
  

  

Abstract — Contributing to the recent interest in the 
dynamics of activity-travel patterns, this paper discusses a 
framework for the dynamic formation of location choice-sets. It 
is based on the concepts of aspiration, activation and expected 
utility. Based on principles of Bayesian learning, re-
enforcement learning and social comparison theories, the 
framework specifies functions for experience-based learning, 
extended and integrated with social learning. 

I. CONTEXT 
O-CALLED activity-based models have rapidly gained 
interest in the transportation research community. These 

models predicts and simulate in a coherent fashion multiple 
facets of activity-travel behavior including which activities 
are conducted, when, where, for how long, with whom, and 
the transport mode involved. To the extent that these models 
have been actively implemented, some type of simulation is 
used to simulate the implementation of predicted activity-
travel in time and space. The majority of these simulations is 
based on Monte Carlo simulations, other such as Albatross 
[1-3] and Aurora (e.g., [4]). An overview of these 
developments is given in [5]. In addition to these 
comprehensive models, agent-based simulations have also 
been suggested for particular facets of activity-travel choice 
(e.g., [6-10]). 

As part of the FEATHERS model ([11, 12]), an extension 
and elaboration of Aurora (e.g., [4]), an agent-based system 
which incorporates different types of dynamics and learning 
discussed in [13], this paper discusses the conceptual 
framework that is suggested. Because it is quite different 
from commonly used framework on the AI community, it 
may be useful to introduce it to this research community.  

II. THE FRAMEWORK 
The basic assumption is that an agent acts based on 

behavioral principles and mechanisms. (S)He holds beliefs 
(knowledge) about the environment during a certain life 
course, has preferences and basic needs, leading to plans, 
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agendas and schedules. (S)He carries out those plans, 
agendas and schedules in time and space. When a deviation 
exists between his/her expectation and aspiration an agent 
may start exploring his/her environment for new 
alternatives. Thus, (s)he learns about the environment and 
the consequences of his/her actions, in this case the choice 
of activity locations, and is able to adapt to changing 
circumstances and improve less effective behavior. Based on 
experiences, an agent forms habits, reinforces memory 
traces, updates beliefs about attributes of locations and 
routes, discovers the conditions under which certain states of 
the environment are more likely than others, and in so doing 
makes sense of the world around him/her. Moreover, 
through social contacts agents exchange information and 
adjust aspirations, which may trigger actions to explore new 
alternatives. Thus, for an agent, the composition of the 
location choice-set for a specific activity under certain 
conditions is dynamic. The alternatives within the choice-set 
will be expanded with newly discovered alternatives and 
reduced with old ones that are discarded or no longer 
retrievable from memory. 

An aspiration level is an agent’s goal for the outcome of 
the decision [14, 15]. In theory, aspirations could be defined 
either at the level of choice alternatives (a bundle of 
attributes) or individual attributes. We assume that it is more 
plausible to define aspiration at the level of attributes as it is 
on that level that an agent may determine goals that give 
direction to exploration processes (e.g., find alternative 
stores with a lower price level rather than find stores that 
have higher utility for my purposes). Defined for an 
attribute, an aspiration serves as a subjective reference point, 
which determines what qualifies as a satisfactory outcome 
for that attribute. An aspiration level is agent and, in case of 
a dynamic attribute, context-specific and, in the context of 
this paper, associated with location attributes. The outcome 
of a comparison between aspiration and actual or expected 
outcome given current knowledge provides a measure of an 
agent’s satisfaction and willingness to explore new 
alternatives. A possible discrepancy between the expected 
outcomes derived from the alternatives within the current 
choice-set and the agent’s aspiration levels may trigger the 
agent to switch from habitual behavior to a conscious choice 
mode. 

Generally, aspiration levels are context dependent. For 
example, satisfaction or tolerance about the crowdedness 
encountered at shopping locations may vary by day-of-the-
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week and shopping location’s category type. Aspiration 
levels can relate to both (quasi)-static attributes and dynamic 
attributes (which may fluctuate as a function of the behavior 
of all agents in the system). Formally, we denote the set of 
current aspiration values as { }kA A= , where 

( , )k k kA c e= ,  ),,( 21 jkkkk eeee K= , ke1  represents 

the aspiration value of the first attribute under the k-th 
condition, and 1 2( , , , )k k k lkc c c c= K  defines the k-th 
condition as a set of states of the condition variables 
considered. 

