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An Overview of Relevant Work in Other Areas

Executive Summary

The main assumption taken in LarKC is that a distributed Semantic Web reason-
ing infrastructure has to go beyond current reasoning paradigms that are strictly
based on logic in order to scale to the size of the current and future Web. In
LarKC this paradigm shift will be obtained by fusing reasoning (in the sense of
logic) with search (in the sense of information retrieval), and taking seriously
the notion of limited rationality (in the sense of Herbert Simon). The reasoning
approach followed in LarKC will be fundamentally different and highly innova-
tive. It will combine inter-disciplinary problem solving techniques (inductive and
deductive, Boolean and statistical, incomplete reasoning and limited rationality,
quantum logics etc), which are otherwise being studied and used independently,
with methods from information retrieval, economics, cognition, brain science, cog-
nitive and social psychology in an effective and efficient manner. This deliverable
gives an overview of these areas and disciplines and motivates their relevance to
LarKC.
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1 Introduction

This deliverable provides a high-level survey of a number of areas of Computer
Science, and beyond, which address problems relevant for the overall goal of the
LarKC project, the development of a distributed Semantic Web reasoning platform
which can scale to the size of the current and future Web. The main assumption
taken is that such an infrastructure must go beyond current reasoning paradigms
that are strictly based on logic. By fusing reasoning (in the sense of logic) with
search (in the sense of information retrieval), and taking seriously the notion of
limited rationality (in the sense of Herbert Simon) LarKC will realize the paradigm
shift that is required for reasoning at Web scale. The reasoning approach followed
in LarKC will be fundamentally different and highly innovative. It will combine
inter-disciplinary problem solving techniques (inductive and deductive, Boolean
and statistical, incomplete reasoning and limited rationality, quantum logics etc),
which are otherwise being studied and used independently, with methods from in-
formation retrieval, economics, cognition, brain science, cognitive and social psy-
chology in an effective and efficient manner. The conceptual foundations of this
very ambitious work are laid out in work package WP1.

The objective of WP1 is the conceptual integration of the different models of
reasoning offered by many of the disciplines previously mentioned. In order to
tackle this integration work package WP1 will

• build bridges to relevant work in these disciplines that may provide either
single means or patterns of integration of these means.

• define algorithmic schemata as operational instruments for integrating com-
plementary techniques.

• reflect our integration of inductive and deductive techniques into a coherent
framework at the meta-scientific level.

• derive a paradigm of heuristic problem solving from this together with means
for evaluation and measurement of utility.

This deliverable addresses the first of the four challenges listed above. It gives
an overview of areas and disciplines which might provide interesting insights, ap-
proaches, or techniques which are potentially applicable to LarKC and its use
cases. The selection of the relevant areas and disciplines is the result of several
discussion rounds within the consortium, notably among the partners contribut-
ing to this deliverable (UIBK, VUA, CycEur, MPI, WICI). In a first round of
discussions a list of areas and disciplines to be further looked into was compiled.
This list, deliberately non-restrictive, included all suggestions made by the par-
ticipants during the first round of discussions. The contributing partners created
a summary (of several pages) of the topics selected, which covered an introduc-
tion to topic, the most important concepts, notions and principles, the main areas
of applications, as well as a motivation for further consideration of this topic in
the context of LarKC. This input was evaluated in a second round of discussions
with respect to its potential impact on LarKC, resulting in a second list of topics,
which are presented in this deliverable. They provide a starting point for an in-
depth, systematic analysis in order to identify bridges to relevant work, methods,
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techniques, and integration patterns, which are applicable to LarKC. Deliverable
D1.1.2 will report on the results of this analysis.

The rest of this deliverable is organized as follows. First we look into several rea-
soning areas which are relevant for both the technical work and the conceptual
grounding of the operational integration framework to be defined in this work
package. Then we discuss cognitive architectures, similarity theories as well as the
basics of brain science and neuroscience. These areas have a longstanding tradi-
tion in studying reasoning processes and mechanisms of humans, known for their
astonishing ability to cope with high amounts of heterogenous, incomplete, and
rapidly changing information. A third part of the deliverable considers fundamen-
tal aspects of economics, notably the theories which have studied means to analyze
trade-offs, costs and benefits of an artifact, or situation. Such theories could be
applied to the definition of the evaluation framework of LarKC, and motivate
new techniques to assess the quality of reasoning results and to define strategies
for heuristics-based reasoning pipelines. Then we give a short insight into the
theory of patterns and pattern languages, originating from architectural design.
Patterns are important to LarKC not only from an engineering perspective, but
also as fundamental means to define a conceptual integration framework and to
operationalize it. The last two areas surveyed (distributed and parallel computing,
software engineering) are relevant for the realization of the LarKC platform. We
conclude with a summary of the most important findings and an outline of the
future work to be carried out in task T1.1.

2
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2 Approximation Theory

Approximation theory is an important component of Web-scale reasoning and
problem solving. Instead of searching for a computationally expensive, optimal
solution, we are, more often than not, happy with approximate, sub-optimal solu-
tions, which provide a feasible trade-off between computational costs and level of
quality.

Approximation theory relies on so-called ”approximate algorithms”, which aim to
find a nearly optimal solution to a specific problem that cannot be solved exactly
within a reasonable time. In this context approximate reasoning implements al-
gorithms that draw uncertain conclusions from a set of uncertain premises. Many
of these algorithms, including the probabilistic, fuzzy, non-monotonic, case-based
or qualitative reasoning, are fundamental to human thinking and behavior. This
chapter gives an overview of three of these classes of algorithms.

2.1 Case-based Reasoning

Case-based reasoning (CBR) is a core methodology in the field of Artificial Intel-
ligence. The basic idea of CBR is to tackle new problems by referring to similar
problems that have already been solved in the past, more precisely, by resorting to
individual experiences in the form of cases. The generalization beyond these expe-
riences typically relies on a kind of regularity assumption which can be formulated
as “similar problems have similar solutions.”

CBR uses different forms of approximate reasoning and reasoning under uncer-
tainty, notably probabilistic and fuzzy set-based techniques. Hullermeirer elabo-
rated on the relationship between the two areas in particular with respect to the
development of novel approaches and hybrid systems [37].

2.2 Probabilistic Reasoning

A randomized algorithm or probabilistic algorithm is an algorithm which employs
a degree of randomness as part of its logic. In common practice, this means that
the machine implementing the algorithm has access to a pseudo-random number
generator. The algorithm typically uses random bits as an auxiliary input to
guide its behavior, in the hope of achieving good performance in the “average
case”. Formally, the performance or quality of the algorithm is a random variable
determined by these random bits, with adequate expected value. The expected
value is called the expected running time. The algorithm is designed in such a way
that it minimizes the probability that the “worst case” occurs to a level that such
events can be ignored.

The probably approximately correct (PAC) learning model is fundamental to com-
putational learning theory [66]. It provides a probabilistic framework for the study
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of learning and generalization. The learner receives samples and must select a gen-
eralization function (called the “hypothesis”) from a certain class of possible func-
tions. The goal is that, with high probability (the “probably” part), the selected
function will have low generalization error (the “approximately correct” part). The
learner must be able to learn the concept given any arbitrary approximation ratio,
probability of success, or distribution of the samples. An important innovation of
the PAC framework is the introduction of complexity theory concepts to machine
learning. In particular, the learner is expected to find efficient functions (time and
space requirements bounded to a polynomial of the example size). In addition, the
learner itself must implement an efficient procedure (requiring an example count
bounded to a polynomial of the concept size, modified by the approximation and
likelihood bounds).

