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ABSTRACT

INTRODUCTION

A Systems Engineer’s Virtual Assistant (SEVA) is a novel attempt
towards a trustable, human-in-the-loop, interactive, and personal
software system designed to assist a Systems Engineer in their daily
work environment through complex information management and
high-level query-answering to augment their problem-solving abilities. The work defines fundamental characteristics of the assistant
by understanding operational, functional, and system requirements
from Systems Engineers. Using these specific objectives and constraints, the architecture of a personal assistant is proposed using
tools from Natural Language Processing, Knowledge Representation, and Reasoning. SEVA collects information by ingesting
various types of discipline-specific documents and human interaction. It acts as a workbench to manage dynamic information
about projects and analyzes hypothetical scenarios. It handles information relating to schedule and resources and performs temporal
reasoning. It makes logical inferences and derives new information, when needed, in order to answer questions asked by the user.
It also performs case-based reasoning using experiences learned
from interacting with the user. The work addresses above tasks
within a Systems Engineering context where trust in the answers
is paramount. This requires the assistant to be able to explain the
reasoning behind the answers or models learned with no ambiguity. In addition, the knowledge base design proposes a hybrid
approach to build a domain-independent framework with which
domain-specific users can attune it to their preferences: giving it
freedom from traditionally structured knowledge representation
paradigms.

