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1. Introduction 

Agents are intentional software units that operate autonomously 

and interact with environments in selecting actions to achieve 

goals (Wooldridge and Jennings, 1995).  Cognitive memory 

architectures were implemented in agents with the aim to 

enhance the intelligence of these agents via enabling them to 

learn from their experiences.  Memory in cognitive science is 

predominantly conceived of as a mental capability to allow 

humans to learn new knowledge to make sense of the world 

(Clancey, 2001).  From a functional point of view, cognitive 

memory is traditionally categorized into long-term memory and 

short-term memory.  Working memory (Baddeley and Hitch, 

1974), as a component of short-term memory, is a cognitive 

apparatus that temporarily buffers and processes information.  

Long-term memory consists of declarative memory and non-

declarative memory that is composed of implicit skills, habits.  

Declarative memory includes episodic and semantic memory.  

Episodic memory (Tulving, 1983) snapshots contextual 

information in relation to events whilst semantic memory is de-

contextualized and generalized from these information.  Drawing 

ideas from cognitive memory research, researchers have been 

creating memory-based intelligent agents.  For example, the 

cognitive architecture of SOAR (Laird et al., 1987) has been 

enriched with working memory (Nuxoll et al., 2004) and 

episodic memory (Nuxoll and Laird, 2007) and is likely to 

include a semantic memory component (Laird, 2008).  In this 

paper, we discuss cognitive memory from a different perspective 

that takes account of interactions within an agent’s cognitive 

structures and communications between the agent and its 

environment that give rise to a memory.  This kind of memory 

has been referred to as constructive memory and is regarded as 

the means via which humans develop their experiences (Clancey 

1997).  This constructive view of memory can be traced back to 

Dewey (1896 reprinted in 1981). Dewey stated “sequences of 

acts are composed such that subsequent experiences categorize 

and hence give meaning to what experienced before” (quoted by 

Clancey (1997)). The theory of constructive memory is 

underpinned by cognitive studies (Bartlett, 1932 reprinted in 

1977; Von Foerster, 1970 reprinted in 2003; Riegler, 2003, 

2005). A basic function for constructive memory is to 

continuously create and adapt structures that interact with its 

internal and surrounding structures to identify and to evaluate a 

concept (Riegler, 2005).  It tends to maintain the fitness of these 

structures in a dynamic environment.  Software agents built on 

the principle of constructive memory have been implemented as 

self-organized connectionist approaches primarily in the domain 

of design computing (Gero, 1999; Liew and Gero, 2004).  In this 

paper, we briefly describe an enhanced constructive memory 

agent framework (Peng, 2006) that incorporates generalization 

and reflection using inductive and deductive reasoning 

approaches.  The paper focuses on presenting the behaviors of a 

constructive memory agent in a number of time-series 

experiments in design optimization scenarios.  These behaviors 

are explored at two different levels – the microscopic and the 

macroscopic level.  The microscopic behaviors (called micro-

behaviors) are detailed processes and constraints that are defined 

by the constructive agent architecture, for example, its internal 

processes of sensation, perception, experience activation and 

reactivation.  The investigation of the agent’s micro-behaviors 

and their dependencies in relation to various contexts lead to 

better understandings of how it develops its behaviors in a 
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dynamic environment.  Analyzing functional aggregations of 

these micro-behaviors -- the agent’s macro-behaviors, such as 

reaction, reflection and reflexion, enable us to characterize and 

evaluate constructive memory behaviors in time-series events.  A 

Markov chain approach is utilized to analyze behaviors obtained 

from test data.  Markov chains have been used as stochastic 

models to study the time-dependent behaviors of dynamic 

systems (Siu, 1994) and complex adaptive systems (Spears, 

1998, 1999).  The behaviors of these systems are specified as 

transition probabilities between the system’s states over time. 

The fundamental assumption for a first-order Markov process is 

that the conditional probability distribution of the state in the 

future, given the state of the process currently and in the past, 

depends only on its current state and not on its state in the past. 

A second-order Markov chain takes account of the current state 

and also the previous states.  The Markov chain is an ideal tool 

to construct a descriptive model of time-dependent relationships 

among behaviors of a constructive memory agent.   

2. Constructive memory agents  

Memory in computational systems often refers to a place that 

holds data and information called “memories”. It is indexed so as 

to be queried more efficiently later.  The structure, contents and 

indexes are fixed and independent of their use (Gero, 2006).  The 

contents and the structures of a constructive memory are changed 

by their use (Gero, 2006).  The characteristics of a constructive 

memory are (Gero, 2006): 

 

 memory is a reasoning process 

 the index need not be explicit, it can be constructed from the 

query 

 the index is changed by its use 

 the content can be changed by its use 

 the memory structure can be changed by its use 

 memories can be constructed to fulfill the need to have a 

memory and 

 memories are a function of the interactions occurring at the 

time and place of the need to have a memory.  

 

A memory can be regarded as a process of learning or 

reinforcing a concept.  Such memories are associated with both 

the previous memories (called “experiences” when used in the 

current situation), the current need for a memory (in terms of 

environment stimuli) (Gero, 2006).  A constructive memory 

system can be conceptualized as an unsupervised incremental 

learning system, where all later memories have the potential to 

include and affect all earlier memories while earlier memories 

affect later memories (Gero, 2006).  

Two operational characteristics of a constructive memory 

model are constructive learning and experiential grounding 

mechanisms (Liew and Gero, 2004).  Constructive learning has 

an effect that brings changes in the structure of the memory 

system.  Experiential grounding is concerned with the provision 

of meanings to the experiences processed by an artificial agent 

(Liew and Gero, 2004).  It is similar to historical grounding 

(Nehaniv and Dautenhahn, 1998), which considers the 

consequence of the utility of an experience in determining its 

meaning.  According to Liew and Gero (2004), the basic 

operations for a constructive memory model consist of: 

 

 cueing
1
: the memory system is initially cued by a demand 

from the current situation; 

 activation and selection: multiple experiences may be 

activated, with only one being selected; 

 memory construction: memory is constructed based on the 

selected experience; 

 incorporation: the constructed memory is incorporated into 

the system; 

 grounding: providing meanings to the activated experience 

based on the consequence of its usage.  

 

A memory construction process can be viewed as the way in 

which a system uses its previous memory structures and contents 

to conceptualize and give meanings to its environmental stimuli. 

This paper presents a constructive memory agent framework, its 

implementation and experiments using it in design optimization 

scenarios.   

