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ABSTRACT

Reproducibility is a well known problem in Agent Based
Modelling. Most approaches to this problem replicate
the original updating strategy but this leaves open the
problem of results being “artefacts” of the specific up-
dating strategy. We propose new synchronous updating
algorithms that can be applied to Agent Based Mod-
els. Employing different updating strategies can show
results are independent of any specific strategy. A C++
framework has implemented that allows different updat-
ing strategies to be applied in Agent Based Models, in-
cluding novel algorithms for synchronous updating. Us-
ing this framework the original results of Sugarscape are
reproduced and Sugarscape is shown to be robust with
respect to asynchronous and synchronous updating.

INTRODUCTION

An Agent Based Model (ABM) is one where individ-
uals (agents) within the system and their interactions
are explicitly represented. Global properties are not ex-
plicitly modelled but emerge from the local interactions
between agents. The asynchronous approach to simu-
lating ABMs is espoused in (21). This paper distin-
guishes between Synchronous Updating (SU) and Asyn-
chronous Updating (AU) and defines the differences be-
tween them. The SU approach is defined as having a
global clock that synchronises the updating of all agent
states so that all updates occur in unison. AU ap-
proaches, on the other hand, have no global clock and
updates of agent state do not occur simultaneously. In
effect agent interactions are applied sequentially in some
random order. There are various approaches that de-
termine how this random ordering is decided (7). It
has been demonstrated that AU and SU implementa-
tions of the same simulation can result in widely differ-
ing behaviours. Today AU is used almost exclusively
in ABM and Agent Based Social Simulations (ABSS).
This leaves ABM open to the suspicion that its results
might depend on the updating strategy used. We pro-
pose that when reproducing ABM/ABSS both AU and
SU strategies be tried and compared, as done with Cel-

lular Automata (CA) based simulations (3, 1). Results
shown to be independent of the updating strategy used
are more robust than those only demonstrated with one
specific updating strategy. We produced a framework
that implements many different updating strategies in-
cluding new SU algorithms. These SU algorithms can
handle the full range of interactions that occur in ABM.
The practicality of these algorithms is demonstrated by
using them to implement Sugarscape. Although issues
with reproducing the results of Sugarscape have been
reported (4) we show that the properties of Sugarscape
are robust with regard to the updating strategy. In the
next section we look at the updating strategies used in
ABM and the differences between them. In section three
we review different approaches to the replication prob-
lem in ABM and attempts to implement SU in ABM.
Section four gives a brief overview of our framework. In
Section five we show results suggesting that Sugarscape
is robust to the type of updating strategy used. Finally
we finish with a summary of our conclusions and briefly
state how our work will progress in the future.

UPDATING STRATEGIES

Synchronous simulations are defined as those in which
all the agents are updated simultaneously and instanta-
neously at each time step. Each step is a discrete quan-
tum of time and the simulation progresses as a sequence
of discrete states, one per time step. The state at step
n is dependent solely on the state at step n − 1. The
best known simulation of this type is Conway’s Game of
Life (13). The AU model, on the other hand, is imple-
mented by choosing an interval of time small enough so
that at each step at most one individual agent is chosen
at random to interact with its neighbours. During this
update, the state of the rest of the system is held con-
stant. The procedure is then repeated throughout the
array for each agent in turn. Using AU, (33) developed
a synchronous simulation of the Spatial Iterated Prison-
ers’ Dilemma and showed that the simulation generates
chaotically changing spatial patterns, in which cooper-
ators and defectors both persist indefinitely.(21) used
AU on the same simulation to instead show that the
simulation always evolves, within 100 generations into
a steady state where all agents become defectors. Thus
we have two clearly contradictory results deriving from
the application of the same rule and differing only in