Intelligent personal assistants have drawn attention in recent years
due to their ubiquitous nature of making human lives easier. However, use of such personal assistants by individual scientists or
engineers, such as those at NASA, is still very limited due to the
risk-averse nature of engineering projects, users’ steep learning
curves in studying the unnecessary details of a new system, and
the assistant’s inability to capture the relevant complexity of the
domain. It is a dream for most scientists and engineers to have
an assistant such as Iron Man’s Jarvis [48], who takes care of the
tedious book-keeping aspects and assists them in creative problem
solving. Systems Engineers (SE) deal with large amounts of data
in their everyday work. Their role in technical project planning
requires handling this information and keeping track of diverse
requirements, changing variables, resources, and schedules. This
extensive information assimilation is both tedious and error-prone.
The ability of SEs could be greatly enhanced by a system that could
handle such tasks. SEVA is being developed with this goal in mind:
to assist SEs and enhance their problem-solving abilities by keeping
track of the large amounts of information of a NASA specific project
and using the information to answer reasoning, recall, resource and
schedule queries from the user.
Natural Language Understanding is a key aspect of SEVA. It
performs information extraction to create logic and relationships
from interacting with the SE. From this, the knowledge base is
constructed using a novel hybrid approach which aims to build a
domain independent architecture for a domain specific user. This
means that the user, by interacting with the domain independent
system over time, will make it user-specific or domain-specific; a
framework that can be used to build any personal assistant system
in the future. This can also solve the pervasive problem where
engineers need to learn new software systems or languages for
effective coordination on large shared projects. Instead of engineers
or scientists trying to coordinate with each other, their assistants
can coordinate. In this paper, we discuss the state-of-the-art systems
in these contexts and how, in the long run, user-specific assistants
such as SEVA can benefit large scale engineering projects.
In the following sections, we discuss background works and the
research in artificial intelligence that share similar spirits. The Operations Concept section describes Systems Engineering overview.
System Concept and Key Components present how the functional
requirements are mapped in to the architecture and reasons for the
design choices. Future works and conclusion present the current
state of the project and the next steps toward achieving this vision.
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BACKGROUND
NASA’s state-of-the-art approach to computer-aided Systems Engineering projects is Model Based Systems Engineering (MBSE).
It is a model-centric approach which supports all phases of SDLC
(System Development Life Cycle) with which SEs can design their
large scale projects. Two key problems that MBSE tackles are collaboration of different domains and conversion of documents to
digital models. MBSE also has a similar goal in mind as SEVA: to
facilitate understanding, aid decision-making, examine hypothetical scenarios, and explain, control, and predict events [17]. For
example, the success of Jet Propulsion Laboratory’s Curiosity Mars
Rover has also led NASA to identify the potential challenges in
building its second rover MARS2020 [13]. MBSE is adopted to aid
the design of its flight system model. MBSE is expected to solve the
problems of inadequacy in information capture and dynamic nature of SE’s design documentations such as System Block Diagrams,
Electrical Interconnect List, and Mass Equipment List [13]. MBSE
aims to tackle the problems of lack of a common language between
different disciplines using a formal language called SysML. It creates a shared system by which information blocks caused due to
change propagations and interdependent disciplines are prevented.
Improvements to MBSE have been recently proposed to incorporate
Ontologies to provide formal representations to the models and
entities [12].
NASA’s unique and cutting edge engineering processes require
the SEs to attempt problems that have never been attempted before. What MBSE essentially tackles is this growing complexity of
projects which can easily leave individual engineers error prone
in information assimilation, create communication gaps, and lead
to loss of knowledge. However, systems such as MBSE present a
steep learning curve for new learners who will need to learn the
system or a new language. Our work takes the opposite approach
where the system learns the user’s language. This work proposes
the building blocks necessary to design such personal assistants
in large scale engineering projects. Thus, conceptually, a SEVA
(or multiple SEVAs coordinating together) with a well developed
ontology and reasoning skills can be inclusive of all functionality
of MBSE. Models in SEVA are created through a learning process
over time, stored in a dynamic ontology, and poses a framework
with the ability to communicate with outside models.
Popular intelligent assistants such as Siri provide proactive assistance on a very specific set of contextual tasks such as calling
a friend, sending a message, booking a flight, or making a dinner
reservation. These assistants are not knowledge systems which
can assist a user in complex tasks such as engineering projects
or disease diagnosis. There is little reason for such assistants to
maintain large scale ontologies. For example, the rather small and
active ontology maintained by Siri is sufficient enough to aid its
task-based design [15]. Another feature is that they learn the users’
actions and behaviors such that they can pro-actively help users in
making decisions or performing tasks. One example is learning the
users’ language styles from keyboard usage. SEVA is neither proactive nor predictive, the two being cautionary factors for high-risk
engineering missions. However, two key aspects of these assistants
which appeal to SEVA are the idea of getting attuned to the individual using it and temporal awareness which we explore in this
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work. On the other hand, large scale knowledge systems such as
IBM Watson perform statistical inferencing to answer a question
by going through ingesting millions of documents. IBM Watson is
a technology platform that uses natural language processing and
machine learning to reveal insights from large amounts of unstructured and structured data [21]. The main idea behind Watson is to
essentially answer a question. Watson is trained by QA sessions and
answers are returned with probability or confidence [28]. Watson’s
knowledge is a compilation of knowledge from various domain
experts. Thousands of medical books can be ingested by Watson to
create a large scale knowledge system for disease diagnosis. Since
Watson used evidence gathering and scoring algorithms, ontologies
were not essential in the architecture [11, 27]. On the other hand,
SEVA performs ontology based answering and its design understands that its knowledge could be incomplete. SEVA’s knowledge
is contextual facts and if it knows an answer, that answer should
have an accuracy of 100%. For example, “mass of instrument X
is 5kg” is a true statement at time t1. An ontological knowledge
representation is essential in such scenarios to produce low-risk results as it is essential for the knowledge base to dynamically change
when the mass increases to 6kg at time t2, but still keeping track
of the old mass. An expert system is typically created by instilling
as much domain knowledge as possible. However, since SEVA is a
personal assistant, the design only needs to have a platform onto
which the user can build a user-specific or domain-specific system
over time by interaction or ingesting information.
The Cyc project tried to perform human-like reasoning by building a comprehensive system with Common sense knowledge such
as “water makes things wet”, “plants die eventually”, etc [34]. The
idea was to create a system that can serve as a foundation to all
future expert systems. However, millions of assertions are handcoded to the system and the amount of knowledge required to be
learned was one of the major criticisms of the project [9]. The
idea of common sense is important to SEVA. In order to create an
elementary system, definitions of basic truths have to established
from the systems engineering perspective. For example, 1 + 1 = 2
and propositional logic are relevant common sense to a SE. More
relevant common sense knowledge can be imparted to SEVA along
the way just like a child developing common sense by interacting
with the environment.
The MIT Programmer’s Apprentice Project [5, 38], which ran
in 1970s and 80s, shares a similar spirit with SEVA. The goal was
to study knowledge representation formalism and reasoning in
the context of programming. The work realized the importance of
personal assistants performing mundane tasks and incremental development of knowledge [38] which is also relevant in SEVA. The apprentice project featured Plan Calculus and a hybrid apprentice system; one for design and one for requirements in programming[38].
Our work combines a generalist (SE) with a specialist (SEVA)
such that the specialist’s knowledge base acts as a dynamic workbench for the generalist. Many existing systems either create a
steep learning curve, do not capture the complexity of engineering
projects, take the approach to create an all-knowing expert system,
or require huge amount of labeled data sets. With its domain independent architecture, SEVA addresses such issues of intelligent
personal assistants and identifies future research areas.

