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ABSTRACT: Building of complex white box models brings the need to build tools that guide validation, verification
and analysis processes. The goal of this study is to develop an automated tool for policy analysis. The tool utilizes
an approximate reinforcement algorithm to improve the behavior of the simulation according to predefined objectives.
The Stochastic and complex nature of the model makes approximate learning algorithms a good fit for the problem. The
approximation technique requires a summary of information about the model that the user finds essential. This information
is subjective. Hence, depending on the run results, user may verify whether user’s understanding of the model overlaps
with the model’s representation of the system. Therefore, the tool merges a policy analysis phase with the verification and
validation phases.

1.. Introduction

Recently, there has been a strong initiative in many fields
such as economics, decision sciences, and psychology etc.
to have descriptive white box approach to modeling socio-
economic systems. Specifically, agent-based simulation has
been one of the popular methodologies to model social
phenomena. Combined with the white box approach, agent-
based models focus on descriptive representations of hu-
man behavior which further introduce complexity to socio-
economic models. Complexity in the models comes deliber-
ately from the desire to capture and explain the dynamics of
systems. It is often impossible even for an expert familiar
with the model to interpret and analyze the results such
complex computational models. This is the main reason why
these models did not meet the expectations of many scholars
(Richiardi et al., 2006).

According to Richiardi et al. (2006), the underlying prob-
lem of complex white box models is the lack of evolved,
automated and standardized analysis tools that help verify,
validate, fine tune, and design policies. Like Richiardi et. al.,
there are papers that call for formal methodological guide-
lines to model building process i.e. verification, validation,
calibration and/or sensitivity analysis specifically for agent
based models (Windrum et al., 2007). These papers spot
the reasons for the need of rigorous methodology and either
raise questions or provide suggestions on how to proceed.
There are also papers that provide theoretical guidelines
to validation and/or analysis processes (Gonenc and van
Daalen, 2009, Glenn et al., 2004). These papers elaborate
on the questions they raise and provide theoretical answers
but they "do not provide precise prescriptions" (Gonenc and
van Daalen, 2009). There are supplementary papers that
provide tools along some theoretical guidelines (Moss, 2008,

Kase and Ritter, 2009, Schreiber and Carley, 2007). General
consensus in the literature is that verification, validation and
policy analysis are essential phases of model building and
require structured protocols and guided tools.

This paper proposes a tool that can be useful in model
validation, scenario and policy analysis. Current application
is on policy analysis. A policy analysis is the process
of designing applicable policies that improve performance
according to predefined objectives. Given certain objectives
in the simulation world, our aim is to guarantee some
improvement compared to benchmark runs using a learning
algorithm. Our particular goal is to have a tool that can
guarantee reasonable improvement in expected performance
for a stochastic model without having to simulate the model
many times with multiple steps. The main reason for trying
to minimize the number of runs is concern for computation
time. For this purpose, we use Q-learning algorithm which
requires single training run. The learning algorithm replaces
the decision making mechanism of a particular agent. Hence,
the application looks for plausible policies for that agent.
The application is on a complex agent based model of a
country developed using PMFServ (Silverman et al., 2006),
a software for building agent-based models with socio-
cognitive agents.

The paper is organized as follows. First, we introduce Ap-
proximate Q-learning algorithm. The following section goes
over PMFServ and the country model. Application section
will define the model specific properties of the algorithm
and discuss the results. The final section concludes with a
discussion of reflections of the tool to model validation.
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2.. Approximate Q-Learning Algorithm

In Q-learning (Watkins and Dayan, 1992), the algorithm
learns which action is profitable for a given state. Q-learning
algorithm requires a single run for training. Then trained
function is used for performance improvement. Given a state,
an agent can switch to another state by taking an action,
u ∈ U . Each state has a certain cost associated with it. The
goal of the agent is to minimize the total cost.

Q-learning algorithm is a function that maps combination of
state space, S and action space to real space, Q : S×U �→R .

