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Summary. Both process mining and multi agent simulations are relatively new re-
search areas, both evolving rapidly. In multi agent simulations, techniques are being
developed to make agents more intelligent and more adaptive to their environment.
In process mining, the focus has shifted from discovering a complete process model
from an execution log, to the development of all kind of analysis techniques related
to processes. In this paper, we combine the two research areas by showing that
process mining techniques, applied to the communication logs of multi-agent simu-
lations, can help in understanding the behaviour of agents. Furthermore, we show
that process mining could actually help agents to adapt to their environment, by
enabling them to discover why another agent makes certain decisions instead of just
reacting on the fact that the other agent made a decision.
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1.1 Introduction

Over last few years, the focus of process mining research has shifted. In [3],
the research field was still called “workflow mining” and the focus was on
how to derive a complete process model from an execution log of a real life
process (nowadays called control flow rediscovery). Although new algorithms
for deriving process models from execution logs are still being developed, more
and more attention is given to other means of analyzing process logs, often
inspired by real life applications, or developments in legislation. However, since
we are convinced that we should not look at all this research in isolation.
In fact, the power of process mining is in the integration of many different
analysis methods. Therefore, in this paper, we show how several aspects of
process mining, can be combined to give great insight in ongoing processes.

For this purpose, we investigate a so-called multi-agent auctioning system.
Such a system is a complex simulation of a real life auction, i.e. one seller is
selling goods trough an auctioneer and many buyers are buying these goods
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from that auctioneer by placing bids. The reason for looking at such an agent
system to proof that process mining techniques should be combined is sim-
ple. Participants in auctions have conflicting goals: the seller wants to receive
a high price for his goods, and the buyers want to pay a low price. In re-
peated multi-unit uniform-price auctions (see section 1.2.1), analysis of past
behaviour of the participants can be used by the seller as well as the buyers to
improve their results. In this paper, we show how process-mining of auction
event-logs can be used to analyze the behaviour, and derive models of the
competing agents, and how this analysis can be used to get better results.

1.2 Multi-Agent Simulation

We consider a multi-agent game where agents represent factories in a supply
chain. At the start of a round, customers place their orders with the factories.
Each factory has until the end of the round to produce the products to satisfy
their demand. Orders that are not filled at the end of a round are lost. The
factories can purchase the raw material they need for production in an auction
that takes place directly after the customer demand is known. When the
auction is over, the materials are delivered to the winning agents immediately
and each agent can start its production. For simplicity reasons, factories have
an unlimited inventory and an unlimited production capacity. The flow of
money and goods in our agent system is presented in Figure 1.1.
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Fig. 1.1. The flow of money and goods in our agent system.
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1.2.1 Auction

The auctions that we use are uniform-price multi-unit auctions [11]. In this
type of auctions, a large number of identical products are sold, and each
agent can bid on a share of these products, by submitting a bid containing
the desired amount of products and the price per unit he is willing to pay.
Bids with an amount of 0 or with negative amounts are removed. The agent
with the highest price-per-unit in his offer wins the amount of products he
requested. If the amount of products for sale was higher than the amount won
by the highest bidder, the second-highest bidder wins either his share, or the
remaining amount of products, whichever is less. This process is repeated until
either all participants received their share, or no products are left. When the
last allocated share contains less products than that agent bid for, the agent
has to accept the lower amount.

The price per unit that is payed by the agents that received a share is
equal to the highest price offered by the agents that did not receive anything.
In the case that all agents received some amount of products, the reserved
price is payed by all.

1.2.2 Inventory management

Each agent uses a base-stock inventory management strategy[16]. In this strat-
egy, the agent defines a reorder-point: the amount of raw material the agent
wants to have in stock to compensate for the uncertainty of winning in an
auction. Each round, the agent will request an amount of raw material that is
high enough to produce the customer demand for that round, and bring the
inventory to the reorder-point level:

(requested) = (reorder − point) + (current demand) − (current inventory)

The inventory management strategy of each agent is known to the agent
only, i.e. the auctioneer has now idea about the inventory management of an
agent. However, after introducing the area of process mining in Section 1.3, we
show in Section 1.4 that even without this knowledge, the auctioneer is able
to get some insight into why agents place a bid to replenish their inventories.

1.3 Process Mining

The research domain process mining is relatively new. A complete overview of
recent process mining research is beyond the scope of this paper. Therefore,
we limit ourselves to a brief introduction to this topic and refer to [3, 4] and
the http://www.processmining.org web page for a more complete overview.