A Systems Engineer’s Virtual Assistant (SEVA)

OPERATIONAL CONCEPT
SEVA has many uses for SEs in their daily work environment, such
as during group meetings and individual-specific office work, the
assistant will be able to store information and answer questions
asked by the user. It will be able to recall information, perform
inference, answer questions involving temporal information, solve
hypothetical (what-if) questions, and handle a combination of tasks.
The assistant learns new information from user-input and acquires
new problem-solving skills through inference or through the ‘experience’ gained from the question-answering session. Together,
these functions improve the efficiency and problem-solving ability
of an SE and mitigate faulty human memory and logic.
SEVA would be able to contribute during meetings in multiple
ways. During a regular update meeting, SEVA could gather new
information. For example, information such as “deadline for the
Near Infrared Camera Optics is August 4th” or “the vibration tests for
the rocket boosters are complete” can be stored by the assistant in a
note-taking style. In a design meeting, SEVA would answer direct
questions about the information that it has stored; such as “When is
the stress test for component A scheduled to be completed?” or “What
is the development status of the flight Phase II software system?”. In
problem-solving meetings, it would answer more complex questions
such as “What would the mass of the Spacecraft be if we removed the
radar instrument?” or “Can titanium be used for soft x-ray shielding?”
Apart from meetings, SEVA can help SEs in their office work for
recalling information from various engineering manuals or journals.
It can assist them in conducting experiments by storing procedures,
results, and analysis, provide design support by answering ‘whatif’ questions, and keep track of schedule and other time-related
information.
SEVA has 3 main categories of questions from which its external
interface requirements are based from: 1) Relational, 2) Recall,
and 3) Hypothetical. Relational questions determine the existence
of links between entities. In ontological terminology, links are predicates that connect subjects and objects. The answer can be ‘Yes’,
‘No’, or ‘Unknown’. For example, questions such as “Is Neon a noble
gas?” or “Can Aerogel capture a Niacin molecule moving at 5km/s?”
fall into this category. The next type of questions (Recall) determine
what entity another entity is linked to. For example, questions such
as “What is the total mass of the spacecraft?” or “When is the vibration test for the flight MEB1 ?” fall into this category. Hypothetical
questions are ‘what-if’ scenarios. For example, questions such as
“What will be the mass of Instrument X if component C is removed?”.
Apart from direct recall of information and storage, four major
capabilities of this virtual assistant are defined based on the various
scenarios encountered by an SE: A) perform reasoning tasks, B)
handle temporal (time-related) information, C) answer hypothetical (what-if) questions, and D) learn from ‘Experience’.
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to the idea of taxonomic or is-a relationship between two concepts
[47]. For example, assume SEVA has the following information
in its knowledge base: {Neon is a noble gas} and {Noble gases are
odorless}. From this information, an inference engine can infer that
{Neon is odorless}. SEVA should also have the ability to explain the
steps by which it came to a derived information to the SE when
queried. The term ‘reasoning engine’ and ‘inference engine’ is used
interchangeably throughout this paper.