Q(i, u) =
n�

j=1

pij(u)(c(i, u, j) + αJµ(j)) (1)

where c(i, u, j) is the cost of transition from i to j by taking
action u (Bertsekas, 2005a). Jµ(j) is the cost-to-go with
policy µ and generally can be defined as below:

Jµ(i) =

Ew

�
ck(i, µ(i), w) + αJµ(f(i, µ(i), w))

�

for all i ∈ S

where w is a random variable and f is the function that
represents the model i.e. i + 1 = fk(i, µ(i), w) (Bertsekas,
2005b). Notice that the models we are interested in do
not have mathematical representations for f . Additionally,
we are not given transition probabilities for computing the
expectation as done in equation 1. Hence, we introduce a
parametric architecture for approximation of Q, Q̃(i, u, r).
We have Q̃(i, u, r) ≈ Q(i, u) in linear form,

Q̃(i, u, r) = φ(i, u)�r (2)

where r = (r1, . . . , rm) is the parameter vector. φ(i, u) is
called features vector, a vector with known scalars, φk(i, u),
that depend on state i and action u. This type of approxima-
tion is called feature extraction. It is a process that maps the
state i and action u into some other vector φ(i, u).

φ(i, u)� = (φ1(i, u), . . . , φm(i, u))

These features are handcrafted based on insight and expe-
rience on the model. They are meant to capture the most
important aspects of the current state. For example, in chess
where the state is the current position of the pieces on
the board, appropriate features can be balance of pieces,
their mobility, king safety, etc (Shannon, 1950). Eventhough
approximation is linear, we can capture nonlinearities in the
model by crafting features well (Bertsekas, 2005a).

Once approximate Q-factors are obtained, we can use the
minimization

µ̄(i) = arg min
u∈U(i)

Q̃(i, u, r) (3)

to obtain the optimal policy.

The algorithm is very similar to the optimistic approximate
policy iteration methods based on temporal difference(TD).
The only difference is it uses approximate values of Q. The

pseudocode for the algorithm is given as such (Bertsekas,
2005b):

At the beginning of iteration k, simulation is at some state
ik, agent has chosen a uk, and we have the current parameter
vector rk. Then:

We simulate the next transition (ik, ik+1). We generate the
action uk+1 by using the minimization

uk+1 = arg min
u∈U(i)

Q̃(i, u, r)

We calculate the TD

dk = c(ik, uk, ik+1) + αQ̃(ik+1, uk+1, rk)− Q̃(ik, uk, rk)

Then parameter vector is updated using

rk+1 = rk + γkdk � Q̃(ik, uk, rk)

where γk > 0 stands for the step size. Then the process is
repeated after replacing rk, ik, and uk with rk+1, ik+1, and
uk+1, respectively (Bertsekas, 2005b).

We say that the algorithm has converged when dk approaches
0. When dk reaches zero, we can say that parameter vector,
r is learned and we can use Q̃(i, u, r) for policy analysis.
Literature has varying suggestions for choice of algorithm
specific variables such as discount factor, α, and step sizew,
γ. Through out the study, we have them as constants where
α is 0.9 and γ is 0.1.

3.. PMFServ and Model Definition

PMFserv is a human behavior emulator that drives agents in
simulated gameworlds. This software was developed over the
past 11 years at the University of Pennsylvania as a "model of
models" architecture to synthesize many best available mod-
els and best practice theories of human behavior modeling
(Silverman et al., 2006). PMFServ models profile the traits,
cognitions, and reasoning of agents to capture the cognitive-
affective state and reasoning abilities of agents. PMFServ
agents can play the roles of leaders, follower archetypes, and
institutional ministers that allocate services to others based
on cultural norms, corruption, and other inefficiencies.

The country model (Silverman et al., 2009) is built using
agents in PMFServ. The agents in the country base their
decisions solely on the current state of the world. Each
agent’s action has a certain impact on determining the
next state of the world. The next state of the world only
depends on the actions taken in the previous step. Each agent
perceives the state of the world, and other agents around. The
agents are socio-cognitive i.e. they are aware of the agents
around them, and have feelings of their own and toward other
agents. They develop emotions based on their profile (traits,
norms, relations etc.) and the actions of their own and oth-
ers. For further discussion and mathematical underpinnings
of profiling leaders and followers refer to (Silverman and
Bharathy, 2005) and (Silverman et al., 2007a).

