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ABSTRACT 

A novel approach to represent learning in human decision 
behavior for evacuation scenarios is proposed under the 
context of an extended Belief-Desire-Intention framework.  
In particular, we focus on how a human adjusts his percep-
tion process (involving a Bayesian belief network) in Be-
lief Module dynamically against his performance in pre-
dicting the environment as part of his decision planning 
function.  To this end, a Q-learning algorithm (reinforce-
ment learning algorithm) is employed and further devel-
oped.  In this work, the human decision behavior model is 
implemented in AnyLogic agent-based simulation soft-
ware, and the constructed simulation is used to test the im-
pact of the proposed learning approach on emergency 
evacuation performance, and initial results look quite 
promising. 

1 INTRODUCTION 

Learning is one of the most important aspects among the 
intelligent creatures’ behaviors, adopting itself into the en-
vironment.  Thus, machine learning is also a central func-
tion in the artificial intelligence (AI) paradigm which aims 
to create an intelligent machine.  The main stream of the 
machine learning research has focused on developing tech-
niques that intend to yield the best solution.  As a result, 
the characteristics of the widely used learning algorithms 
targeted for optimal behaviors have become quite distant 
from those of real humans, which are not always optimal. 

Extensive research has been conducted on applying 
various machine learning algorithms and models into un-
derstanding and mimicking human learning.  For example, 
statisticians have introduced Bayesian models as a way to 
understand how human deals with uncertainty.  Learning 
Bayesian Belief Network (BBN), a widely studied topic in 
the field of machine learning, generally implies finding an 
optimal network structure (structural learning) as well as 
prior distributions between the connected variables (para-
metric learning).  Although many researchers have devel-
oped various methods to construct a BBN model (Heck-

man et al. 1994), a major obstacle for its practical 
implementation is difficulty in constructing an accurate 
model, especially when training data is limited.  As another 
attempt for developing a human like learning machine, re-
inforcement learning (RL) has been adopted initially in the 
domain of psychology of animal learning that concerns 
learning by trial and error.  Later, in the 1980s, RL has 
been adopted by the AI field as well (Fu and Anderson 
2006).  As such, the RL technique was successfully dem-
onstrated to mimic human behavior in simple problem 
solving situations especially when prior knowledge is lim-
ited.  Also, while BBN training is an NP-hard problem, 
training in RL is performed relatively easily based on the 
recursive mathematical formula.  However, a major draw-
back of RL is its difficulty in being applied to complex 
problems as states (which can be exhaustive for complex 
problems) and actions need to be clearly defined before-
hand.  Thus, if the environmental factors (e.g. states and 
actions) change, they need to be defined accordingly.  In 
addition, RL is more limited to employ prior knowledge 
than BBN. 

In this work, we propose an innovative learning model 
for human behavior against a dynamically changing com-
plex environment (a terrorist bombing scenario in a public 
area is considered in this paper), combining BBN and RL 
techniques and compensating for the deficiency of each 
method.  To this end, we demonstrate the proposed learn-
ing model in the context of the extended Belief-Desire-
Intention (BDI) human decision-making framework (Zhao 
and Son 2008), which was developed by the authors ear-
lier. 

2 PROPOSED HYBRID LEARNING MODEL IN 
THE CONTEXT OF BDI FRAMEWORK 

The Learning in this work is defined as the evolutionary 
process of underlying modules which constitute the human 
decision behavior process when the considered human 
evolves from a novice to an expert in a certain aspect.  In 
this work, the extended Belief-Desire-Intention (BDI) 
framework (Zhao and Son 2008) has been employed for 
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our analysis as its rich and comprehensive framework pro-
vides us with various learning aspects. 
 
2.1 Overview of BDI Framework 

BDI is a model of a human’s decision-making process, 
where mental state is characterized by three major compo-
nents: beliefs, desires, and intentions (Rao and Georgeff 
1998).  Beliefs represent information a human has about 
circumstances.  Desires correspond to state of affairs that 
human would wish to be brought about.  Intentions repre-
sent desires that a human has committed to achieve.  Zhao 
and Son (2008) extended the original BDI model to include 
detailed sub-modules.  Later, Lee et al. (2008) further ex-
tended the model (see Figure 1), appending an Emotion 
Module containing a confidence index and an instinct in-
dex to represent more psychological natures of human.  In 
Figure 1, the perceptual processor perceives the environ-
ment and generates beliefs.  Beliefs, in turn, are used to 
create desires through the desire generator.  Once the de-
liberator selects an intention from desires, the real-time 
planner generates plans which will then be executed by the 
decision executor.  The Emotion Module containing confi-
dence index and instinct index affects and is affected by 
each component throughout the decision making process. 
 