The goal of process mining is to extract information about processes from
transaction logs. It assumes that it is possible to record events such that (i)
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case id activity id originator case id activity id originator

case 1 activity A John case 5 activity A Sue
case 2 activity A John case 4 activity C Carol
case 3 activity A Sue case 1 activity D Pete
case 3 activity B Carol case 3 activity C Sue
case 1 activity B Mike case 3 activity D Pete
case 1 activity C John case 4 activity B Sue
case 2 activity C Mike case 5 activity E Clare
case 4 activity A Sue case 5 activity D Clare
case 2 activity B John case 4 activity D Pete
case 2 activity D Pete

Table 1.1. An event log (audit trail).

each event refers to an activity (i.e., a well-defined step in the process), (ii)
each event refers to a case (i.e., a process instance), (iii) each event can have a
performer also referred to as originator (the actor executing or initiating the
activity), and (iv) events have a timestamp and are totally ordered. Table 1.1
shows an example of a log involving 19 events, 5 activities, and 6 originators.
In addition to the information shown in this table, some event logs contain
more information on the case itself, i.e., data elements referring to properties
of the case.

Event logs such as the one shown in Table 1.1 are used as the starting
point for mining. We distinguish three different perspectives: (1) the process
perspective, (2) the organizational perspective and (3) the case perspective.
The process perspective focuses on the control-flow, i.e., the ordering of ac-
tivities, which is shown in terms of a Petri net (cf. [14]) in Figure 1.2(a).
The goal of mining this perspective is to find a good characterization of all
possible paths, e.g., expressed in terms of a Petri net or Event-driven Process
Chain (EPC) [10, 12]. The organizational perspective focuses on the originator
field, i.e., which performers are involved and how are they related. The goal
is to either structure the organization by classifying people in terms of roles
and organizational units (Figure 1.2(b)) or to show relation between individ-
ual performers (i.e., build a social network as described in [2] and references
there, and as shown in Figure 1.2(c)). The case perspective focuses on proper-
ties of cases. Cases can be characterized by their path in the process or by the
originators working on a case. However, cases can also be characterized by the
values of the corresponding data elements. For example, if a case represents
a replenishment order, it is interesting to know the supplier or the number of
products ordered.

Orthogonal to the three perspectives (process, organization, and case), the
result of a mining effort may refer to logical issues and/or performance issues.
For example, process mining can focus on performance issues such as flow
time, the utilization of performers or execution frequencies.
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(a) The control-flow structure expressed in terms of a Petri net.

(b) The organizational structure expressed in
terms of a activity-role-performer diagram.
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(c) A sociogram based on transfer of work.

Fig. 1.2. Some mining results for the process perspective (a) and organizational (b
and c) perspective based on the event log shown in Table 1.1.

In this paper, we use three aspects of process mining in particular. First
of all, we try to generate the control flow of a process from a log. We do
not specify a specific algorithm that we use for this. Instead, most of the
algorithms implemented in the ProM framework, which will be introduced
later, are able to correctly discover the control flows that we are looking for.
Furthermore, we use a concept called “decision mining”. In decision mining,
a control flow is analyzed and for each choice that has to be made, data is
used to predict which choice will be made in future cases. Finally, we analyse
process logs using a linear temporal logic, as described in [1]. Questions, such
as how often did an agent not deliver its customer order are answered with
that logic, which, just like all other algorithms, is implemented as a plug-in
in the ProM framework.

1.3.1 The ProM Framework

The (Pro)cess (M)ining framework ProM has been developed as a completely
plug-able environment for process mining and related topics. It can be ex-
tended by simply adding plug-ins, i.e., there is no need to know or to recom-
pile the source code. Currently, more than 80 plug-ins have been added. The
ProM framework has been described before in [9, 17] and of course the web
site www.processmining.org. The most interesting plug-ins in the context of
this paper are the mining plug-ins and the analysis plug-ins. The architecture
of ProM however allows for five different types of plug-ins:

Mining plug-ins which implement some mining algorithm, e.g., mining algo-
rithms that construct a Petri net based on some event log.
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Fig. 1.3. MXML schema Definition.

Export plug-ins which implement some “save as” functionality for some ob-
jects (such as graphs). For example, there are plug-ins to save EPCs, Petri
nets, spreadsheets, etc.