Time
SEVA handles three categories of time: 1) time-tagging information, 2) processing time-related information, and 3) knowledge of tense. Every information in the assistant’s knowledge
base has to be time-tagged. This helps the assistant in answering
questions such as “What was the mass of the nephelometer instrument three days ago?” or “When was the test schedule changed for
the second stage cryocooler?”. The primary objective of time-tagging
is to help the engineer to temporarily track the change log history of all elements of a project or task. Alternatively, processing
time-related information simply means to understand temporal
information in a sentence such as 06:23:43 for time, 07/11/2016 for
date, and to understand intervals of time such as ‘three hours ago’
or ‘due in 5 hours’. Understanding tense is an obvious capability
necessary to perform the above two tasks, which means to know
grammatical terms such as is, was, ago, had, initial, etc.

Hypothetical Mode
In hypothetical mode, an SE can ask ‘what if’ questions. By entering the hypothetical mode, the user can temporarily modify the
information in the knowledge base. ‘What-if’ questions such as
“What is the TRL 2 of instrument X, if it has been to space?” is a
combination of two tasks: 1) perform temporary updates on
the knowledge base and 2) ask questions as usual. In the example, the knowledge base will be temporarily updated with a
new information: {Instrument X has been to space}. The SE then
asks the question {What is the TRL of instrument X?} After exiting this mode, the knowledge base will be restored to its original
form without the temporary updates. Hypothetical mode helps the
SE in decision-making, design support, and in analyzing various
scenarios or hypothetical models.

Experience

An ontology describes concepts, properties, and relationships in
some formal language such as first-order logic, description logic, or
horn clauses. Using reasoning skills on its ontology, SEVA will be
able to create new, indirect, or derived information that are dependent on the existing knowledge. One form of reasoning is related

Two reasons for unsuccessful querying are 1) the entities in the
question are unknown to SEVA and 2) entities are known but
there is not enough information to answer the question. In
case one, SEVA asks the SE a series of questions to better understand
the original question and to fill the knowledge base with necessary
information to answer the question. For example, when the SE asks
“What is the mass of Neon?” and SEVA’s knowledge base has no
information about ‘Neon’, it will reply by asking “What is Neon?”.
Case two is a logical problem that applies to relational questions
where the ontology is missing the predicate link. Assume the entities ‘mass’ and‘neon’ are in SEVA’s knowledge base. Suppose the
SE asks “What is the mass of instrument X?”. SEVA understands
every entity in the question but has no link connecting them. There

1 Main

2 Technology

Reasoning

Electronics Box [33]

Readiness Level: measures the maturity of a technology [29]
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are two ways to provide the unknown information: 1) make it
derive the answer by creating a logical case through interaction (eg: “mass of an instrument is the sum of its components”) or 2)
give the answer directly (eg: “mass of instrument X is 5kg”). This
type of user-assistant interaction constitutes an ‘Experience’ and
can be used if similar cases appear in future question-answering
sessions. A key aspect of SEVA’s architecture is that an ‘Experience’
is context-driven; it is a function of questions, statements, and rules
or logic from the user. The type of learning we aim to provide SEVA
with is case-based contextual awareness.

Nature of Input & Querying
SEVA should take input from various sources including operations
manuals and projects. In this work, we restrict to Natural Language
text as input. Other types of inputs are left as future work. There
are 4 types of interaction types in SEVA:
(1) Information input: Information given to the assistant
to undergo natural language processing and subsequently
added to its knowledge base
(2) Commands: Basic user commands to enter and exit hypothetical mode, undo an operation
(3) Successful Querying: Ask a question to the assistant and
the assistant responds with an answer
(4) Unsuccessful Querying due to Unknown Elements:
Unsuccessful querying problem is tackled by using interactive dialogues and Case-Based reasoning from Experience.