The country model includes all the important political and
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ethnical groups in the region. There are two types of agents
within a group: Follower and Leader. Each group can have
multiple followers but only one leader. Similarly, leader agent
can only lead one group but a follower agent can be a
member of multiple groups. Groups have relations with other
groups corresponding to socio-economic, political and ethni-
cal conflicts which has role in determining the action space of
agents. For example, an action to attack is not available if you
are perceiving your friend. Leaders are the agents that take
action on behalf of the group. Leader manages the resources
(Security, Politics, Economy etc.), and in and out group
relations. In-group relations stand for relations between
leader and followers. Followers show their support for the
group leader via a property called membership. Additionally,
welfare of the followers is important for the leader if she
wants the support of the followers. Leader also incorporates
Capital i.e. economic situation of the group into her decision
mechanism. Out-group relations are the actions based on
group’s relations and relative power to the target group(s).
Leader’s decision making is affected by whether the leader
feels superior and whether the leader’s group has higher
relative power. Additionally, all agents have an aggregate
variable called VID (Vulnerability, Injustice, Distrust). VID
is a directed metric i.e. an agent has VID against all groups
which shows whether she feels vulnerable toward that group
or she is treated unjustly by that group or she trusts the
group or not. The values for this parameter are negative
meaning the more negative they are, she feels less vulnerable
toward that group. Further descriptions and mathematical
representations of leader/follower modeling can be found
in (Silverman et al., 2007b), (Silverman et al., 2008) and
(Silverman et al., 2009). All of these parameters mentioned
above create the context the agent is in. Context can be
considered as the circumstances or the state that the agent is
in. We are specifically interested in the circumstances right at
the time of the agent’s decision. Given the context, the agent
decides based on maximizing her subjective expected utility,
SEU, that depends on her personality. The word subjective
comes from the fact that each agent has different traits
and norms which are reflected as the weights of the utility
function. For example, given the same context two agents
would decide to act differently because of the difference in
their profile. Each action satisfies these norms and traits with
certain probability; therefore, we consider expected utility.

Additionally, the model is stochastic. Stochastic nature of the
model comes from the randomness in the result and effects
of the actions. Hence, an action such as Give Economy
(Economic Aid) might fail under certain circumstances with
a given probability.

4.. Application

This section explains the application of the algorithm to
the country model. First, we will parametrize the model
information discussed in Model Definition section and then
define features using them. Second, we will define the
cost function i.e. the objectives for policy analysis. Final
subsection will provide the computational results and discuss
methodological ideas based on computational results.

4.1.. Defining Features

The set of features (φ) was based on majority of the vari-
ables discussed in the model description. Notice that these
variables are already aggregated variables that summarize
certain parts of the state. These variables do not exhaust
the variables that make up the state space. They also do
not exhaustively cover the information that can be extracted
from the model. They were chosen so that they contain
the sufficient information for the algorithm to converge and
provide good policies. Choice of features depends on the
researcher and is limited with his available insight and
experience. Hence, there is no correct set of features but
there is set of features that work.

We start by properly parametrizing state variables of interest
to be able to define features. g ∈ G denotes a group. x ∈ A
denotes an agent. VIDk(x, g) ∈ (0, 1) is the vulnerability,
injustice and distrusted at time k of x ∈ A directed
towards group, g. Rk(g1, g2) ∈ (−1, 1) is the relationship
between g1 ∈ G and g2 ∈ G. RPk(g1, g2) ∈ (−1, 0)
is the relative power of g1 over g2. The negative number
indicates a stronger g1 than g2. GPk(g) ∈ (0,∞) stands
for amount of "good" properties which is a sum of group’s
capital divided by 52 (each step is a week and there are
52 steps in a year) and group’s property economic output.
In other words, it is another economic indicator. Leader
cannot take certain actions if they have insufficient capital.
RSk(g) ∈ (0,∞) stands for the total resources of group g
at step k. Sk(x, g) ∈ (−1, 1) stands for how superior the
agent x feels over the group g. This is a summary of agent’s
emotions toward groups. FVIDk(f, g) ∈ (0, 1) basically
stands for the same thing as VIDk(x, g). f stands for the
follower agents of the group, f ∈ F where F ∪ L= A and
F ∩ L ∈ ∅. FMk(f, g) ∈ (0, 1) looks at a follower agent’s
membership level toward a group, g at time k. FWk(f) ∈
(0, 1) denotes the welfare of a follower agent, f ∈ F .
Notice that this is not directed to any group as it represents
the current situation of the follower. The parameters that
sum up to FWk(f) ∈ (0, 1) are BasicNeedsLevel, Capital,
EducationLevel, SuppressionLevel, HealthLevel, JobsLevel,
LawLevel. These are the properties of the follower which
the leader have direct influence on. SEUk(u) ∈ (0, 1) is
the subjective expected utility associated with the decision
at time k. As mentioned in the previous section, each agent
differs in her utility function from others based on her profile.