2.1. Constructive memory agent architecture 

A constructive memory agent contains sensors, effectors, 

experience structures and a number of paralleled data-processing 

functions: sensation, perception, conception, hypothesizing, 

cueing, action, validation and grounding.  Central to a 

constructive memory agent is the system architecture, which 

describes the agent’s components and their interactions in terms 

of data flows (Fig. 1).  The agent’s experience is treated as 

knowledge structures that hold sensory, perceptual and 

conceptual representations and can be used to construct a 

memory.  They can be classified into three categories: 

 

 Sensory experience holds discrete symbolic labels for 

classifying sense-data which captures environmental events 

and their changes.  They are the built-in features for sensors.  

Each sensor captures a particular type of information.  Once 

an environmental stimulus is detected, the agent attaches an 

initial meaning to it based on the associated sensory 

experience;  

 Perceptual experience captures historical representations of 

perceptual categories and their interrelationships.  These 

include entities, properties and entity–property relationships 

with degrees of beliefs; 

 Conceptual experience comprises the grounded invariants 

over the lower level perceptual experience.  The conceptual 

                                                 
1 A cue refers to a stimulus that can be used to activate the agent’s 

experience to obtain a memory of that experience. 
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experience explicitly states the regularities over the past 

observations of perceptual instances.  

2.1.1. Sensation  

Constructive memory agents can sense and put forward changes 

to the environment via sensors and effectors.  Sensors gather 

environmental changes in terms of sense-data.  Sensation (S) is 

the process that transfers sense-data into multi-modal sensory 

experiences.  This is through “push” and “pull” processes. A 

push process is a data-driven process in which changes from the 

external world trigger changes in the agent’s internal world, for 

example, the agent’s experience.  A pull process is an 

expectation-driven process in which the agent produces the 

internal world according to its expectations modified by the 

external changes; if needed the sense-data is itself modified to 

meet expectations – the process of memory construction  (Gero 

and Fujii, 2000; Gero and Kannengiesser, 2006).  The push and 

pull processes can occur at different levels of data-processing 

functions, for example, sensation, perception and conception. 

The pushed sense-data are also called exogenous sense-data (Se). 

They are triggered by external environmental changes, for 

example, actions performed by designers changing the external 

world.  The pulled sense-data are intentionally collected during 

the agent’s expectation-driven process.  In the pull process, 

sensors are triggered from the agent’s higher level processes 

(that is, perception, conception) and draw environmental changes 

to update and if needed modify their sense-data.  As shown in 

Fig. 1, sensory data (Se+a) consist of two types of variables: the 

exogenous sense-data (Se) and the autogenous sensory 

experience (Sa).  Sa is created from matching the agent’s 

exogenous sense-data (Se) with the agent’s sensory level 

experience.  Sensory experiences (Se+a) are a combination of the 

agent’s exogenous sense-data (Se) and the related autogenous 

information (Sa). 

For instance, in a human computer interaction scenario, 

sense-data Se captured by sensors may be a sequence of 

unlabelled events: 

 

 Se (t) = {…… “a mouse click on a certain text field”, key 

stroke of “x”, “y”……}. 

 

Based on the lowest level of sensory experience, which holds 

modality information, the agent creates an autogenous variable 

(Sa) with its initial label for the Se: 

 

 Sa (t) = {“Label for the clicked text field”}. 

 

Thus, sensory experience Se+a can be created as: 

 

 Se+a (t) = {…… [“Label for the clicked test field” | Key 

strokes “x”, “y”]……} 

 

 

Fig. 1 The architecture and data flows of a constructive memory agent (adapted from Figure 3. 10 of Peng (2006)).  
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2.1.2. Perception  

Perception (P) generates percepts based on the agent’s sensory 

experiences.  Percepts are intermediate data structures that are 

generated from mapping sensory data into categories.  The 

sensory experience (Se+a) is further processed and categorized 

to create an initial percept Pi that can be used to generate a 

memory cue.  The initial percept can be structured as a triplet 

“Percept {Object, Property, Values of properties}”. It is 

expressed as: 

 

 Pi (t) = {Object, Property for the clicked test field, value 

of that property “xy”} 

 

The perceptual object can be used to cue a memory of the 

agent’s experience.  It is generated from matching percepts 

with the agent’s perceptual experience.  A cue is subsequently 

assigned with an activation value to trigger responses from the 

agent’s experience.  The cueing function is implemented using 

experience activation and reactivation (Ia and Ir), in which a 

memory cue is applied to the experience structure to obtain a 

response.  The experiential response entails an associative 

memory of the cue.  We extend a basic IAC (Interactive 

Activation and Competition) network (McClelland, 1981;  

1995) to model the associative nature of perceptual 

experience.  

An IAC network consists of two basic nodes: instance 

nodes and property nodes.  The instance node has inhibitory 

connections to other instance nodes and excitatory 

connections to the relevant property nodes.  The property 

nodes encode the special characteristics of an individual 

instance (Medler, 1998).  Property nodes are grouped into 

cohorts of mutually exclusive values.  Each property node 

represents the perceptual level experience that is processed 

from sense-data. For instance, in the “Gang” example 

(McClelland, 1981), “30s” of the age cohort represents an age 

feature of a gang member of “Jets”, shown in Fig. 2.  

 
Fig. 2 A simplified view of an IAC neural network (after McClelland (1981)). 

 

Instance nodes along with the related property nodes 

describe an instance of a concept.  Knowledge is extracted 

from the network by activating one or more of the nodes and 

then allowing the excitation and inhibition processes to reach 

equilibrium (Medler, 1998).  

In Fig. 2, the shaded instance node (Ins-1) and related 

shaded property nodes present a context-addressed memory 

cued from an environment stimulus, for example, a gang 

member in his “30s”.  

2.1.3. Conception, hypothesizing, validation and grounding  

Conception (C) is the process of categorizing perceptual 

sequences in order to form proto-concepts.  A concept is 

regarded as a result of an interaction process in which 

meanings are attached to environmental stimuli.  In order to 

illustrate a concept learning process, the term “proto-concept” 

is used to describe the intermediate state of a concept.  A 

proto-concept is a knowledge structure that depicts the agent’s 

anticipations about its external and internal environment at a 

particular time.  Conception consists of three basic functions: 

conceptual labeling (C1), constructive learning (C2) and 

induction (C3).  Conceptual labeling creates proto-concepts 

based on experiential responses to an environment cue.  This 

includes deriving anticipations from these responses and 

identifying the target concept.  Constructive learning allows 

the agent to accumulate lower level experiences, for example, 

a new sequence of actions and the associated target concept.  

Induction can generalize abstractions from the lower level 

experience and is responsible for generating conceptual 

knowledge structures. 

The hypothesizing process (H) generates a hypothesis 

from current learned proto-concepts.  The hypothesizing 

process allows the agent to learn in a “trial-and-error” manner. 

A constructive memory agent reflects on its environment 

using hypotheses that are explanations deduced from its 

domain knowledge.  An agent subsequently refocuses on or 

constructs a new proto-concept based on the validity of a 

hypothesis.  