the updating technique. (6, 31) claim that AU is more
realistic (i.e. more closely resembles the real world).
Similarly (7) claims that synchronous behaviour is rare
in the real world . There is not universal agreement
on these points with (10) countering that AU is suit-
able only for instantaneous events which do not occur
in biological systems. (36, 34) shown that the precise
ordering used by AU affects the outcomes as well. (34)
states this is often ignored in ABM even when show-
ing results are reproducible. It has become standard
practice to use AU for ABM and ABSS. AU has been
adopted as standard by the major agent toolkits such as
NetLogo, Repast, Mason and Swarm (32, 29, 2). ABSS,
such as (9)’s Sugarscape, assume AU. The ability to ex-
ecute a sequence of agent actions in a random order, an
essential part of AU, forms part of the (35) StupidModel
, a suite of models designed to test the suitability of
any toolkit for ABM development. The preference for
AU has been accentuated by a lack of synchronous al-
gorithms that can handle the complex interactions that
occur in ABM. This contrasts with Cellular Automata
(CA) based simulation where, because the interactions
are simpler SU algorithms exist. For example, CA-based
Simulations of traffic flow, a real world system, employ
SU (5) as standard. It is not uncommon to see CA
based simulations employ both updating methods and
comparisons made from the results as in (3, 1). Even
in CA (14) states that the effects of the two updating
techniques are not well understood. It is clear that the
case for choosing AU over SU has not been convincingly
made and, given that the outcomes of a simulation can
depend on the approach taken, we need to take updating
strategies into account when reporting results. An ap-
proach similar to that used in CA should be used where
different strategies are used and the outcomes compared.
We have produced new SU algorithms that can be em-
ployed on ABM and ABSS. These new SU algorithms
provide modellers with the ability to run AU and SU
based ABMs side by side for comparison.

RELATED WORK

The replication problem is simply stated: although sim-
ulations are developed in quantity and their results peer
reviewed and published it has proven difficult for re-
searchers to replicate these results: (18, 38, 8). Given
the nature of ABM, where behaviour is defined in terms
of simple agent interactions it might appear that repro-
ducing an ABM defined by another researcher is easy
but it has proven difficult. If we wish to check that the
published results are accurate we must re-implement the
simulation ourselves, seldom an easy task. If our results
do not match the original we cannot be sure which im-
plementation is correct. Modellers need to provide a
clear and precise description of the model to work from.
There have been a number of attempts to overcome
these problems but none have been completely success-

ful. If the published results of a simulation cannot be
replicated then we can have little trust in these results.
Overview, Design concepts and Details (ODD) (15, 16)
is a protocol for specifying Individual Based Models
(IBM). ODD was introduced to overcome shortcomings
in published IBM definitions, specifically the issue that
IBM are not specified precisely enough to allow for repli-
cation of the simulations. The ODD protocol consists
of three blocks (Overview, Design concepts and Details)
divided into seven sections:Purpose; State variables and
Scales; Process overview and scheduling; Design Con-
cepts; Initialisation; Inputs and Submodels. (12) has
criticised ODD for not being formal enough. ODD has
been extended by (17) who added an algorithmic model
to specify the behaviours in the IBM .
(8) concluded that we cannot trust simulation results
that have not been replicated. They illustrate this
by taking a published simulation model and produc-
ing two independent implementations of it. They com-
pared the results of their independent implementations
against the original to find differences. The process of
re-implementing a model is called model alignment. Fol-
lowing from the conclusion of (8) that experimentation
is the only route to verification, (38) list two closely re-
lated approaches: Re-implementation where the model
is rewritten following the original authors instructions
and Alignment or Docking where a conceptually identi-
cal model is produced using different tools and different
methodologies.
(20, 19, 18) identified the problem as belonging to the
entire computational science field. The proposed solu-
tion is to produce executable papers, termed ActivePa-
pers. That is, published papers will, as well as con-
taining the usual text, also contain the full simulation
model, executable code, source code, etc. all in the cor-
rect formats in a single HDF format. A similar proposal
to ActivePapers is made by (26) for embedding data
with existing formats (pdf, etc). Here the suggestion is
that no new formats are required and what is missing is
only the toolset to allow easy insertion of different data
attachments to existing formats.
All these approaches are useful and give more informa-
tion to experimenters but all have the same weakness.
They only allow us to repeat an experiment exactly as it
was done originally. Therefore such approaches do not
deal with errors that are hidden in the original exper-
iment. For example, if the updating approach used is
the source of the problem then simply copying this ap-
proach will give us the same erroneous results. A higher
level approach proposed in (23) uses formal methods to
specify the model precisely. We build upon this work to
replicate the results of Sugarscape.