SYSTEM CONCEPT
Based on the defined operations concept, primary functional requirements were derived. SEVA has the capability to:
(1) Ingest information as text
(2) Store information in an ontology
(3) Perform reasoning on the ontology
(4) Respond to interactive queries
(5) Enter hypothetical mode
(6) Understand time and schedule
(7) Hold a Dynamic Ontology
(8) Save specific interactions as ‘Experience’
(9) Connect knowledge base with endowed models outside
the system
SEVA has a component called ‘Monitor’ which encompasses
methodologies that can oversee, monitor, and assist in debugging
the rest of the architecture. It acts as the central link between the
system and the endowed models located outside. Architectural
components for SEVA are depicted in Figure 1.
Inter-module Communication Protocol (ICP) in Figure 1 depicts
the underlying API (Application Program Interface), the methodology by which each module will communicate with one another.
For example, it addresses the type and the format in which the NLP
module should produce output in order to pass it to the ontology
module.
The endowed models represent knowledge that are not innate to
SEVA. The design does not aim to include all possible knowledge
but rather to have the ability to access any outside knowledge when
needed. Monitor encompasses a special component called ‘Logicker’
that makes this knowledge transfer possible. This means that SEVA

Figure 1: SEVA’s Architectural components
would not know how to solve orbital mechanics problems or probability theory until 1) an experience occurs, 2) the user teaches it
OR 3) it endows the knowledge base with an orbital mechanics or
probability module through Logicker. However, essential capabilities such as elementary math functions which includes addition,
subtraction, and comparison need to be part of SEVA’s fundamental
capability.
More about Monitor, Logicker, and the endowed models are left
as future work. Next section and Figure 2 describes the architectural
components and the functional diagram of SEVA’s design.

KEY COMPONENTS
Natural Language Processing (NLP)
The NLP module converts NL text into information that can easily
be represented in the form of an Ontology. The NLP functions are
divided into 3 tasks: 1) determine the linguistic structure, 2) extract
relations, and 3) extract rules.
Task 1 is to learn the linguistic (grammatical) structure of English. This involves syntactic or semantic parsing techniques and
sub-tasks such as parts-of-speech tagging or semantic role labeling.
The parse tree of a sentence can be represented as constituencybased or dependency-based. A constituency parser, such as [51],
is used to extract sub-phrases from sentences while a dependency
parser, such as Stanford Neural-network parser [6], is used to see
the relation between words. Research focus of this step is to develop an unsupervised version of parsing to induce grammar. A
semi-supervised version can be used to address domain specific
idioms, common sense knowledge, and abbreviations. [22] and [44]
are some relevant works that address unsupervised parsing and
grammar induction.
Task 2 is the process by which relationships are created through
triples or n-tuples. They allow for chunks of information to be represented and stored in an understandable and usable form. Triples
are usually represented in [Subject - Predicate - Object] form. Extracting this predicate or relation between subjects and objects is
the goal of Task 2. SEVA’s design uses unsupervised shallow semantic parsing approach to the triple extraction problem such that
the framework is domain independent. We propose an integrated
heuristic/rule-based Information Extractor for SEVA using Open
Information Extractors (OIE) addressed in works such as ClausIE
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Figure 2: SEVA’s Functional Diagram
[7], Open IE 4.0 [10], CSD-IE [3], and Stanford Open IE [2]. In this
approach, extractors are learned by using hand-crafted rules or
automatically created training data without using any annotated
treebanks. These relationships can then be used to build SEVA’s
Ontology. Refer Table 1 for extraction results from state-of-the-art
OIE tools. Challenge: The extractor results shown in Table 1 are
promising. However, they are not fully accurate extractions of the
input text. SEVA’s goal is to solve this problem using a verb mediated heuristics/rule-based extraction improving upon the existing
work.
Task 3 extracts rules in desirable forms such as horn clauses or
description logic from text or triples. The goal is to assemble the
grammatical structure from parsing, concepts, and relationships
into clauses or rule-like structure. This is because 1) some relations
needs to be more restricted or better formulated as rules, 2) rules
fit better for Closed World Assumption scenarios, and 3) logic extraction from text requires unsupervised deep semantic parsing
mentioned in works such as [20, 37, 40]. Example Text: Aerogel can
capture a niacin molecule that has speed less than 5m/s. Example
of a rule that is ideally extracted from the text:
hasSpeed(X , Y ) ∧ (Y < 5m/s) ∧ NiacinMolecule(X )
∧ Aeroдel(Z ) ⇒ canCapture(Z , X )

Dictionary/Thesaurus. Training the language parser with domain
specific sentences will increase the accuracy. This is done to make
the system familiar with domain specific idioms such as the usage
of “heat pipe” or “cold case” by SEs. We can also create a domain
specific or domain independent set of relations to relate synonyms
and abbreviations to concepts or predicates. This will help in scenarios where the user asks the same question in different ways or
the SE uses abbreviations frequently or a predicate is the same as
another.