Validation (Vd) is the process in which the agent verifies 

its proto-concepts and hypotheses.  It pulls data from the 

environment to identify whether the environment is changing 

as expected.  

The grounding process refers to the experiential 

grounding.  This reinforces the valid concepts or activated 

experience via modifying the structures of the experience so 

that the likelihood of the grounded experience being activated 

in similar circumstances is increased.  This is implemented as 

a grounding via weight adaptation process (Wa), which adjusts 

the weights of each excitatory connection of the valid concept 

of an IAC neural network (McClelland, 1981, 1995), so that 

those nodes that fire together become more strongly 

connected.  Reflexive experience response (Rex) occurs when 
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the experiential response to current sensed data is sufficiently 

strong to reach a reflexive threshold.  A sensory experience 

can affect action directly. In this circumstance, the agent 

reflexes to environmental stimuli based solely on its 

experience without activation. 

Action is the process in which the sensory experiences and 

sequences of operations of these perceptual experiences are 

acted on within the current environment to achieve goals.  It is 

through action that the agent’s constructed memory is 

connected with the environment such that feedback from the 

environment can serve as cues for adjustment of the agent’s 

behaviors. 

2.2. Aggregate behaviors of a constructive memory agent  

As aggregations of these internal processes, macro-behaviors 

represent how an agent copes with various stimuli in its 

environment.  The agent’s reflexive behavior (Rx)
2
 is triggered 

by environmental stimuli which are able to cause reflexive 

experience response (Rex).  A snapshot of how the agent 

reinforces a reflexive experience can be expressed in Fig. 1 as 

data flowing through a chain of components and processes: 

“environmental stimuli  sensor  S  Sensory Experience 

 P  Cueing  Perceptual Experience  Rex  C1  

Constructed Memory Structure  Vd  Wa and C3”.  

In its reactive behavior (Ra), an agent reasons by applying 

its experience to respond to an environmental stimulus in a 

self-organized way.  In this mode, the agent activates its 

perceptual experience structures (an IAC neural network) to 

obtain a response.  It subsequently reinforces the validated 

experience and induced new conceptual knowledge.  This can 

be expressed as “environmental stimuli  sensor  S  

Sensory Experience  P  Cueing (Ia)  Perceptual 

Experience  C1  Constructed Memory Structure  Vd  

Wa and C3”.  

In the reflective behavior (Rf), the agent reasons about its 

actions by drawing new sense-data from a lower level, 

reactivating its experience and/or hypothesizing a new proto-

concept.  This involves the higher-level conceptual experience 

and hypothesizer. In this mode, the agent’s behaviors can be 

aggregated as: 

 

 “environmental stimuli  sensor  S  Sensory 

Experience  P  Cueing (Ir)  Perceptual Experience 

 C1  Constructed Memory Structure  Vd  Wa and 

C3” or  

 “S   P  C1  H  Cueing (Ir)  C1   Constructed 

Memory Structure  Vd  Wa and C3”.  

 

Knowledge construction behavior (Kc) is a special form of 

macro-behavior in which an agent learns new experience via 

the constructive learning function (C2) of the conception 

                                                 
2
 Note Rx is different from Rex, which is micro-level behavior. 

process.  It can be represented as “environmental stimuli  

sensor  S  P  C2 and C3 Constructed Memory 

Structure  Experience”.  

Table 1 shows symbols representing various behaviors that 

are used in this analysis. 
 

Table 1.  
Symbols that represent various micro behaviors 

Symbols Micro Behaviors (Be) Related Macro Behaviors 

S Sensation Both Ra, Rf, Rx, Kc 

P Perception Both Ra, Rf, Rx, Kc 

C1 Conception process 1 – 

conceptual labelling 
Ra, Rf 

C2 Conception process 2 – 

conception via constructive 
learning 

Kc 

C3 Conception process 3 – 

conception via inductive learning 
Both Ra, Rf, Rx, Kc 

Ia IAC neural network activation Ra 

Ir IAC neural network re-activation Rf 

H Hypothesising Rf 

Rex Reflexive experience response Rx 

Vd Validation Both Ra, Rf, Rx 

Wa Weight adaptation Both Ra, Rf, Rx 

 

Table 2 presents the Markov states of the system used in 

the following tests.  Sensation (S) and Perception (P) can be 

grouped into one state and serve as the base for other 

behaviors in other states, such as Ia at S2, because they run 

parallel at a low level and support other behaviors.  

 
Table 2.  

Markov states and behaviors in these states 

State Behaviors Dominant Behavior 

S1 S+P S and P – low-level behaviors 

S2 S+P+Ia Ia – activating experience 

S3 S+P+C1 C1 – conceptual labelling 

S4 S+P+Vd Vd – validation 

S5 S+P+Ir Ir – reactivating experience 

S6 S+P+Rex Rex – reflexive experiential 

response 

S7 S+P+H H – hypothesizing  

S8 S+P+C2+C3 C2 and C3 – constructive learning 

and then inductive learning 

S9 S+P+Wa+C3 Wa and C3 – weight adaptation and 

then inductive learning 

3. Micro-behaviors in Design Optimization Experiments 

Design optimization is selected as a test bed to carry out the 

Markov chain analysis.  Design optimization is concerned 

with identifying optimal design solutions which meet design 

objectives while conforming to design constraints.  A large 

number of optimization algorithms have been developed and 

are commercially available.  Many design optimization tools 

focus on gathering a variety of mathematical programming 

algorithms and providing the means for the user to access 
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them to solve design problems.
3
  For example, Matlab 

Optimization Toolbox 3.0 includes a variety of functions for 

linear programming, quadratic programming, nonlinear 

optimization and nonlinear least squares.  Choosing a suitable 

optimizer becomes the bottleneck in a design optimization 

process. The recognition of appropriate optimization models is 

fundamental to design decision problems (Radford and Gero, 

1988).  In this paper, a constructive memory agent wraps 

around a design optimization tool (Matlab Optimization 

Toolbox), learns concepts of how the tool is used in 

optimizing a design and adapts its behaviors based on these 

concepts. 

3.1. Implementation of a constructive memory agent in 

design optimization environment 

This section describes the implementation of a constructive 

memory agent and its embedded design optimization tool 

environment.  Fig. 3 demonstrates a typical user package 

diagram in the Unified Modeling Language (UML).  A user 

accesses the source package to perform design optimization.  

The agent model can learn based on its internal processed.  

The system consists of three main software packages: source, 

experience and accessory packages: 

  

1. The source package is an interface between a user and the 

Matlab Optimisation Toolbox. This is where we 

implement the constructive memory agent. It contains 

classes “AgentModel”, “GUISensor”, “Effector”, 

“Sensasor”, “Perceptor”, “Concepter”, “Hypothesiser”, 

“ToolWrapper”, “AskFeedback” and “Validator”;   

2. The experience package holds Java class 

“NewExperience”, “CIACNetwork”, “CIACNode”, 

“CIACEdge”, “Sensory_Experience”, 

“Perceptual_Experience” and “Conceptual_Experience”. 

