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AUGMENTED EXPLORATION FOR BIG
DATA AND BEYOND

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application is a continuation application of
U.S. patent application Ser. No. 15/584,874, filed May 2,
2017, which is based upon and claims priority benefit to
prior U.S. Provisional Patent Application No. 62/331,642
filed on May 4, 2016 in the US Patent and Trademark Office,
the entire contents of all of which are incorporated herein by
reference

FIELD

[0002] The embodiments discussed relate to computer
implemented big data (large and complex data set), infor-
mation and knowledge processing.

BACKGROUND

[0003] The ability to extract knowledge from large and
complex collections of digital data and information, as well
as the utilization of these information and knowledge needs
to be improved.

SUMMARY

[0004] According to an aspect of an embodiment, an
apparatus including a memory and a processor coupled to
the memory is to augment at least one of a plurality of
digitized data input from a plurality of computerized data
sources d,, d,, . . ., d; forming a first set of evidences U to
represent a first knowledge base (KB) among a plurality of
KBs. A subset of concept graphs of nodes co,, , cat,,, . . ., ca,,
from ca, ca,, . . ., ca,, is selected according to a comput-
able measure of any one or combinations of consistency,
inconsistency or priority threshold between ca,; in ca,, ca,
..., ca,, to specification concept graph spec, spec,, spec,,
., spec ,,. Knowledge fragments are generated for
corresponding obtained subset of concept graphs ca, , ca,,
., co, to include augmenting information objects by
creating or adding into at least one KB among the KBs, new
objects in form w=E—-A from the concept fragments,
including a computed validity (v) and a plausibility (p) for
a combination of relationship constraints € , for the concept
fragments and obtained propositions A , for the fragment
concepts.
[0005] These and other embodiments, together with other
aspects and advantages which will be subsequently appar-
ent, reside in the details of construction and operation as
more fully hereinafter described and claimed, reference
being had to the accompanying drawings forming a part
hereof, wherein like numerals refer to like parts throughout.

BRIEF DESCRIPTION OF DRAWINGS

[0006] FIG. 1 is a functional block diagram of computer
system functions, according to an embodiment.

[0007] FIG. 2 is a diagram of concept node graphs,
according to an embodiment.

[0008] FIG. 3 is a flow chart of a unification process for
the knowledge fragments, according to an embodiment.
[0009] FIG. 4 is flow chart of the unification process
described in FIG. 3 with tags, according to an embodiment.

Jan. 30, 2020

[0010] FIG. 5 is a flow chart of a unification process for
the knowledge fragments without inconsistencies, according
to an embodiment.

[0011] FIG. 6 is flow chart of determining projection/
forecasting based upon the knowledge fragments, according
to an embodiment.

[0012] FIG. 7 is a flow chart of determining abduction for
the knowledge fragments, according to an embodiment.

[0013] FIG. 8 is a functional block diagram of a computer,
which is a machine, for implementing embodiments of the
present invention.

DETAILED DESCRIPTION OF
EMBODIMENT(S)

[0014] The embodiments described in the attached
description entitled “Augmented Exploration for Big Data
and Beyond” can be implemented as an apparatus (a
machine) that includes processing hardware configured, for
example, by way of software executed by the processing
hardware and/or by hardware logic circuitry, to perform the
described features, functions, operations, and/or benefits.

[0015] Big Data refers to large and complex data sets, for
example, data from at least two or more dynamic (i.e.,
modified in real-time in response to events, or updating)
heterogeneous data sources (i.e., different domain and/or
similar domain but different sources) which are stored in and
retrievable from computer readable storage media. Accord-
ing to an aspect of embodiment, data can be text and/or
image documents, data queried from a database or a com-
bination thereof. The embodiments provide predictive ana-
Iytics, user behavior analytics, or certain other advanced
data analytics to extract value from data. More particularly,
Big Data refers to the problem whereby the processing of
large, complex, dynamic, and noisy data overwhelms cur-
rent state of the art data processing software, thus limiting
software applications to achieving only limited and/or sim-
plistic tasks. Advanced tasks involving more complex data
analytics such as semantics extraction or complex structure
elicitation are in the purview of Big Data and in the search
for innovative solutions, algorithms, and software applica-
tion development.

[0016] According to an aspect of an embodiment, the data
sources are interconnected computing devices or objects in
heterogeneous domains (e.g., computers, vehicles, build-
ings, persons, animals, plants), as embedded with electron-
ics, software, sensors to transceiver data over data networks
including the Internet (Internet of Things (IoT)). According
to another aspect of an embodiment, the data sources are
Website content, including archived Website content.

[0017]

[0018] The embodiments described provide a new and
innovative approach—Augmented Exploration or A-Explo-
ration—for working with Big Data, for example, to realize
the “The White House Big Data Initiative” and more by
utilizing Big Data’s own power and exploiting its various
unique properties. A-Exploration is a Comprehensive Com-
putational Framework for Continuously Uncovering, Rea-
soning and Managing Big Data, Information and Knowl-
edge. In addition to the built-in next generation real-time
search engine, A-Exploration has the capabilities to continu-
ously uncover, track, understand, analyze, manage, and/or
utilize any desired information and knowledge, as well as,

Section 1. Augmented Exploration (A-Exploration)
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oversee, regulate and/or supervise the development, pro-
gression and/or evolvement of these information and knowl-
edge.
[0019] A-Exploration supplements, extends, expands and
integrates, among other things, the following related tech-
nologies:
[0020] 1. Large-scale Real-time Information Retrieval
and Extraction (LRIRE)
[0021] 2. Bayesian Knowledge Base (BKB) and Com-
pound Bayesian Knowledge Base (CBKB)

[0022] 3. Augmented Knowledge Base (AKB) and Aug-
mented Reasoning (AR)

[0023] 4. Relational Database (RDb) and Deductive
Database (DDb)

[0024] 5. Users Modeling (UM)

[0025] The integrations and extensions of the above tech-
nologies, combined with new technologies described below:

[0026] 1. Knowledge Completer (KC)

[0027] 2. Knowledge Augmenter (KA)

[0028] 3. Augmented Analyzer (AA)

[0029] 4. Augmented Supervisor (AS)

[0030] 5. Proprietary Hypothesis Plug-in (PHP),
[0031] enable and empower A-Exploration to create and

establish diverse methods and functionalities, capabilities to
simplify and solve virtually all problems associated with Big
Data, Information and Knowledge, including but not limited
to:

[0032] 1. Continuously Uncover and Track the Desired
Information and Knowledge in real-time.

[0033] 2. Enable, Produce and Generate Projection/
Forecasting and Abduction.

[0034] 3. Analysis and Deep Understanding of the
Information/Knowledge.
[0035] 4. Manage and Supervise the Progression and

Evolution of the Information/Knowledge.

[0036] 5. Detect, Verify and Anticipate Emergent
Events and Behaviors.

[0037] 6. Locate and Unearth the Missing Links
between the Current Situations and the Eventual
Desired Solutions.

[0038] Depending on the needs, other capabilities of
A-Exploration may have to be supplemented, suspended,
combined and/or adjusted.

[0039] The solutions and results mentioned above, require
not only the extraction of enormous up-to-the-minute infor-
mation, but also instantaneous analysis of the information
obtained. Thus, new paradigms and novel approaches are
necessary. One new paradigm includes not only the next
generation scalable dynamic computational framework for
large-scale information and knowledge retrieval in real-
time, but also the capability to analyze immediately and
seamlessly the partial and piece-meal information and
knowledge acquired. Moreover, there is a need to be able to
have a deep understanding of the different information and
knowledge retrieved to perform the other required opera-
tions. Depending on the applications, A-Exploration can
provide the necessary solution or simply provide the nec-
essary information, knowledge and analyses to assist the
decision makers in discovering the appropriate solutions and
directions.
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[0040] An example of a Big Data Research and Develop-
ment Initiative is concerned with:

[0041] 1. improving our ability to harness and extract
knowledge and insights from large and complex col-
lections of digital data, and

[0042] 2. through it to help solve some of the Nation’s
most pressing challenges, including accelerate the pace
of scientific discovery, environmental and biomedical
research, education, and national security.

[0043] New and innovative process—Augmented Explo-
ration or A-Exploration—is described for working with Big
Data to realize the above initiative and more by utilizing Big
Data’s own power and exploiting its various unique prop-
erties. A-Exploration is a Comprehensive Computational
Framework for Continuously Uncovering, Reasoning and
Managing Big Data, Information and Knowledge. In addi-
tion to the built-in next generation real-time search engine,
A-Exploration has the capabilities to continuously uncover,
track, understand, analyze, manage, and/or utilize any
desired information and knowledge, as well as, oversee,
regulate and/or supervise the development, progression and/
or evolution of these information and knowledge. This is one
of the most challenging and all-encompassing aspects of Big
Data, and is now possible due to the advances in information
and communication infrastructures and information technol-
ogy applications, such as mobile communications, cloud
computing, automation of knowledge works, internet of
things, etc.

[0044] A-Exploration allows organizations and policy
makers to address and mitigate considerable challenges to
capture the full benefit and potential of Big Data and
Beyond. It contains many sequential and parallel phases
and/or sub-systems required to control and handle its various
operations. Individual phases, such as extracting, uncover-
ing and understanding, have been used in other areas and
examined in details using various approaches and tools,
especially if the information is static and need NOT be
acquired in real-time. However, overseeing and providing
possible roadmap for management, utilization and projec-
tion of the outcomes and results obtained are regularly and
primarily performed by human. Comprehensive formula-
tions and tools to automate and integrate the latter are not
currently available. Since enormous information is extracted
and available to the human in the loop, information overload
is clearly a significant problem. Last, but not the least, there
exists no inclusive framework, at present, which consider all
aspects of what are required, especially from a computa-
tional point of view, which makes it not viable for automa-
tion.

[0045] A-Exploration is vital and essential in practically
any field that deals with information and/or knowledge,
which covers virtually all areas in this Big Data era. It
involves every areas discussed in James Manyika, Michael
Chui, Brad Brown, Jacques Bughin, Richard Dobbs, Charles
Roxburgh, and Angela Hung Byers, “Big data: The next
frontier for innovation, competition, and productivity,”
Technical report, McKinsey Global Institute, 2011, includ-
ing health care, public sector administration, retail, manu-
facturing, personal location data; and many other specific
applications, such as dealing with unfolding stories, knowl-
edge/information sharing and discovery, personal assistance,
to name just a few. As a matter of fact, A-Exploration
provides a general platform, as well as, diverse and com-
pound methods and techniques to fulfill the goal of the above
White House Big Data Research and Development Initia-
tives and more.
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[0046] To solve the problems related to the different
applications of A-Exploration, an important initial phase
requires the harnessing and extracting of relevant informa-
tion from vast amounts of dynamic heterogeneous sources
quickly and under the pressure of limited resources. Unfor-
tunately, most standard information retrieval techniques, see
discussion by Amit Singhal, “Modern information retrieval:
A brief overview,” Bulletin of the IEEE Computer Society
Technical Committee on Data Engineering, 24(4):35-43,
2001, do not have the necessary capabilities and/or may not
be optimized for specific requirements needed.

[0047] The representation of the data fragments (also
referred to as ‘data nuggets’) extracted is another potential
problem. Most widely used representations, such as at least
one or any combination of keywords, relationships among
the data fragments (see FIG. 2, 204), expressions, vectors,
etc. present hidden obstacles for the other phases involved.
Even the most advanced existing representation—the con-
cept graphs, see discussions by John F. Sowa, “Conceptual
Graphs For A Database Interface,” IBM Journal of Research
and Development, 24(4):336-357, 1976, and Michel Chein
and Marie-Laure Mugnier, “Graph-based Knowledge Rep-
resentation: Computational Foundations of Conceptual
Graphs,” Springer, 2009., suffer from the fact that it lacks
reasoning capabilities to handle intelligent analyses and
projections.

[0048] There are many available techniques for story
understanding, see discussion in Erik T. Mueller, “Story
Understanding Resources, <retrieved from Internet: http:/
xenia.media.mit.edu/"mueller/storyund/storyres.html>. But
virtually all were intended for static events and stories,
which are not suitable for dynamic and real-time informa-
tion and knowledge. Moreover, in A-Exploration, what may
be needed is deep understanding of the various scenarios and
relationships, as well as, possible consequences of the
information and knowledge, depending on the applications.

[0049] One of the most difficult problems to overcome is
how to manage, utilize and supervise the knowledge and
insights obtained from the other phases to resolve the
possible outcomes of the situations and to project into the
future. Moreover, with sufficient information and knowledge
of the situations, one may be able to help shape, influence,
manipulate and/or direct how they will evolve/progress in
the future. Furthermore, it may help and facilitate the
discovery/invention of new and improved methods for solv-
ing the problem at hand. Currently, existing framework
might not provide the users with the desired solutions, or
even just to assist the intended users in making the appro-
priate decisions or to provide guidance to change the future
statuses and/or courses in the desired/preferred directions.

[0050] Since typically everything might be performed
under limited resources, allocating the resources, especially
time and computing power, is another prime consideration.
Besides the simple allocation strategies, such as random and
round robin methods, other more sophisticated strategies can
also be used in A-Exploration.

[0051]

[0052] Information and knowledge (IK) come in many
different flavors, and have many different properties. More-
over, IKs may be static or dynamic. Dynamic IKs may
evolve, expand and/or progress, and may be subject to
modification and/or alteration. They may also be combined
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or integrated with other IKs. The desirability or significance
of specific IKs may depend on the applications. Except for
proven or well-known IKs, in general, the importance of an
IK may depend on the following characteristics:
[0053] 1. Timeliness of the IKs.
[0054] 2. Development, Expansion, Progression and/or
Evolution of the IKs.

[0055] 3. Volume and Diversity of the sources of the
IKs.
[0056] 4. Influence and Swiftness of the spreading to
other IKs.
[0057] 5. Intensity and Rapidity of the impact from
other IKs.
[0058] FIG. 1 is a functional block diagram of computer

system functions, according to an embodiment. Operations
(0) through (9) are indicated in the diagram. The Augmented
Supervisor 100 is a computer that processes inputs and
commands (see factors (i) and/or (ii) below) from the user
and/or another computing device . Manages, regulates, and
supervises the development, progression, and evolution of
information and knowledge, together with the creation of
new information and knowledge. Guides the User Model
(102%) and Augmented Analyzer (112).