Agents within similar social demographic classes or 
belonging to the same social network may have similar 
aspiration levels since they adapt their aspirations based on 
social comparison. Agents also judge what make up a 
satisfactory outcome, and have the ability to memorize 
situations and outcomes (i.e., events). In part, this is context 
dependent, that is, certain contextual conditions 
automatically activate particular memory traces that lead to 
particular levels of awareness. The activation level of a 
location alternative is the indicator of the strength of such a 
memory trace, and hence reflects the ease with which it can 
be retrieved from memory. As such, an activation level is 
associated with each alternative in the current choice-set for 
each specific contextual condition, for example, defined in 
terms of type of activity (i.e. purpose of the trip), the 
previous activity location (i.e. origin location of the trip), 
day-of-the-week and time-of-the-day. 

By repeatedly performing certain behavior under same 
situational conditions, agents develop habits. By forming 
and following habits, agents can reduce mental effort 
involved in constantly evaluating choice alternatives and 
making choices. By saving cognitive resources for the 
operation, habits help agents conserve mental resources and 
time, and free them for other tasks. Habits have been 
described as learned and scripted behaviors and are capable 
of being automatically activated by the situational conditions 
that normally precede the behavior. As such, the activation 
level of a location represents the degree of an agent’s habit 
of choosing that location under certain contextual 
conditions. In our framework, habitual behavior involves 
that agents consistently select from a choice-set the 
alternative with the highest activation level under the given 
condition at the moment a choice is to be made. In turn, we 
define the choice set in a given choice situation as the 
locations that are retrievable from memory in that situation 
(i.e., condition). Formally, let q be the number of relevant 
condition variables, ( )t

i mW z  be the activation level of an 
alternative i under condition m, where 

1 2( , , )m m m qmz z z z= K  represents the states of the q 

condition variables under condition m, ω be a minimum 
activation level for memory retrieval ability. Then, the 

choice-set is defined as ( ) { ( ) }t t
m i i mz L W z ωΦ = ≥ . 

Note that, as implied by this equation, the definition of a 
choice-set may vary between situations. 

The attractiveness of a location is in general influenced by 
values of its attributes. Depending on the targeted need 
underlying the activity, the attributes that should be 
evaluated may be different. For example in case of 
shopping, the variety of stores is important for entertainment 
and purchase purposes, while a social need requires some 
familiarity with the location. Furthermore, the intention of 
resting attracts attention to spatial layout, while economic 
considerations emphasize quality and price. Thus, the impact 
of location may be diverse, that is, the combination of 
location and activity needs determines the utility of a 
location. Moreover, some of the attributes are (quasi)-static, 
while others are dynamic. The (quasi)-static attributes reflect 
characteristics of the location that are in short term constant, 
for example the size category, price level, parking space, 
and presence of stores for certain goods in a shopping 
centre. We assume that an agent will learn all the (quasi)-
static attributes of a location simply through observing them 
after implementing an activity at that location. This 
knowledge will keep constant, and only change when the 
physical conditions are changed externally, for example, 
after a renovation of the shopping centre. 

Dynamic attributes, such as crowdedness and travel time, 
are subjective and uncertain, and may be dependent on 
contextual variables. We assume that for each dynamic 
attribute, Xj, the agent uses some classification, denoted as 
Xj = {xj1, xj2, …, xjN}, where xj1-xjN represent possible states 
of Xj, and specifies his/her beliefs regarding location i based 
on his/her current knowledge as a probability distribution 
across Xj  denoted as Pi(Xj), which sums up to 1. The degree 
of uncertainty is given by the degree of uniformity of Pi(Xj). 
The more evenly the probabilities are spread across possible 
states, the larger the uncertainty is, and vice versa. For 
example, consider again the crowdedness of a shopping 
location. This is a dynamic attribute of a location and 
therefore may involve uncertain knowledge. An agent could 
choose four states for crowdedness as {no, little, medium, 
very}, and specifies his/her beliefs regarding each shopping 
location i as a probability distribution across these four 
states. 