This package implements the agent’s experience, which 

provides functions in reacting to various situations in the 

environment, adapting existing knowledge structures and 

developing new structures into a constructive IAC (CIAC) 

neural net (Peng and Gero, 2006);  

3. Accessory packages are open-sourced packages that 

support functions of the agent’s components: 

 Jfreechart
4
 provides charting functions for the agent; 

 Repastj
5
 is the API on which the CIAC neural network 

is implemented; 

 Weka
6
 API is the machine learning engine on which 

the conceptor is formed;  

                                                 
3
 http://www-fp.mcs.anl.gov/otc/Guide/SoftwareGuide/.  

4 www.jfree.org/jfreechart/.  
5 http://repast.sourceforge.net/.    
6 www.cs.waikato.ac.nz/ml/weka/.  

 The Bigus package (Bigus and Bigus, 1998) enables 

us to build the “hypothesizer” which can perform 

explanation-based learning.  

 

The “ToolWrapper” wraps around the design optimization 

toolbox and provides an environment, in which a constructive 

memory agent is embedded.  The “ToolWrapper” contains a 

design panel, which allows users to define objective functions 

and design constraints, and select optimization algorithms.  

Some function buttons enable a user to submit the design 

problems. 

 
Fig. 3 A user package UML diagram for the implemented system. 

The standard output window allows the user to edit and 

view the automatically created M-scripts.  It can also bring 

forth the optimization results after the user loads a design.  

The agent output window presents the memory constructed by 

the agent in interactions.  The agent output window shares the 

same interface with the design standard output.  

 
Fig. 4 The Matlab Optimization Toolbox wrapper. 
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inputs, a constructive memory agent learns in real-time 

environment.  This requires that the system can process 
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Fig. 5 illustrates the class diagram of a constructive 

memory agent.  The agent is linked to the Matlab design 

optimization toolbox through the “ToolWrapper” class.  The 

Matlab maintains a built-in Java interface 

(“com.mathworks.jmi.*”), which provides the means for a 

user and an agent to access and manipulate a Matlab session.  

 

Fig. 5 A class diagram of a constructive memory agent and its relation with a 

design optimisation tool;  represents the composition relation in UML. 

Sensasor, Perceptor and Concepter implement sensation, perception and 

conception processes respectively. Hypothesiser, Validator and checkCue 

implement Hypothesizing, validation and cueing processes.  

Central to the constructive memory agent is the class 

“AgentModel”, which coordinates other components of the 

system in generating major system behaviors like reflexion, 

reaction, reflection and grounding.  The “NewExperience” 

class joins the “AgentModel” class to the multi-level 

experience in design optimization interactions.  

Fig. 6 is an interaction diagram depicting the agent’s 

reactive, reflective and knowledge construction behaviors. S, 

P and Vd are multithreading behavior therefore appear more 

frequently than other micro-behaviors.  

 

 
Fig. 6 The interaction diagram for a constructive memory agent in reaction, reflection and knowledge construction behaviour; e represents a user’s 

action in using the ToolWrapper in design optimization scenarios. 
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 identifying the objective function type; 
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 submitting the design problem or editing the design 

problem; 

 submitting feedback on the agent’s outputs.  

 

A typical sequence of tasks is: 

 

 Sequence 1 -- {L, Q, Q, L, NL, Q, NL, L, L, NL, Q, Q, L, 

L, L, L} 

 

 “Q”, “L” and “NL” represent quadratic, linear and nonlinear 

design optimization problems respectively.  The initial 

experience of the agent holds one instance of a design 

optimization scenario solved by a quadratic programming 

optimizer. 

3.2.1. Markov analysis for Test 1 

The purpose of Test 1 is to investigate a constructive memory 

agent’s behavior in a dynamic environment which consists of 

a sequence of design optimization scenarios. How the agent 

that initially holds a quadratic programming design 

optimization experience produces changes in its reasoning and 

memory construction process in relation to the environmental 

changes needs to be studied.  A sequence of tasks – {L, Q, Q, 

L, NL, Q, NL, L, L, NL, Q, Q, L, L, L, L} is created and 

adopted. Based on data acquired from this test, a transition 

matrix is produced.  There are altogether 9 states and 119 state 

transitions in this test.  A Markov state transition diagram 

represents the possible transition between these states in 

graphical form, which allows us to understand a Markov 

system.  The dark shades nodes (S8, S9) in Fig. 7 are 

termination states, in which the system steps out an 

experiment. 

 

Fig. 7 The Markov state transition diagram for the agent in test 1. 

The first-order time-series associations between the states 

in Test 1, Fig. 7 can be sorted in Table 3 based on states.  The 

causalities that drive these associated behaviors are further 

discussed from both the agent’s functional processes at its 

microscopic level and the environmental contexts the agent 

encountered at a macroscopic level. 

 
Table 3.  
A detailed discussion of associated behaviors 

Time-series 

Association 

Transition 

Probability 

Behavior Descriptions and 

Causalities for associations 

S1  S1 0.45 The agent continues sensing (S) and 

perceiving (P). This is because the 
agent faces a new environmental 

context.  

S1  S2 0.45 The agent senses (in S), perceives 

(in P) the environmental stimuli and 

activates its experience (in Ia). This 
is an internal reaction-related 

process in relation to a familiar 

environmental context. 

S1  S6 0.03 The agent reflexes to an 

environmental context (in Rex). This 
indicates that the agent has a very 

strong experience for that context. 

But this association is rare, with the 
probability of 0.03.  

S1  S8 0.07 The agent performs constructive 

learning (in C2), accompanied with 

an inductive learning (in C3). 

S2  S3 1.00 The agent activates its experience 

and selects a concept. Ia and C1 have 
a strong dependence due to the 

internal functional constraints of the 

agent, in which the agent always 
selects a concept for an activated 

experience. The agent meets a 

familiar environmental stimulus.   

S3  S4 1.00 The agent selects a concept to react 

(in C1) and then observes the 
environmental changes in order to 

validate (in Vd) that concept. This is 

a strong transition.   

S4  S5 0.47 The agent re-activates (in Ir) its 

experience when an existing 
experience is not able to validate (in 

Vd). This is a reflection-related 

process.  

S4  S7 0.07 The agent hypothesizes (H) 

sometimes after the focused or the 
refocused concepts (C1) fail to 

validate. This is a reflection-related 

mechanism.  

S4  S8 0.03 The agent constructs a new 

knowledge because it fails existing 
experience (Ia and Ir) and the 

hypothesizing process (H).  