2.3 Granular Reasoning

Granular computing deals with reasoning and information processing with multi-
level hierarchical structures [70, 68, 69]. Data, information, and knowledge are
arranged in multiple levels according to their granularity. A higher level contains
more abstract or general knowledge, whilst a lower level contains more detailed
or specific knowledge. Reasoning can be performed on various levels. Results
from a higher part of the hierarchy may be more imprecise but can be obtained
faster or with less computational costs. By contrast, moving to a lower level in the
hierarchy increases the quality of the results, and implicitly, the resources which
are required to obtain them. In this way, granular computing offers a multiple-
resolution reasoning scheme. One may choose a proper level of granularity to
draw a desirable conclusion under certain resource constraints. In fact, such a
reasoning scheme is commonly used by human for practical and real-time decision-
making.

Variable precision logic may be viewed as a logic implementation of the general
ideas of granular computing [42]. It concerns reasoning with incomplete informa-
tion under time constraints. More specifically, it is based on a trade-off between
precision of inferences and the computational cost to derive them. The building
block of the variable precision logic is a rule of the form “if A then B unless C”,
where C is the exception, A and B represent larger granules and C represents a
smaller granule. If there is no sufficient time, one can simply draw conclusion
B if A holds, although when condition C also holds, one cannot conclude A. If
more time is available, one can examine condition C and draw new conclusions. In
general, one can associate measures to such rules in order to perform quantitative
inference.

Ripple-down rules offer a slightly different organization of rules [21]. A rule is
typically associated with another rule of exceptions, this rule may also have another
rule of further exceptions, and so on. Ripple-down rules can be used to organize
general and not 100% correct knowledge with another modification rule in a similar
manner. In this way the approach provides a reasoning method similar to variable
precision logic. One can stop the reasoning process in the middle of a ripple-
down rule, if time constraints must be met. Although the conclusion drawn may
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be incorrect, the structure of ripple-down rules leads to a minimal number of
errors.

2.4 Relevance to LarKC

Reasoning in LarKC must consider multiple strategies. Depending on special re-
quirements or constraints, one may choose a particular strategy as given above.
The use of multiple strategies may speed up the reasoning process. Web reason-
ing also needs to combine rule-based reasoning with case-based reasoning. Web
information sources cannot be captured as knowledge (rules), but only in form
of cases, due to the complexity and variety of Web information and Web service
provisioning. The experience gained from the cases can also be used to improve
the modeling and implicitly the rules. Based on this observation, we can develop
hybrid reasoning methods on the Web information at multiple levels. These issues
will be addressed at a conceptual level in work package WP1 (Conceptual Frame-
work and Evaluation) at a technical level in work package WP4 (Reasoning and
Deciding).

5
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3 Quantum Logics

Quantum logics are non-classical logics arising from the mathematical formalism
of quantum theory. They were first proposed by Birkhoff and von Neumann in
their article entitled “The logic of quantum mechanics” in 1936 [12].

Quantum logics use the concept of a mathematical “phase-space” from quantum
theory, which originates from classical mechanics and classical electrodynamics.
Any physical system S is at each instant hypothetically considered to be associ-
ated with a point in a fixed phase-space Σ. This point is supposed to represent
mathematically the state of S. Moreover, the state of S is supposed to be ascer-
tainable by maximal observation. Maximal pieces of information about physical
systems are called “pure states”. They can be represented as a sequence of real
numbers 〈r1, ..., rn〉. Thus, the phase-space can be identified with the set of n-
tuples of real numbers Rn.

In quantum logics, a proposition p is associated with a subset X (alternatively
called an event) of the phase-space, which consists of all the pure states for which
p hold. For an event X and a pure state s, we say that the system in a state s
verifies both X and the proposition p if and only if pure state s is a member of
the event X.

In quantum theory, pure states assign only probability values to quantum events.
For a quantum system S and a proposition p, we say that p is true in the system S
if S assigns to p probability-value 1, written S(p) = 1, and p is false in the system
S if S assigns to p probability-value 0, written S(p) = 0.

Quantum logics allow us to define the non-classical notion of negation. The or-
thogonal complement X ′ of the mathematical representative X of a proposition
p is defined as the set of all vectors that are orthogonal to all elements of X.
Namely, χ ∈ X ′ iff χ⊥X, which denote that for any φ ∈ X, the inner product of χ
and φ is 0. Variants of conditionals and implications, such as positive condition-
als, implications-connectives, polynomial conditionals, counterfactual conditionals,
strict-implication, are also supported [20].

An important application of quantum logics is the “Theories of Quasisets”, first
developed by Takeutu in 1981 [63]. The basic aim there was to provide a mathe-
matical description for a collection of micro-objects, which can avoid the counter-
intuitive properties of the classical identity relation, such as the problem of “ex-
tensional equality” with the sense that “two quantum sets that are extensionally
equal do not necessarily share all the same properties”. Avoidance of this Leibniz-
substitutivity principle may find interesting applications in intensional logics.

3.1 Relevance to LarKC

For many applications on the Semantic Web, in particular for those for LarKC,
we are interested in non-classical logics which may be used to deal with large-scale
semantic data. In particular, non-classical negations in the sense of an orthogo-
nal complement may provide an intuitive interpretation of negation in ontologies
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and Description Logics. The extensional equality and the Leibniz-substitutivity
principle are also highly relevant to various reasoning requirements of typical se-
mantic systems, such as closed world vs. open world assumption, unique name
assumption, and so on.

The semantic space model at the core of work package WP2 (Retrieval and Se-
lection) shares some commonalities with quantum mechanics, i.e., those of quan-
tum logics, in which vector spaces stand in for the neuro-physics and mechanisms
such as Hilbert spaces and uncertainty are investigated as vehicles for computa-
tion.

7
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4 Meta-Reasoning

A number of years ago, the research community on Artificial Intelligence has put
substantial efforts in investigating a particular aspect of reasoning that lies at the
heart of human intelligence and problem solving behavior, that is, the idea that
much can be gained in problem solving by thinking of one’s own behavior during
the problem solving process. In the following, we consider a simple conceptual
model for meta-reasoning proposed in [25].

In cognitive science and AI, thinking (or reasoning) was understood as a central
component of the action-perception cycle. Assume an (intelligent) agent which
acts within some environment to achieve a certain goal. The agent observes the
environment at any moment in time and perceives some stimuli. Based on the
stimuli, the agent behaves rationally to achieve its ultimate goal by selecting a
suitable action from its repertoire of competencies. The identification of the se-
lected action is based on reasoning. The resulting effect on the environment at
the ground level is subsequently observed by the agent at the object level and the
process iterates. This problem-solving cycle is shown in Fig. 4.1.

Reasoning is used in this cycle at the object level to perform better problem solving
at the ground level. Therefore, we can apply the same principle to the object level
by considering it as the ground level of a different (reasoning) environment: “Meta-
reasoning” is the then the process of reasoning about the (lower-level) reasoning
cycle. It consists of two basic components:

• The meta-level control of the reasoning process itself.

• The introspective monitoring of the reasoning process at the object level.