In addition, the agent may discover that probabilities of 
states are conditional upon certain contextual variables. For 
example, the agent may discover that probabilities of 
crowdedness of a shopping location depend on day-of-the-
week and time-of-the-day (e.g., peak hours and non-peak 
hours). Learning that some variables have an impact on 
outcome-states means extending unconditional probabilities 

( )t
jP X  to obtain conditional probabilities ( )t

jP X C , 

where C stands for one or more variables. 
A utility function allows the agent to evaluate each 

location alternative given his/her current beliefs about the 



  

attributes of the location (including travel time) and his/her 
preferences. Using probabilities of the types ( )t

jP X C  to 

describe the knowledge of the agent, the expected utility 
equation can be expressed as below: 

( ) ( )t static dynamic
i k i i kEU c EU EU c= +      (1) 
static
i iEU Xβ=               (2) 

( ) ( )dynamic t
i k j jn ij jn kj n

EU c x P x cβ= ∑ ∑    (3) 

Where t
iEU  is the expected utility of location i at time t, 

iXβ  is the expected partial utility of location i for static 

attributes and preference, and ( )t
j jn ij jn kx P x cβ  is the 

expected partial utility of location i under possible states 

jnx  with probabilities ( )t
ij jn kP x c  and preference jβ    

regarding dynamic attribute j. 1 2( , , , )k k k lkc c c c= K  
represents the values of relevant condition variables under 
the k-th condition. Thus, expected utility takes into account 
current beliefs regarding state probabilities as well as an 
agent’s preferences. Of course, static attributes could also be 
dealt with by these equations, namely as the special case 
where the believed state has a probability of 1. 

In the assumed choice making process, agents go through 
a mental process to arrive at a choice. They start with 
implementing their habitual behavior that requires least 
mental effort, and carry on with conscious choice that asks 
for more effort only if the habitual choice is not satisfactory, 
until they find a choice that is satisfactory. Figure 1 
schematically shows the main steps of the decision making 
process by which the model arrives at a location choice. As 
the aspiration levels are the standards for determining 
whether an outcome is acceptable, they will try to find the 
alternative that meets the requirements within a tolerance 

threshold. The tolerance threshold is a predefined and agent 

specific parameter that reflects a characteristic of the agent. 
A large tolerance threshold indicates the agent strongly 
dislikes the mental effort involved to make better actions 
and is sooner happy with the current situation. Vice versa, a 
small threshold implies that on the one hand the agent is 
stricter in what is found acceptable, and on the other hand 
the agent may have a higher propensity to explore. In 
general, the larger an agent’s threshold is, the higher the 
probability will be that the agent is satisfied with the 
expected performance of the current choice-set. Being 
satisfied with the current situation means less desire to take 
a risk, invest effort, and change behavior, and consequently, 
also that it is less likely to explore and possibly make better 
choices in the future. 

As implied by the definition of activation level, the 
alternative that has the highest activation level in the choice-
set is the one that is most easily retrieved from memory and 
requires the smallest amount of mental effort from an agent.  
In order to determine the level of satisfaction with the 
habitual choice, the location with the highest activation level 
is compared to aspiration levels. We assume that if 
dissatisfaction (i.e., the difference between aspiration and 
expected level) regarding at least one attribute exceeds the 
tolerance threshold, an agent will switch to another mode of 
behavior and start searching consciously for better 
alternatives. On the other hand, if this threshold is not 
exceeded, we assume that no active search will take place 
and that the agent will exhibit habitual behavior that leads to 
executing the choice that has the highest activation level. 

We make a distinction between exploitation and 
exploration as alternative non-habitual modes of choice 
making. We assume that when acting in a conscious mode, 
an agent will first be engaged in exploitation and search 
within his/her current choice-set (i.e. retrieve alternatives 
from his/her memory that have a lower awareness) for a 
better alternative under current conditions. With 
exploitation, the agent calculates the expected utilities 
(equation 3) of all the alternatives within the choice-set 
given current knowledge of the environment and the given 
conditions, and compares the attributes of the one that has 
the highest expected utility with aspiration levels. When for 
none of the attributes dissatisfaction exceeds the threshold, 
we assume that no active exploration of new alternatives 
will happen and the agent will choose the location that has 
the highest expected utility. If for at least one attribute there 
is a mismatch that exceeds the tolerance threshold, the agent 
will start to explore new alternatives that might solve the 
mismatch. We call this exploration. Thus, search is not 
random, but rather directed. The attribute causing 
dissatisfaction will guide the agent in what to search for. 