Knowledge Base (Ontology)
The Ontology module converts the output from the NLP module
to represent information in the form of an Ontology. This work
chooses a Semantic Web based approach to building SEVA’s ontology. This provides extensibility and access to vast knowledge of
information when needed in a format that SEVA, or specifically,
the Logicker, will understand.
Semantic Web and Web Ontology Language (OWL). The idea of
semantic web framework is to establish a common representation
of data on the web that can be used universally. SEVA uses OWL
2’s (latest version) built-in set of specifications called Resource Description Framework (RDF) [23]; essentially a set of RDF triples. We
are interested in representing our information in an appropriately
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Table 1: Outputs from Open Information Extractors
Input Sentence
If the instrument has been in
space, then its TRL is 7

Stanford Open IE
(instrument; has in; has space)
(its TRL; is in; has space)
(7; is in; has space)

Aerogel can capture a Niacin (Aerogel; can capture Niacin
molecule if the speed of the mol- molecule; less than 5km/s)
ecule is less than 5km/s
(speed; is; less)
(speed; is less than; 5km/s)
(Aerogel; can capture; Niacin
molecule)
(Aerogel; can capture Niacin
molecule; less)
expressive logic language. Thus we focus on Description Logic
(DL), a decidable fragment of First-Order Logic, and rules which
corresponds to OWL 2 DL and OWL 2 RL [32] respectively.
Description Logics (DLs). This section uses the ideas of DLs from
[26] to incorporate into SEVA. Descriptions logics provide the formal semantics for designing ontologies in OWL. DLs consist of
concepts, roles, and individuals. Concepts represent a set or a class.
Examples are instruments, spacecrafts, and launch vehicles. Individuals are specific instances of a set such as SLS, which is a
launch vehicle, or Mass Spectrometer, an instrument. Roles are
relationships between concepts or individuals. Examples are partOf
and hasMass. Their usage will be as partOf(Thrusters, Spacecraft) or
hasMass(DiscoveryShuttle, 75000kg). Readers familiar with Object
Oriented Programming can relate this to objects, their properties,
actions, and the concept of inheritance.
Based on these three components, knowledge in a DL language
is categorized into three: Assertion Box (ABox), Terminological
Box(TBox), and Relational Box (RBox). ABox contains assertions
with individuals such Spacecraft(DiscoveryShuttle) implying that
“Discovery Shuttle is an instance of Spacecraft” or partOf(StarTracker,
DiscoveryShuttle) implying that “StarTracker is a part of Discovery
Shuttle”. TBox consists of relationships between concepts. For example, Conduit ≡ Pipe implying “same-as” relationship or MassSpectrometer v Spectrometer implying “sub-class” relationship. RBox
consists of relationships between roles partOf ◦ partOf v partOf
representing transitive property of the role. SEVA’s design uses a
popular fragment of DL called SROIQ [18] Ontology.
Hybrid Ontology. SEVA Ontology is divided into Base Ontology and Custom Ontology. Custom Ontology consists of domain
specific concepts and instantiations, mostly the TBox and ABox axioms. Base Ontology contains the essential ingredients or building
blocks of a domain independent initial ontology upon which a SE
can build their customized ontology. It consists of the very basic
axioms and rules that governs the ontology. It predominantly describes relationships and properties of predicates or RBox axioms.
Some examples are partOf ◦ partOf v partOf representing transitive property and partO f ≡ hasComponent − describing inverse