S4  S9 0.43 The agent reinforces the validated 

experience (in Wa) and induces new 

conceptual knowledge (in C3) to 
refresh its experience. This is the 

grounding-related mechanism when 

an experience (reactive or reflective) 
is proven to be useful in 

interactions. 

S5  S3 0.88 Once the agent re-activates its 

experience (in Ir), it re-focuses on a 

new concept in C1. This is the 
agent’s reflection-related process 

when it is not able to validate its 

activated experience in reaction. 

S5  S4 0.12 The agent validates (in Vd) the re-

activated experience (Ir). This is a 
reflective-related process during 

First-order Markov 
Chain for Sequence 1

0.45

S7

S6

S9S8

S5S4S3S2S1

0.07

1.000.45 1.00
0.47

0.12

0.88

1.000.03

0.07

0.03
0.43

1.00
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which the agent validates the re-
activated experience. 

S7  S5 1.00 The agent makes a hypothesis (in H) 

and re-activates (in Ir) its experience 

based on the hypothesis. This is a 

strong behavior. This shows the 
agent’s internal reflective processes 

in relation to a new or confused 

environmental context. 

 

Based on the state diagrams from Fig. 7 and detailed 

discussions from Table 3, some findings are discussed as 

below: 

 

 There is a primary path with the highest transition 

probabilities (from S1  S2  S3  S4  S5  S3  S4 

 S9).  This shows that the system is mostly likely to 

perform reaction-and-then-reflection-related behaviors.  

The explanation is that the agent resorts to (S2, S3) its 

related experience (in quadratic programming) 

corresponding to certain environmental stimuli (there are 

eight Ls, five Qs) and re-activates (S5, S3) its experience 

when the validation process (the first S4) fails to confirm 

the activated experience.  It subsequently reinforces  (S9) 

the re-activated experience after receiving a positive 

feedback from the user;  

 The system performs other behaviors: knowledge 

construction behaviors (S1  S8), reflection related 

behaviors (S4  S7  S5  S3) and reflexive behavior 

(S1  S6  S3  S4  S9).  But these behaviors have 

fewer probabilities, compared to reaction-then-reflection 

related behaviors.  Similar to above-mentioned reaction-

related behaviors, it is the agent’s experience and its 

contextual environment that are account for its behavior; 

 Strong dependences exist between behavior states, such 

as S2  S3, S3  S4, S6  S3, S7  S5, and representing 

characteristics for reactive, reflexive and reflective 

behaviors.  The causes for these behavior patterns are 

related to the environmental context, the agent’s 

experience and the way in which the agent processes the 

contextual stimuli.  

 

This test shows that a constructive memory agent learns 

and modifies behaviors based on the experience it has, the 

contextual environment it encounters and the interactions 

between the agent and the environment.  

3.2.2. The Markov analysis for Test 2 

In this section, the agent trained at the end of Test 1 is 

subjected to further experimentation on the same sequence.  

The purpose of this test is to investigate the agent’s behaviors 

in similar circumstance that the agent can use its experience.  

It is necessary to understand whether the agent exhibits new 

behavioral characteristics.   

The agent contains four experience nodes which were 

learned in Test 1.  Through this extended test, 115 state 

transitions are gathered.  The transition matrix contains eight 

states and their transition probabilities.  The agent exemplifies 

different characteristics in its behaviors compared to those it 

exhibited in Test 1.  Whilst in Test 1, the agent has 

demonstrated diversified behaviors in reaction, reflection, 

reflexion and knowledge construction, there are comparably 

higher probabilities that the agent performs reflexion in this 

test.  As shown in Fig. 8, the state S8, which is associated with 

knowledge construction is not exhibited in this experiment.  It 

is discovered that only one terminal state exists, S9, which is 

related to grounding via weight adaptation.  The probability 

for reflexion (with the value 0.47) is comparably higher than 

other transition probabilities.  

 
Fig. 8 The Markov state transition diagram for the agent in Test 2. 

Some other observations are: 

 

 The dominant chain of behaviors is “S1  S6  S3  S4 

 S9”, which represents the agent is in reflexion and the 

grounding mode.  This is the path with the highest 

transition probabilities.  The experiences for linear 

programming and quadratic programming are highly 

grounded, such that the agent reflexes and subsequently 

grounds the reflexive experience; 

 There is a considerably high probability that the system 

performs reflective behaviors in this test (with the paths 

S4  S7  S5 and S5  S4).  The agent is more likely to 

use its (conceptual and perceptual) experience in this test 

than in Test 1. 

3.2.3. The Markov analysis for Test 3 

Test 3 enables us to study changes imposed by the 

environment from another perspective.  This test treats Test 1 

followed by Test 2 as a single test.  The combined data set 

contains 9 states with 234 state transitions.  The state 

transition diagram is demonstrated in Fig. 9 with the 

probability changes compared to those in Test 1 shown as 

arrows.  The second-half of the sequence 1 causes these state 

transition changes, because the agent is more likely to perform 

reflexion, reflection and grounding in the later part of the test 

(Test 2).  

0.16

S7

S6

S9

S5S4S3S2S1

1.000.37 1.00
0.41

0.19

0.81

1.000.47

0.09

0.50

1.00

First-order Markov Chain for 
Sequence 1 after 1
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Fig. 9 The state diagram generated from the data obtained in Test 3. 

4. The Markov Analysis of the Macro-behaviors of the 

Constructive memory Agent 

This section describes the behaviors of a constructive memory 

agent at a macroscopic level.  The Markov states can be 

reduced to 4 states – “Ra”, “Rf”, “Rx” and “Kc.  Unlike the 

previous detailed behavior analysis, which focused on 

investigating the internal processes and their statistical 

distribution in design scenarios, this test examines the 

system’s macro-behaviors over time, taking account of the 

agent behavioral changes across design scenarios.  The results 

are obtained from eight tests: 

 

1. Test 1: commences with an initial quadratic design 

experience and consists of 16 design tasks called 

Sequence 1, {L, Q, Q, L, NL, Q, NL, L, L, NL, Q, Q, L, 

L, L, L}; 

2. Test 2: commences with the memory after Test 1, and 

repeats sequence 1; this is the same sequence of tasks as 

for Test 1, but with a different initial agent experience 

(obtained from Test 1); 

3. Test 3: commences with an initial quadratic design 

experience and executes a single sequence comprised of 

two sequence 1s combined; 

4. Test 4: commences with an initial quadratic design 

experience and executes another sequence, Sequence 2 

{Q, L, Q, L, NL, Q, NL, Q, Q, Q, Q, Q, L, Q, NL, NL}; 

5. Test 5: commences with the memory after Test 4, and 

repeats sequence 2; this is the same sequence of tasks as 

for Test 4, but with a different initial agent experience 

(obtained from Test 4); 

6. Test 6: commences with an initial quadratic design 

experience and executes a single sequence comprised of 

two sequence 2s combined; 

7. Test 7: commences with the memory after Test 1, and 

executes sequence 2.   