Import plug-ins which implement an “open” functionality for exported ob-
jects, e.g., load instance-EPCs from ARIS PPM.

Analysis plug-ins which typically implement some property analysis on some
mining result. For example, for Petri nets there is a plug-in which con-
structs place invariants, transition invariants, and a coverability graph.

Conversion plug-ins which implement conversions between different data for-
mats, e.g., from EPCs to Petri nets.

In Table 1.1 we presented a fragment of an event log. We assume a standard
log format, named MXML as described in [7], and have developed several
adaptors to map logs in different information systems onto our log format
(e.g., Staffware, FLOWer, MS Exchange, MQSeries, etc.). Figure 1.3 shows
the hierarchical structure of MXML. The format is XML based and is defined
by an XML schema (cf. www.processmining.org).

1.4 Process Mining in Multi Agent Simulation

Process mining can be relevant in multi agent simulations for several reasons.
First, process mining can be used to test hypotheses on the behaviour of an
agent by inspecting the agent’s communication logs. Furthermore, as people
do in real life, we would like our agents to be able to determine the behaviour
of its competitors and react on that. Agents are pieces of software with one
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or more behaviours and one or more goals. Although the parameters of the
behaviours and goals often change over time, the internal structure is likely
to stay the same. Therefore, understanding the structure of an agent (its
process model) can help the buyers as well as the auctioneer to anticipate the
behaviour of that agent.

In this section, we consider some process mining techniques that can be
used in agent simulations. First, we show how communication logs can be
translated to event logs. Then we show how the behaviour of an agent can
be analyzed using these event logs, for example to test hypotheses on their
behaviour. We then show how process mining can be used to determine the
internal processes of the agent. Finally, we show the same process logs can
then be used to find the way decisions are made by the agent.

1.4.1 Translating agent logs to process logs

In multi agent systems, agents interact with each other by sending messages.
Therefore, the communication log of such a system can be seen as one big
message sequence chart. In our case, we will focus on the messages passed
to and from the auctioneer, since these are the messages that the auctioneer
has access to. We know that each message going from the auctioneer to one
of the agents requires an action by the agent and it is safe to assume that a
real life auctioneer would also know this. The auctioneer also knows that each
agent receives an order from a customer at the beginning of a round (although
the customer can order 0 products) and that the agent will deliver goods to
its customer if possible at the end of the round. Furthermore, the auctioneer
knows that if the agent places a bid for 0 products in the auction, it apparently
had enough products to supply its customers. Finally, the auctioneer knows
that each agent can continuously change the price it offers for the goods.
Figure 1.4, shows a sequence of messages passed between the auctioneer and
one agent for one auction.

The message sequence chart in Figure 1.4 and the textual description
thereof is the only knowledge that we assume the auctioneer possesses. How-
ever, the auctioneer wants to gain more insight into the behaviour of each

Auctioneer Agent

Customer orders 
products

Auctioneer sends available goods and reserved price

Agent places bid with amount wanted and price

Auctioneer sends goods won to the agent with calculated price Customer may 
receive products

Fig. 1.4. Sequence of messages between auctioneer and agent for 1 auction.



8 B.F. van Dongen et al.

agent that it communicates with and for this purpose, techniques from the
domain of process mining are used. The first step the auctioneer has to take
in order to gain knowledge is to translate the communication logs of the auc-
tioneer with an agent to MXML.

The agent first receives an order from its customers “Receive Order” in the
beginning of the month, after which the agent places a bid at the auctioneer
“Place Bid”, or doesn’t place a bid at the auctioneer “Don’t Place Bid”.
However, before placing a bid, the agent determines whether or not to change
the price it offers, i.e. through activities “Increase Price”, “Decrease Price”,
“Keep Price”. Then the auctioneer distributes the products that are received
by the agent “Receive goods”. Finally, the agent either delivers the goods to
its customer or does not deliver them, which cannot be seen by the auctioneer
and is therefore not included in the MXML log.

The translation above describes all the knowledge of the auctioneer with
respect to the behaviour of the agents. However, the auctioneer also has access
to some data of the agent, namely the data that is exchanged in the messages.
In our case, this means that the auctioneer has access to the following data:

• How many products did the agent order and/or receive at the last auction?
• What were the offered and/or paid prices for the last auction?
• How much products does the agent order and/or receive this auction?
• What price does the agent offer and/or pay this auction?