In other words, meta-reasoning can be understood as the perception and control
of the reasoning process and forms itself a (meta-level) problem solving cycle on
top of the object-level reasoning cycle. This extended problem solving process
including meta-reasoning is shown in Fig. 4.2.

The goal of the meta-level control is to improve the quality of the decisions taken at
the object level by spending some effort to decide what and how much reasoning
to do at the object level. By doing so, balancing resources between the object
level computations and ground level actions shall be achieved. In essence, meta-
level control allows the agent to dynamically adapt or change the object-level
computation performed (i.e., the reasoning strategy). Clearly, there is a trade-
off between the (continuous) meta-level reasoning and ground level performance,

Figure 4.1: Reasoning as the Component of Problem-solving Process

8
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Figure 4.2: Problem-solving Process using Meta-Reasoning

since the former can interfere with the ground level actions. Therefore, the main
decision points where meta-level control is important and can be useful need to be
identified if we consider resource-bounded agents.

Introspective monitoring allows to collect sufficient data about the reasoning pro-
cess to take informed decisions on how to adapt the it to improve or maximize
performance at the ground level. This might involve recording data on the compu-
tational performance to build characteristic profiles for various reasoning strate-
gies. Techniques from data mining and machine learning can be applied here to
turn the measured observations into effective decision heuristics. Introspective
monitoring might also involve generating explanations for decisions at the object
level and their observed effect on the ground level performance. In case of failure
to complete a reasoning task, it may involve explanations to the causes of the
failure and a respective diagnosis of the object-level reasoning process.

Meta-reasoning was a very active field of research within the AI community nearly
two decades ago. In recent years, it seems that research in meta-reasoning did not
receive comparable attention. Interestingly, the topics seems to be revived: this
year, there has been a dedicated workshop on the topic at the major forum for AI
research world-wide, i.e., the AAAI conference.1

A recent survey is given in [23, 25]. A foundational article on the topic is [53]. The
aspect of limited rationality is discussed in depth in [54]. [55] specifically reviews
approaches to the control of computation in resource-bounded agents. [71] explains
why resource-bounded reasoning is a fundamental research direction within AI
and presents a productive methodology to explore this field. [49] considers a
classification of different form of meta-reasoning and identifies a specific form of
meta-reasoning (i.e., post-meta-reasoning) which can specifically be supported by
concurrent and parallel computation infrastructures.

4.1 Relevance to LarKC

Meta-reasoning can be seen as conceptual tool to deal with scalability issues in
problem solving. Problem solving can be seen as a large search problem, in which
an agent tries to find the right sequence of actions to be carried out in order
to achieve a certain goal. Using meta-reasoning, instead of trying out what to do
next, the agent does not only take into account the information of the environment

1http://www.aaai.org/Library/Workshops/ws08-07.php
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it acts upon, but also observations on the problem solving process performed so
far (or even similar problem solving processes that have been performed in the
past). The observations on the evolution of the problem solving process are used
to select actions that are likely to be useful for finding or constructing a solution
in a specific situation, or to stop performing actions which will probably not lead
to the desired goal. Therefore, a problem solving system is likely to suffer from
severe performance problems, if there are too many actions that can be tried at
any moment in time.

Reasoning is a specific example of a (class of) problem solving tasks: the actions
which are performed during the reasoning process are (simple) inferences. The
environment that is acted upon is a knowledge space (i.e., explicitly given knowl-
edge, or data, and knowledge derived by inferences during the reasoning process).
The number of possible inferences during the construction of a proof is heavily
dependent on the size of the knowledge space that is considered during reasoning.
In the context of LarKC precisely the aspect of the size of the knowledge base is
crucial as the platform is supposed to reason over a huge amount of data. Ques-
tions such as “What part of the data is relevant or especially useful to consider at
a specific moment in time during the reasoning process? What data shall we leave
out of consideration during some period? What shall we focus on? When is it
a “good” moment in time to refocus our current (unsuccessful) reasoning process
on different parts of the knowledge base or to use different methods to perform a
certain inference (subproblem)?” are in fact meta-reasoning problems. A success-
ful (and efficient) solution to such problems might be one of the key ingredients
to enable the reasoning platform to deal with knowledge bases that are multiple
orders of magnitude larger than the challenging benchmarks that inference tools
have to face already today in real-world applications.

Therefore, meta-reasoning seems to be a promising and conceptually elegant tool
for scaling up the reasoning capabilities of existing high-performance reasoners to
Web-scale knowledge bases.

10
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5 Cognitive Architectures

Cognitive architectures are a means to cope with a particular problem experienced
by the behavioral sciences, and psychology in particular. In these disciplines it is
common to divide the object of study (mind) into a potentially large number of
specialized sub-components. This approach, followed exhaustively, leads to situa-
tions in which assembling individual contributions to an overall solution becomes
nearly impossible. In other words, as stated by Newell in [44], you cannot play
20 questions with nature and win. Allen Newell’s book, “Unified Theories of
Cognition” [45]] advanced the physical symbol system (PSS) hypothesis: A PSS
takes physical patterns (symbols), combining them into structures (expressions)
and manipulating them (using processes) to produce new expressions. All fields
of study are sub-classes of this PSS. But the more radical idea is that “A physical
symbol system has the necessary and sufficient means for general intelligent ac-
tion.” That implies that both humans and machine are substantially alike in what
they do to produce intelligent behavior, and that machines can reach human-level
intelligence. These are the ground assumptions of cognitive psychology and AI,
respectively.

The pragmatic advantage of cognitive architectures is that users can create and
share models using the same language. These models are run by the interpreter of
the cogitative architecture. The interpreter includes known cognitive limitations
that determine the output. Examples of such limitations are the number of items
one can pay attention at a time or the reduced capacity of our short-term memory.
Running a model automatically produces a step-by-step simulation of human be-
havior. The output of the model details each individual cognitive operation (i.e.,
memory access, visual and auditory activities, and even motor ones). This is a
working hypothesis that experimenters compare with the (inferred) steps humans
perform in a controlled laboratory task.

Architectures represent knowledge in units called chunks. Each chunk has a num-
ber of slots, each of which contains a single symbol. These symbols can repre-
sent anything (including other chunks), but do not have inherent semantic value.
1

5.1 SOAR

The first unifying theory of cognition (and architecture) was SOAR, and it was
proposed by Newell [22]. Regardless of the actual success and overall adoption of
SOAR in cognitive science, the seminal ideas in Newell’s book had a large impact in
contemporary thinking. SOAR builds on the idea that problem solving takes place
on a problem space [46]: all cognitive acts are some form of search task. SOAR
originally stood for State, Operator And Result, reflecting this representation of
problem solving as the application of an operator to a state to obtain a result. The
basic unit of analysis is the production. Productions operate on chunks. Chunking

1Note the resemblance with typical Semantic Web formalisms such as RDF-schema or OWL.
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is the primary mechanism for learning and represents the conversion of problem-
solving acts into long-term memory. The occasion for chunking is an impasse and
its resolution in the problem solving process (i.e., satisfying production rules).
When SOAR reaches an impasse it uses weak methods, that is, general problem
solving methods, such as hill climbing. Once it finds a solution, it stores it as a
chunk so next time the agent faces the same problem it will use retrieval instead
of falling into an impasse again. SOAR works well in dynamic environments, such
as, for instance, controlling a fighter plane, and has some military applications.
Its reasoning mechanisms are very general, but could be an interesting reference
point for semantic systems using more advanced reasoning engines.

