Information Systems Frontiers (2019) 21:1–3
https://doi.org/10.1007/s10796-019-09900-6

Guest Editorial: Recent Trends in Reuse and Integration
Thouraya Bouabana-Tebibel 1 & Stuart H. Rubin 2 & Lydia Bouzar-Benlabiod 1
Published online: 12 February 2019
# Springer Science+Business Media, LLC, part of Springer Nature 2019

1 Introduction
The term, Breuse^ means far more than code reuse, which it
subsumes. It includes all manner of abstractions – from
models to dynamic plans, simulations, knowledge bases, software, firmware, and hardware. In particular, the term includes
semantic repositories, which enable the reuse of knowledge
stored in episodic memory, rules, neural weight sets, connections in hardware, and the like. A problem with deep learning
and neural networks in general is that they don’t facilitate
transfer learning, which is a very human way to learn.
(Hosseini et al. 2017) recently demonstrated that unlike
humans, neural networks are unable to learn to recognize images that are equivalent under simple transformation (e.g.,
integers and their Polaroid negatives). Without transfer learning, neural networks cannot take advantage of randomization
for accelerating their learning and increasing the space of what
they know. Moreover, (Lin and Vitter 1991) proved that if a
neural network has at least one hidden layer, then it is NP-hard
to train. Geoffrey Hinton, the inventor of the backpropagation
algorithm, has stated that we need to reinvent the neural net if
we ever hope to close in on how the brain works and the
capability to emulate its diverse abilities.
(Feigenbaum 1984) has written on the knowledge acquisition bottleneck, which is to say that we need to acquire more
knowledge with greater alacrity if we are to ever hope to build
scalable knowledge-based systems with acceptable ROIs.
Semantic repositories are a step in the right direction. Such
repositories hold generalized knowledge, which is created
through the randomization of instances. The space of recoverable instances then exceeds the original space from which
the generalizations spring. In this manner, semantic
* Lydia Bouzar-Benlabiod
l_bouzar@esi.dz
1

Laboratoire de la Communication dans les Systèmes Informatiques,
Ecole nationale Supérieure d’Informatique, BP 68M, 16309,
Oued-Smar, Alger, Algérie

2

Space and Naval Warfare Systems Center Pacific, San
Diego, CA 92152-6423, USA

repositories support machine intelligence from the perspective
of reuse and integration (Fraga et al. 2019). Machine intelligence underpins the AI revolution that started with deep learning and is not limited to any one technology or set of technologies. Machine intelligence depends on software and parallel
hardware – the construction of which is dependent upon information reuse and integration. Again, abstraction is key to
successful reuse and integration. Abstraction, in turn, depends
upon knowledge, which is bootstrapped using various abstractions. We see that information reuse and integration underpins
every significant intelligent system ever built or which can
ever be conceived (Chang et al. 2019). Indeed, Rubin’s theory
of randomization (Rubin 2007), formally predicts that with
scale, abstraction allows for an unbounded density of knowledge to be achieved in computer memory. The open question
is what density is associated with what scale. Information
reuse and integration may have got its start with code reuse,
but it is rapidly heading towards knowledge reuse and beyond.
That is, designs inherently involve imagination, which can be
traced to reuse and domain transference. Indeed the knowledge revolution has just begun and will come to vastly overshadow its predecessor – the industrial revolution.