These data fields are included in the process log as well. The essence of
the translation of this sequence of messages in MXML (from the viewpoint of
the auctioneer) is given in Figure 1.5.

In Figure 1.6, we show a screenshot of ProM, after opening the MXML log
of agent 0, from the perspective of the auctioneer. It clearly shows the same
information as Figure 1.5.

In the remainder of this section, we first show what the auctioneer can do
with the process log it generated. After that, we show what the agent himself
could do with a similar process logs.

1.4.2 Mining the agents behaviour

At this point, we have translated the communication log of the auctioneer
with one agent to an event log for use in process mining. We assume that
we have a log from the viewpoint of the auctioneer, i.e. a log containing some
1000 process instances with the data described in Section 1.4.1. The first focus
of the auctioneer is to figure out the behaviour of an agent by determining its
process model. This may seem strange, since we explicitly introduced some
sort of a process when the logs were translated. However, an agent can restrict
the behaviour of this simple model and it may be worthwhile to investigate this
in more detail. At this point, the auctioneer uses a process mining algorithm,
tailored towards control flow rediscovery. In fact, many of these algorithms
exist today and most of them are implemented in the ProM framework. As an
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<ProcessInstance id="auction 18">
<Data>

<Attribute name="last order">16</Attribute>
<Attribute name="last won">0</Attribute>
<Attribute name="last price">0</Attribute>
<Attribute name="last bid">11</Attribute>

</Data>
<AuditTrailEntry>

<WorkflowModelElement>Receive order</WorkflowModelElement>
</AuditTrailEntry>
<AuditTrailEntry>

<WorkflowModelElement>Increase Price</WorkflowModelElement>
</AuditTrailEntry>
<AuditTrailEntry>

<WorkflowModelElement>Place Bid</WorkflowModelElement>
<Data>

<Attribute name="amount">26</Attribute>
<Attribute name="price">12</Attribute>

</Data>
</AuditTrailEntry>
<AuditTrailEntry>

<WorkflowModelElement>Receive Goods</WorkflowModelElement>
<Data>

<Attribute name="received amount">0</Attribute>
<Attribute name="received price">0</Attribute>
<Attribute name="ordered">true</Attribute>

</Data>
</AuditTrailEntry>

</ProcessInstance>

Fig. 1.5. Figure 1.4 translated to MXML by the auctioneer.

Fig. 1.6. Screenshot of ProM showing the log of Figure 1.5.
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example, we used the multi-phase mining plugin. . The basic idea behind this
algorithm is simple. First, based on the entire set of 1000 process instances,
causal dependencies are derived between activities in the following way. If
one activity A is directly followed by B at least once and A is never directly
preceded by B then there is a causal dependency from A to B. In the second
step, each process instance is translated into a partial order instead of a linear
order on its audit trail entries [6]. Finally, in the last step, these partial orders
are aggregated and the types of split and joins are derived [8].

Figures 1.7 and 1.8 were generated by ProM using the multi-phase mining
plugin. Actually, many algorithms give the same result, such as [5] and the
heuristics miner, which is a ProM implementation of [18]. Both of these al-
gorithm also first determine causal dependencies between activities, but they
use heuristics to do so and are therefore more robust with respect to logs that
contain “noise”, i.e. logs where activities appear in the wrong order, or do not
appear at all, for example if a communication between the auctioneer and an
agent breaks down.

Receive 
order

Decrease 
Price

Keep Price

Increase 
Price Place Bid

Don’t 
Place Bid

Receive 
Goods

Fig. 1.7. Agent 0 as perceived by the auctioneer.

Receive 
order

Decrease 
Price

Keep Price

Increase 
Price Place Bid

Don’t 
Place Bid

Receive 
Goods

Fig. 1.8. Agent 1 as perceived by the auctioneer.

Besides the activities that we described before, both figures show some
internal actions without a label. The algorithms in ProM insert these steps
automatically, to capture the behaviour of the process as good as possible.
Compared to the process described earlier, both agents do not seem to show
all the possible behaviour. For example, agent 0 chooses not to place a bid
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after he decreased his price, furthermore, both agents always place a bid if
they increase their price. It is not hard to see that formally it is possible for the
situation to occur where the price is increased and no bid is placed. However,
in our logs, it does not happen.