8. Test 8: commences with an initial quadratic design 

experience and executes a single sequence comprised of 

sequence 1 and sequence 2 combined. 

 

Table 4 shows the macro-behaviors obtained from these 

tests.  

 

Table 4. 

       The macro-behaviors obtained from tests. “T” represents Tasks and “B” stands for macro–behaviours, “;” represents “followed by” 

Test 1 (Sequence 1) 

T L Q Q L NL Q NL L L NL Q Q L L L L 

B Kc Ra; Rf Ra Ra; 

Rf 

Kc Ra; 

Rf 

Ra; 

Rf 

Ra; 

Rf 

Ra; 

Rf 

Ra;Rf;

Rf; 

Rf ;Kc 

Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf 

Ra; 

Rf 

Ra; 

Rf 

Ra Rx 

Test 2 (Sequence 1 repeated after sequence 1) 

T L Q Q L NL Q NL L L NL Q Q L L L L 

B Rx Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf; 

Rf 

Rx Ra;Rf;

Rf 

Ra; 

Rf  

Ra;Rf;

Rf 

Rx Rx Ra;Rf;

Rf 

Ra;Rf;

Rf; 

Rf 

Rx Rx Rx Rx Rx 

Test 3 (Single sequence comprised of  sequence 1 followed by sequence 1) 

T L Q Q L NL Q NL L L NL Q Q L L L L 

B Kc Ra; Rf Ra Ra; 

Rf 

Kc Ra; 

Rf 

Ra; 

Rf 

Ra; 

Rf 

Ra; 

Rf 

Ra;Rf;

Rf; 

Rf ;Kc 

Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf 

Ra; 

Rf 

Ra; 

Rf 

Ra Rx 

T L Q Q L NL Q NL L L NL Q Q L L L L 

B Rx Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf; 

Rf 

Rx Ra;Rf;

Rf 

Ra; 

Rf  

Ra;Rf;

Rf 

Rx Rx Ra;Rf;

Rf 

Ra;Rf;

Rf; 

Rf 

Rx Rx Rx Rx Rx 

Test 4 (Sequence 2) 

T Q L Q L NL Q NL Q Q Q Q Q L Q NL NL 

B Ra; Rf Kc Ra; Rf Ra; Rf Kc Ra; Rf Ra; Rf Ra;Rf;

Rf 

Rx Rx; Rf 

 

Rx; Rf Rx; Rf Ra Ra; 

Rf 

Ra Ra  

0.33

S7

S6

S9S8

S5S4S3S2S1

0.04

1.000.42 1.00
0.44

0.16

0.84

1.000.21

0.08

0.02
0.46

1.00
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Test 5 (Sequence 2 repeated after sequence 2) 

T Q L Q L NL Q NL Q Q Q Q Q L Q NL NL 

B Rx; Rf Ra;Rf;

Rf; 

Rf 

Rx Ra;Rf;

Rf; 

Rf 

Ra;Rf Rx;Rf Rx;Rf  Rx Rx;

Rf 

Rx;Rf  Rx;Rf Rx Rx;

Rf 

Rx Rx Rx;Rf 

Test 6 (Single sequence comprised of sequence 2 followed by sequence 2) 

T Q L Q L NL Q NL Q Q Q Q Q L Q NL NL 

B Ra; Rf Kc Ra; Rf Ra; Rf Kc Ra; Rf Ra; Rf Ra;Rf;

Rf 

Rx 

Rx; Rf 

 

Rx; Rf Rx; Rf Ra Ra; 

Rf 

Ra Ra  

T Q L Q L NL Q NL Q Q Q Q Q L Q NL NL 

B Rx; Rf Ra;Rf;

Rf; 

Rf 

Rx Ra;Rf;

Rf; 

Rf 

Ra;Rf Rx;Rf Rx;Rf  Rx Rx;

Rf 

Rx;Rf  Rx;Rf Rx Rx;

Rf 

Rx Rx Rx;Rf 

Test 7 (Sequence 2 after sequence 1) 

T Q L Q L NL Q NL Q Q Q Q Q L Q NL NL 

B Ra;Rf;

Rf; 

Rf 

Rx Ra;Rf;

Rf; 

Rf 

Rx Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf; 

Rf 

Ra;

Rf 

 

Rx;Rf  Rx Rx Rx  Rx;

Rf 

Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf; 

Rf  

Test 8 (Sequence 1 and 2) 

T L Q Q L NL Q NL L L NL Q Q L L L L 

B Kc Ra; Rf Ra Ra; 

Rf 

Kc Ra; 

Rf 

Ra; 

Rf 

Ra; 

Rf 

Ra; 

Rf 

Ra;Rf;

Rf; 

Rf ;Kc 

Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf 

Ra; 

Rf 

Ra; 

Rf 

Ra Rx 

T Q L Q L NL Q NL Q Q Q Q Q L Q NL NL 

B Ra;Rf;

Rf; 

Rf 

Rx Ra;Rf;

Rf; 

Rf 

Rx Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf; 

Rf 

Ra;

Rf 

 

Rx;Rf  Rx Rx Rx  Rx;

Rf 

Ra;Rf;

Rf; 

Rf 

Ra;Rf;

Rf; 

Rf  

4.1. Conclusions from first-order Markov state diagrams 

As shown in Table 5, the Markov state diagrams for Tests 1–8 

share some common features: 

 

1. “Ra” is strongly dependent on “Kc”.  This shows that 

knowledge construction (Kc) is likely to be followed by 

reactive behavior (Ra).  But this is not necessarily a causal 

relation, because it is related to how the agent responds to 

the environment.  For example, in Test 1, the agent 

constructs new knowledge (Kc) in the Task “L” and 

subsequently reacts based on its initial experience in Task 

“Q” (not the newly learned knowledge in Task “L”).  This 

association actually manifests how a constructive memory 

agent responds to the order of the test sequence.  Similar 

relations include “Rf”  “Ra” in Test 1, “Rf”  “Rx” in 

Test 5 and “Rx”  “Rx” in Tests 2, 3, 5, 7;  

 

 

 

 
Table 5. 

                                                 State diagrams for Tests 1 – 8  

Test 

Number 

Features First-order Markov State Diagrams 
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Test 1 

 

Strong associations:    

 

1. “Kc”  “Ra” (1.00) 

“Ra” strongly depends on 

“Kc” (related to the order 
of the sequence); 

 

2. “Ra”  “Rf” (0.84) 

“Rf” strongly depends on 

“Ra” (related to the internal 

processes); 

 

3. “Rf”  “Ra” (0.56) 

 “Ra” strongly depends on 
“Rf” (related to the order of 

the sequence). 