[0059] LRIRE 102 is the web, external databases, and
other information and knowledge (IK) repositories serve as
sources (102a, 1025, . . . , 102%) of inputs. The inputs
include structured data (e.g. forms, spreadsheets, website
content, databases, etc.) and free-form data (e.g. unstruc-
tured text, live news feeds, etc.), or a combination (e.g.
meta-data tags on html documents containing free text).
Inputs are retrieved and organized based on any one or
combination of two factors: (i) target query or domain
specification (information retrieval), and (ii) specific user
interests and preferences (User Modeling (102«)) as speci-
fied by a use and/or by a computing device. Output is the
organized information and knowledge (IK) according to the
factors (i) and/or (ii).

[0060] At 102x, Concept Node Graph Generator—FEach
piece of IK from each IK source (102a, . . . 102) is
translated into a concept graph representing the semantics of
the IK.

[0061] At 102y, Knowledge Fragmenter—The collection
of concept graphs are used to construct knowledge frag-
ments. Knowledge fragments identify value relationships
between concepts found in the concept graphs.

[0062] At 104, Proprietary Hypothesis Plug-Ins—Infor-
mation and knowledge fragments that are proprietary to the
user or organization that drives hypothesis formation and
how this can shape the reasoning and analysis of A-Explo-
ration could be injected the information/knowledge bases in
106.

[0063] At 106, Knowledge-Base Injector—The fragments
are added into existing (or possibly empty) data/knowledge
bases of varying forms (e.g. Relation DBs (1065), BKBs
(106a), AKBs (106¢), etc.). Injection translates the frag-
ments into the appropriate database format. Each informa-
tion/knowledge base can be directly accessed from 108 and
110.

[0064] At 108, Knowledge Completer—All/some IK is
extracted from the information/knowledge bases in 106.
Unification processes (with Tags (108¢—FIG. 4) and sans
Inconsistencies (1085—FIG. 5)) validates and/or creates
new inductively generated knowledge that is then injected
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back into one or all information/knowledge bases as well as
updating the User Model (102u).

[0065] At110, Knowledge Augmenter—Inspects informa-
tion/knowledge bases and generates new knowledge through
the Projector/Forecaster (110a—FIG. 6) and the Abducer/
Explainer (1106—FIG. 7). Knowledge is injected back into
one or all information/knowledge bases. Augmented knowl-
edge is sent to the Augmented Analyzer (112) for processing.
[0066] At 112, Augmented Analyzer—Augmented analy-
sis can produce new or existing IK such as through Deep
Comprehender (112a), Explorer of Alternative Outcome
(112b6), Missing Link Hypothesizer (112d), detect unex-
pected or emergent phenomenons such as through the Emer-
gence Detector (112¢) as well as other innovative technolo-
gies unique to Augmented Exploration. The output provides
new augmented analysis which is also injected into the
information/knowledge bases and to the Augmented Super-
visor (100) for evolving stories and continuous analyses.
[0067] FIG. 1 pertains to new integration of related tech-
nologies (102 and 106) and new technologies (100, 104,
108, 110, and 112). More particularly, for example, accord-
ing to an aspect of an embodiment, a computer system
including at least one computer is configured to generate, at
operation 2, specification concept graphs of nodes spec,,
spec,, . . . , spec,, , including concepts node and relation
nodes according to at least one of a plurality of digitized data
from user input (at operations 0, 1) from a plurality of
computerized data sources d,, d,, . . ., d; forming a first set
of evidences U; generate, at operation 2, concept graphs of
nodes cay, ca,, . . ., ca,, including concept nodes and
relation nodes for corresponding obtained plurality of IKs

a, Oy, . . ., A, (at operations 0, 1) forming a second set of
evidences U,
[0068] At operation 2, select a subset of concept graphs of

nodes ca, , cat,,, . . ., €@, from cay, €@y, . . ., Cat, according
to a computable measure of any one or combinations of
consistency, inconsistency or priority (see equations (1)-(3))
threshold between each ca, in ca,, cat,, . . ., ca,, to each
specification concept graph spec, in spec,, spec,, . . . , SPeC,,;
generate knowledge fragments for corresponding obtained
subset of concept graphs ca,; , ¢, , . . ., co,, . A knowledge
fragment among the knowledge fragments storing a map-
ping of values to first and second sets of evidences U, where
A is a rule among rules in the knowledge base, and E is a
subset of the first and second sets of evidences U from the
knowledge base that supports the rule A, so that the rule A
is supportable by the subset of evidences E, according to the
concept fragments.

[0069] At operation 3, the at least one computer is further
configured to create or add into at least one among a
plurality of knowledge-bases (KBs) for the corresponding
knowledge fragments obtained by creating objects in form
w=E—A from the concept fragments; determining relation-
ship constraints € , in form of set relations among a plurality
of subsets of evidences E for a plurality of the objects w. At
operation 4, authorized proprietary hypothesis secured plug-
in may provide other knowledge fragments.

[0070] At operation 5, any one or combination of knowl-
edge completion functions of unification, including unifica-
tion with tags and sans inconsistencies, is performed based
upon the created objects w so that a validity (v) and a
plausibility (p) based upon atomic propositions among the
rules A is computed for each object w=E—A. Other knowl-
edge augmenting functions based upon the created objects ®
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include, at operation 7, generating new knowledge through
the Projector/Forecaster (110a—FIG. 6) and the Abducer/
Explainer (1106—FIG. 7). Knowledge is injected back into
one or all information/knowledge bases. At operation 8,
Augmented knowledge may be further provided to the
Augmented Analyzer (112) for processing through Deep
Comprehender (112a), Explorer of Alternative Outcome
(1124), Missing Link Hypothesizer (112d), detect unex-
pected or emergent phenomenons such as through the Emer-
gence Detector (112¢), which, at operation 9, may be further
output in form of reports or user interface for further
processing and re-input at operation 0.

[0071] The plurality of data sources 100 (100, ) store
information and knowledge (IK) which are dynamic (i.e.,
modified in real-time in response to events, or updating)
heterogeneous data (i.e., different domain and/or similar
domain but different sources) in form of text and/or image.
In case of ‘knowledge,” the information includes meta data
or semantic data indicative or representing a target knowl-
edge. The concept graph generator 102 generates concept
node graphs.

[0072] To facilitate continuous uncovering and tracking,
the desired IKs are normally represented using concept
graphs. In a non-limiting example, FIG. 2 is a diagram of an
example concept node graph 200 for hydraulic fracturing
domain. In FIG. 2, the knowledge fragment 204 includes
two keywords and a relation among the two keywords. The
embodiments are not limited to a domain and data from any
domain or combinations of domains can be utilized. Other
representations, if needed, will be superimposed subse-
quently to enable and/or enhance the performance of other
operations of A-Exploration.

[0073] Concept graph (CG) is a directed acyclic graph that
includes concepts nodes and relation nodes. Consistency
between two concept graphs, q and d, can be determined by
a consistency measure:

cons(g, d)=wn/(2*N)+m/(2*M), (€8]

[0074] where n, m are the number of concept and relation
nodes of q matched in d, respectively, and N, M are the total
number of concept and relation nodes in q. If a labeled
concept node ¢ occurs in both q and d, then ¢ is called a
match. Two labeled relation nodes are said to be matched if
and only if at least one of their concept parents and one of
their concept children are matched and they share the same
relation label. In comparing two CGs that differ significantly
in size (for example, a CG representing an entire document
and another CG representing a user’s query), the number of
concept/entity nodes and relation nodes in the larger CG
instead of the total number of nodes in both CGs, are used.
[0075] Equation 1 could be modified whenever necessary
to provide more efficient measures to prioritize the resource
allocations. For example, an inconsistency measure could be
defined as follow:

incons(g, &)=n/(2*N)+m/(2*M), 2)

[0076] where n, m are the number of concept and relation
nodes of q with no match in d, respectively, and N, M are the
total number of concept and relation nodes in q, respectively.
The priority measure is then given by:

prty(q, d)=cons(g, d)-incons(g, d), 3

[0077] By working strictly with labeled graphs, instead of
general graph isomorphism, problems associated with com-
putational complexity is avoided.
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[0078] It is assumed that each IK has at least two time-
stamps: IK time-stamp, i.e., when the IK first appeared
(initial or first version), and a representation time stamp, i.¢.,
when the IK was last represented or modified (updated,
second (new or subsequent) versions) in the system, also
referred to as data version events. The latter is needed in
connection with allocation strategies. For the sake of quick
referencing, in addition to the representation time-stamp, a
copy of the IK time-stamp is also available in the represen-
tation.

[0079] Ifthe IKs came from the same or affiliated sources,
then all those IKs will be combined and all contradictions
resolved in favor of the later or latest versions.

[0080] Let the combined IK o consist of IKs a, o, . . .
, o, from the same or affiliated sources with IK time-stamps
t, 4, ..., 1, respectively, where t st,< . . . st,. Then we
shall say that o has IK time-stamp t,,. At time t, the diversity
D(a, t) of a is the average of all e, and the volume V(a,
t) of o is the sum of all €%, where =1, 2, . . ., n.

[0081] Any IK which is not a part of a combined IK is a
stand-alone IK. For a stand-alone IK «, at time t, the
diversity D(a., t) and the volume V(q, t) of a are both equal
to e “where t, is the IK time-stamp of a.

[0082] The e*“above represents the decaying factor of the
1K, and depends on the unit of time used. Thus, the unit of
time should be selected appropriately, and should be based
on how fast-moving the IKs are.

[0083] Leta, and o, be two IKs where o, and o, need not
be distinct. The consistency measure m(a;, o, t) between
a, and o, at time t is given by:

mon, G, H=cons(ry, ry)xe’ M D), Q)

[0084] where r, and r, are the latest representation of a;
and a.,, respectively, and t; and t, are IK time-stamps of o,
and o, respectively.

[0085] Let o be a (combined or stand-alone) IK.

[0086] 1.Fortimet, the diversity D (a, t) of ct is the sum
of all m(a, oy, t)xD(a, t) over all other combined or
stand-alone IKs a,.

[0087] 2. For time t, the volume V(a, t) of a is the sum
of all m(a, oy, t)xV(a, t) over all other combined or
stand-alone IKs a,.

[0088] The diversity and volume of an IK also measure the
timeliness and up-to-the minute changes of the IK. Thus,
diversity and volume can be used to measure the importance
and/or the significance of the IKs as they progress or evolve.
[0089] One of the disadvantages of the diversity and
volume discussed above is that it is biased against new IKs.
Fortunately, this could be partially mitigated by the proper
selection of the time unit so that new and recent IKs will
automatically be assigned a proportionally larger diversity
and volume.

[0090] For any IK «, there could be a lot of extraneous
noises associated with c. To eliminate those noises and to
cut down on the required computations, instead of including
all other IKs, the diversity and volume will be determined
only by those other IKs whose consistency measures with
are above a certain threshold. We shall refer to these as the
truncated diversity and volume.

[0091] Since it is unlikely that one will be interested in all
the IKs put forward by someone somewhere, it is advanta-
geous to restrict the scope of the search. One such method
is to use “watchwords™ or “watch structures” to eliminate
most of the unwanted IKs. (Watch structures are semantic
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structures consisting of watchwords, e.g., the query used in
information retrieval. They can further sharpen the search
for the desired IKs.) However, such screening could poten-
tially overlook key IKs which may seem or is initially
unrelated to the desired IKs. To alleviate the situation, one
could widen the collection of watchwords or watch struc-
tures, as well as, adding watchwords or watch structures
which may not be related but has a history of affecting
and/or being affected by the IK in question. Historical
semantic nets could be constructed in this regard based on
historical connections among different ideas, concepts and
processes.

[0092] According to the embodiments, metrics (Diversity
and Volume) are provided to uncover and identify the
desired IKs. However, to understand the significance and
importance of these IKs, richer structural representations of
the IKs are needed. Therefore, in the described framework,
concept graphs are transformed into knowledge fragments,
e.g., Bayesian Knowledge Fragments (BKF), Compound
Bayesian Knowledge Fragments (CBKF), Augmented
Knowledge Fragments (AKF), etc.

[0093] Section 3. Large-scale Real-time Information
Retrieval and Extraction (LRIRE)

[0094] As mentioned above, one of the major challenges
that need to be addressed is the harnessing and extracting of
relevant knowledge and insights from vast amounts of
dynamic heterogeneous sources quickly and under the pres-
sure of limited resources. To meet this challenge, the capa-
bilities offered Large-scale Real-time Information Retrieval
and Extraction (LRIRE) could be integrated with the other
components of A-Exploration. However, the embodiments
are not limited to LRIRE and other related computational
frameworks, for example, related Anytime Anywhere
Dynamic Retrieval (A’DR) can be utilized in connection
with A-Exploration described herein. LRIRE is an example
of one of the next generation scalable dynamic computa-
tional frameworks for large-scale information and knowl-
edge retrieval in real-time, which is described in an article
by Eugene Santos, Jr., Eunice E. Santos, Hien Nguyen, Long
Pan, and John Korah, “A largescale distributed framework
for information retrieval in large dynamic search spaces,”
Applied Intelligence, 35:375-398, 2011.

[0095] The LRIRE incorporates various state-of-the-art
successful technologies available for large-scale data and
information retrieval. It is built by supplementing, extend-
ing, expanding and integrating the technologies initiated in
I-FGM (Information Foraging, Gathering and Matching),
see discussion by Eugene Santos, Jr., Eunice E. Santos, Hien
Nguyen, Long Pan, and John Korah, “A Largescale Distrib-
uted Framework For Information Retrieval In Large
Dynamic Search Spaces,” Applied Intelligence, 35:375-398,
2011.

[0096] LRIRE’s goal is to focus on the rapid retrieval of
relevant information/documents from a dynamic informa-
tion space and to represent the retrieved items in the most
appropriate forms for future processing. With LRIRE, the
information/documents in the search spaces are selected and
processed incrementally using an anytime-anywhere intel-
ligence resource allocation strategy and the results are
provided to the users in real-time. Moreover, LRIRE is
capable of exploiting users modeling (UM) to sharpen the
inquiry in an attempt to dynamically capture the target
behavior of the users.
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[0097] In LRIRE the partial processing paradigm is
enhanced by using highly efficient anytime-anywhere algo-
rithms, which produces relevancy approximations propor-
tional to the computational resources used. Anytime-any-
where algorithms were designed for both text and image
documents: “Anytime refers to providing results at any
given time and refining the results through time. Anywhere
refers to incorporating new information wherever it happens
and propagating it through the whole network.”

[0098] LRIRE is an intelligent framework capable of
incrementally and distributively gathers, processes, and
matches information fragments in large heterogeneous
dynamic search spaces, using anytime-anywhere technolo-
gies, as well as converting from one representation to
another, when needed. The primary purpose of LRIRE is to
assist the users at finding the pertinent information quickly
and effectively, and to store them using the desired repre-
sentations. Initially, the graphical structure of document
graphs is ideal for anytime-anywhere processing as the
overhead for adding new nodes and relations is minimal.
[0099] LRIRE is capable of handling retrieval of multiple
data types, including unstructured texts (typical format for
most databases/sources), images, signals, etc.