Implementing SU in ABM

There have been a number of attempts at incorporat-
ing SU into ABMs. None of these has been completely



successful. It is not clear how these approaches could
handle interactions in Sugarscape such as Combat. The
example ABMs that have been implemented using these
approaches contained only simple interactions. The
most complex interaction implemented is Movement,
one of the simplest interactions available within Sug-
arscape.
In (11) a model of situated multi agent systems, In-
fluences and Reaction, is derived from (28)’s Situation
Calculus. It extends Situation Calculus to enable it to
deal with simultaneous interactions. This is achieved
by splitting state into two components. The first repre-
sents the state of the system (as per Situation Calculus)
while the second represents any influences on the sys-
tem that might cause the state to change. No algorithm
to implement this approach is given so it is unclear how
collisions (e.g. two agents try to move to the same lo-
cation or take the same resource) can be detected and
resolved.
Following on from (11), the Influences and Reaction
model was used as a basis for a framework that con-
verts ABM into equivalent synchronous CA (39). The
resulting CA is called a Transactional CA. In the Trans-
actional CA model updates occur using a three step ap-
proach outlined in (39). They used this to implement
Diffusion-Limited Aggregation, a very simple model. It
is not clear if it to could handle more complex interac-
tion types.
(6) developed a model in the field of ecology that uses
both SU and AU and compared the results. It was
shown that the outcomes differed for AU and SU with
the changes being more continuous in nature (smoother)
in the AU version. They noted that the differences
were more pronounced at higher population densities.
It must be pointed out that although the changes in
state (resource updates) were handled with SU the agent
movement is handled with AU. A SU model of move-
ment is required before this model is not fully syn-
chronous.
In (5) a stochastic CA is used to simulate pedestrian
traffic. The simulation uses a two dimensional lattice
where each location can hold a maximum of one agent.
Agents have a preferred direction of travel and from this
a matrix of preferences is produced containing the prob-
abilities of a move in each direction. Updating in this
model is synchronous. This model displays oscillations
in agent movement and other overall behaviours that do
not appear in other models.
In (10) a SU implementation of the multi-turmite model
is presented. It is used to demonstrate that different
updating schemes have large effects on simulation out-
comes. The model itself is very simple with only one
type of agent and only one type of behaviour (27).
In (24, 25) a SU model of programming was developed
for Computer Games. There are many similarities be-
tween ABM and computer games. The model used is
based on many interacting heterogeneous agents with

overall system properties emerging from their interac-
tions. It employs the dual state common in SU along
with message passing similar to that proposed by (39).
However it allows for multiple passes of message between
objects during each step.
In (37) a model that combined agents using SU along-
side agents that used AU was introduced. This model of
a supply chain used the SU/AU distinction to model the
flow of information, or rather the delay in information
propagation, within a network of agents. It is not clear
how this approach could handle more complex interac-
tions.