In an auction, the seller wants to earn as much money as possible, whereas
the buyers want to buy at the lowest possible price. In earlier research [13],
we saw that intelligent (adaptive) buyers can learn to use the uniform-price
property of the auction to their advantage. The agents learned to accept an
even-split of the raw materials, and made sure that every agent received some
raw material. Because of the uniform-price property, every buyer payed the
lowest possible price: the reserved price. For the seller (in our simulations
represented by the auctioneer), this is a undesirable result.

To counter this behaviour, the auctioneer needs to get a better insight into
the decisions made by the buyers. One of the instruments that the auctioneer
can use is the reserved-price. If the auctioneer can determine the decisions
made by the buyers to calculate the price they would be willing to pay, he
can find a better value for the reserved-price. In process mining, this is called
decision mining. As an example, we will try to find out why an agent changes
its price.

It is important to realize that the result of control flow mining is not always
a perfect process specification. However, as agents are pieces of software that
have an internal logic given by its programming code, we can safely assume
that we can find a reasonable Petri net. Furthermore, the analysis methods
presented in the remainder of this paper are robust enough to deal with Petri
nets that do not conform to the actual behaviour for 100 percent.

1.4.3 Analyzing decision points

As we saw in figures 1.7 and 1.8, the auctioneer is capable of constructing the
internal process within an agent. Using this model of an agent and the process
log for an agent, a so-called decision point analysis can be performed. In ProM,
this analysis is implemented in an analysis plugin called the “Decision Miner”.
The Decision Miner analyzes how data attributes influence the choices made
in a process based on the given process instances. More precisely, it aims at the
detection of data dependencies that affect the routing of a process instance.
The approach is based on machine learning techniques, and the Decision Miner
uses algorithms implemented in the Weka [19] library to solve the classification
problem. For details on the algorithms used, we refer to [15].

In our case, the auctioneer has to figure out if the choice between “Increase
Price”, “Decrease Price” or “Keep Price” is made arbitrarily by the agent, or
whether it was made based on data that is also available to the auctioneer.
As can be seen in the process model of figure 1.7 and 1.8, the auctioneer
assumes that the agent determines its new price only at the beginning of each
auction. Using the MXML log files, the Decision Miner knows that only the
four data elements above are available at that point in time. Therefore, in the
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ProM framework, we applied the decision point analysis to the model of agent
1, where we included all the numerical attributes available to the auctioneer
that are present at the time the decision has to be made. These attributes
are:

last won The number of products the agent won in the last auction,
last order The number of products ordered in the last auction,
last bid The price offered in the last auction,
last price The price paid in the last auction.

Figure 1.9 shows the decision tree for updating the price for Agent 11. This
decision tree shows that if “last won” equals 0 and “last order” is more than 0,
the price is increased. The decision tree is somewhat large (i.e. it is overfitting
the data), however it correctly classifies all the 1000 auctions. Furthermore,
if the algorithm is applied to the data of all the agents, (i.e. 5000 auctions)
the decision tree is more compact (see Figure 1.10) and it again classifies all
auctions correctly.

last won

last order

last order

last bid

last bid

Keep 
Price

Increase
Price

Increase
Price

Keep 
Price

Decrease 
Price

Decrease 
Price

<= 0

<=1

<=0 >0

>1

>0

<=2

<=1 >1

>2

Fig. 1.9. Decision tree for updating the price by Agent 1.

At this point, the auctioneer would have enough information to “cheat”
its auctioning system, since it seems that the way to avoid agents to decrease
their price is by not giving them any products. Of course, this is not a practical
scenario. However, the auctioneer could decide in every auction to have at least
one agent that did place a bid, but does not get any goods (the auctioneer
could throw them away). In the next round this agent will raise its price and
this way, the auctioneer can keep the price at an artificially high level.

1 Note that the screenshot is touched-up for readability. The ProM framework
however, shows a graph containing the same information.
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last won

last order last bid

Keep 
Price

Increase
Price
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<= 0
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Fig. 1.10. Decision tree for updating the price by all agents.

1.4.4 Agent self-assessment

So far, we focussed on the the event log from the viewpoint of the auction-
eer. The same log from the viewpoint of the agent however is more extensive,
since it contains information about the inventory level of the agent, the cur-
rent re-order point and whether or not goods were delivered to the customer.
Furthermore, the agent itself has clear knowledge of its process model, so
there is no need for him to discover it. Moreover, in practice it is not always
possible to discover a correct process model from a process log. However in
this section, we show that process mining can also be useful in other ways.

