and 20:00
(right). (c) Original method. The side roads contain many vehicles while the freeway contains very few or none. (d) Combined offset time bins with maximum
travel time strategy. The side roads are finally empty, while the freeway now contains vehicles. This is what is expected from the scenario. (e) Agent database
method. As with method (b), the side roads are emptying, while the freeway contains vehicles. This shows the agent database is a robust solution to the freeway
problem.
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FIGURE 2: (a) Example tables in the agent database. The “agent” and “plan num”
fields are combined into the primary key for all three tables. The “plan” field of
the plans table contains a text string consisting of link identifiers and other information that the router outputs.(b) Execution times of the linear-time feedback
steps. (c) Execution times of the constant-time feedback steps. (d) Execution times
of output-travel-times, with internal and external sorting. (e) Execution time contributions of all steps.
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