SYNCHRONOUS SUGARSCAPE

In order to demonstrate how our algorithms cope with
the types of complex interaction that can occur in an
ABSS we will use examples from Sugarscape, a canoni-
cal ABSS. (9) developed Sugarscape in order to investi-
gate how individual behaviour can influence and cause
different social dynamics within large populations. It
has been used to show how, for example, inheritance of
wealth affects resource distribution in populations and
how disease can spread through a population. The rules
of agent interaction defined in Sugarscape cover a wide
range of interaction types and complexity. This makes
Sugarscape an ideal benchmark. We used a formal spec-
ification of Sugarscape from (22) as our reference.
Sugarscape consists of 13 rules that range in complex-
ity from simple independent rules (e.g. Growback) to
the more complex read (e.g. PollutionDiffusion) and
write dependent (e.g. Combat). It uses an N × N lat-
tice (or grid) of locations upon which agents reside. In
every location a food resource (known as sugar) grows
up to some specified maximum amount. Each location
can hold at most one agent at a time. Agents are mo-
bile and can move across the lattice of locations in the
four cardinal directions. When an agent arrives at a
location it immediately consumes all the sugar at that
location. Agents metabolise sugar during each step of
the simulation and die if their sugar levels reach zero.
Some of the rules of Sugarscape determine the rate of
sugar growth (Growback, SeasonalGrowback) or pol-
lution (PollutionFormation, PollutionDiffusion) at
each location. The remaining rules determine how the
agents move and interact with each other (Movement,
Combat, Disease, Culture, Reproduction, etc.).
While the original version of Sugarscape assumes AU,
the large range of rules employed in this ABSS makes it
an excellent testbed for SU. The version of Sugarscape
developed here is, to the best of our knowledge, the only
SU implementation in existence and the most complex
ABM/ABSS we know of using SU. The simplest rule
combination of Sugarscape (Movement and Growback)
is equal to the most complex rules used by alternative
SU algorithms and it is not clear how or if they could
cope with many of the more complex rules. This imple-



Figure 1: Lattice Carrying Capacity with Synchronous
Updating

mentation demonstrates that our algorithms can han-
dle the full range of possible agent interactions in any
ABM. It also enables us to make comparisons between
the original AU implementation of Sugarscape and our
SU implementation.
At present we have only fully developed the single re-
source version of the simulation. The single resource
version employs 12 of the 13 rules. The final rule Trade
requires a second resource type, known as spice, so that
sugar can be traded against spice. Although this means
that the Trade rule is not implemented, the 12 imple-
mented rules cover the full range of interaction types
including 8 rules with a complexity equivalent to the
Trade rule (e.g. Combat and Culture).

REPLICATING SUGARSCAPE

Due to ambiguities in the original Sugarscape defini-
tion, discovered in the specification process (23), it is
not possible to know the exact values of all the simula-
tion parameters. We have made our definitions match
the original as closely as possible. Where the informa-
tion is precise we replicated it and where there is am-
biguity we have made a best guess. Even given these
ambiguities we can still see if we can replicate the gen-
eral emergent properties of the simulation1. One of the
first emergent properties identified and measured was
the carrying capacity2 of the lattice.
In all cases the resulting graph (see Figure 1) of the
carrying capacity matched the characteristic shape ob-
tained by (9). Figure 1 shows the carrying capacity over
time for a 50 × 50 lattice. In this case individual loca-
tion maximum sugar carrying capacities ranged from 0
to 3 and were distributed evenly throughout the lattice.
The initial agent population size was 600 and all agents
were randomly assigned metabolisms ranging from 1 to
3 sugar units per step and a vision of 1. The results
closely match the original outcomes and so cannot just
be an artefact of the updating strategy. A stable pop-

1Trends in population growth, spread of culture over time, etc.
2The number of agents the lattice can support.

Figure 2: Lattice Carrying Capacity : Updating Strate-
gies Compared

ulation size is reached in the same manner independent
of updating strategy.

Table 1: Carrying Capacity

Strategy Minimum Maximum Average
Synchronous 127 145 137
Line By Line 150 169 161

Random New Sweep 167 199 181
Fixed Random 172 198 190

To see if there is any difference in the stable carrying
capacity when different updating strategies are used we
compared the carrying capacities under each updating
strategy while keeping all other aspects of the simulation
identical. When we compare the carrying capacity of
the simulation under the different updating strategies
(Figure 2) we can see that although they all have the
same distinctive shape there are some differences. The
original AU strategy was Random New Sweep. This
is the most commonly employed updating strategy in
ABM and ABSS.
There are two points of interest.