2 In this Special Issue
Data science has become valuable for prediction – a key capability of AI. Big data mining is based on statistics, but formal, or
small data mining, is based on fitting an algorithm or equation to
causality. Both approaches are needed to cover the gamut of
complexity in the real world. Technically speaking, we say that
randomizations are recursively enumerable, but not recursive.
This means that search is an inherent part of the non-trivial discovery process. One cannot prove that a better randomization
does not exist – only search to see if one can be found.
Another aspect of reuse are the modeling languages, such
as UML and XML (Meghzili et al. 2019). The problem with
these abstractions is that they reportedly don’t scale well.
Thus, researchers are attempting to incorporate Apache
Storm and stochastic (colored) Petri Nets to enhance
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scalability (Requeno et al. 2019). An open question is if it
would not be more cost effective to pursue Fourth or Fifth
generation (functional) languages as modeling tools in preference to UML. Modular compilation, extensibility, explanation
facilities, capabilities for parallel and cyber-secure computation, GUIs, debugging facilities, and readability all factor into
the definition of successful modeling languages.
Another logistics problem, faced by the military and certain
industries, pertains to the coordination of robotic swarms
(Leofante et al. 2019). This is a planning problem, which
involves reuse and plan transformation or modification. At
this time, there are no effective theories for efficient distributed swarm control. Akin to natural language processing, machine learning seems to have the most to offer here in the way
of a solution. Deep learning has been the most successful
approach to date; but, deep learning is bottlenecked because
it is incapable of transfer learning, which is required for reuse
to yield a high ROI here. Similarly, one must be careful not to
create bloat and reuse is consistent with optimization when
properly done. Deep learning depends on hidden layers – the
use of which precludes tractable reuse. For this reason,
Professor Geoffrey Hinton is actively seeking a substitute
for the backpropagation algorithm, which he invented.
Another popular area for reuse of late is in text processing
(Prusa et al. 2019). In the past, we relied on data being stored in
relational databases along with SQL, relational algebras, or
other access formalisms for its manipulation. Now, we are
moving from keyword search to textual understanding and
the use of those semantics to not only search for constrained
information, but to recognize and predict patterns as well (e.g.,
predicting the price of West Texas oil futures). As computer
speeds increase and the use of parallel processing continues to
grow, we can expect natural language driven human interfaces
to get better. One application has members of a drone swarm
communicating with each other – not in code, but using synthesized natural language. One study predicts that natural language processing will grow to be a $1.25 billion dollar industry
(e.g., for marketing) by 2022. Information reuse and integration
play a pivotal role here because text and linguistic semantics
have a many to one relation, or a many to many relation in
context. Bidirectional recurrent neural networks have been developed as effective real-time language translators and research
is exploring their possible use as chat-bots. At present, they
cannot scale beyond several lines of chat. Scalability here implies solving the transfer learning problem – perhaps by
reinventing the neural network. That task again hinges on successful abstraction through reuse and integration.
One way to enhance scalability is through dimensionality
reduction – eliminating irrelevant details. For example, we
recognize automobiles despite variances in their manufacturer,
model, and year. This differs from data cleansing, which is
tasked to minimize noise. Moreover, features can be broken
down into reusable parts or fractal equations (Golinko and
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Zhu 2019). The problem of transformational learning persists
if performed using hidden-layer neural networks. However,
supervised symbolic transference is possible today and is appropriate for many domains that can be so labeled.
One of the problems associated with any reuse-based ecosystem pertains to metricizing the salient features (Lima
Fontão et al. 2019). For example, if one is trying to optimize
a composition of functions, one must be concerned with
space, speed, and reliability. How does one determine the best
tradeoffs? How will these decisions factor into subsequent
compositions? How can these and other decision-making processes be accurately captured for reuse for unrelated problems? How does one go about recognizing that a particular
optimization may not be the best for a particular problem? Can
one develop an expert system to make the configurations? Can
knowledge base segments be reused? How are the rules acquired? Should cases be used in preference to rules? These
and a plethora of other questions need to be answer in order
that information reuse and integration can advance our intelligent systems of tomorrow.
Finally, there is work going on pertaining to the use of
schemas for knowledge extraction (e.g., for web query
interfaces) (Jou 2019). Schemas are randomizations,
which may be instantiated to create constrained knowledge. The knowledge must be constrained because otherwise it is likely to be in error. The key to scalable
schema-based systems is to have knowledge self-apply.
This means that the generalization of instances into tractable schemas (under the inverse triangle inequality) and
the instantiation of those schemas to yield knowledge
must be knowledge-based to be scalable. This defines a
network and falls under Rubin’s theory of randomization.
Not only is the data reusable, but the pattern of knowledge segment calls is too. Symbolic transference is currently realizable. The last paper presents an example
using heuristic rules to extract schemas for deep web
query interfaces.

3 Conclusion
In summary, we have just begun to see how intelligent systems will be developed to change the world for the better. We
see that information reuse, integration, and their abstractions,
as detailed in this book, will play a fundamental role in the
realization of these intelligent systems.
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