ClausIE
(the instrument; has been; in
space)
(its; has; TRL)
(its TRL; is ; 7 if the instrument
has been in space then)
(its TRL; is; 7)
(Aerogel; can capture; a Niacin
molecule if the speed of the molecule is less than 5km/s)
(Aerogel; can capture; a Niacin
molecule)
(the speed of the molecule; is;
less than 5km/s)

Open IE 4.0
(the instrument; has been; in
space)

(Aerogel; can capture; a Niacin
molecule)
(the speed of the molecule; is;
less than 5km/s)

relationship. Some TBox and ABox axioms can optionally be stored
in the Base Ontology if they are common sense knowledge, synonyms, or abbreviations. Some examples are Conduit ≡ Tube and
isAbbreviationFor(SLS, SpaceLaunchSystem). For a comprehensive
knowledge in Synonyms or other English language structures, in
addition to hand-crafted database, tools such as WordNet or DBpedia can be used. Over a period of usage, the Base Ontology by itself
will constitute a fundamental domain independent and transferable
relation-base for the SEs.
Challenge: Research focus of this step will be to automatically
understand verbs and their properties, and connect them to other
verbs in the base ontology using a dictionary or thesaurus tools.
Assume the SE enters the sentence: “X partOf Y”. While the custom
ontology is entered with the axiom partOf(X, Y), the base ontology
should be populated with the axiom partOf ◦ partOf v partOf implying transitive property. In addition, if “hasComponent” is present in
the ontology, an inverse relationship has to be established between
those two. Refer Figure 3 for an example.

Rule-like Knowledge. Rule-like knowledge represents information in the form of horn clauses with a head and a body. Consider
the example below:
can-Capture(X,Y) :-Aerogel(X), NiacinMolecule(Y),
hasThickness(X,Z), greaterThan(Z,5cm), hasSpeed(Y,S),
lessThan(S,10m/s).
The above rule says that an Aerogel with thickness greater than
5cm can capture a Niacin molecule moving at speed less than
10m/s. Although the same logic can be represented in Description Logic(DL), this requires NLP to convert text to DL logic which
can demand deep semantic parsing approaches. SEVA’s design uses
rules as an addition to Description Logic. The task of ‘Rule Extractor’ component of NLP module is to extract rules from triples. This
is also important in extracting information from nested triples that
are dependent on each other. A simple example of this is an n-tuple
shown below:
T1 : [X , equals, Y , i f T2]
T2 : [Z , has value, 10]

A Systems Engineer’s Virtual Assistant (SEVA)
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To aid user friendliness, SEVA’s design follows that newer information overrides older conflicting information. The user will be
notified only if the conflicting information contain a Base Ontology
entity or the user has made some specifications. For example, the
user is notified only if there is logic issue but not a mass update.
Representing time in ontologies and intelligent systems have been
studied by works such as [1, 4]. Challenge: There is little research
available on knowledge bases requiring a dynamic ontology that
can perform temporal reasoning on a hybrid representation and a
hybrid world assumption.

Reasoning Engine

Figure 3: Hybrid Ontology Model

Another source of horn-like rules are ‘experiences’ from the interactive sessions. The user can teach SEVA rules to do a certain task
through a conversation.
Open/Closed World Assumption (OWA/CWA). An open world
does not assume complete information thus responding with an “I
don’t know” answer, while a closed world assumes that if something
is not known to be true, then it is false. Formal definitions of these
two assumptions can be found in [39]. OWA is best seen in large
systems such as semantic web where it is not feasible to incorporate
all possible information in the ontology. However, some predicates
are better represented by the CWA. For example, “is X partOf Y ”?
If the user has never mentioned that ”thrusters are part of the
spacecraft”, it is reasonable to assume they are not. This means that
SEVA’s knowledge base should support an open world assumption
in general but certain predicates would be allowed to have closed
world property. Works such as [8] and [24] study this type of
integration. Base ontology in Figure 3 will integrate OWA and CWA
to the predicates. This will in turn impact the choice of reasoning
engines for SEVA as most rule-like knowledge formalisms support
CWA while Description Logic formalisms support OWA.
Dynamic Nature. SE deals with constantly changing information
including time, events, and schedule. New information may need
to be added or old information may need to be updated. Ontology
consistency needs to be checked on each update. SEVA also needs
to maintain versions of Ontology which are required to perform
temporal reasoning, scheduling, and undo operation. Guidelines for
a dynamic ontology is presented in works such as [35, 36, 45, 49, 50].