1. The carrying capacity of the simulation under SU is
noticeably lower than it is under any AU strategy.
It is not clear why this is the case;

2. As we can see from Table 1, there is less varia-
tion in carrying capacity under SU. This is perhaps
less surprising as SU is more deterministic that AU.
Given the same initial state, the outcome of apply-
ing AU will depend on the random order applied
to the agents during each step. Under SU this ran-
domness is not present.

A question that arrises is whether the collision detec-
tion and resolution mechanism employed by the SU al-
gorithm causes these differences. The synchronous Move



Figure 3: Carrying Capacity with varying Metabolism
and Vision

rule resolves collisions between agents moving to the
same destination by favouring the agent closest to the
destination. This is more deterministic than the AU ap-
proach where the winner is chosen by running the moves
in a random sequential order.
To test the hypothesis that the collision resolution mech-
anism is responsible for the differences in outcomes we
compared two versions of the SU version of Move. The
first applies the standard resolution mechanism as al-
ready discussed while the second determines the win-
ners of conflicts at random. Each version was run with
identical starting parameters so that the only differences
between them is the collision resolution mechanism. For
these simulations vision was set to seven for all agents so
as to ensure overlap occurs when choosing destinations
to move to. Each version was run 300 times and the re-
sulting carrying capacities checked for any differences.

Table 2: Carrying Capacity with different syn-
chronous Movement Rules

Strategy Minimum Maximum Average
Closest Wins 210 267 210

Random Choice 211 272 211

As we can see from table 2 there is no discernible dif-
ferences between either version. Our hypothesis that
collision resolution causes these differences turns out to
be false.

Effect of Metabolism and Vision on Carrying Ca-
pacity

It was originally demonstrated that carrying capacity
is affected by both agent metabolism and agent vi-
sion. Agents with high vision and low metabolism are
more likely to survive on the lattice. Thus carrying
capacity is directly proportional to the average vision
of the agents and inversely proportional to the average
agent metabolism. These results were replicated using
SU. The initial setup is as before but with vision and

Figure 4: Carrying Capacity with varying Vision and
Metabolism=1

Figure 5: Carrying Capacity with varying Vision and
Metabolism=2

metabolism fixed to a a constant value throughout the
population. Figure 3 shows the effect of metabolism and
vision on carrying capacity and this matches the orig-
inal findings. To produce this graph the carrying ca-
pacity of the simulation was calculated when all agents
were assigned fixed metabolism and vision values. The
simulation was tested for metabolisms between 1 and 3
and vision from 1 to 11. It shows that carrying capacity
is inversely proportional to metabolism as expected. It
also demonstrates that for any fixed metabolism rate an
increase in vision improves carrying capacity. The dif-
ferences in carrying capacity when metabolism is fixed
at 3 is due to the fact that the maximum sugar carrying
capacity of any location is never more than 3. Therefore
only agents reaching these high capacity locations can
survive. The findings again show the robust nature of
the general trends and properties in Sugarscape.
The differences in the specific values attained for carry-
ing capacity can be accounted for by the differences in
simulation set-up between the original lattice and this
one. To see what specific differences exist between the
SU and SU strategies the measurements were repeated
on the simulations where the only difference was the
updating strategy used. Figures 4 and 5 show that
there is little discernible difference between the AU and
SU approaches when metabolism is fixed at one or two
sugar units per move. Figure 6, on the other hand,
shows larger differences between AU and SU when the
metabolism for agents is fixed at three units per move.
This marked difference when metabolism is set to three