[0100] In LRIRE, the information acquired is initially
represented as document graphs (DG). A DG is essentially
a concept graph (CG). However, other representations, such
as knowledge fragments, will be superimposed subsequently
to make possible the necessary operations and enhance the
performance of other aspects of LRIRE.

[0101] Multiple queries can proceed in parallel in LRIRE,
but in this case, it is advisable to identify the queries.
[0102] LRIRE uses various common representations of
information for heterogeneous data types. Thus, LRIRE
provides a seamless integration of text, image and signals
through various unifying semantic representation of con-
tents.

[0103] Section 4. Bayesian Knowledge Base (BKB) and
Compound Bayesian Knowledge Base (CBKB)

[0104] As mentioned above, the information and knowl-
edge available in LRIRE are initially represented using CGs.
To equip the accumulated knowledge with the ability to
reason, the CGs may be transform into knowledge frag-
ments, e.g., Bayesian Knowledge Fragments (BKF)s, Com-
pound Bayesian Knowledge Fragments (CBKF)s and Aug-
mented Knowledge Fragments (AKF)s, if needed. BKFs,
CBKFs and AKFs are subsets of Bayesian Knowledge Base
(BKB), Compound Bayesian Knowledge Base (CBKB) and
Augmented Knowledge Base (AKB), respectively.

[0105] A Bayesian Knowledge Base (BKB), see discus-
sion by Fugene Santos, Jr. and Eugene S. Santos, “A
Framework For Building Knowledge-bases Under Uncer-
tainty, “Journal of Experimental and Theoretical Artificial
Intelligence,” 11:265-286, 1999 is a highly flexible, intui-
tive, and mathematically sound representation model of
knowledge containing uncertainties.

[0106] To expand the usefulness of BKB in support of
A-Exploration, a new object is developed and employed
which is referred to as Compound Bayesian Knowledge
Base (CBKB). In an CBKB, each S-node may be assign
multiple values. Each value represents certain aspect of the
rule and therefore is capable of more accurately reflect the
different types of uncertainties involved.

[0107] For any given CBKB, depending on the needs, it
can be considered whether just one specific value in the
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S-node, or a combination of certain specific group of values
in the S-node. In this case, the resulting structure is similar
to a BKB. However, it may or may not be an actual BKB,
since it may or may not satisfy the “exclusivity” constraint
of BKB. As a matter of fact, many BKB-like objects could
be derived from a single CBKB.

[0108] The fusion technology available in BKB is
expanded for use in CBKB. This is essential in connection
with the LRIRE cited above, which forms a major compo-
nent of A-Exploration. This allows the representation of the
information fragments obtained by LRIRE at different
instances and with diverse queries to be combined to form
a joint CBKB.

[0109] The properties and structures of CBKBs are further
enriched by encoding and distinguishing the node in a
CBKB according to the types of relation given in the
concepts or feature graphs. Besides the relation ‘is-a’, other
relations exist between two concepts, such as ‘is-located’,
‘is-colored’, etc. For instance, using the relation ‘is-located’,
we can view the node representing a location as a ‘location’
node.

[0110] Section 5. Augmented Knowledge Base (AKB) and
Augmented Reasoning (AR). Augmented Knowledge Base
(AKB) and Augmented Reasoning (AR) are discussed in
U.S. Pat. No. 9,275,333 the content of which is incorporated
herein by reference.

[0111] The following notations, definitions and results are
described:

[0112] 1. £ represents a collection of propositions L
closed under the operations: ' (not), /\ (and), and \/
(or).

[0113] 2. @ and U are the empty set and the universal
set—this could be set of anything under consideration,
respectively.

[0114] 3. If G is a subset of U, then G' is the comple-
ment of G, i.e., G={xEUIxEG}.

[0115] 4. T and F represent the logical constants TRUE
and FALSE, respectively.

[0116] 5. If S is a set, then | 81 is the cardinality of S,
and 2° is the collection of all subsets of S.

[0117] An Augmented Knowledge Base (AKB) (over
L and U) is a collection of objects of the form (E, A), also
denoted by E—A, where BEEL and E is the body of evi-
dence that supports the proposition or rule A. E is a subset
of some universal set Uand £ is a collection of propositions
or rules A or a first order logic.

[0118] Various reasoning schemes can be used with AKBs,
including Augmented Reasoning (AR), which is a new
reasoning scheme, based on the Constraint Stochastic Inde-
pendence Method, for determining the validity and/or plau-
sibility of the body of evidence that supports any simple or
composite knowledge obtainable from the rules/knowledge
that is contained in the AKB, i.e., L.

[0119] As a matter of fact, AKBs encompass most existing
knowledge bases including their respective reasoning
schemes, e.g., probabilistic logic, Dempster-Shafer, Bayes-
ian Networks, Bayesian Knowledge Bases, etc. may be
viewed or reformulated as special cases of AKBs. Moreover,
AKBs and AR have pure probabilistic semantics and there-
fore not subject to any anomalies found in most of the
existing knowledge bases and reasoning schemes. AKBs and
AR are not only capable of solving virtually all the problems
mentioned above, they can provide additional capabilities,
e.g., inductive inferences with uncertainties and/or incom-
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pleteness, extraction of new knowledge, finding the missing
link, augmented relational databases, augmented deductive
databases, augmented inductive databases, etc. related to
A-Exploration.

[0120] The A in (E—A) is a rule in k, which is similar to
a proposition or rule in a traditional knowledge base. On the
other hand, the E in (E—A) is a set, which represents a body
of evidence, and is not a rule.

[0121] Let k be an AKB.
[0122] 1. A ,={AI(E—A)Ek for some E}.
[0123] 2. €, is the collection of all relations among the

sets or bodies of evidence involved in k. In other words,
€, is the collection of all relations or constraints
including, for example, any one or combination of
subset, disjoint (e.g., empty intersection) partition,
imposed on k.
[0124] 3. &,={GCUIG occurs in some E where (E—A)
€k, or G occurs in € ,}.
[0125] Let k be an AKB. ¢, is the smallest collection of
subsets of U that contains all (approximately all) the sets in
g, and is closed under complement, union, and intersection
operators.
[0126] Measure (probabilistic or not) are usually associ-
ated with collection of evidence to specify their strength.
Moreover, they are usually extended to cover g,. In the case
where the measure is probabilistic, it can be interpreted as
the probability that L is true.
[0127] Let k be an AKB. k is defined recursively as
follows:
[0128] 1. (G- F), (U—,T)Ek
[0129] 2. if w=(B—L)Ek then (B—,L)Ek.
[0130] 3. if w,=(E,—L)), 0,=E,—=L,)&k is then
0 VO,=((E,UE)—= (L VL)) and o, Nw,=
((E,NE)—4(L,158 L,))ek
[0131] k extends k so that AKBs can deal with composite
objects w, associated with combinations of sets of evidences
E in the knowledge base and combinations of rules in the
knowledge base. Therefore, the embodiments utilize both
composite evidences and composite rules to establish sup-
port for a target rule. Since k is finite, so is k. Members of
k are referred to as composite objects.
[0132] U and N denote ‘set union” and ‘set intersection’,
respectively, while \/ and /\ denote ‘logical or’ and ‘logical
and’, respectively.
[0133] Let k be an AKB.
[0134] 1. Let w=(E— )€k, then 1(»)=E and r(w)=L.
[0135] 2. Let QCk1(Q)={I(m)lwEQ} and r(Q)={r(w)
loEQ}.
[0136] 3.Letw,, m,Ek-w,=w, if and only if I(w,)=1(w,)
and r(w;)=r(w,).
[0137] 4. Let o,, w,Ek-w,=w, if and only if 1(w,)Cl
(w,) and r(w )=r(w,).
[0138] If wis a composite object, I(w) denotes a composite
set of evidences associated with ®, and r(w) denotes the
composite rules associated with w. This enable k to extract
the rule portion and the associated set of evidences portion
from w, where w represents a composite object of a plurality
of E—=A.
[0139] Let k be an AKB, GCU and LEL .
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if and only if there exists wEk is such that I(w)=G and
r(w)=L.

[0140] Let k be an AKB and LEL . Then 2,(L)={wckir
@=L}, ED N geqm: MLITE L), o L)
(L)), and oL)=[o(L)]"

[0141] o,(L) is the support of L wrt k, while o,(L) is the
plausibility of L wrt k.

[0142] Various algorithms for determining o,(F), some
polynomial and some non-polynomial may be provided.
[0143] Letk, and k, be AKBs. k, and k, are equivalent if
and only if for all LEL, ¢, (L)=0,,(L).

[0144] Letk be an AKB. k 1s consistent if and only if G=0,
subject to € ,, whenever

G35 F.

[0145] In general, consistency imposed certain conditions
that the E’s must satisfy.
[0146] Letk be an AKB, GCU and LEL.

G-, L

if and only it mere exists L,EL such that L=, and
G—,L,.

[0147] Let k be an AKB and LEL . & L)={wEkiL=r
(@)

[0148] Letk be an AKB and LEL . Then oL)=Ngca,0)
I(w), subject to € ,, and ¢ (L)=d.(LH]'.

[0149] Let k be an AKB.

[0150] 1.Let vEk. o' is defined recursively as follows:
[0151] a)If o=(E—A) where w€k, then o'=(E'—=A").
[0152] b) If w,, w,Ek, then (w,\/w,)=w,'\w," and

((Ul/\wz)':fl'\/fﬂz';

[0153] 2. Let QCk. Q={0'loEQ}.

[0154] 3. LettCk.m={w'loct}. When k is viewed as an
AKB, then € =C,.

[0155] Letk be an AKB and LEL.

3D = o (L)

and ¢ (L)=o(L).

[0156] Letk, and k, be AKBs. k, and k, are i-equivalent
if and only if for all LEL, o (L)=0k, (L)

[0157] Let k be an AKB. k 1s i-consistent if and only if
G=U, subject to € ,, whenever

i

G-, T.

[0158] An AKB k is disjunctive if and only if every
(E—=A)E&k, A is a conjunction of disjunctions of atomic
propositions.
[0159] Tt is assumed that P , is the smallest collection of
atomic propositions that satisfies the above definition.
[0160] Let k be an AKB. k is irreducible if and only if k
satisfies the following conditions:

[0161] 1. For every w€k, 1(w)=0 and r(m)=T.

[0162] 2. k is disjunctive.
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[0163] 3. For every w,, w,Ek, if r(w,)=r(w,), then
1(w,)21(w,). R
[0164] Let k be an AKB. If o€k, then p(w) is the
collection of all atomic propositions that occur in r(w).
Moreover, Let w,, m,Ek. If both are atomic disjunction over
k, and there exists an atomic proposition P such that P occur
in o, and P' occur in m,, then ; O w, merges m, and w,
where a single occurrence of P and P' are removed.
[0165] Let P CL , the collection of all atomic proposi-
tions in L.
[0166] 1. 7={PIPEP } and P=P U?P.
[0167] 2. PV is the collection of all Vpeg P where 2 C
# . For completeness, Vpeg P=F if 2 =0.
[0168] 3. P " is the collection of all Apeg P where 2 C
# . For completeness, Apeg P=T if €=0.
[0169] 4. # is the smallest collection of £, containing

P and closed under the operations: ' (not), /\ (and),
and \/ (or).

[0170] Itcanbeshownthat PCPCPVCH and PCPC
PICH.
[0171] Let PCZ . P is simple if and only if for every

PEL , not both Pand P'are in P .
[0172] Let LeL. L is \/-simple if and only if for some
simple P Ci,, [=VpepP.
[0173] Let LEL. L is /\-simple if and only if for some
simple P Ci_, L=Apep P.
[0174] Inwhat follows, without loss of generality, we shall
assume that L is \/-simple whenever LEL [V, and L is
\/-simple whenever LEL ™.
[0175] Disjunctive AKB is introduced in U.S. Pat. No.
9,275,333 the content of which is incorporated herein by
reference and an algorithm to transform any AKB to dis-
junctive AKB was given there. If k is an AKB, then k°
denotes the corresponding disjunctive AKB
[0176] Let k be an AKB
[0177] 1. k is disjunctive if and only if AEL )V for
every (E—A)ck.
[0178] 2. k is conjunctive if and only if AL " for
every (E—A)ck.
[0179] 3. £, is the collection of all atomic propositions
that appear in k.

[0180] Algorithm (Disjunctive AKB) Given an AKB k.
Return k.

[0181] 1. Let k,=0.

[0182] 2. For each w€k, do the following:

[0183] 3. Express r(w) in CNF over k, ie., r(m)
=L, AL,/\ . .. AL, where L, is \/simple for each i=1,
2,...,k

[0184] 4. For each i=1, 2, . . ., k, add to k, the object
I(w)—L,.

[0185] 5. Return k.

[0186] Let k be a disjunctive AKB.

[0187] 1. Q,={E—AIECU, Ac,}.

[0188] 2. Q,={E—AIECU, AcL V]

[0189] 3. Q,~{E—AIECU, AE€Z,}.
[0190] Let 6=QCQ,. Then /\,c,0=(U—>T) and \/, 0=
(0—F). Let k be a irreducible AKB, o, m,EQ, and PEL .
P is complemented with respect to o, and w, if and only if
either PEp(w,) and P'Ep(w,), or P'Ep(w,) and PEp(w,).
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[0191] Letkbea disjunctive AKB, o,, 0,EQ, and PEL .
P is complemented with respect to o, and w, if and only if
either PEp(w,) and P'Ep(w,), or P'Ep(w,) and PEp(w,).
[0192] Letk be a disjunctive AKB and w,,0,E82,.
[0193] 1.c(w,, w,) is the collection of all PEL , where
P is complemented with respect to m, and m,.

[0194] 1. w,~wm, if and only if Ic(w,, w,)I=0, i.e., c(w,,
,)=0.

[0195] 2. LetPcx,.

[0196] 4. »,~" w, if and only if PEp(m, ), P'Ep(w,) and
,/P=0,/P'.