Exploration is a process by which new alternatives can 
enter the choice-set. The probability of a location to be 
discovered is modeled as a function of attractiveness of the 
location regarding the attributes that are not satisfied by the 
alternatives within the current choice-set. Because agents are 

New choice set

Current Choice set

Habitual choice

Conscious choice

Exploitation

Exploration

The one that 
has the highest 
activation level

Aspiration 
level

Mental effort limit

Satisfied

N

Y, lower
N

Satisfied 

N

The one that 
has the highest 
expected utility

The one that 
newly 

discovered

Y

Y

Experience
based

updating:
Activation level

Beliefs

New choice set

Current Choice set

Habitual choice

Conscious choice

Exploitation

Exploration

The one that 
has the highest 
activation level

Aspiration 
level

Mental effort limit

Satisfied

N

Y, lower
N

Satisfied 

N

The one that 
has the highest 
expected utility

The one that 
newly 

discovered

Y

Y

Experience
based

updating:
Activation level

Beliefs

 
 
Fig. 1.  The decision process of the model  
 



  

uncertain in this situation due to limited information, we 
propose to use the Boltzmann model (see [16]) to calculate 
discover probabilities across the universal choice set of 
locations and simulate outcomes of search processes: 

exp( / )( )
exp( / )

t
t i
i t

ii

VP L
V

τ
τ

=
∑

          (4) 

Where Vi
t is a utility measure of location i and τ is a 

parameter determining the degree of uncertainty in the 
selection of new locations. The larger the value of the τ 
parameter is the more evenly probabilities are distributed 
across alternatives and, hence, the higher the uncertainty is, 
and vice versa. The parameter can be interpreted as the 
general (lack of) quality of information sources available to 
the agent, such as social network, public and local media 
and own observations during travel. Vi

t is a utility calculated 
based on true levels of attributes of locations. Note that the 
utility depends on the objective of the search: by including 
only those attributes that are dissatisfactory in the current 
best choice, Vi

t reflects the focus of the search. Furthermore, 
a disutility of travel distance is included in the function for 
Vi

t for two reasons: (1) the longer the travel distance is, the 
less likely information about the location is available and, 
(2) the longer the travel distance is, the less likely the 
location will be considered by the agent because of the 
higher generalized travel costs. 

Having defined the discover probability distribution 
across locations across the universal choice set, Monte Carlo 
simulation will be used to select a new location that will be 
tried and may be added to the choice-set. Once tried, the 
new location receives an activation level reflecting memory 
trace strength and is subject to the same updating and 
learning process as other alternatives in the choice-set, as 
will be explained later. 

In addition, a mental effort counter is included to prevent 
an agent from getting trapped in continuous and endless 
exploration. We assume that the agent will keep a record of 
how many consecutive times (s)he already tried exploring a 
new location under the same contextual conditions. Every 
time a choice is made through exploration, it will add 1 unit 
of mental effort. A habitual choice or an exploitation choice 
will break the chain of incrementing the score and restore it 
back to 0. We assume that when the mental effort involved 
in search for a better alternative is built up and exceeds a 
predefined threshold, instead of continuing exploring, the 
agent will avoid further frustration by lowering the 
aspiration level (realizing that the current aspiration level is 
not realistic). Therefore, in the choice process, before 
engaging in exploration, the system will check whether the 
accumulated mental effort exceeds this threshold. If this 
threshold is not exceeded, the agent will continue exploring. 
When it is exceeded, the agent will replace the current 
aspiration levels with the attributes levels of the alternative 
that currently has the highest expected utility, to assure a 
relatively optimal outcome and maintain high aspiration 

levels for future choices. As a consequence of choosing it, 
the activation level of this alternative will be increased. 

As a consequence of the above mechanisms, an agent 
arrives at a selection of a single alternative location each 
time an activity is to be carried out. Depending on aspiration 
levels, this alternative could be the one that has the highest 
activation level (habitual choice), the one that has the 
highest expected utility (conscious exploitation choice), or 
the one that was newly discovered (conscious exploration 
choice). 

Central to our dynamic process is the notion that choices 
are contingent upon the outcome of previous choices. By 
repeatedly making decisions, an agent acquires knowledge 
(learns) about the environment and thereby forms 
expectations about attributes of the environment. It should 
be noted that adaptation and learning processes involve two 
operations. One concerns updating an agent’s perception of 
the environment. Through repeated experience, agents will 
update their expectation of attributes of locations (and 
routes), which are considered relevant for making choices, 
and discover conditions having an influence on outcomes. 
The other operation concerns the formation of habits to 
avoid the needless repetition of effortful memory retrieval 
and evaluation tasks. In this section, we will consider these 
two processes in turn, starting with habit formation. 