Figure 6: Carrying Capacity with varying Vision and
Metabolism=3

is not entirely unexpected. The lattice is set up so that
each location can contain at most three sugar units.
This is a world of scarcity. An agent moving in the
world can, at best, consume just enough sugar units to
cover its costs. In the best case, by moving to a location
with three sugar units, an agent can only cover its costs.
It can never build up any sugar reserves. Every time it
moves to a location with less than three sugar units its
sugar reserves will deplete. The only locations that have
the maximum capacity of three sugar units are based in
two regions, the northeast and the southwest. Any agent
not reaching these regions will die. Any agent forced to
move away from these peaks (due to, say, overcrowding)
will start losing sugar and probably die. There is little
to no margin of error. Therefore any small differences
between AU and SU will effect the population dynam-
ics as the graph shows. With a lower metabolism, as in
the other two scenarios, agents can build up reserves of
sugar that allow them to compensate for not finding an
optimal destination.
It is also the case that if agents vision is larger there will
be more overlap between agents when they move and
more frequent collisions (two or more agents attempt-
ing to move to the same destination). As collisions are
handled differently by SU and AU we would expect any
differences between the two approaches to be empha-
sised.
It is clear that the differences between AU and SU are
subtle and affected by many different factors. Our pre-
vious graph of carrying capacity (Figure 2) showed dif-
ferences between the two updating strategies with a dif-
ferent simulation setup.

Convergence of Culture

An agent’s culture is determined by an attribute consist-
ing of a bit string containing an odd number of bits. If
an agent’s bit string contains more 1’s than 0’s then we
say they are members of the red group (or culture) and
if they have more 0’s than 1’s they belong to the blue
group. To simulate agents influencing each others cul-
ture or group membership we make neighbours swap a

randomly selected bit. Agents can still move across the
lattice and seek out the best sugar resources. This move-
ment causes the agents to come into contact with differ-
ent agents as the simulation progresses. The simulation
employs the rules:Metabolism, Growback, Movement and
Culture. Simulations were run until the agent culture
completely converged to one colour. In the original ex-
periment after approximately 2,700 steps the agents con-
verge. We found little difference in the average times
for convergence to occur regardless of updating strategy
(approximately 2,000 steps using synchronous updating
and 2,200 steps with asynchronous updating). The con-
vergence time is highly dependent on the initial agent
distribution. Occasionally convergence occurs quickly
(approximately 1,200 steps) but it can take much longer
to converge (about 4,000 steps) and even oscillate be-
tween the two cultures before convergence. This large
variance makes it difficult to draw any conclusions about
differences between the two approaches but in all cases
convergence does occur as predicted. Our initial inves-
tigations have found no great differences between the
AU and SU implementations. That is not to say that
there will not be differences between the approaches.
We would expect, based on previous work that differ-
ences will be present in the simulation. An example of
the differences that can occur can be seen with the Cul-
ture rule. It also shows how difficult it is to predict how
the updating strategies will affect ABMs.

CONCLUSIONS

In the CA literature it is not unusual to see the same
CA implemented using AU and SU. The lack of SU algo-
rithms for ABM has made this impractical. Our SU al-
gorithm means that it is possible for these types of com-
parison to be made with ABMs. We have shown that
it is possible to apply SU to complex ABM/ABSS by
replicating Sugarscape. This is the only SU implemen-
tation of Sugarscape that we are aware of and the most
complex ABM implemented with SU. We have shown
that despite the disparate results obtained by applying
AU and SU to Spatial Iterated Prisoners Dilemma these
approaches do not always produce divergent results. In
order to increase confidence of repeatability and relia-
bility of ABM simulations different updating strategies
should be used. This is the only way to insure that the
results are not biased by updating strategy. More work
is required on understanding how the choice of updating
algorithm can affect simulations. Side by side compar-
isons of the two approaches we can help identify and ex-
plain the circumstances under which they diverge. Our
analysis suggests that:

1. AU, by interfering with the speed of transmission
of information across the simulation space, will pro-
duce less periodicity in the system than SU;

2. High density populations within systems are more



likely to enhance the differences in outcomes be-
tween synchronous and asynchronous implementa-
tions of the system.

Both seem to be borne out in the literature (6, 30). It
would be a useful next step to have synchronous updat-
ing incorporated into simulation toolkits.
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