[0197] 5. w,=" w, if and only if PEp(w,), P'Ep(w,)

and w,/P=w,/P'.
[0198] 6. w,~w, if and only if w,~" w, for some PE 1.
In other words, w,~w, if and only if Ic(w,, w,)I=1.
[0199] 7. ®,=w,ifand only if w,=" w, forsome PEZ,.
[0200] 8. If w,~* w, where PE%,, then w, ¢ w,~((m,)
Nl(w,)—r(w,/P) \/(w,/P)). Otherwise, w, ¢ w, is not
defined. In other words, w, ¢ w, merges w, and w, and
removes both P and P'.
[0201] The ¢ operator defined above is a powerful uni-
fication operator which is capable of handling uncertain
knowledge in a natural manner. Therefore, it is a true
generalization of the traditional unification operators.
[0202] Section 6. New Unification Algorithms and New
Applications of Uncertainties
[0203] In what follows, it is assumed that k is an AKB.
AKB is further described in U.S. Pat. No. 9,275,333.
[0204] However, most of the time, instead of dealing with
k itself, we shall be dealing with k™. k” is the disjunctive
knowledge base associated with k. Nevertheless, it is essen-
tial that k be kept intact, especially if inductive reasoning is
part of the solutions.
[0205] The unification algorithm below is different from
related unification algorithms, including the unification
algorithms discussed in U.S. Pat. No. 9,275,333, because
according to an aspect of an embodiment, it is determined
whether any atomic proposition A is selectable, and if there
are any atomic propositions A, construct the two sets Q(A)
and Q(A") and then combine the elements in Q(A) with the
elements in Q(A") using the ¢ operations. The results are
added into the knowledge base while discarding the original
elements in Q(A) and Q(A").
[0206] Algorithm 6.1. (Unification). According to an
aspect of an embodiment, unification refers to determining
of'the validity (in the case of deductive reasoning) of a target
rule L. FIG. 3 is a flow chart of a unification process for the
knowledge fragments, according to an embodiment. In FIG.
3, at 302, initialize a new knowledge base k* based on the
original knowledge base k and the target rule L. At 304,
construct the sets from k* which contains propositions
involving A and complements of propositions A'. At 306,
check whether or not there are still any atomic proposition
left. At 308, arrange the atomic propositions in a list accord-
ing to how often they occur. At 310, check whether or not the
list is empty. At 312 process the first element of the list. At
314, output §,(L) whose union represents the validity of L.
[0207] More specifically, given an AKB k, LEL | output
3,(L), the collection of all I(w) where wE€k is and 1(w)=F, as
follows:
[0208] 1. Let k*=k”, where k* is an new AKB and k”
is the disjunctive AKB associated with k.
[0209] 2. Rewrite L' in disjunctive-conjunctive normal
form. In other words, L'=L;\/L, . . . L,,, where for every
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1,2,...,n,L,is a conjunction of atomic propositions.
in £. According to an aspect of an embodiment, an
atomic proposition refers to a type of target rule that
conveys the concept of a proposition such that a
proposition is not made up of other propositions, for
example A is an atomic proposition but A\/B is not.
Some propositions or rules are atomic propositions or
rules.

[0210] 3. Add tok” all items of the form (U—L,), where
i=1,2,...,n

[0211] 4. Initialize the output d,(L)=0.

[0212] 5. Let T consists of all distinct terms or atomic
propositions that appeared in k*. The As in T are
atomic propositions or atomic rules.

[0213] 6. For each AET, associate the two lists of
elements in kX, Q(A)={wEk IAEp(w)} and QA"
={oek"IA'Ep(w)}.

[0214] 7. Compute q(A)=Z,couauoumpP(®) for all
AET.

[0215] 8. Remove from w” all ®EQ(A)UQ(A") where
q(A)=0. _

[0216] 9. Remove from T all A with q(A)=0.

[0217] 10.If T =0, go to Step 16.

[0218] 11. Sort the AST in increasing order of q(A) to

obtain the ordered list A|, A, .. ., A,.

d

[0219] 12. If the ordered list given above is empty, go
to Step 16. Otherwise, select the first element from the
list, say A.

[0220] 13. Remove A from T .

[0221] 14. For each w,EQ(A) and w,EQ(A"):

[0222] a) Construct wy=w; < 5.
[0223] b) Add (o, into y,(L) if r(wy)=F. Otherwise,

add w, into k*.

[0224] 15. Go back to Step 6 above and repeat the
algorithm starting from that step.

[0225] 16. Output §,(L), which is set of composite
objects to derive a validity value o,(L) for L (discussed
below) based upon a union of the composite objects.

[0226] The above process may be modified for used as an
Anytime-Anywhere algorithm. It does not require that k* be
determined completely in advanced. It may be stopped
anytime by executing Step 16, and continued at the place
where it was stopped when more time are allocated. In
addition, the algorithm can accept any addition to k* while
continuing the unification process. Finally, other heuristics
may be used instead of or in addition to Step 6 given in the
algorithm to improve the results, Anytime-Anywhere or
otherwise.

[0227] Given AKBkand LEL. o (L)=U Ges,q)CGs which
is a value indicative of validity.

[0228] In Algorithm 6.1 above, let L=F. Then, we obtained
the value of oy (F). Thus, the algorithm can determine
whether k is consistent or not. As a matter of fact, if E=0 for
every EE9,(F), then k is consistent. Else, k is not consistent.
[0229] Since for every LEL, o,(F)Co,(L), the inconsis-
tencies in k will affect the unification process, including
Algorithm 7.1. In the next section, we shall provide a new
algorithm to perform unification while ignoring inconsisten-
cies.

[0230] Due to the duality nature of deductively reasoning
and inductive reasoning, the above unification method is
applicable to both deductive reasoning and inductive rea-
soning. In the latter case, the AKB k must be kept intact for
constructing the k. k cannot be constructed from k”, i.e.,
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k®=k”. By the way, the unification method can be used with
validity or plausibility measures.
[0231] Algorithm 6.1 is modified to introduce tags n to
identify the sources of the results. In other words, the tags
M (w) indicate how the results were obtained for w within the
AKB. For example, if w,=(E,A"\/B), w,=(E,—>A) are in the
knowledge base then the tag for w=(E,/\E,—B) corre-
sponds to w;and w,. According to an embodiment, infor-
mation indicating a tag is associated with w.
[0232] Algorithm 6.2. (Unification with Tag).
[0233] FIG. 4 is flow chart of the unification process
described in FIG. 3 with tags, according to an embodiment.
At 402, 404, 406, 408, 410, and 414 is the same as in
Algorithm 6.2. At 412, the tags are updated accordingly.
ot (L) is as the same as in Algorithm 6.2 but with an
associated tag.
[0234] Given an AKB k;, ks, ... .k, LEL , output d,(L):
[0235] 1. Transform eachk,, k,, .. .k, into disjunctive
AKBs, and let k=U,_,"k,.

[0236] 2. For each w&k, let n(w)=0.

[0237] 3. For i=1 to n and each w€k, add i to n(w) if
wek,.

[0238] 4. Rewrite L' in CNF over k. In other words,

L'=L,AL,/\ ... /AL, where for every 1, 2, ..., m,
L, is a disjunction of atomic propositions in £ .

[0239] 5. Add to k* all items of the form o~U—-L)
with tag n(w,)=0 where j=1, 2, . . ., m.

[0240] 6. Let dt,(L)=0.

[0241] 7. Let T be the smallest subset of £ , such that
T contains all r(w) where wEk.

[0242] 8. Let T consists of all distinct terms that
appeared in k.

[0243] 9. For each AET , associate the two lists, Q(A)
={oek"IAEp(m)} and QAY={nEK IA'Ep(w)}.

[Oilé]fr 10. Compute q(A)=Z,,c o) Loy P(@)! for all

[0245] 11. Remove from k- all oEQ(A)UQ(A") where
q(A)=0. _

[0246] 12. Remove from T all A with q(A)=0.

[0247] 13. If T=0, go to Step 19.

[0248] 14. Sort the AET in increasing order of q(A) to

obtain the ordered list A;, A, , ..., A .
[0249] 15. If the ordered list given above is empty, go
to Step 19. Otherwise, select the first element from the
list, say A.
[0250] 16. Remove A from T .
[0251] 17. For each w,EQ(A) and w,EQ(A"):
[0252] a) Construct wy=w, < .
[0253] b) If o, is defined, do the following:
[0254] i. Let n(0q)=,(0,)Un(w,).
[0255] ii. Add w, together with n(w,) into §,(L) if
r(wy)=F. Otherwise, add w, together with n(w,)
into k*.
[0256] 18. Go back to Step 9 above and repeat the
algorithm starting from that step.
[0257] 19. Output dt,(L).
[0258] Observe that although Algorithm 6.2 is similar to
Algorithm 6.1, however, tags are created only in the former.
[0259] Algorithm 6.3. (Unification sans Inconsistencies).
[0260] FIG. 5 is a flow chart of a unification process for
the knowledge fragments without inconsistencies, according
to an embodiment. At 502, initialize k* based on the original
knowledge base k, k* based on the target rule L. 504, similar
to 304 but the two sets are constructed from k™ and k%,
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respectively. 506, 508, and 510 are same as 306, 308 and
310. 512 is similar to 312 but the result is put back in k™.
At 514, output the result di,([.) whose union represents the
validity of L, with all uncertainties removed.
[0261] Given an AKB k, LEL , output §,(L):
[0262] 1. Transform k into a disjunctive AKB k”, and
let k*=k”
[0263] 2. Rewrite L' in CNF over k. In other words,
L'=L,AL,/\ ... AL, where forevery 1,2,...,n,L,
is a disjunction of atomic propositions in £ .
[0264] 3. Let k™ consists all items of the form (U—L,),
where i=1, 2, . . ., n.
[0265] 4. Let di(1)=0.
[0266] 5. Let T, be the smallest subset of £  such that
7, contains all r(w) where wEK“UKM; and T=7 .
[0267] 6. For each AET , associate the two lists, Q(A)
={wek I AEp(w)} and Q(ANY={wEKM A'Ep(w)}.

[0268] 7. Compute Q(A)=Z ooy P(®) | for all
AET.
[0269] 8. Remove from k* and from k™ all ®EQ(A)UQ

(A" where q(A)=0.

[0270] 9. Remove from T all A with q(A)=0.
[0271] 10. If T7=0, go to Step 16.
[0272] 11. Sort the AST in increasing order of q(A) to

obtain the ordered list A;, A, A,

[0273] 12. If the ordered list given above is empty, go
to Step 3. Otherwise, select the first element from the
list, say A.

[0274] 13. Remove A from T .

[0275] 14. For each o, EQ(A) and w,EQ(A"):

[0276] a) Construct wy=w; < w,.
[0277] b) Add o, into §,(L) if r(wy)=F. Otherwise,

add o, into k*.
[0278] 15. Go back to Step 6 above and repeat the
algorithm starting from that step.
[0279] 16. Output di,(L).
[0280] Let k be a consistent AKB and LEL . Then o,(L)
=U esi, (@), where 8i,(L) is the output of Algorithm 6.3.
Observe that in Algorithm 6.3, although inconsistencies may
exist in k and may not be removed, they were approximately
ignored during the unification process. It follows from the
fact that in this unification process, we build two separate
knowledge bases, k™ and k™. Since k* started with the
target, and it is always involved in the unification, therefore,
any unifications produced by inconsistencies in the original
knowledge base cannot happen. However, since the incon-
sistencies may permeate through the entire system, they may
create many interesting properties and problems.
[0281] The decomposition of any wEk which will be
needed in subsequent sections is examined.
[0282] Let k be an AKB, wck and o,&k fori=1, 2, . . .,
n.
[0283] 1. w is conjunctive if and only if co=m, Nw,/\ .
.. N\w,=/\_,"w,. Moreover, w is minimal if and only
iffori=1,2,...,nandj=1,2, ..., n where i=j, o,{w,
[0284] 2. w is disjunctive if and only if w=w,\/o,\/ . .
VW,=V—,"o,0,. Moreover, o is minimal if and only
iffori=1,2,...,nandj=1, 2, ..., n where i=j, ,{w,.
[0285] Letk be an AKB and wEk. Let w,Ek for =1, 2, .
.,
[0286] 1. w is in disjunctive conjunctive form if and
only if w=mw,\/mw,\/ . . . \J/w, where for each i=1, 2, .
.., n, w,Ek is and is minimal conjunctive. Each of the
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w, is called a conjunctive term. Moreover,  is minimal
if and only if fori=1,2,...,nand j=1,2, ..., n where
i#], w0,

[0287] 2. w is in conjunctive disjunctive form if and
only if w=w,\w,/\ . . . Aw, where for each i=1, 2, .
.., n, o,k and is minimal disjunctive. Each of the w,
is called a disjunctive term. Moreover, o is minimal if
and only if for i=1, 2, . .. ,nand j=1, 2, . . . , n where
7, oz, A

[0288] Letkbe an AKB. Every w&k can be put in minimal
disjunctive-conjunctive form, as well as in minimal con-
junctive-disjunctive form.

[0289] In view of the above Proposition, for simplicity and
uniformity, unless otherwise stated, we shall assume that all
wEk are in minimal disjunctive-conjunctive forms. Of
course, we could have chosen minimal conjunctive-disjunc-
tive forms

[0290] Letk be an AKB and w,, w,Ek is are expressed in
minimal disjunctive-conjunctive forms.

[0291] 1. w,Cw, if and only if every conjunctive term
in o, is in o,.

[0292] 2. w,Nw, is the minimal disjunctive-conjunctive
form which includes all the conjunctive terms that
appeared in both ®, and m,.

[0293] 3. w,Uwm, is the minimal disjunctive-conjunctive
form which includes all the conjunctive terms that
either appeared in ®,; or w,.

[0294] 4. w,-w, is the minimal disjunctive-conjunctive
form obtained by removing all the conjunctive terms
that appeared in w, from ;.

[0295] The same notations apply to minimal conjunctive-
disjunctive forms.

[0296] The following Decomposition Rules are discussed
in U.S. Pat. No. 9,275,333 the content of which is incorpo-
rated herein by reference.

[0297] Letk be an AKB and L,, L,EL.
[0298] 1. oi(L)Uo(L,)Co (L, \/Ly).
[0299] 2. oL )NOK(L:)=0 (L, \VLy).
[0300] 3. o (L) \VVLo)C oLy )NOK(Lo).
[0301] 4. o (L, \/L,)=0,(L,)Ugi(L,).
[0302] Below, new extensions are provided of these rules:
[0303] Letk be an AKB, and L., L,€L.
[0304] 1.IfL,AL,=F, then o(L,\/L,)=0, (L, )Uo(L,).
[0305] 2. If L,\/L,=T, then oL ,NL,)=0(L,)N
(L)
[0306] 3. Ifkis consistent, then o, (L., \/L,)=0, (L )Uo,
(L,).
[0307] 4. If k is consistent, then g (L,/AL,)=
TULPNOK(L,).