 
 

Figure 1: Components of the extended BDI framework 
 
2.2 Proposed Hybrid Learning Model 

In this section, we propose a novel hybrid learning algo-
rithm involving BBN and RL for the Belief Module and a 
Confidence Index (CI) in the Emotion Module of the ex-
tended BDI framework. 

 
Bayesian Belief Network for the Belief Module 
BBN is a cause and effect, directed acyclic network, where 
nodes represent considered variables and the direction of 
arcs encodes the conditional dependencies and cause-effect 
relationship between the variables.  By using BBN, the 

probabilistic relationship as well as historical information 
between variables can be captured via prior and conditional 
probabilities, which then can be used to infer posterior 
probabilities given evidence through the Bayes’ theorem.  
A major advantage of BBN is its ability and flexibility to 
handle uncertain and dynamic environments.  For this rea-
son, we have adopted BBN for the perceptual processor in 
the Belief module of the BDI framework (Lee et al. 2008), 
and Bayesian models have become prominent over a broad 
spectrum of the cognitive science (Griffiths et al. 2008).  
However, in terms of learning, most of the research works 
in this area have focused on finding the best model fitting 
techniques that can accurately represent the given in-
put/output data as opposed to mimicking a dynamic learn-
ing process of human (goal of this paper).  In this paper, 
we propose an approach to update the BBN dynamically. 

 
Q-Learning for the Emotion Module 
The intent of RL is to obtain an action-value function that 
gives an expected utility of taking an action in a given state 
and following a fixed policy thereafter.  Q-learning (Wat-
kins 1989) is one of the most actively investigated rein-
forcement learning techniques.  In the extended BDI 
framework, the Confidence Index (CI) of the Emotion 
Module affects as well as is affected by all the other mod-
ules (e.g. Belief Module, Desire Module, Decision-Making 
Module).  For example, the higher the CI, the longer the 
planning horizon of the human is in his decision-planning 
process.  Also, the better human’s performance in predict-
ing the environment in his decision-planning process, the 
higher the CI is.  These inter-effects between the CI and 
other modules evolve as part of the decision maker’s dy-
namic learning process.  In this paper, we investigate such 
a learning process using the Q-Learning technique (see 
Equation (1)), in particular for the effect of the CI on the 
perceptual processor in Belief Module. 

 
Proposed BBN-RL Hybrid Learning Model 
As a perceptual processor, BBN takes observed informa-
tion as inputs and delivers an inferred perception of a deci-
sion maker as outputs.  The inferred outputs are repre-
sented as a set of probability distribution functions f(x) for 
each of the result factors.  Here, as the CI is believed to af-
fect the perceptual processor (inference in BBN), the effect 
of the CI is considered as an additional step, where the 
probability distribution for each of the output factors is 
modified in a way that the probability that positive (opti-
mistic) factors will infer higher values (states) is increased.  
The positive factor is a relative concept depending on the 
situation faced by the decision maker.  For example, time 
can be a positive factor when people want to take a rest 
whereas it can be a negative factor when people travel to a 
destination.  In this work, we propose that the above men-
tioned effect of the CI on the probability distribution ob-
tained from the BBN is determined and improved (result-
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ing in a better decision-making performance) via Q-
learning.  For example, let us suppose that a node X is a 
positive output factor (e.g. safety measure under an 
evacuation situation) in the BBN with three discrete states 
(High, Medium, and Low).  Then, the BBN infers the prob-
ability distribution of X (i.e. p(High), p(Medium), p(Low)) 
based on an observation.  In the proposed model, the CI 
changes the probability distribution by subtracting δ from 
p(Low) and adding it to p(High).  The altered amount (δ is 
determined based on the current CI value.  In our work, the 
relationship between δ and the CI is trained via the Q-
learning algorithm.  Equation (1) depicts a general Q-
learning algorithm, where Q(st, at) is a discounted reward, 
R(st, at) is an observed immediate reward, st and at are state 
and action at time t, t (0  t <1) is a learning rate, and γ 
(0  γ < 1) is a discount factor.   
                                     

                                            (1) 
 
In the BDI framework, CI and δ values correspond with the 
state and action terms in Equation (1), respectively.  Once 
the beliefs are updated via the BBN along with the CI, the 
CI is updated using the true information that is observed 
after a while.  In this work, we employ the CI (0  CI0  1) 
(see Equation (2)) that was suggested by Lee et al. (2008), 
where dt (>0) denotes the deviation between what is pre-
dicted about the environment during the planning stage and 
the actual observed environment during the execution 
stage.  In this work, dt is defined as 

 where  is the inferred 
prediction of child node i at time t using BBN.   