These are the aggregate elements that summarize the huge
state space, x. Hence, we can think of a function Ψ : X �→ ϕ
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where

ϕ(1) =
�

g∈G

VIDk(x, g)
cardG

ϕ(2) =
�

g2∈G

Rk(g1, g2)
cardG

ϕ(3) =
�

g2∈E

RPk(g1, g2)
cardE where E ⊂ G are enemies of g1

ϕ(4) =
RSk(g)

�t
k=1 GPk(g)/t

ϕ(5) =
GPk(g)

�t
k=1 GPk(g)/t

ϕ(6) =
�

g∈G

Sk(x, g)
cardG

ϕ(7) =
�

f∈F

FVIDk(f, g)
cardF

ϕ(8) =
�

f∈F

FMk(f, g)
cardF

ϕ(9) =
�

f∈F

FWk(f, g)
cardF

ϕ(10) = SEUk(u)

And we can summarize,

φ(i, u)� = (f1(ϕ(1), u), . . . , f10(ϕ(10), u)) (4)

Next, each action was divided into positive diplomacy (UDP ),
positive economy (UEP ), positive military (UMP ), nega-
tive diplomacy (UDN ),negative economy (UEN ),and negative
military (UMN ). Then, using insight about the model, we
tried to spot certain situations where taking actions from a
certain set would be advantageous. Functions f1, f2, . . . , f10

map the conditions, ϕ(.), and actions, u to real numbers.
For example, if the leader agent feels superior and powerful
with respect to her enemies and has follower support then
she might be inclined to take risky aggressive actions for the
purpose of increasing her group’s resources. Hence, features
vector is a 10 by 1 vector where value of each ϕ(.) would
define a context in which a certain action is favorable. I
denote this features vector φ(i, u)C standing for a features
vector.

4.2.. Defining Cost Function

Before going into analysis, we need to define cost function,
c(i, u, j). It is defined as the total sum of the resources at the
current step for the chosen leader agent, l, plus some penalty
(fc) related to leader’s actions;

c(i, u, j) = −RSk(g) + fc(u) (5)

where fc(u) = −SEUk(u)+p(u). And finally p(u) depends
on the action set that u belongs to. Specifically,

f(n) =






0 if(u ∈ UDP )
0.2 if(u ∈ UDN )
0.2 if(u ∈ UEP )
0.4 if(u ∈ UEN )
0.4 if(u ∈ UMP )
0.6 o/w

This way more peaceful and diplomatic actions are preferable
than negative or military actions unless they really have a
high utility. Notice that the cost function does not depend on
the following state, j. The cost function is designed so that
leader takes actions to increase her resources.

4.3.. Results

This section summarizes and discusses the results obtained
from the experiments with feature vectors. The results are
preliminary and they require further investigation. The plots
of parameter vector r, and dk are provided. There are 3
training runs made for 52 steps. Elements of the parameter
vector seem to converge to same point (Figure 1). This shows
us that only a single training run is enough to obtain the
parameter vectors. Additionally, we see that dks converge to
zero for all training runs (Figure 2).