[0308] Let k be an AKB and k. If o is expressed in
DNF over k, where w=w,\/m,\/ . . . \/o,; then w is obtain
from o by removing all conjunctions ®, from ® where
r(m,)<=F and 1(w,)=0. w is called the purified . Moreover,
i={olock).
[0309] Letk be an AKB and LEL. Then Gk(L):Uweéik(L)
I(w), where 8i,(L) is the output of Algorithm 6.3.
[0310] Since o, (I.)=0,(L) if k is consistent, therefore, in
this case, Algorithm 6.3 can be used to compute o, (L).
Observe that Algorithm 6.3 is a faster unification algorithm
than Algorithm 6.1.
[0311] Let k be an AKB and L&L.

[0312] 1. ZL)~{0SKi@)=L}, 0V oes,w;

0,(L)=12, (L)) and Ly=rE, (L))
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[0313] 2. CDk(L) {u)EkIL:>r(u))} CI)k LN wed,@
u(L)=1(@; (L)) and Gu(L)=r(®;(L)-
[0314] From the definition, it follows that SMLES (L)
and CI) (L)ECI)k(L)
[0315] Let k be an AKB. k is d-consistent if and only if
o, (L)=0,(L) for every LEL.
[0316] The decomposition rules for o, and o,
below: Let k be an AKB and L), L,EL.
[0317] 1. Gk(L )Uok(Lz) Gk(L \/Lz)
[0318] 2. Gk(Ll)ﬁok(Lg) ok(L AL,).

are given

[0319] 3. gL, NL,)=0,(L, )ﬁgk(Lz)
[0320] 4. 0,(L,\/Lo)=0h(L)UG(Lo).
[0321] Section 7. Augmented Projection/Forecasting and

Augmented Abduction

[0322] Deductive reasoning and inductive reasoning have
been used to determine the validity and/or plausibility of any
given proposition. In many applications, the desired propo-
sition is not known. Instead, one is given some target
propositions to determine the target propositions which can
be deduced or induced from the AKB using these target
propositions.

[0323] Projection and forecasting were used in Subsection
on Information and Knowledge for the management and
supervision of the evolution of the IKs, and abduction used
for Analysis and Deep Understanding of IKs. We shall
consider projection/forecasting and abduction in more gen-
eral settings. We shall refer to the latter as Augmented
Projection/Forecasting and Augmented Abduction—these
form the basis for the Knowledge Augmenter (KA).
[0324] First, we shall introduce some new concepts and
results. Moreover, we shall use them to design and develop
various solutions for solving the Projection/Forecasting and
Abduction problems, under different circumstances.

[0325] Letk be an AKB, and L, L;, L,€L .

[0326] 1. L, is a k-deductive-consequent, or k-DC, of
L, if and only if o, (L,=L,)=0. The collection of all
k-DC of L will be denoted by DC,(L). In other words,
DC,(L) consists of all L,&£L which can be deductively
projected/forecast from L using the validity measures.

[0327] 2.L,is ak-deductive-antecedent, or k-DA, of L,
if and only if o,(L,=L,)=0. The collection of all k-DA
of L will be denoted by DAL). In other words,
DA, (L) consists of all L,&£ which can be deductively
abducted from L using the validity measures.

[0328] 3. L, is a k-inductive-consequent, or k-IC, of [,
if and only if ¢,(L.,=L.,)=0. The collection of all k-IC
of L will be denoted by IC,(L). In other words, IC,(L)
consists of all L,&£L which can be inductively pro-
jected/forecast from L using the validity measures.

[0329] 4.1, is a k-inductive-antecedent, or k-IA, of L,
if and only if ¢, (L,=L,)=0.

[0330] The collection of all k-IA of L will be denoted by
TIA(L). In other words, IA(L) consists of all L,&£L which
can be inductively abducted from L using the validity
measures.

[0331] DC and IC may be viewed as projection/forecast-
ing of the given proposition using deductive and inductive
reasoning, respectively. In other words, DC is deductive
projection/forecasting while IC is inductive projection/fore-
casting. On the other hand, DA and 1A may be viewed as
abduction of the given proposition using deductive and
inductive reasoning, respectively. In other words, DA is
deductive abduction while IA is inductive abduction. Exist-
ing abductive reasoning discussed by Eugene Charniak and
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Drew McDermott, “Introduction to Artificial Intelligence,”
Addison-Wesley, 1985, corresponds to deductive abduction
given above.
[0332] Letk be an AKB and LEL .
[0333] 1. IC(L)=DCuL).
[0334] 2. IA(L)=DA,L).
[0335] Letk be an AKB and LEL .
[0336] 1.Ifk, andk, are equivalent, then DC, (L)=DC,,
(L) and DAk L= DAk (L)
[0337] 2.Ifk, and k; are i-equivalent, then IC; (L)=IC,,
(L) and IAkl(L):IAkZ(L).
[0338] DC and DA are concentrated upon. All the results
obtained for DC and DA can then be transformed into IC and
1A, respectively, by replacing k with k.
[0339] 1.Let L, &DC,L). L, is D-maximal wrt L. if and
only if for every L,EDCy (L), L,=L, implies
o (L,=L)Co(L,=L).
[0340] 2. Let L,€DALL). L, is D-minimal wrt L if and
only if for every L ,EDA(L), L,=L; implies
o (Ly=L)Co,(L,=L).
[0341] In general, construction of dC,(L) and dA,(L) can
be done by adding U—A" and U—A, respectively, and then
performing unification.

[0342] Algorithm 7.1. Projection/Forecasting (Construc-
tion of dC,(P))
[0343] FIG. 6 is flow chart of determining projection/

forecasting based upon the knowledge fragments, according
to an embodiment. At 602, initialize 3 new knowledge bases.
At 604, initialize another new knowledge base X,. At 606,
apply unification unify the elements in 2, and X, and place
the results in Z;. At 608, check whether or not X, is empty.
At 610, update Z, and X, and remove certain elements from
Z,. At 612, output 2, the results of Projection/Forecasting
on P.

[0344] Given AKB k, an atomic proposition PEL , output
2.

[0345] 1. Transform k into an irreducible AKB.

[0346] 2. Let Zp,={wckiP'Sp(w)}.

[0347] 3. Let Zp,=k-Z,.

[0348] 4. Let Zp,=2p,.

[0349] 5. Let Zp,=0.

[0350] 6. Repeat the following for each w,EZp, and

W,EXp,.

[0351] 7. Let w;=m, O w,.
[0352] 8. If w, is undefined, ignore w;. Else add w; to
2p;.
[0353] 9. If Zp,=0, return Xp,.
[0354] 10. Let 2p,=2p,UZp; and Zp,=2p;.
[0355] 11. Remove from Zp, all elements of 2p, that is
not D-maximal wrt L.
[0356] 12. Go back to Step 5.
[0357] Algorithm 7.2. Abduction (Construction of dA(P))
[0358] FIG. 7 is a flow chart of determining abduction for
the knowledge fragments, according to an embodiment. All
blocks 702, 70 706, 708, 710 and 712, are the same as 602
to 612 except the initialization of 2, uses P instead of P', and
710 uses D-minimal instead of D-maximal, and 712, output
the results of abduction on P.

[0359] Given AKB k, an atomic proposition PEL , output
2a,.
[0360] 1. Transform k into an irreducible AKB.
[0361] 2. Let Za,={w&kIPEp(w)}.
[0362] 3. Let Za,=k-Za,.
[0363] 4. Let Za,=>a,.
[0364] 5. Let Za,=0.
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[0365] 6. Repeat the following for each w,&Xa;, and
w,E2a,.

[0366] 7. Let wy=m, ¢ w,.

[0367] 8. If w; is undefined, ignore w,. Else add w, to
2a,.

[0368] 9. If Xa,=0return Xa,.

[0369] 10. Let 2a,=>a,UZa; and Za,=2a;.

[0370] 11.Remove from Xa, all elements of Za, that is

not D-minimal wrt L.

[0371] 12. Go back to Step 5.
[0372] Let k be an AKB and LEL . By expressing L as
disjunction of conjunctions or conjunction of disjunctions,
the Algorithms and results given above provide a complete
solution for the construction of dC, (L) and dA,(L), i.e.,
projection/forecasting and abduction, respectively.
[0373] If k is endow with a probabilistic measure m
together with its extension M, then dC,(I.) and/or dA (L) can
be sorted in order of M(w) for co in dC,(L) and/or dA,(L).
In this manner, the “best” or “most probable” projection/
forecasting or abduction can be found at the top of the
corresponding sorted lists. The remaining members of the
sorted lists provide additional alternatives for projection/
forecasting or abduction. A threshold for projection/fore-
casting and/or abduction can be enforced by removing all
the members of the sorted lists according to certain specified
value.
[0374] iCL(L) and iA,(L) can also be defined and con-
structed in a similar manner using k.
[0375] This Section shows how projection/forecasting
and/or abduction can be realized given any propositions
using either deductive or inductive reasoning based on the
validity measures. All the above concepts and results can be
carried over if plausibility measures are used. Moreover, if
the AKB is consistent, then the use of plausibility measures
could provide a wider range of projection/forecasting and/or
abduction.
[0376] Given LEL, general methods for computing dC,
(L), dA,(L), iC(L) and iA,(L) are shown above. In other
words, they provide a general solution for the projection/
forecasting, as well as, the abduction problems.
[0377] Now consider LEL, if we are interested in pro-
jection/forecasting with respect to L, we can first determine
dA (L), and then compute dC,(dC,(L)). The result repre-
sents the projection/forecasting of the possible sources
which gave rise to L.

[0378] Let k be an AKB and LEL . Then dC,(L)CdC,
(dC(L)).
[0379] The dC,(dC,(L)) given above may be viewed as a

second order projection/forecasting with respect to L. Obvi-
ously, we can continue in this fashion to obtain higher order
projections/forecasting.

[0380] If we replace dC by dA, then we have higher order
abductions if necessary. These are done deductively and
with validity measures. In the same manner, we may con-
sider higher order projections/forecasting and abductions
done deductively and/or inductively with either the validity
measures and/or plausibility measures. These could provide
much wider ranges of results compare to first-order projec-
tions/forecasting and abductions alone, which were dis-
cussed earlier in this sections.

[0381] Section 8. A-Exploration

[0382] A-Exploration is an overall framework to accom-
modate and deal with the efforts and challenges mentioned
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above. It is intended to provide the capabilities to organize
and understand, including the ramification of the IKs cap-
tured in real-time, as well as to manage, utilize and oversee
these IKs to serve the intended users. Management of the
IKs may include providing the necessary measures, when-
ever possible, to guide or redirect the courses of actions of
the IKs, for the betterment of the users.

[0383] A. Introduction

[0384] As stated above, an important component of A-Ex-
ploration is the facilities to transform the representation of
information fragments acquired by LRIRE into more robust
and flexible representations—knowledge fragments. The
various transformations, carried out in A-Exploration, are
determined in such a way that it can optimally accomplish
its tasks; e.g., transformation of CGs into CBKFs, CGs into
AKFs, CBKFs into AKFs, AKFs into CBKFs, etc.

[0385] The transformation from CGs into CBKFs requires
that we have the necessary knowledge about the relation-
ships involving concepts and features. The requisite knowl-
edge is normally available in semantic networks, word-net,
etc. Although not necessary, due to the nature of CBKB,
addition of probabilities will make the results of the trans-
formation more precise. These probabilities could be speci-
fied as part of the semantic networks, etc. to represent the
strength of the relationships. If no probabilities are specified,
we may assume that they are 1. In any case, the probabilities
given have to be adjusted when they are used in the CBKB
to guarantee that they satisfy the requirements of the CBKB.
The process of transforming DGs into CBKFs, including
modification of the probabilities, can be easily accomplished
and automated.

[0386] The main advantage of knowledge fragments, such
as, CBKFs and AKFs, is the fact that they are parts of
knowledge bases, and therefore are amenable to reasoning.
This allows the possibility of pursuing and engaging in the
various functions listed above, including the understanding
and projecting the directions of further progression of the
IKs, to foresee how they may influence other subjects and/or
areas. Ways of accomplishing the functionalities listed
above are discussed in more details below.

[0387] Methods and algorithms, introduced and/or pre-
sented in CBKBs and AKBs, are modified and tailored to
analyze and understand the IKs. In particular, by identifying
the pertinent inference graphs in a CBKB, it could provide
the means to narrow down the analysis and supply the
vehicle to explore deeper understanding of the IKs.

[0388] For CBKBs and AKBs, full analyses of the IKs can
be performed deductively and/or abductively; while for
AKBs, we can also perform the analyses inductively. These
allow the presentations of a wider range of possibilities for
understanding, comprehending and appreciating the ongo-
ing evolution or progression of the IKs.

[0389] B. Comprehension, Analysis and Deep Under-
standing of IKs

[0390] Analyses of the IKs require deep understanding of
many aspects of the IKs. It is backward looking and entails
finding the best explanations for the various scenarios of the
IKs. In other words, abduction is the key to analyses. Since
both CBKBs and AKBs permit abduction, they can provide
the instruments to analyze and better understand the IKs.
This forms the basis for the Deep Comprehender subcom-
ponent of the Augmented Analyzer (AA).

[0391] Abductive reasoning can be used in both CBKBs
and AKBs with deductive reasoning. This permits a better
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understanding of the IKs and can provide the explanations of
the possible courses/paths of how the IKs had evolved or
progressed. Moreover, for AKB, abduction can be coupled
not only with deduction (that is what existing abduction is all
about), but can also be coupled with induction, and thereby
allowing awareness and comprehension of suitable/fitting
developments, generalizations and/or expansions of the
desired IKs. For both CBKBs and AKBs, they can provide
the following functionalities for A-Exploration:

[0392] 1. Identify the Organization and Chronology of
the Information and Knowledge.

[0393] 2. Comprehend and Understand the Various
Occurrences and Happenings.

[0394] 3. Resolve and Establish the Reasons and Expla-
nations for the Origins and Causes of the Various
Incidences and Manifestations.

[0395] 4. Determine the Causal Effects and Relation-
ships of the Information and Knowledge.

[0396] 5. Cognizant and Knowledge of Areas Related or
Linked to the Information and Knowledge.

[0397] Since the power of abduction is the understanding
and explanation of the IKs, resolutions of items above,
which are related to Item 2 in the list of the functionalities
of A-Exploration, can be achieved. In general, by exploiting
and customizing (deductive or inductive) abduction, it may
be possible to uncover the likely solutions.

[0398] C. Manage and Supervise the Evolution of the IKs
[0399] When employing only deductive inferencing, the
results provided by the above procedures will be referred to
as deductive prediction, projection, and/or forecasting. The
same methods are equally applicable to inductive inference
which is available for AKBs. Inductive prediction, projec-
tion and/or forecasting present much larger opportunities to
produce more diverse results, which may be more informa-
tive and valuable to the question at hand.

