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Abstracfl We describe a strategy for performing semantic
seaches for analyzing military intelligence. Our strategy allows
the analyst and the query engingo work together to reduce a
complex queryinto simpler queries. Theanswersfor the simpler
queries are combined into answes for the original query. The
queries can be refined using rules defined by the analyst or
analytics created by a data scientistOur strategy uses an
alternative approach to semantic modeling than the statef-the-
art approaches based on OWLOWL is an implementation of a
branch of mathemdical logics designed specifically for semantic
modeling called description logics. Our strategy uses a branch of
mathematical logics called type theory. We use type theory
becauseof the long history of developing systems based on type
theory for reasoning interactively. We demonstrate with an
examplehow the strategy can be used t@answer questions posed
by analysts that couldn't be answered using conventional
methods.

Keywords: semantic search military intelligence analytics
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proving

I. INTRODUCTION
"The Army is working closely with the intelligence

then the external organization and the attacking family have
common interests. Or it could be inferretsing network
analysisbecause Sadat Baba and Taliban both are linked to
Dalazak by the same relationship within the same subgraph.

The current statef-theart for military intelligence
analysisfocuses orthe analystusing visual aidsand various
retrieval techniques, such as faceted search and querying, to
perform this inferencemanually [3]. Military intelligence
analysis systemshould focuson developing strategies for
reducing the manual work performed by analyst by
incorporating more autoated methods The effort for
searching for data can be reduced if the quengine
automated some of the work the analyst$équered manually.
This means thgueryenginewould need tchaveanaltics that
automate some of the inductive and deductive redsg
performed by the analyst.

Some of theanalytics usedn a query or search may be
different from the analytics used in ETL (extraction,
transformation, and load). In ETlnalyticsare used primary
for entity and feature extraction, entity resolutiamd entity
fusion [4]. In this case, the analytics aren't used to answer a
query posed by an analyst. The analytics we are interested in

community and other Defense Department partners, includinguch as multi-relational link predicatior{5] [6], occur after

the Navy, in developing clouddased systes for battlefield
intelligence"[1] The goal of the U.S. Armis to fulfill theater
intelligence requirementsising these system@&s much as
possible [2]. For example, suppose an analyst created
hypothesis that a family within an Afghan village is
responsible for several IEDShe analyst may use thel@id to
determine which families have connections tdostile
organizationsThe data may bi the Qoud thatdirectly links

a family to a hostileorganizéion. For example suppose the
Sada Baba family [2] is a member of the village and
intelligence data contamthe tiple (Sada Baba sharesprofit
Taliban) In the triple,Sadat Baba is the subject, shgpesfit

is the predicate and Taliban is the objé&ah the other hand,
the intelligence data may only contain data thdirectly links
the family to a hostile orgération. These links have to be

inferred either deductively or inductively from the data. For
example, it may be possible to inférat Sadat Baba and the |

ETL. The aralytics will be performed after the data hasehe
mapped into a graplike structure, such as RDF or DR[H,
[8]. Thereforethe query enginewvill need the ability to express
the belavior of the analytic interms of he underlying semantic
network.

The behavior of an analytic can be specifésdthe logical
implication of thepostconditionfrom the precondition The
precondition is a logical statement that must be satisfied in
order Pbr the analytic to produce valid output. The
postcondition is a logical statement that describes the
characteristics of the concepts and relationships produced by
the analytic.In the simplest case, the specification of an
analytic could be defined as! ! where! is the
precondition and is the postcondition. For examplethe
precondition of theanalytic for associating a family and an
external organization woulde ‘for any!! ! "#$%&and
LD I"#$%&" ()*+"&3, "#$%there exists &! | 1"#$%&such

Taliban have common interests because both Sadat Baba apd

the Taliban attackethe Dalazakfamily. This couldbe inferred
by applying the following rule. If a family andan external

at(P sy and (L I™MI#$ N )Y The postcondition
would be'(! I I"##'$  1I"HS% DML ).

organization attack another family in the same tribe or village,
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The examples above mayisleadthe readeto believethat  Their approaches use heuidst to perform inductive and
first-order logic would be sufficientfor expressing the deductive reasoningThey also usenachine learning tdind
precondition and postcondition However, frst-order logic  new rulesto add to the knowledge bageur strategy support
doesn't support cases when analytics can operate on a setirafuctive and deductive reasoning except we use proof
concepts and roles. Fekample consider an analytic thases  theoretic methods used in interactive theorem prover
numeric calculations to determine relationships, such a¥heoremprovers, such abBluPrl [18], Coq[19], and Isabelle
common neighbor algorithni8]. Such an analytic only cares [20], use interactive methods fordevelopng formal
about relationships aedges between nodes. So it can operatenathematical proofdn these systems, thassertionsare type
on any conceptFor example, fi the analytic uses a common judgments Type judgments are logical statements that ask
neighbors algorithm for determining the cowminterests which objects belong to a specific type. The types can be

relationship, then the precondition would ber fany!! ! defined to resemble logical statements, suchlag ! | . We
Iland!'! 11l there exists &! !!! suchthat(!!!t! 1) use this same technique in our query language. Howeuer,
and(! ' 1), In this precondition, we parameterized the type theory differdrom the stateof-the-art in order tosupport

concepts for the attackers, Family and National Organizatiorsemantic modeling.
and we parameterizedhe attack relationshipWe can also K-DTT [21] and SDTT [22] are type theories that use

parameterize the postconditioRor example, a datecigntist ! ; . > .
may be able to improve the analytic to infer a strongeﬁxtens'mll approach to Temannc rrr]wodellrlgescrlpt|ondlé)1%;cs
relationship between the attackers using additional informatiof}. o0 Us€ an extensional approach to semantic mo 9.
about them.In this casethe postconditionwould be'there ~ Means that ABox statements or an external source, such as a