The primary function of this module is to perform inference on
the ontology. TBox inferences include subsumption, consistency,
satisfiability, equivalence, and disjoint checking. Whereas ABox
inferences include instance checking and retrieval [47]. SEVA’s
design considers multiple options for reasoners depending on the
design choices for Knowledge Base construction:
(1) Using an OWL 2 RL Reasoner throughout: This option suggests the use of an RL reasoner for both TBox and ABox
reasoning. This is less expressive but runs in polynomial
time. Some example reasoners are BaseVISor [30], ELLY
[42], Jena [19], and Logic Programming approaches to RL
using SWI-Prolog [47].
(2) Using a DL Reasoner for TBox reasoning and an RL Reasoner
for ABox: TBox has more of static information. So using
more expressive and computationally complex DL reasoner
for TBox reasoning gives extensibility to SEVA in the future. Some DL reasoners are FaCT++ [46], RACERPRO
[16], Pellet [43], and Hermit [41]. An example of this kind
of implementation is DLEJena which uses Pellet for TBox
reasoning and Apache Jena for ABox reasoning [31].
(3) Using a DL Reasoner for TBox and non-OWL rule-based
reasoner for ABox: A conversion from OWL to rules tailored
to the rule-engine is required in this case. For example, a
conversion of OWL to Jess rules is required when using
Jess rule engine [14].

Interactive Query-Answering
SEVA uses the knowledge-based paradigm [21] for question answering by building a semantic representation of the question. NLP
module is needed for parsing, extracting relations from the query,
or extracting rules in some form of query language such as SPARQL
[47] using the same OIE paradigm.
Querying on an ontology link which consists of Subject-PredicateObject can be of two forms: a) asking for the object and b) asking
for the predicate. Possible responses can be a) an answer which
is contextually correct according to SEVA, b) a logical interaction
to understand the missing link or predicate, or c) an interaction
or instructions to the user to teach SEVA about a missing concept.
Refer Figure 4 for query and response types.
Capturing Experience. Capturing Experience is a process by which
the assistant is taught logically how to arrive at the conclusion or
can be viewed as a algorithm being taught to the assistant for casebased reasoning. It can use an existing algorithm to solve a similarly
appearing problem with the guidance of the user. The following
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Although SEVA is designed for a SE, the idea is extensible to all
domains where personal assistants, that can grow alongside with
the user, are needed. Thus, extending the idea to other domains
is a future direction. Interconnectedness of different domains and
different engineers makes a seemingly simple question “Is it possible
to add one more instrument to the spacecraft?” challenging. We
envision multiple SEVAs each belonging to a SE filling the gap of
information assimilation and distributed coordination. Application
of assistants in such collaborative settings is another area of future
work.

CONCLUSION

Figure 4: Queries and Responses
[S-P-O] represents [Subject - Predicate - Object] . OWA represents Open
World Assumption

scenario represents the “Unknown due to OWA” answer type where
SEVA linguistically understands the question being asked, however
does not poses enough information to answer it. It then interacts
with the user to learn logic. The conversation between the user and
SEVA shows an example of how an experience is captured into a
case.

This work introduced SEVA - a vision of a Systems Engineer’s personal assistant. SEVA is a single-user system designed to assist
SEs in their day-to-day activities. The work designed the architecture for a framework with specific goals and constraints within
the context of a NASA SE who deals with risk-averse complex engineering projects. SEVA makes it easier for the SE to focus on
the creative problem solving by taking care of all the tedious bookkeeping and potentially error-prone information assimilation. SEVA
is a trustable system with a domain independent framework that
grows by human-in-the-loop learning and becomes user-specific or
domain-specific over time. The work discussed how SEVA performs
natural language processing, information management, inferencing, learning, and query-answering. We described what SEVA is
and what it is not, as well as the tools with which such an implementation is feasible and the areas that require further research.
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