[0400] Both CBKBs and AKBs have the capabilities of
exploring for the desired/ideal alternative outcomes by man-
agement and supervising the evolution through user inputs
taken into consideration through the user specifications
spec,, . . . spec,,. Thus, they will permit A-Exploration to
offer solutions to various functionalities such as those given
below:

[0401] 1. Appreciation and Conscious of the Likely
Influences from External Subjects or Areas.

[0402] 2. Awareness and Recognition of the Ramifica-
tions.
[0403] 3. Verification and Anticipation of the Possible

Spread and Impact to Other Areas.

[0404] 4. Realization and Management of the Plausible
Consequences.

[0405] 5. Project, Predict and Forecast the Effects and
Consequences of the Various Actions and Activities.

[0406] 6. Instigate Measures to Supervise and Regulate
the Information and Knowledge.

[0407] 7. Initiate Credible Actions to Mitigate and/or
Redirect the Plausible Effects and Outcomes of the
Information and Knowledge.

[0408] Moreover, we can also customize and/or adapt
various methods and algorithms, available for CBKBs and/
or AKBs, to predict, project and/or forecast future directions
of the IKs. This forms the basis for the Explorer of Alter-
native Outcomes subcomponent of the Augmented Analyzer
(AA).
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[0409] With CBKBs, predicting, projecting and/or fore-
casting based on knowledge of established or proven IKs
(complete or partial) can be done using existing mechanisms
available in any CBKBs. Since prediction, projection and/or
forecasting are forward looking, the usual inference mecha-
nisms can be exploited for that purpose. In CBKBs, this
means:

[0410] 1. Extraction of the essential knowledge from

the knowledge bases in question.

[0411] 2. Forms the inference graph(s).
[0412] 3. Perform basic inferencing.
[0413] Ifmore than one inference graphs are available, the

results can be sorted according to the values of the inference
graphs. In this case, different scenarios and their possible
outcomes may be offered to the intended users. When user
input is taken into consideration, this forms the basis for the
Augmented Supervisor (AS). The user input can be menu-
based inputs and/or term-based inputs and/or natural lan-
guage-based inputs and/or database inputs.

[0414] D. Proprietary Hypothesis Plug-Ins (PHP)

[0415] Most of the basic information and knowledge
involved in the creation of the knowledge bases, such as
AKB, CBKB, etc. are available in the public domain.
Additional up-to-date information can be obtained using the
LRIRE given in Section 4. These information and knowl-
edge make up the bulk of the desired AKB, CBKB and other
knowledge bases.

[0416] The requisite knowledge may also be available as
proprietary hypothesis plug-ins, which allows the construc-
tion of proprietary knowledge bases, including AKFs,
CBKFs, etc. A specific example of a proprietary hypothesis
plug-in is the relation between a process and its efficacy, or
a drug and how it is connected to certain illnesses.

[0417] Proprietary information (including patents and
other intellectual properties, private notes and communica-
tions, etc.) form the backbone of most businesses or enter-
prises, and virtually all companies maintained certain pro-
prietary information and knowledge. These can be used as
proprietary hypothesis plug-ins. A collection of hypothesis
plug-ins may be kept in proprietarily constructed semantic
networks, AKBs, CBKBs, etc. Part or all of this collection
may be made available under controlled permitted or autho-
rized limited access when constructing the desired AKBs,
CBKBs, etc. For large collection, LRIRE, or some simpli-
fied form of LRIRE, can be used to automate the selection
of the relevant information and/or knowledge.

[0418] The availability of proprietary hypothesis plug-ins
provides the owners with additional insights and knowledge
not known to the outside world. It could offer the owners
more opportunities to explore other possible outcomes to
their exclusive advantages.

[0419] The available plug-ins could supply the missing
portions in our exploration of the desired/ideal alternative
outcomes. By the way, proprietary hypothesis plug-ins need
not be comprised of only proven or established proprietary
knowledge. They may contain interim/preliminary results,
conjectures, suppositions, provisional experimental out-
comes, etc. As stated above, when using AKBs, CBKBs, etc.
to house the proprietary hypothesis plug-ins, the unproven
items can be signified by specifying a lower probabilities
and/or reliabilities.

[0420] Clearly, this collection of hypothesis plug-ins can
grow as more proprietary information and knowledge,
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including intellectual properties, is accumulated. It could
become one of the most valuable resources of the company.
[0421] E. Wrapping-Up

[0422] CBKBs and AKBs have the capabilities of induc-
ing and/or exploring additional desired/ideal alternative out-
comes for the IKs. This can be achieved by augmenting the
knowledge bases with temporary, non-permanent and/or
transitory knowledge fragments to the CBKBs or AKBs. The
optional knowledge could consist of hypotheses generated
using interim/partial/provisional  results, conjectures,
unproven or not completely proven outcomes, or simply
guess works. To maintain the integrity of the knowledge
bases, the validity and/or reliability of the added knowledge
should be associated with lower probabilities and/or reli-
abilities. Or the non-permanent knowledge should be held in
separate knowledge bases. At any rate, any unsubstantiated
hypotheses or temporary items not deemed feasible or useful
should be removed promptly from the knowledge bases. In
cases where there are multiple alternative outcomes, they
can be sorted so the intended users can select the desired
options.

[0423] Section 11, below on Conjectures and Scientific
Discoveries explores desired/ideal alternative outcomes, in
connection with finding the “missing links” in scientific
discoveries.

[0424] Due to the richness of the structures of CBKBs and
AKBs, depending on the problem at hand, one could initiate
and/or institute novel approaches and/or techniques to
accomplish its goals.

[0425] The potential that CBKBs and AKBs are capable of
handling and managing the above requirements and condi-
tions is the main reason we have chosen CBKBs and/or
AKBs to play a central role in A-Exploration.

[0426] Both CBKBs and AKBs can be used in A-Explo-
ration to achieve the intended goals, especially if we are
interested in deductive reasoning. However, CBKBs are
more visual and allow the users to picture the possible
scenarios and outcomes. On the other hand, though AKBs
are more powerful, they are also more logical. Theoretically,
anything that can be accomplished using CBKBs can be
accomplished using AKBs, and more. Indeed, depending on
the problems and/or IKs involved, it may be advantageous
to formulate the problems using either or both CBKBs and
AKBs, and to allow the switching from one formulation to
the other, and vice versa. With the type of information/
knowledge considered in A-Exploration, it is not difficult to
transform and switch from one formulation to the other, and
vice versa.

[0427] Tt is possible to have multiple A-Exploration sys-
tems, each having its own objectives. These A-Exploration
systems may then be used to build larger systems in hier-
archical and/or other fashions, depending on their needs.
Clearly, these systems can cross-pollinate to enhance their
overall effects. Various subsystems of different A-Explora-
tion systems may be combined to optimize their functions,
e.g. A°DR.

[0428] Section 10. Emergent Events and Behaviors—sub-
component Emergence Detector of Augmented Analyzer
(AA)

[0429] In this Section, we shall examine emergent behav-
iors, see discussion by Timothy O’Connor, Hong Yu Wong,
and Edward N. Zalta, “Emergent Properties,” The Stanford
Encyclopedia of Philosophy, 2012. They arise in a complex
system mainly due to the interactions among the subsys-
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tems. Emergent behaviors are behaviors of the complex
systems not manifested by the individual subsystems. When
dealing with complex system, usually, emergent behaviors
are generally unexpected and hard to predict. In this inven-
tion, we develop a formal characterization of emergent
behavior and provide a means to quickly verify whether a
behavior is emergent or not, especially with respect to
AKBs. However, we shall first introduce a new object - - -
consistent event and make use of a new method for unifi-
cation without inconsistencies.

[0430] Consistent AKBs are defined as follows: Let k be
an AKB. k is consistent if and only if G=0, subject to € ,,
whenever

G F.

[0431] A new object—Kk-consistent event is introduced
herewith is essential in dealing with emergent behaviors,
etc.: Let k be an AKB and wEk.  is a k-consistent event if
and only if for every w,€k, if r(w,)=r(w), then 1(wy)=1(w).
[0432] Letk be an AKB and wEk. Let o be expressed in
minimal disjunctive-conjunctive form m,\/w,\/ . . . VO,
Then k(w) is obtain from o by removing all conjunctions ,
from ® where r(w;,)=F and l(w,)=0. Moreover, R:{R(w)
lwek}.
[0433] Let k be an AKB and o€k. o is a k-consistent
event if and only if wEk.
[0434] The objects can also be associated with consistent
events. In this case, we have created many new objects, and
to distinguish them from the old ones, we shall represent
them by adding an accent to these new objects, such as o for
q, efc.
[0435] For consistent events, the decomposition rules
become: Let k be an AKB and L, L,€L.

[0436] 1. oL )Uou(Ly)=0ou(L;V/Ly).

[0437] 2. gk(Ll)ﬁok(L\z)zok(Ll/\Lz)~

[0438] 3. gk(LlALz):gk(Ll)ﬁgk(Lz).

[0439] 4. o (L, \/Ly)m0 (L )Uo(Ly).
[0440] Let k be an AKB. k is consistent if and only if
oL)=0,(L) for every LEL .
[0441] Letk be an AKB and LEL . Then (}k(L):Uweék(L)
I(w), where §,(L) is the output of Algorithm 7.3.
[0442] Since o (L)=0,(L), if k is consistent, then in this
case, Algorithm 7.3 can be used to compute o, (L). Observe
that Algorithm 7.3 is a faster unification algorithm than
Algorithm 7.1.
[0443] Observe that in Algorithm 6.3, although inconsis-
tencies may exist in k and may not be removed, they were
completely ignored in the unification process. However,
since the inconsistencies may permeate through the entire
system, they may create many interesting properties and
complications.
[0444] In the above discussions, we introduced deductive
reasoning and inductive reasoning, and used them to deter-
mine the validity and/or plausibility of any given proposi-
tion. However, the validity and plausibility of a given
proposition may be compromised due to inconsistencies.
Although there are related algorithms for transforming any
AKB k into a consistent AKB, we show in the previous
section how to deal with inconsistencies directly without
having to determine them in advance, as well as removing
them first, i.e., by considering k instead of k.
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[0445] The related discussions involving AKBs dealt pri-
marily with consistent AKBs. However, inconsistencies are
an integral part of any AKBs involved with emergent
behaviors. Various methods could be considered for remov-
ing the inconsistencies and constructing consistent AKBs to
take their places. In this invention, we show how to deal with
inconsistencies directly without having to determine them in
advance, as well as removing them first. To avoid the
complexities introduced by inconsistencies, we shall use &
instead of o, etc.
[0446] In the rest of the section, we shall assume that n>0
and k;, k;, . . ., k, are AKBs. Moreover, k=U,_,"k,,
=U,_ 1”k and for LeL, 3Ly \/l "2 (L) and Z(L)
=/ "Zk(L) Moreover, G(L) U "0, T= {wEklmET),
and o(L)=U,_, ok
[0447] Clearly, tCk and Z(L)CZk(L) These differences
provide a first step in the study of emergent events and
behaviors. Moreover, due to the interaction among the
various parts, inconsistencies invariably occurred when the
parts are combined into the whole.
[0448] Let LEl and oEk.

[0449] 1. L is a d-valid k-emergent behavior if and only
if for all i=1, 2, . . ., n, 0, (L) = o,(L).

[0450] 2. L is a d-plausible k-emergent behavior if and
only if for all i=1, 2, . . ., n, 0 (L) = oy(L).

[0451] 3. Lis a i-valid k-emergent behavior if and only
if for all i=1, 2, . . ., n, g (L) = gu(L).

[0452] 4. L is a i-plausible k-emergent behavior if and
only if for all i=1, 2, . . ., n, ¢, (L) = ¢,(L).

[0453] 5. w is a (d-valid, d-plausible, i-valid, i-plau-
sible) k-emergent event if and only if r(w) is a (d-valid,
d-plausible, i-valid, i-plausible) k-emergent behavior.

[0454] Let LEL and wek. If L is a (d-valid, d-plausible,
i-valid, i-palusible) k-emergent behavior, then (0(L)=0,
L0, 4,(L)=0, ,(L)=0).

[0455] Example 1. Let k,={E,—B} and k,={E,—=(B=C)
}. If (B, NE,)=0, then ((ElﬁEz)—>C is a d-valid k-emergent
event, and C is a d-valid k-emergent behavior.

[0456] Let LEL. L is a (d-valid, d-plausible, i-valid,
i-plausible) k-non-emergent behavior if and only if L is NOT

a (d-valid, d-plausible, i-valid, i-plausible) k-emergent
behavior.
[0457] In view of one of the algorithm shown above, we

may assume that the k;, as well as k are all disjunctive.
Moreover, given LEL | L can be expressed in atomic CNF
form. Thus, we can use these to determine whether L is a
d-valid k-emergent behavior or not. More precisely:

[0458] Algorithm 10.1. (Algorithm for determining
whether L is a k-emergent behavior or not) Given AKB k,,

=1,2,...,n,k=U,_ "k, and LEL, determine whether L is
a k-emergent behavior or not.
[0459] 1. Transform k and k;, i=1, 2, . . ., n into
disjunctive AKB.
[0460] 2. Express L. in atomic CNF form over k and
over k;, i=1, 2, , .
[0461] 3. Find o (L) and Gk(L) i=1, 2, , 0, using

oL Uo(Lo)= Gk(leL ), and Gk(L )ﬁok(L )=0;
(L;ALy).

[0462] 4. Use the definition to determine whether L is a
k-emergent behavior or not, and output the result.
[0463] Step 3 in the above algorithm requires the values of
0,(P) and o, (P), i=1, 2, . . . , n, for PEP . To facilitates
matters and avoid repeated calculations, we can predeter-
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mine all these values and store them for easy access later. In
this manner, Algorithm 10.1 can work quickly when needed.

[0464] The cases involving d-plausible, i-valid, and
i-plausible can be processed in similar manners.

[0465] Section 11. Conjectures and Scientific Discover-
ies—Missing Link Missing Link Hypothesizer subcompo-
nent of Augmented Analyzer (AA)

[0466] Conjectures, see discussion by Karl Popper, “Con-
Jectures and Refutations: The Growth of Scientific Knowl-
edge,” Routledge, 1963, play a very important role in
scientific and other discoveries. Conjectures maybe derived
from experiences, educated guesses, findings from similar or
related problems, preliminary experimental outcomes, etc.
In general, they provide the missing links to clues in the
discoveries. However, for most discoveries, there might be
many clues or conjectures and it may be expensive to pursue
the clues in general and/or to pursue the clues individually
(as a matter of fact, it might be very costly even to pursue
just a single clue). We shall show how AKBs, and similarly
structured knowledge bases and systems, such as CBKBs,
can be used to simplify and accelerate the search for the
missing links.