 

 

 

Test 2 

 

Strong associations:    

 

1. “Ra”  “Rf” (1.00) 

“Rf” strongly depends on 

“Ra” (related to the internal 

processes); 

 

2. “Rx” “Rx” (0.63) 

“Rx” strongly depends on 
“Rx” (related to the order of 

the sequence); 

 

3. “Rf”  “Rf” (0.56) 

 “Ra” strongly depends on 

“Rf” (related to the internal 
processes). 

 

 

 

Test 3 

 

Strong associations:    

 

1. “Kc”  “Ra” (1.00) 

“Ra” strongly depends on 
“Kc” (related to the order 

of the sequence); 

 

2. “Ra”  “Rf” ( 0.90) 

“Rf” strongly depends on 

“Ra” (related to the internal 
processes); 

 

3. “Rx”  “Rx” (0.67) 

“Rx” strongly depends on 

“Rx” (related to the order of 
the sequence). 

  

 

 

Test 4 

 

Strong associations:    

 

1. “Kc”  “Ra” (1.00) 

Caused by responding to 
the order of the sequence; 

 

2. “Rx”  “Rf” (0.75) 

Caused by internal 

processes; 

 

3. “Ra”  “Rf” ( 0.70) 

Caused by internal 

processes. 

 

 

First-order Markov Chain for Macro-
Behaviour of Sequence 1

0.56

Kc

RfRx

Ra

0.84

0.08

0.31

0.08 0.13

1.00

0.25

First-order Markov Chain for Macro-
Behaviour of Sequence 1 after 1

RfRx

Ra

1.00

0.56

0.37

0.19

0.63

0.41

Kc

First-order Markov Chain for Macro-
Behaviour of Sequence 1 and 1

RfRx

Ra

0.90

0.05

0.44

0.05

0.06

1.00

0.67

0.09

0.33

0.45

Kc

First-order Markov Chain for Macro-
Behaviour of Sequence 2

RfRx

Ra

0.70

0.20

0.09

0.10

0.27

1.00

0.25

0.75

0.19
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Test 5 

 

Strong associations:    

 

1. “Ra”  “Rf” (1.00) 

Caused by Internal 

processes; 

 

2. “Rx”  “Rf” (0.62) 

Caused by internal 
processes; 

 

3. “Rf”  “Rx” (0.57); 

Caused by the agent’s 

response to the order of the 

sequence. 

 

Test 6 

 

Strong associations:    

 

1. “Kc”  “Ra” (1.00); 

Caused by the agent’s 

response to the order of the 
sequence. 

 

2. “Ra”  “Rf” (0.72); 

Caused by internal 

processes; 

 

3. “Rx”  “Rf” (0.65); 

Caused by internal 

processes. 

 
 

Test 7 

 

Strong associations:    

 

1. “Ra”  “Rf” (1.00) 

Caused by internal 

processes; 

 

2. “Rf”  “Rf” (0.62) 

Caused by internal 
processes; 

 

3. “Rx”  “Rx” (0.42) 

Caused by the agent’s 

response to the order of the 

sequence. 

 
 

Test 8 Strong associations:    

 

1. “Kc”  “Ra” (1.00) 

Caused by the agent’s 

response to the order of the 
sequence; 

 

2. “Ra”  “Rf” (0.92) 

Caused by internal 

processes; 

 

3. “Rf”  “Rf” (0.50) 

Caused by internal 

processes. 

 

 

 

2. There are some strong dependencies that can be explained 

by the agent’s internal processes.  These relations include: 

“Ra”  “Rf”, “Rx”  “Rf” and “Rf”  “Rf”, illustrating 

that the agent remains in the reflection mode when the 

reactive, reflexive and reflective experience are not useful 

in focusing on a target concept and predicting 

environmental changes.  These transitions are defined as 

general principles in the agent architecture to guide its 

behaviors; 

0.14

First-order Markov Chain for Macro-
Behaviour of Sequence 2 after 2

RfRx

Ra

1.00

0.29

0.57

0.31

0.62

0.07

0.28

Kc

First-order Markov Chain for Macro-
Behaviour of Sequence 2 and 2

RfRx
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0.72

0.14

0.20

0.07

0.44
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0.29

0.65
0.08
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1.00

0.62

0.15

0.42

0.29

0.29
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0.92

0.04
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1.00
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0.29
0.04

0.04
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3. “Kc” is missing from all the follow-up tests (Tests 2, 5, 7), 

in which the agent is more likely to re-use what it has 

learned to react, reflect and reflex; 

4. From Test 1 and follow-up tests based on it – Test 2 and 

Test 7, we find that the agent has higher transition 

probabilities in “Rf”  “Rf” (“0.56” for Test 2 and “0.62” 

for Test 7) and “Rx”  “Rx” (“0.63” for Test 2 and “0.42” 

for Test 7) in the follow-up tests, compared to that in Test 

1 (“0.31” for “Rf”  “Rf” and “0” for “Rx”  “Rx”).  It is 

observed that the agent exhibits different behavioral 

characteristics in the lead test and the follow-up tests. 

4.2. The Markov analysis for second-order Markov state 

diagrams for test 1 

This section depicts the analysis of the second-order Markov 

transition for Test 1 to further unveil the agent’s time-series 

behaviors.  As indicated in Table 6, through the second-order 

Markov analysis, we can identify clusters (or chunks) of 

structures and their relationships over time.  However, the 

causalities that drive these behavior patterns need to be further 

investigated, along with the problems the agent encountered 

and the agent’s experience.  

 
Table 6.  

Second-order Markov transition matrix for agent in Test 1 

Item Transition  Kc  Ra  Rf  Rx 

A Kc  Ra 0 0 1.00 0 

B Ra  Rf 0.09 0.64 0.27 0 

C Ra  Ra 0 0 1.00 0 

D Rf  Rf 0.20 0.40 0.40 0 

E Rf  Kc 0 1.00 0 0 

F Rf  Ra 0 0.11 0.78 0.11 

  

 
Fig. 10 The second-order Markov chains for Test 1. 

 

Fig. 10 shows the second-order Markov chains for test 1.  

The patterns of behaviors according to their probabilities are 

sorted in Table 7, followed by discussions of the underlying 

reasons for these patterns.  
 

Table 7. 

A detailed discussion of second-order behavior patterns in this test 

Time-series 

Behavior 

Patterns 

Transition 

Probability 

Causal 

Relations 

inside the 

Pattern? 

Behavior Descriptions 

and Causalities  

(Kc--Ra)  Rf 1.00 No The agent performs Kc in 

task 1 (learning L), task 5 
and 10 (learning NL). Then 

the agent is exposed to Q in 

Tasks 2, 6, 11 respectively. 
This pattern shows how the 

agent responds to the order 

of the sequence. 