 

                          1(1 )td
t tCI e CIα α−

−= ⋅ + −               (2) 

 
For example, we can use the expected value method as fol-
lows.  If the child node i has the inferred distribution of 
each state as p(High) = 0.3, p(Medium) = 0.4, p(Low) = 
0.3, then  can be calculated as  = 0.3 × 5 + 0.4 
× 3 + 0.3  × 1 = 3.  In Equation (2),  (0    1) adjusts 
the effect of previous confidence to the current confidence, 
which varies depending on an individual.  The initial con-
fidence value (CI0) has to be given, which will be different 
for individuals.  The change of the CI can be an immediate 
reward in Q-learning that is represented as R in Equation 
(1).  In this way, we can find a best (involving the most in-
creasing CI value) δ value for a given CI value. 

 
Illustration of Proposed Q-Learning for Effect of CI 
In this example, in order to deal with a finite number of 
states, the continuous CI value is divided into four discrete 
intervals: 0 ~ 0.25, 0.25 ~ 0.5, 0.5 ~ 0.75, 0.75 ~ 1.  For 
example, if the current CI value lies between 0 and 0.25, 

the current state is 1; similarly, if the current CI value lies 
between 0.25 and 0.5, the current state is 2.  Here, 9 ac-
tions are defined, which will alter the probability distribu-
tion of positive factors.  Actions I, II, III, and IV subtract 
90%, 70%, 50%, and 30% of the inferred probability (δ) 
from the highest state and add it to the probability of the 
lowest state, respectively.  Action V denotes no alteration.  
Similarly, Actions VI, VII, VIII, and IX subtract 30%, 
50%, 70%, and 90% of the inferred probability (δ from the 
lowest state and add it to the probability of the highest 
state, respectively.  We set R (immediate reward) as the 
amount of the CI value change.  In other words, the imme-
diate reward R is defined as R(st (CIt), at (δt) ) = CIt - CIt-1.  
Let us suppose that  and CI0 are set to  = 0.5 and CI0 = 
0.5, respectively for the CI (see Equation (2)).  Moreover, γ 
is assumed to be 0.1, which means we tend to neglect fu-
ture rewards.  Then, we can establish a state/action Q ma-

trix as .  Exemplary calculations in 

learning are described here.  We set  = 0.5, t = 0.7, γ = 
0.1, and CI0 = 0.5.  Then, the current state is 2.  Suppose 
that action III is randomly selected at state 2 with a posi-
tive factor’s p(High) = 0.67, p(Medium) = 0.18, and 
p(Low) = 0.15 in the BBN.  Then, a modified BBN has 
p1(High) = 0.67 – 0.67 × 0.5 = 0.335 and p1(Low) = 0.15 + 
0.67 × 0.5 = 0.485 in the positive factor’s probability dis-
tribution.  Then, using the expected method discussed in 
the previous section, m(t) of this factor is m(1) = 0.335 × 5 
+ 0.18 × 3 + 0.485 = 2.7.  Suppose further that we obtain 
m(2) = 2.74 from the next BBN inference.  Then d1 = | 
m(1) – m(2)| = |2.7 – 2.74| = 0.04.  Using Equation (2), we 
can calculate CI1 as = 0.5⋅e-

0.04 + 0.5⋅0.5 = 0.7.  Thus R(CI1, δ1) = 0.7 – 0.5 = 0.2.  
Then Q(CI1, δ1) = (1- t) Q(CI0, δ0) + t[R(CI1, δ1) + 
γ⋅Max(Q(CI2, all actions))] = (1-0.7)⋅0 + 0.7[0.2 + 0.1⋅ 
Max(Q(0.75, -0.2), Q(0.75, 0), Q(0.75, +0.2))] = 0.14 + 
0.1⋅0 = 0.14.   
Then, the Q matrix is updated as following: 

. We repeat the same process until 

the Q matrix has converged.  Suppose that we have re-
peated the above training and obtained a converged Q ma-

trix as follows: .  Via normaliza-

tion, we can obtain a revised Q matrix, 

, which is then used for the 

operation.  For example, the first row of the Q matrix de-
fines the probability distribution of actions in state 1.  
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Thus, if we are in state 1, the probabilities of selecting ac-
tions I, II, and III are 0.32, 0.2, and 0.12, respectively.  It is 
noted that the summation of the elements in each row of 
the normalized Q matrix is 1. 

3 EXPERIMENT UNDER EMERGENCY 
EVACUATION SCENARIO 

In this section, the proposed hybrid learning model is illus-
trated in a simulated environment for emergency evacua-
tion (bombing attack) scenarios.  In particular, evacuation 
performances (e.g. CI) between learned agents and novice 
agents are compared, where learned agents update their Q 
matrix under various emergency scenarios.  Also, the ef-
fects of various parameters considered in the proposed hy-
brid model on learning are discussed. 
 