Although there is no need for an agent to discover its own process model,
we are still interested how an agent could improve itself by looking at its
internal process. For this, we generated a more extensive log that also includes
the internal data of each agent. As we know from the introduction, each agent
tries to keep its costs as low as possible, but also it tries to keep its customers
satisfied. This gives rise to two questions:

1. How often is an agent not capable of delivering to its customer?
2. How often is an agent capable of delivering to its customer without having

to place a bid at the auction?

The first question relates directly to customer satisfaction. A customer is
satisfied if his goods are delivered and he is not satisfied if this is not the
case. The second question needs a bit more insight. If an agent can deliver
to its customer without having to place a bid at the auction, it implies that
its current inventory is so high that it is greater than the re-order point plus
the customer demand, implying that the agent ordered too many goods in a
previous auction, which raises the inventory costs.
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formula Cannot_Deliver( ) :=

{Check if the agent could deliver or not, i.e. eventually

activity "Dont deliver" is executed.}

<>( ate.WorkflowModelElement == "Dont deliver" );

formula Deliver_Without_Bid( ) :=

{Check if the agent delivered but didn’t order in the same

auction, i.e. eventually the activity "didnt order" shows

up in the log, and also the activity "Deliver" does.}

( <>( ate.WorkflowModelElement == "Deliver" ) /\

<>( ate.WorkflowModelElement == "didnt order" ) );

Fig. 1.11. LTL Formulas for self-assessment of an agent.

Again, we use process mining techniques to answer these two questions.
However, there is an important difference with the previous approaches, since
we can now assume that we have complete knowledge of the actual process
model describing the agent. Therefore, constructing an MXML process log
from the viewpoint of an agent is more easy since there is no need to construct
them from a message sequence chart. In fact, we can just use the execution
log of an agent directly (provided that it is given in the MXML format)

The way to answer the two questions in the context of process mining is
by using Linear Temporal Logic (LTL) on the process log. In ProM this is
implemented as an analysis plug-in called the LTL-checker [1], that can check
logical expressions that involve time on a log. Using this plug-in, we check the
two questions posted above using the LTL file of Figure 1.11 containing two
expressions.

LTL formulas are logical formulas using a temporal logic. The formulas
presented in Figure 1.11 should be read as follows:

- The formula “Cannot Deliver” checks whether eventually (denoted by <>)
the workflow model element in an audit trail entry (see the definition of
MXML) equals (denoted by ==) “Dont deliver”. In other words, does the
activity “Dont deliver” appear anywhere in the process instance.

- The formula “Deliver Without Bid” checks whether eventually the work-
flow model element in an audit trail entry equals “Deliver”, and (denoted
by /\) eventually the workflow model element in an audit trail entry equals

“didnt order” In other words, do both activities “Deliver” and “didnt or-
der” appear anywhere in the process instance.

We checked those two formulas on the logs generated by all five agents and
the results are presented in Table 1.2. From this table, it is clear that the five
agents are all quite good in keeping a low inventory level, since only in 1 to
2% of the auctions they can deliver goods to their customers without placing
a bid. However, with the exception of agent 2, around 40% of the customer
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Agent Total auctions Unable to deliver Delivered without ordering

Agent 0 1000 443 11
Agent 1 1000 416 13
Agent 2 1000 238 26
Agent 3 1000 466 17
Agent 4 1000 325 11

Table 1.2. Results for self-assessment of the agents.

orders are not delivered at all, which is a disturbing result. In a real situation,
not being able to deliver 40% of the orders is unacceptable.

1.5 Conclusion

In this paper, we presented a way how different aspects of process mining
could be used in multi agent systems. We have shown that some of the as-
pects of process mining, i.e. “control flow rediscovery”, “decision mining” and
“LTL verification”, can be useful to enhance the capabilities of a multi agent
simulation system in different ways.

Primarily, for one agent to be able to discover the internal structure of
another agent can help him in understanding and predicting its competitors
behaviour. Instead of observing what decisions other agents are making, he
can tell why they do so and react on that. Therefore, using a combination
of control flow rediscovery and decision mining, an agent could in theory at
least, adapt to its environment in a way we humans do.

Furthermore, using techniques such as the verification of logical properties,
we are able to understand the behaviour of our agents better and using that
understanding we are able to tweak the simulation settings to get results that
are more consistent with real life situations.
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