5.2 ACT-R

ACT-R [8, 7] divides human knowledge into two irreducible kinds of representa-
tions: declarative (“knowing that”) and procedural (“knowing how”). SOAR does
not offer this distinction.

The job of the production system is to determine what production to fire, in other
words, what action to carry out, at any given moment. Firing takes around 50
milliseconds, and only one production can fire at a time [61]. This enables ACT-R
to make predictions about how long operations take for real humans.

ACT-R has a sub-symbolic layer; in fact, it uses a spreading activation mechanism.
The (limited) amount of activation available mimics human limitations in working
memory capacity. Whether a memory record’s activation exceeds the retrieval
criterion is determined by a noisy process. The sources of noise include momentary
fluctuations in a record’s estimated gain, estimated cost, and the activation it
receives from the current constellation of context elements.

ACT-R’s equations compile the “best of breed” in the last 50 years of findings
in different areas of cognition such as attention, memory, judgment etc. It is a
good example of how one can put together previously independent constraints and
make new ones emerge. In the recent years, Anderson’s research program includes
capturing constraints from neuropsychology. ACT-R maps its modules to brain
areas and makes predictions about, for example, oxygen consumption when a brain
is performing each activity.

5.3 Detractors

It is important to point out that the symbol systems view is only one paradigm in
cognitive science. Mainstream cognitive science does not work under any unified
theory for several reasons:

1. For many researchers the time investment is too high to become proficient
on one architecture.

2. It is not clear how (or whether) a brain can implement symbol systems, even
though Anderson proposes how ACT-R maps into brain regions.

12
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3. Some scientists do not believe that a symbol system is the “be-all” solution
to all problems. In fact, some argue that symbol systems are too powerful
[22].

4. Grounded cognition: a symbol system that is not grounded (as in, related
to the external world) may turn to be the wrong metaphor. Some propose
that abstraction may happen by using perceptual symbol systems instead of
a-modal ones [9].

An alternative to symbolic systems is the sub-symbolic view.2 The basic concept
of the neural network approach is the parallel nature of neural processing, and the
distributed nature of neural representations [52].

The goal of cognitive modeling with cognitive architectures is to explain as much of
cognition as possible using only a small set of explanatory mechanisms. However,
once can pursue this goal without a cognitive architecture. Another alternative
is to search for general laws of cognition outside a particular architecture. The
works of Chater [14, 17, 18, 19, 15] and Tenenbaum [65] fall in this category. Chater
presents information distance as the pervasive tool the mind uses in its search for
simplicity. Tenenbaum uses Bayesian inference as the common denominator to a
wide range of cognitive activities.

5.4 Relevance to LarKC

Cognitive architectures aim to explain how the human mind works. It could be the
case that some of the solutions the mind uses to, for instance, represent knowledge
are effective for open, distributed settings such as in LarKC. There is an obvious
problem with scale. The cognitive architectures in question have never been used
with amounts of knowledge anywhere close to what LarKC will use. One could
tweak the assumptions of the architectures to work with RDF data and investigate
how far one can get or which changes or adaptations are required in order to deal
with scalability issues.

2(This alternative is popular in West US coast research communities, while most symbolic
research is East-coast based.
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6 Similarity Theories

The human mind has been “designed” to evaluate similarity fast and efficiently. In
the context of LarKC the question is whether the way data is represented within
the human mind can be a source of inspiration for building or using a data format
to make Web content more machine-friendly.

6.1 The Trouble with Similarity

Similarity is very labile and idiosyncratic. Goodman criticized the central role of
similarity as an explanatory concept [36]. What does it mean to say that two
objects a and b are similar? One intuitive answer is to say that they have many
properties in common. But this intuition does not take one very far, because all
objects have infinite sets of properties in common. For example, a plum and a
lawnmower both share the properties of weighing less than 100 pounds (and less
than 101 pounds, etc). That would imply that all objects are similar to all others,
and vice versa, if we consider that they are different in a infinite set of features, too.
Goodman proposed that similarity is thus a meaningful concept when defined with
a certain “respect”. Instead of considering similarity as a binary relation s(a, b),
we should think of it as a ternary relation s(a, b, r). However, once “respects” are
introduced, the similarity itself has no explanatory value, the respects have. There
are four psychological theories that tried to solve the problem.

6.2 Metric Models

Metric models (such as the vector space model or Latent Semantic Analyis (LSA))
were the first-comers and still hold important advantages. Although recent de-
velopments have addressed some implementation issues (e.g., the Singular Value
Decomposition (SVD) can now be run in parallel) the direct application of LSA
or any other statistical methods to Semantic Web problems is still not obvious.
RDF operations are logical. In LSA vectors are obtained using statistical infer-
ence. Combining the logic and statistical approaches seems to be a worthwhile
goal, and some groups are pursuing it.

6.3 Feature Models

Feature models use set theory. Similarity is a function of common and unique
features of the objects compared. Advances in Bayesian methods, such as the
topics model, propose that representation might be a language of discrete features
and generative Bayesian models instead of continuous spaces. This bottom-up
approach has the advantage of generating “topics” instead of un-labeled dimen-
sions, leading to “explainable” representations. Topics can also justify asymmetries
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in similarities, as conditional probabilities are indeed asymmetrical (P (A|B) 6=
P (B|A). It is possible to build hierarchical topics models.

6.4 Structural Mapping Models

These models resort to structural commonalities between objects to infer similar-
ity. Structured representations gain some of their power from the ability to cre-
ate increasingly complex representations of a situation by embedding relations in
other relations and creating higher-order relational structures. These higher-order
structures can encode important psychological elements such as causal relations
and implications. In fact, RDF as a data structure has this property (termed
reification, or called compositionality, in the RDF context). So far composition-
ality has turned to be difficult to implement for metric and feature models. The
suitability of structure-matching models originating from psychology for semantic
systems still requires additional investigations, the principal question to be an-
swered being related to the differences between these models and the similarity
models used in existing Semantic Web applications. The psychological models use
very simple and artificial materials. Most published papers contain a few exam-
ples for which the model works (i.e., the solar system mapped to Rutherford’s
model of the atom), but do not enumerate or discuss those cases in which the
respective model is likely to fail. There is no published study on how general a
model is (i.e., using a large selection of objects) or about its boundary conditions.
More thorough testing, analysis and comparisons are needed to be able to apply
psychological models to the Semantic Web in an effective manner. The overall im-
pression is that fine-tuning a model to the examples in the associated paper took
a considerable amount of time for the experimenter, so doing the same for a large
representative sample of structures may be time consuming. Second, psychological
similarity models stress the importance of working memory capacity limitations,
which have no relevance for machine learning and general usage in applications.
Working memory limitations may help the model explain human patterns such as
common errors, but do not contribute to better applications. Third, scaling may
be an issue. The Rutherford example requires 42 and 33 nodes to represent the
solar system and atom, respectively, and it is one of the largest mappings pub-
lished. Semantic Web applications can easily deal with knowledge bases several
orders of magnitude larger. Last, all these theories use hand-built representations.
Information extraction is a type of information retrieval whose goal is to auto-
matically extract structured information, i.e., categorized and contextually and
semantically well-defined data from a certain domain, from unstructured machine-
readable documents. To date, no psychological theories of the structured kind
do information extraction or propose an alternative solution to avoid hand-built
representations.
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6.5 Transformation Distance Models

Transformational distance models reduce similarity to information transmission.
For transformational distance theories similarity of two entities is inversely pro-
portional to the number of operations required to transform an entity so as to be
identical to another [27, 47, 48, 15, 16].