[0467] Let k be an AKB and m a k-measure.

[0468] 1. A conjecture over k is an object of the form
E—L where LEL and ECU but m(E) may or may not
be known, or subject to changes.

[0469] 2. Let A be a collection of conjectures over k.

Then kU is h-conjectured AKB wrt k. In this case, we
shall refer to kUM as a conjectured AKB.

[0470] We shall occasionally refer to A alone as the
conjectures.
[0471] In our discussion of conjectured AKBs, we are

usually not concern with the measures. Thus, we shall view
conjectured AKBs as ordinary AKBs. When the measures
become part of the discussions, then the measures will be
stated explicitly.

[0472] The central elements for finding the missing links
are either the sets I or the sets @. In the first case, deductive
inference is used, while in the second case, inductive infer-
ence is used. In either case, the measures need not be
specified.

[0473] Since o and ¢ are derive solely from X and @,
respectively, therefore, they are not affected by the measures
either.

[0474] Because of the flexibility of the AKB, we can have
conjectures (E,—L) and (E,—L), both in A. The two essen-
tially referred to the same conjecture L. The difference
between them is the set associated with L, i.e., E, and E,.
This allows us to specify different constraints involving E,
and E,.

[0475] Letk be an AKB and A a collection of conjectures
overk. Let LEL be the knowledge we want to assert. If oy,
£ (L) does not contain any element in A, then none of the
conjectures will help in the establishment of L. In other
words, the missing links are still out of reach, especially if
the extended measure m(oy,, (L)) is smaller than desired.
Modifications or additions of the conjectures are therefore
indicated.

[0476] Similar conclusions follow if we replaced o in the
above by o, ¢ or ¢.
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[0477] If some of the conjectures appeared in oy, (L),
then it may be useful to closely examined X, , (L) and/or
@, , (). We shall concentrate on X, ,(L) for the time
being.

[0478] Letk be an A KB and oEk.

[0479] 1. w is a conjunction over k if and only if w can
be expressed in the form u,A\u,/\ . . . \u,, where n=1
and for all i=n, p,Ek.

[0480] 2. w is a disjunction over k if and only if w can
be expressed in the form p \/p,\/ . . . \/u,, where n=1
and for all i=n, p,Ek.

[0481] Let k be an AKB and for all i=n, p,Ek.

[0482] 1.Let w=p,Nu,/\... Ay, be aconjunction over
k. o is F-minimal over k if and only if w=F and if any
of the 1,’s is removed from , then a=F
[0483] 2. Let w=p,\/1,\/ . . . V1L, be a disjunction over
k. o is T-minimal over k if and only if =T and if any
of the 1,’s is removed from , then w=T
[0484] Letk be an AKB vy, is the collection of all F-mini-
mal conjunctions over k and y, is the collection of all
T-minimal disjunctions over k.
[0485] In the rest of the Section, we shall let t==kUA where
k is an AKB and A is a collection of conjectures over k.

[0486] Let psy,. Then

[0487] 1. p (W V wey,, w—u®xPx(l) Will be referred to
as the potential of | over &

[0488] 2. p is consequential over k if and only if
1(p,.(m)20,(F). Otherwise, p is inconsequential over k.

[0489] 3. Let py&h. 1, is consequential over k if and
only if y, occurred in some 1, &y, where i, is conse-
quential over k. Otherwise, |1, is inconsequential over
k.

[0490] Let LeL, k,=kU{(U—=L"Y}, mt,=k, Uk, and p&y,.

[0491] 1. p is L-consequential over k if and only if

I(p,,,(W)20,(L). Otherwise, p is L-inconsequential
over k

[0492] 2. Let p,&h. 1, is L-consequential over k if and
only if pi, occurred in some p,Ey, where p, is L-con-
sequential over k. Otherwise, |, is L-inconsequential
over k.

[0493] Let LEL. If the conjecture p is L-inconsequential
over k, then the establishment of the conjecture p will not
improve the validity of L over k. Therefore, for simplicity,
p will be eliminated from A. Moreover, some of the uey,
may be L-inconsequential, thus, we shall definey, V.r, (O CODSist
of all u&y, which are L- consequentlal overk. If y. Y, ~0; then
none of the conjectures in A will provide the missing links
for L.

[0494] If m is a k-measure and i an extension of m, then
the elements in y, may be sorted in descending order of
m(r(p,, (1) where p.Eyn In this case, it pr0V1des a priority
list for examining the various conjectures given in A that
supports L.

[0495] The discussions so far were restricted to using the
validity of L. Parallel results can be derived using plausi-
bility of L. In this case, we let k,=kU{(U—L)}, and
mt, =k, UA.

[0496] In the above discussions, only deductive reasoning
were used. However, the missing links can also be found
using inductive inference by applying the results given
above to .
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[0497] Some example benefits according to the described
embodiments include:

[0498] A new and innovative process—Augmented
Exploration or A-Exploration—for working with Big Data
by utilizing Big Data’s own power and exploiting its various
unique properties. A-Exploration has the capabilities to
continuously uncover, track, understand, analyze, manage,
and/or utilize any desired information and knowledge, as
well as, oversee, regulate and/or supervise the development,
progression and/or evolvement of these information and
knowledge.

[0499] The embodiments permit organizations and policy
makers to employ A-Exploration to address, in real-time,
and mitigate considerable challenges to capture the full
benefit and potential of Big Data and Beyond. It is com-
prised of many sequential and parallel phases and/or sub-
systems required to control and handle its various opera-
tions.

[0500] The embodiments automate the overseeing and
providing possible roadmap for management, utilization and
projection of the outcomes and results obtained via A-Ex-
ploration.

[0501] The embodiments provide real-time capabilities for
handling health care, public sector administration, retail,
manufacturing, personal location data, unfolding stories,
knowledge/information sharing and discovery, personal
assistance, as well as, any fields that deals with information
and/or knowledge—which covers virtually all areas in this
Big Data era.

[0502] The embodiments enable and empower A-Explo-
ration through the extensions, expansions, integrations and
supplementations to create and establish diverse methods
and functionalities to simplify and solve virtually all prob-
lems associated with Big Data, Information and Knowledge,
including but not limited to:

Continuously Uncover and Track the Desired Information
and Knowledge.

[0503] 1. Analysis and Deep Understanding of the
Information/Knowledge.

[0504] 2. Manage and Supervise the Evolution of the
Information/Knowledge.

[0505] 3. Enable and Generate Projection/Forecasting
and Abduction.

[0506] 4. Detect and Anticipate Emergent Events and
Behaviors.

[0507] 5. Locate and Unearth the Missing Links

between the Current Situations and the Eventual

Desired Solutions.
[0508] The embodiments provide a new unification pro-
cess for use with Augmented Knowledge Base AKB which
incorporates Anytime-Anywhere methodologies, and allows
heuristics to be employed to speed-up the process and
improve the results. This new process can also be extended
to include tags to identify the sources of the results.
[0509] The embodiments provide a method for purifying
an object  in the knowledge base by removing all target
inconsistencies (as determined by application criteria) con-
tained in r(w), comprising of transforming the object into
disjunctive normal form and then removing all conjunctions
in r(w) which are equivalent to FALSE. This will be referred
to as purified object.
[0510] The embodiments provide constructing purified
validity and purified plausibility by using purified objects
from the knowledge base.



US 2020/0034368 Al

[0511] The embodiments provide a new unification
method for any AKBs, consistent or otherwise, where incon-
sistencies are approximately completely ignored in the uni-
fication process; and inconsistencies are handled directly
without having to determine them in advanced or removing
them first.

[0512] The embodiment provide the purified validity and
purified plausibility of L, which may be determined by
repeated applications of the decomposition rules including:

[0513] 1. the purified validity of the disjunction L., \/L,
is the union of the individual purified validity;

[0514] 2. the purified validity of the conjunction L, /AL,
is the intersection of the individual purified validity;

[0515] 3. the purified plausibility of the disjunction
L,\/L, is the union of the individual purified plausi-
bility, and

[0516] 4. the purified plausibility of the conjunction
L,/AL, is the intersection of the purified individual
plausibility.

[0517] The embodiments analyses and deep understanding
of many aspects of the information/knowledge comprising,
among other things, of finding the best explanations for the
various scenarios and possible courses/paths of how the
information/knowledge evolved and/or progressed using
deductive and/or inductive reasoning.

[0518] According to the embodiments, A-Exploration
includes the following functionalities:

[0519] 1. Identify the Organization and Chronology of
the Information and Knowledge.

[0520] 2. Comprehend and Understand the Various
Occurrences and Happenings.

[0521] 3. Resolve and Establish the Reasons and Expla-
nations for the Origins and Causes of the Various
Incidences and Manifestations.

[0522] 4. Determine the Causal Effects and Relation-
ships of the Information and Knowledge.

[0523] 5. Cognizant and Knowledge of Areas Related or
Linked to the Information and Knowledge.

[0524] 6. Appreciation and Conscious of the Likely
Influences from External Subjects or Areas.

[0525] 7. Awareness and Recognition of the Ramifica-
tions.
[0526] 8. Verification and Anticipation of the Possible

Spread and Impact to Other Areas.
[0527] 9. Realization and Management of the Plausible
Consequences.

[0528] The embodiments may be utilized to manage and
supervise the evolvement of the many aspects of the infor-
mation/knowledge, comprising deductive and/or inductive
prediction, projection and/or forecasting. And to Project,
Predict and Forecast the Effects and Consequences of the
Various Actions and Activities. And to Instigate Measures to
Supervise and Regulate the Information and Knowledge.
And to Initiate Credible Actions to Mitigate and/or Redirect
the Plausible Effects and Outcomes of the Information and
Knowledge.
[0529] The embodiments provide the capabilities of
exploring for the desired/ideal alternative outcomes. It may
consist, among other things, of augmenting the knowledge
bases with temporary, non-permanent and/or transitory
knowledge fragments to the CBKBs or AKBs, e.g., Hypoth-
eses Plug-Ins.
[0530] The embodiment can be implemented by having
multiple A-Exploration systems, each having its own objec-
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tives. These A-Exploration systems can be used to build
larger systems in hierarchical and/or other fashions, depend-
ing on their needs; allowing these systems to cross-pollinate
to enhance their overall effects; and the various subsystems
of different A-Exploration systems may be combined to
optimize their functions.

[0531] The embodiments provide creating the building
blocks needed to perform projection/forecasting of possible
outcomes for any given hypothesis/situation, comprising of
setting up the deductive consequent and inductive conse-
quent.

[0532] The embodiment provide for projecting/forecast-
ing the possible outcomes of a given hypothesis or situation,
using deductive validity measures, in terms of Augmented
Knowledge Bases or other similarly structured constructs,
comprising: methods for determining projection/forecasting
with respect to any atomic proposition; and methods for
combining and merging the projection/forecasting of atomic
propositions to construct the possible outcomes of projec-
tion/forecasting for a given proposition.

[0533] According the embodiments, the projection/fore-
casting uses deductive plausibility measures, inductive
validity measures and/or inductive plausibility measures.
[0534] According to the embodiments, the possible pro-
jections/forecasting are ranked.

[0535] The embodiments provide for creating the building
blocks needed to perform abduction or determine best
explanations of a given observation or situation, comprising
of setting up the deductive antecedent and inductive ante-
cedent.

[0536] The embodiments provide for using abduction to
determine the best explanations of a given observation or
situation, using deductive validity measures, in terms of
Augmented Knowledge Bases or other similarly structured
constructs, comprising: ways for determining abduction
with respect to any atomic proposition; and methods for
combining and merging the abduction of atomic proposi-
tions to construct the possible explanation of given obser-
vations/propositions.

[0537] According to the embodiments, the abduction uses
deductive plausibility measures, inductive validity measures
and/or inductive plausibility measures.

[0538] According to the embodiments, the possible abduc-
tions are ranked.

[0539] According to the embodiments, the inverses of k
and are used to perform inductive reasoning.

[0540] The embodiments provide for speeding-up the pro-
jections/forecasting and/or abductions by storing the results
of each atomic propositions for faster retrieval.

[0541] The embodiments provide for extending and
expanding the projections/forecasting and/or abductions to
higher-order projections/forecasting and abductions.

[0542] The embodiments determine and handle emergent
events/behaviors of complex systems, including collections
of AKBs.

[0543] The embodiments promote scientific and other
discoveries comprising of locating and unearthing the miss-
ing links between the current situations and the eventual
desired solutions.

[0544] The embodiments simplify and accelerate the
search for the missing links in scientific and other discov-
eries comprising: introduction and formulation of conjec-
tures which may consist of information and/or knowledge
derived from experiences, educated guesses, findings from
similar or related problems, preliminary experimental out-
comes, etc.; expression of these conjectures in terms iden-
tifiable by the selected knowledge base to permit them to be
part of the reasoning process in the knowledge base; estab-
lishes the conjectured knowledge base consisting of the
given knowledge base and the conjectures; employs the
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reasoning mechanism of the resulting knowledge base to
determine which conjectures is consequential and ranked the
consequential conjectures to prioritize the conjecture(s) to
be examined first; and eliminates the inconsequential con-
jectures to improve the search of the missing links.

[0545] An apparatus, comprising a computer readable
storage medium configured to support managing required
data objects and hardware processor to executes the neces-
sary methods and procedures.

[0546] According to an aspect of the embodiments of the
invention, any combinations of one or more of the described
features, functions, operations, and/or benefits can be pro-
vided. The word (prefix or suffix article) “a” refers to one or
more unless specifically indicated or determined to refer to
a single item. The word (prefix or suffix article) “each” refers
to one or more unless specifically indicated or determined to
refer to all items. A combination can be any one of or a
plurality. The expression “at least one of” a list of item(s)
refers to one or any combination of the listed item(s). The
expression “all” refers to an approximate, about, substantial
amount or quantity up to and including “all” amounts or
quantities.