  

(Rf--Kc )  Ra 

 

1.00 No This pattern also represents 

how the agent responds to 
the order of the sequence.  

(Ra--Ra)  Rf 

 

1.00 No Causal relation in “RaRf” 

can be explained by the 
agent’s internal processes. 

“Ra--Ra” represents the 

agent’s reaction in two 
consecutive tasks. 

(Rf--Ra)  Rf 

 

0.78 No No causal relations for this 

pattern. It illustrates how 

the agent responds to 

difference tasks in the 

sequence. 

(Rf--Rf)  Rf 

 

0.40 Yes This pattern is caused by 

the agent’s internal 
reasoning processes. It 

describes that the agent 

remains in the reflection 
model if its reflective 

experience fails to 

recognize a target concept. 

 

(Rf--Rf)  Ra 

 

0.40 No This is not a causal relation 

because it shows how the 
agent responds to different 

tasks in the sequence. 

(Ra--Rf)  Rf 

 

0.27 Yes This pattern shows that the 

agent remains in the 
reflection mode after it fails 

to recognize a target 

concept in reaction and 
reflection. It is caused by 

the internal processes. 

(Rf--Rf)  Kc 

 

0.20 Yes This pattern is caused by 

the agent’s internal 
processes. It shows that the 

agent constructs a new 

knowledge after it fails in 
reflection. 

 

In conclusion, some causal relationships in the first-order 

and second-order Markov chains can be explained by mapping 

the context of the agent to its internal processes.  For example, 
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a “Ra” is always followed by an “Rf” (probability “1.00” 

obtained from the first-order state diagram in Table 5).  “Rf” is 

very likely (with a probability “0.40” in Table 7) followed by 

another two “Rf”s.  There are patterns that cannot be explained 

using first and second-order Markov analysis simply because 

some behaviors are related to the agent’s responses to 

different tasks in the test.  They can only be explained by 

investigating the agent’s knowledge structures, its internal 

processes and the environmental contexts in which it is 

situated. 

4.3 The Markov analysis for the agent’s behaviors in 

monotonic tasks 

The multidimensionality
7
 of the task space introduces 

complexity in understanding a constructive memory agent’s 

behaviors.  We cannot deduce causal relationships between 

macro-behaviors due to the multiple tasks involved in the 

tests.  It is necessary to investigate the agent’s behavior in 

monotonic tasks, which mean particular tasks over time, for 

example, the agent’s behaviors in linear programming (“L”) in 

a test.  Samples are taken from data in Test 1 (described in 

Table 4) to create monotonic task data, which is depicted in 

Table 8.  

In a monotonic task, a constructive memory agent’s 

behaviors are much more predictable.  As shown in Table 8, 

the Markov state diagram for the agent in an “L” task exhibits 

a regular pattern, which is “Kc  Ra  Rx”.  A constructive 

memory agent learns via “Kc” and subsequently used the 

newly learned experience to react.  After a number of 

exposures to “L”, the agent reflexes due to its highly grounded 

experience on linear programming.  

The grounding of an experience in one particular design 

scenario has the effect of reducing the grounding of the 

agent’s experience in other design scenarios.  As shown in 

Table 8, the agent initially learns new knowledge for design 

scenario “NL” and subsequently reacts to a similar problem in 

the environment.  However, the agent also exhibits high 

transition probabilities in “Ra  Rf (0.50)” and “Rf  Kc 

(1.00)”.  

Similar results can be deduced from the agent’s behavior 

in the task “Q”.  The agent mainly reacts using its original 

experience.  But there are circumstances where the agent 

produces a reflection cue, due to un-grounding of its 

experience. 

 
Table 8.  

The Markov state diagram for Monotonic sample from Test 1 

Tasks Task Name Markov State Diagram 

                                                 
7
 Multidimensionality refers to the number of design optimization problem 

types. 

Task 

“L” 

Causal relations:    

 

1. Kc  Ra (1.00) 

This shows how the agent 

learns new knowledge and 
uses the knowledge to react; 

2. Ra  Rf (0.83) 

This shows the agent reflects 

if the reactive experience 

fails; 

3. Ra  Rx (0.17) 

The reactive experience is 
grounded and becomes 

reflexive experience.  

 

 
 

 

Task 

“NL” 

Causal relations:    

 

1. Kc  Ra (1.00) 

The learned new knowledge 

on “NL” is re-used in 

reaction;  

2. Ra  Rf ( 1.00) 

The failure of reaction of 
“NL” leads to reflection; 

3. Rf  Rf (0.50) 

The agent remains in 

reflection mode when the 
reflective experience is not 

valid; 

4. Rf  Kc (0.25)  

The invalid reflective 

experience triggers 
knowledge construction 

behaviour; 

 

 

Task 

“Q” 

Causal relations:    

 

1. Ra  Rf (0.80) 

The failure of reaction of “Q” 

leads to reflection; 

2. Rf  Rf (0.40) 

The agent remains in 
reflection mode when the 

reflective experience of “Q” 

is not valid. 
 

 

5. Conclusion 

This paper uses the Markov chain approach to analyze the 

behaviors of a constructive memory agent in design 

optimization experiments.  Time-series dependences between 

the agent’s behaviors are disclosed through a number of 

experiments and related analysis.  As demonstrated in the 

micro-behavior analytical results, the dependences among the 

agent’s microscopic behaviors reflect how the agent’s internal 

processes in respond to what it confronts within its 

environment.  Behavior patterns and their dependences can be 

found from the macro behaviors analysis.  Some can be 

explained from first-order and second-order Markov analyses.  

Others can be explained using the agent’s knowledge 

structures and the interactions between the agent and its 

environment.  The Markov analysis for the monotonic sample 

unveils causal relationships in a constructive memory agent’s 

1.00

Kc

RfRx

Ra

0.830.17

1.00

0.25

Kc

Rf

Ra

1.00

1.00

0.25

0.50

0.60

Rf

Ra

0.80

0.20

0.40
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macro-behaviors.  The result shows that a constructive 

memory agent exhibits adaptive behaviors that are biased by 

the learned knowledge structures and the agent’s interactions 

with its environmental contexts.  The agent moves from 

reactive and reflective mode to reflexive mode as the agent 

acquires more knowledge structures that are increasingly 

grounded.  

In summary, these results show that there are structures 

and mechanisms that underpin the agent’s state transitions.  

However, the heterogeneity of these transitions implies that a 

constructive memory system is not a stationary system, whose 

behaviors can be fully-predicted.  No hidden Markov states 

can be deduced.  The behaviors of a constructive memory 

agent depend on what has been experienced (past memories of 

the agent) in response to what is active in the environment at 

the time when the agent constructs a memory.  A constructive 

memory agent is an adaptive system, which can react, reflect 

and reflex, depending on internal structures, processes and its 

interactions with the environment.  
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