The most well-developed model of cognition based on string edit is the syntagmatic
paradigmatic (SP) model. SP proposes that people use large amounts of verbal
knowledge in the form of constraints derived from the occurrences of words in
different slots. The constraints are categorized in two types:

1. Syntagmatic associations that are thought to exist between words that often
occur together, as in “run” and “fast”.

2. Paradigmatic associations that exist between words that may not appear
together but can appear in the same sentence context, such as “run” and
“walk”.

.

The SP model proposes that verbal cognition is the retrieval of sets of syntagmatic
and paradigmatic constraints from sequential and relational long-term memory and
the resolution of these constraints in working memory. When trying to interpret a
new sentence, people retrieve similar sentences from memory and align these with
the new sentence. The set of alignments is an interpretation of the sentence. For
instance, to build an interpretation of the sentence “Mary is loved by John” they
might retrieve from memory “Ellen is adored by George”, “Sue who wears army
fatigues is loved by Michael”, and “Pat was cherished by Big Joe”, leading to the
following interpretation:

Mary is loved by John

Ellen is adored by George

Sue who wears army fatigues is loved by Michael

Pat was cherished by Big Joe

The set of words that aligns with each word from the target sentence represents
the role that the word plays in the sentence. So, in the example [Ellen, Sue, Pat]
represents the love role and [George, Michael, Joe] the lover role. The model
assumes that any two sentences convey similar factual content to the extent that
they contain similar words aligned with similar sets of words. Note that SP does
not assume any previous knowledge (i.e., syntax). The model can solve basic
question-answering tasks such as which tennis player won a match when trained
on a specific plain text corpus of such news. There are, of course, models using
graph distance, too.

6.6 Relevance to LarKC

The standard data model and representation framework underlying the Semantic
Web is RDF. In RDF, the fundamental concepts are resources, properties and
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statements. Resources are objects, such as books, people or events. Resources have
properties such as chapters, proper names, or physical locations. Properties are a
special type or resources that describe the relation between two resources. Finally,
a statement just asserts the properties of resources. In a sense, psychologists
and Semantic Web practitioners are playing the same game: trying to model the
world through a formalism. Knowing what humans, and thus, end users, consider
similar would ultimately help build better semantic systems. Both XML and RDF
are representation languages that can describe labeled trees, thus the applications
of the tree edit distance, a subclass of string edit theory, seems to be the obvious
choice. There are several algorithms proposed to match such structures efficiently1.
Bertino et al ([11]), for example, propose a way to match an XML tree to a set of
trees (DTDs) in polynomial time. Thus, once the starting knowledge base is in a
structured form, there are algorithms to do similarity operations either efficiently
or in a cognitively plausible way, but not both. The remaining step is to get from
a flat form to a structure that satisfies the requirements of the algorithms, which
has proven to be challenging. This step is not necessary for models such as SP,
since they work on plain text. In this sense this is a promising venue. Contrary
to the Semantic Web idea to create domain-specific data languages by agreement
and enforce that conceptual structure onto existing text in the wild, SP proposes
no structure a priori. In fact, SP captures meaning as sentence exemplars. The
difficult task of either defining or inducing semantic categories is avoided. Topics
and SP models do not require pre-existing classes, but still have a long way to
go; the need of automatically generating structure is less pressing when one of the
driving forces of the Semantic Web is the creation of ontologies.

1The more general case of measuring the similarity of graphs can be dealt with similarly, e.g.
as reported in [26]
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7 Brain Science/Neuroscience

Neuroscience is the scientific study of the brain and nervous system. It brings
together studies on brain-structure/function, biochemistry, physiology, pharma-
cology, informatics, computational neuroscience and pathology. Although usu-
ally thought of as a branch of biology, neuroscience is attracting interest from
many other disciplines, including cognitive and neuro-psychology, computer sci-
ence, statistics, physics, and medicine. Indeed, many recent theoretical advances
in neuroscience have been aided by the use of computational modeling.

The scientific study of the nervous system has advanced in recent times with revolu-
tions in molecular biology, electrophysiology and computational neuroscience. For
instance, the processes internal to a single neuron can be relatively well explained.
However, understanding of how networks of neurons produce intellectual behavior,
cognition, emotion and physiological responses is still poorly understood.

The nervous system is composed of a network of neurons and other supportive
cells that form functional circuits, each responsible for specific tasks. Thus, neu-
roscience can be studied from many different perspectives: molecular, cellular,
systems, cognitive:

• Molecular: Studies are aimed at discovering how neurons behave (expressing
or receiving of signals) and how complex networks are constructed.

• Cellular: Studies focus on how signals are processed both physiologically and
electro-chemically.

• Systems: Studies how the circuits are formed and used to produce the phys-
iological functions, such as reflexes, sensory integration, motor coordination,
circadian rhythms, emotional responses, learning and memory, etc.

• Cognitive: Addresses questions of how psychological/cognitive functions are
produced by the neural circuitry. The emergence of powerful new measure-
ment techniques combined with sophisticated experimental techniques from
cognitive psychology allows neuroscientists and psychologists to address ab-
stract questions such as how human cognition and emotion are mapped to
specific neural circuitries.

Additional information about this area is available at various sites. [33] is the Web
site of the Society for Neuroscience, containing information and links to introduc-
tory as well as latest news publications. [50] collects information related to brain
health topics. Finally, the Wikipedia page on Neuroscience [67] provides a good,
actual overview of the discipline to start with.

7.1 Relevance to LarKC

LarKC will explore complementary techniques that are applicable to selection, ab-
straction and reasoning. The cognitive and systems perspectives of neuroscience
are both interesting to LarKC in these contexts. Furthermore, neuroscience is also
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becoming relevant in many inter-disciplinary fields including in the social sciences,
including neuro-economics, decision theory and social neuroscience. These studies
address some of the most complex questions involving interactions of the brain
with environment. Of particular relevance is the brain’s ability to draw useful
conclusions from incomplete and seemingly unrelated information. Research in-
spired by LarKC will include techniques for how to identify this unrelated, but
useful information and the development or adaptation of algorithms to use such
information.
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8 Economics

In this chapter we give a brief overview of some of the most important aspects of
economy theory and motivate their relevance to LarKC.

8.1 Supply-Chain Management

Supply Chain Management (SCM) integrates supply and demand management
within and across companies. It focuses on:

• Distribution networks - locations and units between which the products are
moving and which handle it along the way such as production facilities,
suppliers, distribution centers, warehouses, customers.

• Distribution strategy - how is operation controlled (central vs. distributed),
delivery schema (direct, pooling, closed loop), mode of transportation, re-
plenishment strategy (pull, push or hybrid).

• Information - demand signals, forecasts, inventory.

• Inventory management - quantity and location of inventory.

• Cash-Flow - how is money exchanged between the entities in the supply
chain.