A mechanism similar to reinforcement learning will be 
used for updating activation levels to simulate memory 
process. In line with evidence in cognitive psychology [17], 
the basic assumptions are that an alternative that has higher 
utility stays longer in memory, and that memory is 
reinforced when an alternative is chosen and memory decays 
if it is not chosen. Every time a location is chosen, the 
activation level of that location will be incremented to 
simulate the strengthening of a memory trace. The 
reinforcement rate is an increasing function of the 
experienced utility of the chosen location which in turn is a 
function of the location’s attributes (as before). Limited 
memory retention capacity is simulated in the system by a 
parameter that determines rate of decay over time. If one 
alternative has not been chosen for some time, its activation 
level will decrease. When its activation level drops below 
some predefined threshold, it will be removed from the 
current choice-set to reflect the limited human ability of 
memory retrieval. 

Formally, the strength of a memory trace of a particular 
activity location i in the choice-set is modeled as follows: 

1 ( ) ( ) 1
( )

( )

t t t
t i m i m i

i m t
i m

W z U z if I
W z

W z otherwise
γ

λ
+ ⎧ + =

= ⎨
⎩

   (5) 

Where )( m
t

i zW  is the strength of the memory trace 
(awareness) of location i at time t under a configuration of 
conditions mz  and 1t

iI = , if the location was chosen at 

time t , and 0t
iI = , otherwise, 0 1γ≤ ≤  is a parameter 

representing a recency weight, which is relevant only when 



  

the location is chosen; and 0 1λ≤ ≤  is a parameter 

representing the retention rate. )( m
t
i zU  is the experienced 

utility attributed to location i  that is calculated based on 
experienced states of the attributes of location i , including 
both (quasi)-static and dynamic variables. The calculation 
(based on a utility function similar to the one represented by 
equation (1)), uses observed states of the dynamic attributes, 
such as crowdedness and travel time. Thus, at each time step 
the strength is reinforced or decays depending on whether 
the location has been chosen in the last time step. The 
coefficients γ and λ determine the size of reinforcement and 
memory retention respectively and are parameters of the 
system. Based on the current value of memory strength, the 
system determines whether or not the item is included in the 
choice-set in the next time step based on the simple rule 
stating that it is included if it exceeds a threshold level and is 
not included, otherwise. This rule can be written in the 
following general form: 

( ) { ( ) }t t
m i i mz L W z ωΦ = ≥         (6) 

We assume that agents make personal observations and 
update their beliefs of their environment based on these 
observations in order to be able to make better predictions 
about what can be expected in the next time step. Each time 
a location is chosen when an activity is implemented, the 
agent updates beliefs )( CXP j

t , where C is the condition 

or, if multiple condition variables are involved, the condition 
configuration experienced. Learning implies two processes: 
parameter learning and structural learning. The first process 
involves incrementally updating the conditional belief 
distributions across the possible states for each observed 
attribute of the location after experiencing the actual states. 
The second process is aimed at discovering the conditions 
that have an influence on the likelihood of states of the 
system. Thus, the second process determines the form of the 
conditional probabilities that are kept up to date through the 
first process. This is done by periodically reconsidering 
splitting or merging condition states based on condition 
variables to update a tree structure that better predicts states 
based on observed outcomes. In the field of Bayesian 
Networks, the two processes are generally known as 
parameter and structural learning respectively. 

We will adopt the approach proposed by Arentze and 
Timmermans [13]. In their approach, a method of parameter 
learning is used that is derived from Bayesian principles. 
Moreover, for structural learning, the proposed approach 
assumes a process of incrementally splitting and merging 
conditions based on events experienced in the past and 
stored in memory using some split criterion. In specific, the 
problem can be defined as a well-known problem considered 
by decision tree induction methods, namely as the problem 
of finding the most efficient way of splitting a set of known 
observations on predictor variables into partitions kc  that 

are as homogeneous as possible in terms of a response 
variable. For example in case of estimating the crowdedness 
of a location, the state of crowdedness is the response 
variable and time-of-the-day and day-of-the week serve as 
predictor variables. Then, the problem is to split the sample 
of observations on the condition variables such that 
observations within partitions are as homogeneous as 
possible in terms of crowdedness. Different criteria for 
finding the best splits, such as Chi-square or expected 
information gain can be used for this problem. Condition 
variables that are not significant in the current time step may 
become so at some next moment in time when more 
observations have been stored. Therefore, splitting and 
merging operations are periodically reconsidered. For more 
detail, readers are referred to [13]. The result of a structural 
learning step, generally, is that subsequent parameter 
learning is based on a new belief structure. The new 
conditional probabilities can be derived from the event base 
in a straight-forward way. 