[0547] A computing apparatus, such as (in a non-limiting
example) any computer or computer processor, that includes
processing hardware and/or software implemented on the
processing hardware to transmit and receive (communicate
(network) with other computing apparatuses), store and
retrieve from computer readable storage media, process
and/or output data. According to an aspect of an embodi-
ment, the described features, functions, operations, and/or
benefits can be implemented by and/or use processing
hardware and/or software executed by processing hardware.
For example, a computing apparatus as illustrated in FIG. 8
can comprise a central processing unit (CPU) or computing
processing system 804 (e.g., one or more processing devices
(e.g., chipset(s), including memory, etc.) that processes or
executes instructions, namely software/program, stored in
the memory 806 and/or computer readable storage media
812, communication media interface (network interface)
810 (e.g., wire/wireless data network interface to transmit
and received data), input device 814, and/or an output device
802, for example, a display device, a printing device, and
which are coupled (directly or indirectly) to each other, for
example, can be in communication among each other
through one or more data communication buses 808.
[0548] In addition, an apparatus can include one or more
apparatuses in computer network communication with each
other or other apparatuses and the embodiments relate to
augmented exploration for big data involving one or more
apparatuses, for example, data or information involving
local area network (LAN) and/or Intranet based computing,
cloud computing in case of Internet based computing, Inter-
net of Things (IoT) (network of physical objects computer
readable storage media (e.g., databases, knowledge bases),
devices (e.g., appliances, cameras, mobile phones), vehicles,
buildings, and other items, embedded with electronics, soft-
ware, sensors that generate, collect, search (query), process,
and/or analyze data, with network connectivity to exchange
the data), online websites. In addition, a computer processor
can refer to one or more computer processors in one or more
apparatuses or any combinations of one or more computer
processors and/or apparatuses. An aspect of an embodiment
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relates to causing and/or configuring one or more appara-
tuses and/or computer processors to execute the described
operations. The results produced can be output to an output
device, for example, displayed on the display or by way of
audio/sound. An apparatus or device refers to a physical
machine that performs operations by way of electronics,
mechanical processes, for example, electromechanical
devices, sensors, a computer (physical computing hardware
or machinery) that implement or execute instructions, for
example, execute instructions by way of software, which is
code executed by computing hardware including a program-
mable chip (chipset, computer processor, electronic compo-
nent), and/or implement instructions by way of computing
hardware (e.g., in circuitry, electronic components in inte-
grated circuits, etc.) collectively referred to as hardware
processor(s), to achieve the functions or operations being
described. The functions of embodiments described can be
implemented in a type of apparatus that can execute instruc-
tions or code.

[0549] More particularly, programming or configuring or
causing an apparatus or device, for example, a computer, to
execute the described functions of embodiments of the
invention creates a new machine where in case of a com-
puter a general purpose computer in effect becomes a special
purpose computer once it is programmed or configured or
caused to perform particular functions of the embodiments
of the invention pursuant to instructions from program
software. According to an aspect of an embodiment, con-
figuring an apparatus, device, computer processor, refers to
such apparatus, device or computer processor programmed
or controlled by software to execute the described functions.

[0550] A program/software implementing the embodi-
ments may be recorded on a computer-readable storage
media, e.g., a non-transitory or persistent computer-readable
storage media. Examples of the non-transitory computer-
readable media include a magnetic recording apparatus, an
optical disk, a magneto-optical disk, and/or volatile and/or
non-volatile semiconductor memory (for example, RAM,
ROM, etc.). Examples of the magnetic recording apparatus
include a hard disk device (HDD), a flexible disk (FD), and
a magnetic tape (MT). Examples of the optical disk include
a DVD (Digital Versatile Disc), DVD-ROM, DVD-RAM
(DVD-Random Access Memory), BD (Blue-ray Disk), a
CD-ROM (Compact Disc-Read Only Memory), and a CD-R
(Recordable)/RW. The program/software implementing the
embodiments may be transmitted over a transmission com-
munication path, e.g., a wire and/or a wireless network
implemented via hardware. An example of communication
media via which the program/software may be sent includes,
for example, a carrier-wave signal.

[0551] The many features and advantages of the embodi-
ments are apparent from the detailed specification and, thus,
it is intended by the appended claims to cover all such
features and advantages of the embodiments that fall within
the true spirit and scope thereof. Further, since numerous
modifications and changes will readily occur to those skilled
in the art, it is not desired to limit the inventive embodiments
to the exact construction and operation illustrated and
described, and accordingly all suitable modifications and
equivalents may be resorted to, falling within the scope
thereof.
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What is claimed is:

1. A method for an apparatus including a memory and a
processor coupled to the memory to augment at least one of
a plurality of digitized data input from a plurality of com-
puterized data sources d,, d,, . . . , d, forming a first set of
evidences U to represent a first knowledge base (KB) among
a plurality of KBs, the method comprising:

selecting a subset of concept graphs of nodes co, , co, , -
., ca,, from concept graphs ca,, cat,, . . ., €O,
according to a computable measure of consistency,
inconsistency, and/or priority threshold between each
cay, in ca,, €y, - - ., CaL, to each specification concept
graph spec, in spec,, spec,, . . . , spec ,, of concept
nodes of concepts and relation nodes according to the
at least one digitized data,

the concept graphs of nodes ca,, ca,, . . . , ca,
including concept nodes and relation nodes for cor-
responding obtained plurality of information and
knowledge (IKs) o ,c,, . . ., o, forming a second set
of'evidences U to represent a second knowledge base
among the plurality of KBs;

generating knowledge fragment objects of concept frag-
ments obtained for corresponding subset of concept
graphs ca, , €, . . ., €y,
a knowledge fragment object among the knowledge
fragment objects to store a mapping of values to first
and second sets of evidences U, where A is a rule
among rules A'0 in at least the first and second KBs
among the plurality of KBs , and E is a subset of the
first and second sets of evidences U from the at least
first and second KBs that supports the rule A, so that
the rule A is supportable by the subset of evidences

E, according to the concept fragments; and
generating a new KB, adding into at least one KB among

the plurality of KBs, and/or adding into the first and/or

second KBs for the concept fragments, to include

augmenting information objects of augmenting infor-

mation by,

creating objects in form w=E—A from the concept
fragments;

computing for each object w a validity (v) and a
plausibility (p) based upon atomic propositions
among the rules A';

obtaining relationship constraints € ,in form of a plu-
rality of set relations among a plurality of the subsets
of evidences E for a plurality of the concept frag-
ments;

obtaining propositions A ,for the plurality of fragment
concepts in form of logical relations from among the
rules A' in the at least first and second KBs and/or
from the atomic propositions;

computing a validity (v) and a plausibility (p) for a
combination of the relationship constraints € ,and
the propositions A ,, and

generating information tags to identify each object w,
each relationship constraint in € ,, each proposition
in A,

to cause extending, by the augmenting information
objects, at least a forecasting and/or an abduction
based upon the concepts to a higher-order projection
and/or abduction deductively and/or inductively in
conjunction with the generated information tags.
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2. The method according to claim 1, further comprising:

generating and ranking new objects in the form w=E—A
based on validity and plausability using a computerized
process of forecasting according to the spec,, spec,, . .
., spec ..

3. The method according to claim 1, further comprising:

generating and ranking a plurality of the objects in the

form w=E—A based on validity and plausibility that
support at least one object ®=E—A from a plurality of
objects in the KBs corresponding to spec,, spec,, . . .
, spec ,, using a computerized process of abduction.

4. The method according to claim 1, further comprising:

executing based upon the spec,, spec,, . . ., spec ,, any one

or combination of processes of:

computing, using deductive and/or inductive reasoning,
a plurality of sequences of a plurality of the objects
in the form w=E—A to be indicative of evolving
and/or progress of the plurality of the objects in the
form w=E—A corresponding to a plurality of IKs
0,0, . .., O

computing a plurality of alternative outcomes on a
plurality of the objects in the form w=E—A using
deductive projection forecasting and/or inductive
projection forecasting;

computing emergence on a plurality of the objects in
the form w=E—A;

computing a plurality of new objects in the form
w=E—A that serve as unknown/missing links in the
computerized reasoning processes for determining
validity and plausibility; and generating results of the
one or more corresponding processes executed.

5. The method according to claim 1, wherein the gener-
ating the specification concept graphs of nodes spec, spec,,
..., spec ,, includes computing, for the first KB, a plurality
of new objects of form w=E—A from the plurality of
digitized data to serve as an alignment between the plurality
of digitized data.

6. The method according to claim 1, wherein the spec,
spec,, . . ., spec ,, is information generated in response to a
query of a data source d among the data sources d, d,, . .
., d; or a domain specification.

7. The method according to claim 1, wherein the KBs
include Bayesian Knowledge Bases (BKBs), Compound
BKBs (CBKBs), Relational Databases (RDbs), Deductive
Databases (DDbs), Augmented Knowledge-Bases (AKBs).

8. An apparatus, comprising:

a memory; and

a processor coupled to the memory and to,

select a subset of concept graphs of nodes ca, , ca,, .
. s cay, from concept graphs cay, ca, . . ., ca,
according to a computable measure of consistency,
inconsistency, and/or priority threshold between
each co, in ca,, ca,, . . ., ca,, to each specification
concept graph spec, in spec,, spec,, . . . , spec ,, of
concept nodes of concepts and relation nodes accord-
ing to at least one of a plurality of digitized data input
from a plurality of computerized data sources d,, d,,
..., d, forming a first set of evidences U to represent
a first knowledge base (KB) among a plurality of

KBs,
the concept graphs of nodes ca,, ca,, . . ., ca,
including concept nodes and relation nodes for
corresponding obtained plurality of information
and knowledge (IKs) .05, . . ., a,, forming a
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second set of evidences U to represent a second
knowledge base among the plurality of KBs;
generate knowledge fragment objects of concept frag-
ments obtained for corresponding subset of concept
graphs ca,, co, . . ., CO,
a knowledge fragment object among the knowledge
fragment objects to store a mapping of values to
first and second sets of evidences U, where A is a
rule among rules A' in at least the first and second
KBs among the plurality of KBs , and E is a subset
of the first and second sets of evidences U from the
at least first and second KBs that supports the rule
A, so that the rule A is supportable by the subset
of evidences E, according to the concept frag-
ments;
generate a new KB, add into at least one KB among the
plurality of KBs, and/or add into the first and/or
second KBs for the concept fragments, to include
augmenting information objects of augmenting
information by,
creating objects in form w=E—A from the concept
fragments;
computing for each object w a validity (v) and a
plausibility (p) based upon atomic propositions
among the rules A';
obtaining relationship constraints € , in form of a
plurality of set relations among a plurality of the
subsets of evidences E for a plurality of the
concept fragments;
obtaining propositions A , for the plurality of frag-
ment concepts in form of logical relations from
among the rules A' in the at least first and second
KBs and/or from the atomic propositions;
computing a validity (v) and a plausibility (p) for a
combination of the relationship constraints € , and
the propositions A ,; and
generating information tags to identify each object
co, each relationship constraint in C ,, and each
proposition in A ,,
to cause extending, by the augmenting information
objects, at least a forecasting and/or an abduction
based upon the concepts to a higher-order projec-
tion and/or abduction deductively and/or induc-
tively in conjunction with the generated informa-
tion tags.
9. The apparatus according to claim 8, wherein the
processor is to:
generate and rank new objects in the form w=E—A based
on validity and plausability using a computerized pro-
cess of forecasting according to the spec,, spec,, . . .,
spec,,,.
10. The apparatus according to claim 8, wherein the
processor is to:
generate and rank a plurality of the objects in the form
w=E—A based on validity and plausibility that support
at least one object =E—A from a plurality of objects
in the KBs corresponding to spec,, spec,, . . . , spec ,,
using a computerized process of abduction.
11. The apparatus according to claim 8, wherein the
processor is to,
execute based upon the spec, spec,, . .
or combination of processes of,
computing, using deductive and/or inductive reasoning,
a plurality of sequences of a plurality of the objects

., spec ,, any one

Jan. 30, 2020

in the form w=E—A to be indicative of evolving
and/or progress of the plurality of the objects in the
form w=E—A corresponding to a plurality of IKs
OOy o v vy O

computing a plurality of alternative outcomes on a
plurality of the objects in the form w=E—A using
deductive projection forecasting and/or inductive
projection forecasting;

computing emergence on a plurality of the objects in
the form w=E—A;

computing a plurality of new objects in the form
w=E—A that serve as unknown/missing links in the
computerized reasoning processes for determining
validity and plausibility; and

generate results of the one or more corresponding pro-

cesses executed.

12. The apparatus according to claim 8, wherein the
generating the specification concept graphs of nodes spec;,
spec,, . . . , spec ,, includes computing, for the first KB, a
plurality of new objects of form w=E—A from the plurality
of digitized data to serve as an alignment between the
plurality of digitized data.

13. The apparatus according to claim 8, wherein the spec;,
spec,, . . ., spec ,, is information generated in response to a
query of a data source d among the data sources d, d,, . .
., d; or a domain specification.

14. The apparatus according to claim 8, wherein the KBs
include Bayesian Knowledge Bases (BKBs), Compound
BKBs (CBKBs), Relational Databases (RDbs), Deductive
Databases (DDbs), Augmented Knowledge-Bases (AKBs).

15. The method according to claim 1, wherein the con-
cepts are according to user input to control generation of the
specification concept graphs.

16. The apparatus according to claim 8, wherein the at
least one processor is to receive the concepts according to
user input to control generation of the specification concept
graphs.

17. The method according to claim 1, wherein the infor-
mation tags include one or a combination of information to
indicate an audit of generation of the knowledge fragments,
or provide an explanation of the computing.

18. The apparatus according to claim 8, wherein the
information tags include one or a combination of informa-
tion to indicate an audit of generation of the knowledge
fragments, or provide an explanation of the computing.

19. An apparatus comprising:

a memory; and

a processor coupled to the memory and to,

select a subset of concept graphs of nodes ca,, ca,,, .
., ca, from coy, ca, . . ., oy, according to a
computable measure of consistency, inconsistency
and/or priority threshold between ca, in cat;, caty, . .
., ca,, to specification concept graph spec, in spec,,
spec,, . . . , spec ,, of concept nodes of concepts and
relation nodes according to at least one of a plurality
of digitized data input from a plurality of comput-
erized data sources d,, d,, . . ., d, forming a first set
of evidences U to represent a first knowledge base

(KB) among a plurality of KBs,
the concept graphs of nodes ca,, ca,, . . ., ca,
including concept nodes and relation nodes for
corresponding obtained plurality of information
and knowledge (IKs) .05, . . ., a,, forming a
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second set of evidences U to represent a second
knowledge base among the plurality of KBs; and
generate knowledge fragment objects of concept frag-
ments obtained for corresponding subset of concept
graphs ca,, ca,, . . ., co,, to include augmenting
information objects by creating or adding into at
least one KB among the KBs, new objects in form
w=E—A from the concept fragments, including a
computed validity (v) and a plausibility (p) for a
combination of relationship constraints € for the
concept fragments and obtained propositions A ,for
the fragment concepts.

#* #* #* #* #*