8.2 Cost-Benefit Analysis

Cost-benefit analysis (CBA) can be used to asses the value of a project or a
proposal. It requires both the costs and benefits to be expressed in discounted
monetary terms, that is the amount of cash translated from the future numbers
to its present value using discount rate. One of the important indicators in CBA
is the benefit-cost ratio which is computed as present value of benefits relative to
the present value of costs. Another indicator is NPV which is the present value
of benefits minus the present value of costs. The first indicator gives the relative
“return” per invested unit and the second indicator estimates the absolute gain
for a project analyzed.

CBA is frequently used in the transportation sector and is used to assess new
road or rail construction projects. Several analysis of such projects showed that
the costs are usually underestimated, being the result of approximations, “positive
thinking” and interests of the people involved to make the project happen.

8.3 Risk Management

Risk management (RM) is a structured approach for managing uncertainty. It
usually consists of the following steps:
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• Identification of potential risks - Risks can be identified from the direction
of sources (external such as weather, or internal such as employees of a
company) or threats (of losing money).

• Risk assessment (preparation) - This refers to the calculation of a quanti-
tative or qualitative value of a risk related to a concrete situation and a
recognized threat. Quantitative risk assessment requires calculations of two
components of risk, the magnitude of the potential loss, and the probability
that the loss will occur. The risk of an event happening can be measured
as “expected loss” by multiplying the values of the two components. In fi-
nancial decisions loss is usually measured in amount of money. In health
or environmental decisions the risk is just measured as the probability of
occurrence of an event.

• Developing strategies for managing risk (preparation) - This includes trans-
ferring the risk to another party (out-sourcing or insurance), avoiding the
risk, reducing the negative effect of the risk, accepting some or all of the
consequences of a particular risk (accept and budget).

• Mitigation of risk using available resource (execution)

In ideal world all risks should be assessed. However, investing too much time into
assessing and managing unlikely risks can occupy resources which could be more
profitably used elsewhere. Also, prioritizing the risks and focusing on the more
probable ones or the ones with high losses is non-trivial.

The risks not covered during risk management are called “residual risks” and are
usually dealt by using “business continuity planning”. This is an concept used
to create and validate a practiced logistical plan for how an organization will
recover and restore partially or completely interrupted critical function(s) within
a predetermined time after a disaster or extended disruption.

8.4 Relevance to LarKC

Ideas from supply-chain management can be used to distribute and balance the
load between various plug-ins required to solve a given query. For example, if the
reasoning engine requires a larger amount of triples from a triple store, the result
could be first cached locally on the triple store (akin a distribution center) and
then streamed from there to the reasoning engine (polling distribution strategy).
Another scenario would be when a meta-reasoner could forecast demand for specific
information from the triple store and would issue commands for caching that
information before the reasoning engine would come to ask for it. These aspects
are relevant at the conceptual and integration level (work package WP1) and at
platform level (work package WP5).

Ideas from risk management and cost-benefit analysis could be used when assessing
whether a specific reasoning step is worth executing or maybe using some simpler
heuristic could provide a good-enough answer for the overall task. This becomes
important when dealing with huge distributed knowledge bases for which it is not
possible or feasible to do complete reasoning or to take into account the complete
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knowledge base. Risk in such cases can be heuristics providing wrong answers and
such cases should be handled in some controlable and to some extent predictable
way (e.g., by giving confidence estimations of the provided result). These issues are
potentially relevant to all work packages in charge of developing plug-ins, notably
work package WP4 (Reasoning and Deciding).
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9 Bounded Rationality

The Bounded Rationality theory was proposed against the traditional postulate
that an “Economic Man” would posses enough knowledge to be able to define an
appropriate utility function for his actions and a sufficient amount of computa-
tional resources to choose those actions which are likely to yield maximum utility
in a given environment.

In relation to Web reasoning a statement Herbert Simon made decades ago is still
very actual [59]:

“The point of departure is the observation that human thinking
powers are very modest when compared with the complexities of the
environments in which human beings live. Faced with complexity and
uncertainty, lacking the wits to optimize, they [human beings] must be
content to satisfy to find “good enough” solutions to their problems
and “good enough” courses of action.”

These principles can be applied to Semantic Web reasoning: faced with issues of
scalability, heterogeneity, dynamics, inconsistency, and time limitation, “(h)ere, as
elsewhere, the best is often the enemy of the good” [60].

The mechanisms how a system of limited computational power can deal with
complexity, and the stopped rule based on the satisfying criterion have also been
discussed by Simon as early as 1955 [58]. In cognitive science and AI, one of
the earliest applications of the notion of bounded rationality was heuristic search
in problem solving. The heuristics can usually be used to effectively search the
problems space but this method can not guarantee work [1].

In recent years the idea of bounded rationality can be found in various dual-
process theories which share the common hypothesis that there are two kinds of
information processes in human cognition. One, namely system 1, is fast, auto-
matic and unconscious, and the other one, namely, system 2, is slow, effortful and
conscious. Many scientists argue that system 1 is related to intuition and heuris-
tic reasoning, and system 2 to rule-based reasoning. Putting aside this common
hypothesis underlying current dual-process theories, the individual theories vary
significantly [30]. For example, Kahneman and Tversky paid much attention to
the biases of intuition [40], but Gigerenzer and colleagues proposed fast and frugal
heuristics programs [35].

9.1 Relevance to LarKC

The mechanism and the neural basis of these two systems and the processes of the
cooperation between them in our daily life need to be further investigated before
being being ready to be effectively applied to Semantic Web reasoning. In work
package WP4 (Reasoning and Deciding), we will employ both heuristic reasoning
in the style of Gigerenzer and colleagues [35] and rule-based reasoning, among
other methods, and integrate between different reasoning paradigms. We will also
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run functional Magnetic Resonance Imaging (fMRI) experiments1 to explore the
neural basis of human heuristic problem solving.

1Functional MRI or functional Magnetic Resonance Imaging (fMRI) is a type of specialized
MRI scan. It measures the haemodynamic response related to neural activity in the brain or
spinal cord of humans or other animals. It is one of the most recently developed forms of
neuroimaging.
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10 Patterns and Pattern Languages

10.1 Core Concepts

A pattern describes a proven and tested solution to a common problem within
a specific context. To be useful a pattern should clearly specify the problem(s)
which it can solve and the context in which such problems arise and in which
the solution is recommended. In addition, it should contain best practices and
guidelines to document the most important aspects which ensure a high quality
of the artifact (or system) to be built. A good pattern must achieve the optimal
balance between generality and applicability; the idea expressed in a pattern should
be general enough to be applied in various settings, but still specific enough to
provide effective support.

A pattern language is a method to capture patterns in a structured way. It defines
the terminology to be used to name concepts in the field of interest, describes
key characteristics of effective solutions for meeting a stated goal, and assists the
designer in the application of the patterns through the design process. Elements
of a pattern language include the pattern name, pictures describing key aspects of
the problem or solution, the context, the problem statement, the factors affecting
the story and their trade-offs, the solution, or examples.

The architect Christopher Alexander coined the term ”pattern language” [5]. A
pattern language provides a means to describe common problems of architectural
design, at scales varying from how cities should be built to where to place windows
and doors in a corridor. The theory of patterns and pattern languages has been
introduced in [5] and elaborated in [6]

According to Alexander [5] patterns can vary in how far they are proven in the
real world, in their level of abstraction, and in their level of scale. With respect to
the first aspect, Alexander associates a rating to each pattern to indicate how well
they are proven in real-world examples. The level of abstraction refers to the type
of problem and solution expressed in a pattern. A very generic pattern typically
contains examples that are concrete and specific. Finally, the level of scale is
related to the scope of the patterns. Low-level patterns can be interconnected to
form large-scale systems.