Agents are not isolated from each other, but participate in 
social networks. Participation in social networks may lead to 
adaptation of aspirations and diffusion of knowledge, which 
in turn may trigger changes in activity-travel choice 
behavior. Modeling the dynamic formation of social 
contacts between agents based on social links is beyond the 
scope of this paper (for a possible model of these processes, 
see [18]). In this section, we consider social links as given 
and focus on the impacts of social interactions on agents’ 
aspiration levels and knowledge about activity locations.  

According to social comparison theory, people often 
obtain information about their performance by comparing 
themselves to others [19]. Social comparison theory posits 
that people are generally motivated to evaluate their 
opinions and abilities and that one way to satisfy this need 
for self-evaluation is to compare themselves to others. 
Information gathered from these social comparisons can 
then be used to provide insights into one’s capacities and 
limitations, which may motivate them to achieve higher 
goals since people are motivated to maintain or increase 
positive self-evaluation.  
Following this theory, we assume that when two agents P1 
and P2 meet, agent P1 will evaluate and update his/her 
aspiration levels based on the best performances of agent P2, 
if P2 belongs to the reference group of P1. More specifically, 
for each contextual condition of which agent P1 has defined 
aspiration levels, P1 will ask P2’s best performance. Agent 
P2 will provide as feedback the attribute information of the 
alternative that has the highest expected utility within his/her 
choice-set under the corresponding conditions, since this 
alternative reflects his/her highest possible achievement 
given his/her current knowledge.  

After receiving the information from agent P2, agent P1 
first makes a decision on whether or not (s)he will change 
his/her aspiration levels. For this, P1 compares the expected 
utility that is calculated using attributes values from agent 
P2’s answer and his/her own preferences with the expected 



  

utility that is derived from his/her current aspiration levels. 
We assume that only if a positive discrepancy between the 
two expected utilities exist (i.e., 2 1( ) ( )U P U P> ) which 
exceeds a tolerance threshold of P1, then P1 is willing to 
update his/her aspiration levels; we say the agent is in an 
updating mode. If the discrepancy is not positive or the 
threshold is not exceeded, we assume that no adjustment 
will take place implying that P1 will leave his/her aspiration 
levels unchanged. We assume that when in an updating 
mode, P1 will upgrade the aspiration levels on those 
attributes on which the alternative conveyed by P2 has the 
better value. Note that, updating aspiration levels may lead 
to a switch from a habitual to a conscious choice mode, 
which in turn may lead to exploration of new alternatives 
and, hence, adaptation of the person’s choice-set. 

Besides social comparison, when two agents P1 and P2 
meet, P1 will also update his/her knowledge by integrating 
the new information provided by P2. In the system, P2 
presents a list of all the locations (s)he knows to P1. After 
receiving the list from P2, P1 checks the list with his/her 
knowledge to find out if the list of P2 includes alternatives 
that are new to him/her. Each location alternative that is 
unknown to P1 activates P2 to provide further information 
about the attributes levels of the location. Then, P1 checks 
whether there are constraints (e.g., opening times, travel 
time) that limit the use of the new alternative, and add the 
new known alternative to condition-dependent choice-sets, 
if any, for which the new alternative is appropriate. When 
added to a choice-set, the new alternative is specified 
according to the attribute information conveyed by P2 and 
the activation level is initialized. Once added, the new 
location is subject to the same selecting, updating and 
learning processes as other alternatives within the choice-
set. 

III. DISCUSSION 
This paper has outlined the conceptual framework that 

will be used to model the dynamic process of agents’ 
activity location choice in a micro-simulation system. The 
framework considered dynamic formation of the choice-set. 
It integrates cognitive learning and social leaning. In the 
proposed approach, cognitive leaning focuses on updating 
beliefs about a non-stationary environment that will impact 
the expected utility of alternatives and habit formation, 
while social learning emphasizes on deriving and updating 
aspirations that may trigger re-evaluating currently known 
alternatives (exploitation) or search for new alternatives 
(exploration). As such, it provides a modeling approach for 
distinguishing habitual choice, exploitation choice and 
exploration choice. 
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