Figure 3 summarizes the results of benchmark, training and
trained runs. Benchmark runs constitute of runs of the model
without the training algorithm i.e. the agent of interest acts
according to the same decision making mechanism as the
other agents. The benchmark decision making mechanism is
based on picking the action that maximizes SEU. Notice that
SEU maximization has no direct relation to maximization of
resource levels. Maximization of SEU represents the action
that fits best with the leader’s views and norms. In train-
ing runs, the Q-learning algorithm replaces the subjective
expected utility maximization for the agent of interest. For
the trained run, the agent acts according to the action that
minimizes Q̃. Since the aim is to obtain a policy that will
increase the total resource level of the chosen agent, the
performance measure is the Total Resource Level.

Finally, looking at the resources, training runs obtain higher
resource values than the benchmark run (Figure 3). Of course
to guarantee an improvement in performance and develop
trust on the policy, we need to look at multiple benchmark
runs since the model is stochastic. We have done 3 bench-
mark runs and observed that in all of these runs resources
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Figure 1. Three runs of the algorithm for φ(i, u)C , plots
the 10 elements of the parameter vector, r
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Figure 2. Three runs of the algorithm for φ(i, u)C , plots dk

are strictly less than resources in training runs. The run with
trained parameter vectors obtain a reasonable improvement.
Trained Q̃(i, u, r) is the resulting policy function that will
dictate the actions to take. We need further runs with the
trained Q̃(i, u, r) to show that the algorithm did not converge
prematurely. We also need additional runs to show that
the trained Q̃(i, u, r) works for different initial conditions.
Current results suffice to say that there has been a reasonable
improvement in resource levels when the leader adheres to
algorithm’s decisions.

So far, we discussed computational results. However, these
are not the most interesting parts of the results. More inter-
esting results come from the nature of the approximate Q-
learning algorithm. Specifically, the way we define features
vector reflect our insight on the model (recall the chess
example). They correspond to which information we feel
is important to take actions towards reaching the desired
objectives. Looking at Figure 1, we observe that R1 and
R10 corresponding to functions (see Equation 4) that depend
on VID and SEU are the most influential in the policy.
This means next time we develop features vector for the
same model and objective, we might consider a simpler
parameter vector that consider these two variables and a
combination of the others. Moreover, when the algorithm
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Figure 3. Total Resource Level for three benchmark
runs(dashed), three training runs of the algorithm for
φ(i, u)C (dotted) and single run with trained Q̃(solid)

converges and the results show improvement, that reassures
our understanding. This can be considered a sanity check for
the model. Furthermore, we need to look at how the leader
agent’s actions differ from the benchmark runs in trained
runs. This corresponds to validating the means to achieve
goals. If the actions taken to minimize cost do not make
sense then we can infer that there is something wrong with
the model. This sanity check is a way to poke structural
representation (representation of underlying mechanisms) of
our model. Valid structural representation makes sure that the
goal of the model is not "just replication but also explanation"
(Gonenc and van Daalen, 2009).

5.. Discussion and Conclusion

We implemented a reinforcement learning algorithm to
achieve certain goals in the model by letting the algorithm
decide for the agent. One generalization is to make the
algorithm control multiple agents. In that case, the algorithm
returns a vector of actions that has cardinality equal to the
number of agents. Although the implemenation seems easy,
it will be harder to define features.

Throughout the paper, we have avoided the case where
convergence fails. This is simply because convergence is
achieved in this study. However, if the results do not con-
verge, then we might have to reconsider our understanding of
the model and/or the structural representation of the model.
The worst case scenario for convergence is when the model
has a lot of volatility and the state space is huge. In that case,
training runs might take infinite steps for convergence. This
might fool us to question our understanding of the model
i.e. features selection. This would be a false rejection of our
correct understanding and representation of the system.

The tool is proposed for policy analysis. Yet, we see that
both success or failure to achieve convergence can leave
us with valuable information about the model. The design
of the algorithm gives room to the experimenter to reflect
her insight about the model. Although this might sometimes
be cumbersome, it enforces the experimenter (usually the
model builder) to reflect and summarize her ideas once more
and cross check them with the model during policy analysis.
Hence, policy analysis is added to the iterative loop of model
verification and validation.
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