Collections of patterns are available for various disciplines. Putting aside architec-
tural design, patterns are an established instrument in software engineering, social
sciences and pedagogy.

An overview of the pattern language and basic patterns introduced by Christopher
Alexander et al. in “A Pattern Language” is available at [41]. Yahoo! is publishing
a collection of design patterns for Web applications and social networking in [43].
A good summary of patterns and associated languages in the HCI community is
available at [32]. Patterns of reasoning are addressed for example in information
or cognitive architectures.
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10.2 Relevance to LarKC

Patterns are important in LarKC at the conceptual and engineering levels. The
engineering of the LarKC platform can make use of various types of patterns at
analysis, design, implementation and testing time (WP5). As part of the concep-
tual framework of LarKC (WP1) we survey a wide range of related disciplines,
from cognition to economy and biology in the search for ideas which can lead to
new paradigms and novel methods of reasoning at Web scale. Integration pat-
terns provide a means to organize and combine these multidisciplinary ideas and
to use them in a systematic manner within the LarKC platform. These integra-
tion patterns will result into an integration methodology, which will provide a
process-oriented view upon a new approach to problem solving based on various
techniques: inductive and deductive, Boolean and probabilistic, complete reason-
ing and limited rationality etc.
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11 Distributed and Parallel Computing

11.1 Distributed Systems and Distributed Computing

There are many definitions of what a distributed system is. In [64], a distributed
system is defined as a collection of independent computers that appear to the users
as a single computer. [24] defines a distributed system as a computer system whose
components are located at networked locations and communicate and coordinate
tasks using the message passing paradigm. Different types of distributed systems
exist ranging from systems with centralized control and shared knowledge to fully
decentralized systems where both data (knowledge) and control is distributed.
However, independently of the definition adopted or the type of distributed system
being considered, every distributed system shares a series of basic characteristics
like reliability, transparency (of location, of of replication, of migration, of access
and concurrency), autonomy of components and support for heterogeneity and
scalability. Some of the benefits of using distributed systems in comparison to
other approaches like for example the more classical client-server paradigm are
scalability, reliability, resource sharing and a higher performance/cost ratio.

Related to the concept of distributed systems is the concept of Distributed Com-
puting, which refers to a form of parallel computing where a task is divided into
smaller subtasks that run concurrently on different networked computers.

Different types of distributed systems and applications have been developed. For
example, computer clusters (Cluster Computing), computer grids (Grid Comput-
ing [39]) and Peer-to-Peer systems are well-known types of distributed systems.
Examples of distributed applications are distributed query engines, distributed
storage engines, distributed file systems, content sharing applications (e.g., Nap-
ster, Gnutella, Freenet), collaborative applications (e.g. Jabber, Groove) and in-
stant messaging applications (e.g., Skype).

• Grid Computing - Grid computing is a type of distributed computing that
enables coordinated resource sharing and problem solving in large, multi-
institutional virtual organizations. Typically, Grid computing is concerned
with the execution of computationally-intensive applications such as market
forecasting in the financial sector, drug discovery and seismic analysis and
simulation among others.

• Cluster Computing - A Computer Cluster, on the other hand, is a group of
computers usually connected through high-speed network links that appears
to the user as a single super computer. As with Grids, they are typically
used for performing computationally-intensive calculations such as the ones
found in the areas of e-Business and e-Science.

The design and implementation of distributed systems require a combination of
both hardware and software architectures. Typical network architectures include
Client-Server, 3-tier architecture (a special case of the N-tier architecture) and
Peer-to-Peer computer networks. A well-known software architecture (or middle-
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ware) for development of distributed applications is BOINC 1, which has been used
in diverse application areas such as medicine, astrophysics, molecular biology and
mathematics. One of the most well-known uses of BOINC is in the SETI@home.
Other software platforms include JXTA 2 and .NET 3, which support implemen-
tation of P2P systems. Another approach to implement distributed systems is
through the use of a Service Oriented Architecture (SOA) and Web services.

11.2 Parallel Computing

Parallel Computing is a form of computation that is based on the idea of splitting
a large, compute-extensive task into smaller subtasks that can then be run in
parallel (concurrently) over multiple processors or systems. Two of the most well-
know forms of parallelism are data-parallelism and task-parallelism. The first
focuses on distributing data across multiple processing nodes while the second one
focuses on the distribution of tasks or jobs. Other forms of parallelism include
bit-level parallelism and instruction-level parallelism.

11.3 Relevance to LarKC

The LarKC platform is a modular and distributed platform. These properties
together with the distributed nature of the Web make the research in the area of
distributed systems highly relevant for the project.

Ideas, techniques and principles from distributed computing can be used in the
development of different types of plug-ins such as distributed reasoning and in-
formation retrieval plug-ins. Similar approaches in this lines include the works
in [57, 31, 62] In the same way, distributed computing techniques can be applied
in the area of data storage. The work in [3] for example proposes a distributed
RDF storage and retrieval engine. Technologies such as MapReduce, which en-
ables processing of large data sets, and BigTable, a distributed storage system for
structured data, could also be explored.

Peer-to-Peer systems are another type of distributed system that can be used in
the development of the LarKC platform. Such systems can be used in the imple-
mentation of distributed reasoning architectures and plug-ins. Similar approaches
include the work done in [4].

Parallelization techniques can be used in the implementation of decision plug-ins.
A decision plug-in could split reasoning tasks into smaller ones and dispatch them
to a group of plug-ins running in parallel. In the same way, reasoning plug-ins
can make use of data-parallelization strategies to divide large amount of data into
smaller pieces to be handle by other reasoning plug-ins. Each reasoner would per-
form a certain task on its local data and then submit the results to a coordinating
reasoner plug-in.

1http://boinc.berkeley.edu/
2https://jxta.dev.java.net/
3http://www.microsoft.com/NET/
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12 Software Engineering

The IEEE Computer Society defines software engineering as [2]:

“(1) The application of a systematic, disciplined, quantifiable ap-
proach to the development, operation, and maintenance of software;
that is, the application of engineering to software. (2) The study of
approaches as in (1).”

More precisely this definition encompasses a number of aspects, including software
requirements, software design, software construction, software testing, software
maintenance, software engineering management etc.

As software engineering is a still an evolving field this is by no means the only
possible definition and neither is it generally accepted. Furthermore many different
software development methodologies exist which also assign each of the identified
subareas of software engineering very distinct priorities or only focus on one of
them at all.

Software engineering and programming in general are challenging because of two
reasons [28]:

1. The raw amount of computing power and its rapid increase pose a significant
novelty.

2. The very deeply hierarchical problem domain, from a high-level architec-
tural view on software down to fine-grained implementation details, that,
in general, can not be decomposed into more manageable components in a
straightforward manner.

In this sense software engineering is a prime example of human problem solving in
regard to very complex systems. Thus basic principles from software engineering
are potentially not only applicable in order to produce the LarKC platform, but
can also serve as input for the design of the platform and its algorithmic framework
in general by observing different software engineering methodologies as problem
solving approaches on their own.

This is further reinforced if a program is regarded from a theoretical point of
view, as a formula that is derived by the engineer to solve a specific task. In
this regard programming is a reasoning task performed by a human in a specific
formal language and software engineering methodologies are methods to guide and
simplify this process. This highly theoretical approach to software engineering of
“program derivation” is described in-depth in [29].