3.1 Simulation Model of Emergency Evacuation 

In this work, the proposed hybrid learning model is tested 
and illustrated using agent-based simulation developed for 
emergency evacuation scenarios (Lee et al. 2008).  In the 
simulation, we observe the crowd behaviors under a terror-
ist bomb attack in the Washington D.C. National Mall area.  
In our simulation, three types of agents are considered, in-
cluding 1) commuter, 2) novice, and 3) police agent, whose 
defined behaviors are different.  The number of each agent 
type in the simulation can be adjusted.  Figure 2 depicts a 
snapshot of the AnyLogic simulation, where bomb explo-
sion is shown in the middle of the map and agents are eva-
cuating from the area.  The constructed simulation allowed 
us to observe agents’ behaviors that mimic human in the 
given scenario, using which we were able to evaluate vari-
ous evacuation policies (Lee et al. 2008 ).  Figure 3 depicts 
a BBN that is used by the agents to perceive the environ-
mental information and convert them into their own belief.  
As shown in Figure 3, the agents consider fire, smoke, po-
lice, crowd, and distance to exit as the environmental in-
formation.  Then, via the BBN, the information is trans-
lated into the agent’s belief about the risk and evacuation 
time for each of the alternative paths. 

 

 
 

Figure 2: Emergency Evacuation simulation in AnyLogic 

 

 
 

Figure 3: BBN used for perceptual processor of BDI agent 
 

3.2 Experimental Results 

In this section, we discuss preliminary simulation results 
obtained from different sets of parameters considered in 
the proposed hybrid learning model such as  (see Equa-
tion (2)), t, and  (see Equation (1)).  In particular, we 
compare the results obtained from the BBN-RL hybrid me-
thod with those from the BBN method only.  In order to 
construct a Q matrix, we first create 500 instances of nor-
mal agent and one special type of agent that updates the Q 
matrix.  Every agent adjusts its CI according to Equation 
(2), and only the learning agent updates the Q matrix using 
Equation (1) and the algorithm in Figure 2.  Since an 
agent’s speed of movement and his planning horizon de-
pend on the CI value, the evacuation performances (e.g. 
average evacuation time, finding the best evacuation path) 
are closely related with the CI values.  Thus in this paper, 
we measured the CI as the performance index.  To obtain a 
converged Q matrix, we made the learning agent to update 
the Q matrix under various situations of emergency evacu-
ation during 200 replications of the simulation.  Then we 
have normalized the matrix so that values in each row 
(state) are summed to 1.  Table 1 depicts the normalized Q 
matrix using  = 0.5, t = 0.7, and  = 0.5.  In this case (  = 
0.5, t = 0.7, and  = 0.5), action V (‘Do nothing’ action) 
has the lowest value, which means action V returns the 
least reward (increment of CI).  We have repeated this Q 
matrix training process using different parameter , t, and 
 values varying 0.3 to 0.9 with increment of 0.2. 

 
Table 1: The normalized state (1 ~ 4) and action (I ~ IX) Q 

matrix using  = 0.5, t = 0.7, and  = 0.5 
 

 
 
Once we obtain the Q matrix, we ran the model with 

letting the agent to use each Q matrix for the BBN adjust-
ment.  Each simulation with a different Q matrix is repli-
cated 100 times.  CI0 is set to 0.5 and CIt is updated ac-
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cording to Equation (2) thereafter.  In addition to the effect 
of each of the parameters as mentioned earlier, we com-
pared the CI results from two different action/selection pol-
icies which are greedy and softmax policies.  The greedy 
policy is a special case of ε-greedy policy where ε = 0.  
Thus the agent selects the action that has the biggest utility 
value at each state.  In the other hand, the softmax policy is 
selecting the action ai on state sj randomly based on the 

probability  where Q(sj, ai) is the 

element in jth row and ith column of the Q matrix. 
Figure 4 depicts the CI values over simulation time t 

for different  when we did not adjust BBN using the Q-
Learning algorithm.   decides the reflection of wrong pre-
diction into CI.  Thus as  decreases the variance of CI de-
creases and CI value itself decreases slowly. 

 

 
 

Figure 4: CI over time without applying Q learning for 
each  

4 CONCLUSIONS 

We have proposed a promising hybrid learning model inte-
grating BBN and RL techniques.  The proposed model has 
been implemented in emergency evacuation agent-based 
simulation.  The developed simulation allowed us to ob-
serve the effect of learning under various conditions.  The 
simulation results demonstrated that the proposed model 
effectively adjusted itself to an inexperienced situation 
without any prior knowledge.   The inexperienced agent 
inferring environment based only on BBN progressed to an 
expert by adjusting the inferred perception via RL. 
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