12.1 Waterfall Model

The waterfall model, originally proposed by Royce in [51], follows a sequential
development approach to the design and implementation of a software system. It
identifies several phases of the software engineering process: requirements anal-
ysis, design, implementation, validation, integration and maintenance. Each of
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these phases follows its predecessor in a pre-defined sequence and has a specific
purpose and an expected outcome. Based on this purely sequential ordering it
is also important to complete each phase before the next one in the process can
start.

The benefits of the waterfall model are mainly its clear and intuitive structure.
Its shortcomings were pointed out by Royce himself in the seminal paper from
1987: performing precise planning at the beginning of a project is very difficult
and requires a high degree of expertise from all involved parties. Adjustments in
later stages of a running project, both from a technical and from a management
point of view are costly to accommodate. In this regard the rigid planing of the
methodology is also its biggest problem and parallels form the waterfall model can
be drawn to traditional sound and complete reasoning in the scope of LarKC.

12.2 Spiral Model

The spiral model (as introduced by Boehm in [13]) is a risk-driven methodology
that includes iterations of phases such as repeated analysis, design, evaluation and
implementation which gradually evolve into a final system. Each iteration also
involves an assessment of the further risks (in terms of cost) and possibilities (in
terms of software reuse).

The spiral model was one of the first methodologies (albeit not the first) to include
iterative components in order to explicitly address the limitations of the waterfall
model. It has the noteworthy benefit that each cycle can be independently planned
and assessed in terms of risks and benefits. Thus it allows to flexibly react de-
pending on the current project status. As such it has been applied successfully
in long-term, large software projects. In the context of LarKC it is worthwhile
to point out its resemblance to the very general algorithmic pipeline of LarKC,
which foresees a repeated execution of retrieval, abstraction, selection, reasoning
and deciding tasks.

12.3 Agile Software Development

Rather than being a methodology itself, agile software development is a set of
principles [34] for building efficient and effective software. It is applied in vari-
ous methodologies for software engineering such as Pragmatic Programming [38],
Extreme Programming [10], Scrum [56] and others. At the core of agile software
development we can mention aspects such as customer satisfaction, frequent, in-
cremental releases, close cooperation with customers, starting from the very spec-
ification, as well a a continuous adaption of requirements after releases resulting
in incrementally improving piece of software.

Each of the methodologies previously mentioned concentrates on particular aspects
which are assumed of value for the software development process: test-driven
development, specific coding standards and styles, design fundamentals, and so
on. The main theme in all these models remains, however, the same, that is, that
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in specific contexts very lightweight and simple building blocks are likely to produce
suitable results fastest and without much overhead and that these solutions can
then be gradually improved. This credo is also shared by the LarKC consortium
in its software development strategy and is reflected in our associated work plan
and milestones schedule.

12.4 Relevance to LarKC

Software engineering is of twofold interest to the LarKC project. First and fore-
most, one of the main results of the project will be software obviously, which is (or
at least should be) the result of a systematic engineering approach that is in line
with best practices thought in software engineering. Secondly and more fundamen-
tally software engineering deals with some of the most complex systems ever built
by humans. Thus, this discipline is particularly interesting for LarKC because it
clearly makes the process of abstracting a problem and formally expressing it by
the human programmer explicitly visible.
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13 Conclusions and Future Work

This deliverable has given an overview of several areas and disciplines related
through their methods and principles to the overall goals of LarKC. We have
surveyed reasoning paradigms, notably meta-level reasoning, as well as theories
from cognition science and brain science, followed by economics and architectural
design. These areas provide interesting insights and ideas which can be applied
to solve problems which are similar or analogous to the ones with which we are
confronted in the LarKC project, from reasoning and deciding to selecting and
transforming, and integrating various paradigms into a coherent framework.

The table below summarizes the results of this first survey with respect to the
relevance of the corresponding topics in LarKC. These findings will be leveraged
in deliverable D1.1.2, due M12, which will elaborate on concrete means to apply
ideas, techniques and principles in an inter-disciplinary way to our setting.

These initial findings and insights will be the starting point for the follow-up
deliverable of task T1.1, whose aim is to provide a systematic gateway to related
work in various other areas of science. Deliverable D1.1.2, due M12, will report
on how some of the techniques (or integration patterns of these techniques) from
areas surveyed here will be refined or customized in the context of LarKC.
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Topic Relevance to LarKC
Approximation theory Methods, techniques and heuristics to choose and work

with multiple reasoning strategies. Combination of
rule-based reasoning with case-based reasoning. Rele-
vant work packages: WP1 and WP4.

Quantum logics Non-classical negation in the sense of an orthogonal
complement as an interpretation of negation in on-
tologies and Description Logics. Extensional equality
and Leibniz-substitutivity principle relevant to vari-
ous reasoning requirements of typical semantic sys-
tems, such as closed world vs. open world assumption,
unique name assumption etc. Commonalities between
the semantic space model in work package WP2 and
quantum logics. Relevant work packages: WP1, WP2,
WP4.

Meta-reasoning Conceptual instrument to decide upon relevant data
sources at a particular stage of the reasoning process,
to select among different plug-ins realizing the same
task, etc. Relevant work packages: WP1, WP4, WP5.

Cognitive architectures Mind models can be applied to design new methods
to structure, represent and use data and to perform
reasoning tasks. Relevant work packages: WP1, WP2,
WP4.

Similarity theories Algorithms (transformation-based models, SP model)
to compute similarities between a query and records in
a knowledge base in an efficient or cognitive plausible
way. Relevant work packages: WP1, WP2, WP4.

Brain science Models capturing the ability of humans to draw useful
conclusions from incomplete and seemingly unrelated
information could be relevant for the novel reasoning
and decision techniques in WP4. Relevant work pack-
ages: WP1 and WP4.

Bounded rationality The basic principle and methods by Herbert Simon are
at the core of the LarKC vision. Dual-process theories
combining heuristic and rule-based reasoning should
be further investigated to implement novel reasoning
algorithms. The principles underlying these theories
are relevant to the LarKC conceptual framework. Rel-
evant work packages: WP1 and WP4.

Economics Techniques from the area of supply-chain management
are potentially applicable to questions of load balanc-
ing. Another use case could be forecasting the require-
ments for specific information from particular reposi-
tories for caching purposes. Relevant work packages:
WP1 and WP4. Cost-benefit analysis and risk man-
agement are relevant for meta-reasoning and decision,
in work packages WP1 and WP4, respectively.

Design patterns Patterns can be applied for the engineering of the
LarKC platform and its underlying conceptual frame-
work. Our project will develop a novel approach
to problem solving, which builds upon various tech-
niques. This engineering approach to “philosophical”
questions may lead to new insights which we will try
to systemize in this task in form of an integration
methodology. Design patterns are a core part of such
a methodology. Relevant work packages: WP1 and
WP 5.

Distributed and parallel com-
puting

Distributed computing methods and techniques can be
used in the development of different types of plug-ins
such as those for retrieval, reasoning or decision mak-
ing. Parallelization is relevant for the implementation
of decision plug-ins. Relevant work packages: WP2,
WP4, and WP5.

Software engineering Agile software development is applied in LarKC in
all technical work packages. Relevant work packages:
WP5.
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