. L1 g | P htha(! 111 11 databasgehasto be used to determine that an object belongs to
existsd ! | I"##'$  I"#$%S&eRch that 111! 11" a conceptIn TT-1Q, concept membership istensional In

The queryenginecould use thepecification of an analytic Other words, we determine whether an object beldoga

as a rule for solving an intelligence requirement. If theconcept basedn how the object was constructed. Therefore
specification of an analytic is ! ! and the intelligence there is no need for -Box statements or external sourdes

requirement can be reduced !tp then the solution to the determine concept membership

intellligenc_e requirement _Wouldbe the concepts and Type theory isn't the only method of using higbeder
relationships that the analytic produces that satisfy logic for semantic modeling. Classical higtweder logics have

In this paper, wepresent a strategy fomnalyzing Peen used for semantic modeling as @8]E]26]. However,
intelligence data usingn interactive query languagaVhen a  the query languages used in these approaches do not allow a
user specifies a query, the query engine solves the query Byer to define analytics to be incorporated into the query
refining it into new queries. If any of the new queries cannot b&NgiNe
answered, it asks the user to assist it. The user assists the queryryle-hased approaches for semantic search, sule
engine by specifying an anallytic or rule th.at can.solve th%enerating Dependencie§27], have the capability to
query or reduce the query into new queries. This proceSgcorporate rules specified by a user into the query answering
continues until all queries are answered or until there is a quenjrocess. However, these papactes are implemented using
that cannot be answeteThe query engine keeps traokthis first.order reasoning techniques from logimgranming. As a
process and combiaghe answers from the generated queriesesylt, they will not be able tsupport @main metamodeling.
into an answer for the original quest the heart of the query oy strategy, on the other hamdl supportfinding concepts

languages the type theorf T-IQ, Type Theory fonteractive  gnq relationsips that meet specific critetia
Querying The query engine forTT-IQ consists of a

framework that allows a data scientist to define analytics that .  INTERACTIVE QUERYING
can be included in query processing and for analysts to add

new rules. In this section, we give an overview of how interactive

querying is performed. Interfiee querying is analogous to
This paper is otlined as follavs. First, wepresent work proving a type judgment Informally, a typing judgment
related to our strategy. Then, we use an example to consistsof a goal and a set of assumptiorishe goal isthe
demonstrate interactive querying. Next we give an overview clssertion we want to prov@he assumptions represent facts
TT-1Q. Finally, we conclude the paper with a discussion of ouand statements from the knowledge base. Thergfarensists
strategy of logical statements about the semantic meaningootepts
and relationships.

.  RELATED WORK , , ,
o . Fig. 1 shows an example proof created from an interactive
Our stratey is similar toapproaches that use a semanticqery for attacks in a region that may haweolved a specific
network or ontology for refining queries. These approachegyerson. We assume thealyst only knows that the person has
such as QUICK10], LISQL [11], and query rewritingl2] use 5 set of features observed tay interrogator such as facial
semantic information to enhance a query supplied by a useparks, teight, and the number of a cell phone belonging to the
These approaches use a semantic network and Stepwiggtainee. This query iated as judgmenthat appears abe
refinementto create semantic querieSur approachon the (oot of the proof treeHere we state the judgments informally
other handuses stepwise refinement for query execution. in natural languag&he assumptions ithe judgmentin Fig. 1

Researchers at GMU have spent over 15 years developirg@ntain a definition of a type representing the concAfteck
strategieghat could be used for interactive query[ag]g[17].  and Personanobject representing the features of the detine
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Assumptions I find Attacks in region R involving Person with picture P ]

By Narrow Concept

-

Assumptions I find IEDs in region R involving Person with picture P ]

\

By Narrow Predicate

Assumptions I find IEDs in region R near Person with picture P ]

By Concept Introduction

[ Assumptions - E:= find IEDs in region R J Assumptions + 0:= find observations
I_ of Person with Picture P in region R
By Geo Search

l— By Person Observation

Assumptions, E : IEDs in region P, O =: observation of Person with Picture
P,rinE, pin O FR is near p.

I— By Nearness Predicate

Fig. 1. Example proof created from an interactive query

featuresof the detaineegleclarations of the prézhtesymbols, two tactics have the same rank, then the user will need to select
such as involving; andefinitions ofdata typedhat represent thetacticto apply

cell phone numbsrand regios. The assumptions also contain
a taxonomy of properties and featuresThe taxonomy is
defined asa partial ordering on predicate symbols and attribut
names.

Narrow Predicate is similar to Narrow Concept, except
é\larrow Predicatereplaces a predicate symbol with another
predicate symbolTherefore Narrow Predicatbas antecedents
to prove that the replacemenpredicate is asubproperty of

The query engine determines whitzttics can be applied subdituted predicate. This requireswo antecedents: an
basedon whether the conclusion oftactic matches the goal of antecedento prove that thaeplacementproperty isa sub
a judgment.The query engine uses thgpe compatibility  property of the existing propergnd anantecedento prove
relationship [28] of TT-IQ to perform matchingWhen two that thetype of the subproperty is a subtype of thgpe of the
types! and! !lare compatible it means that an object incan  superproperty The first antecedent has to be proved using the
be converted to an object in! and vice versa. Type taxonomy of the properties and featur€ke tactic also has a
compatibility isan extension of the subtyping relationship  third antecedenthat containghe subpropertyinstead of the
TT-1Q. We give an overview of subtyping i®Verview of TF superproperty The proof tree irFig. 1 shows the judgne
1Q". produced from the third antecedemb. particdar, it shows

. . "involving" replacedwith "neat'.
Eachtactic has a conclusion and zero or margecedents g rep

When atactic matches a judgment, the query engine creates The judgments produced by Concept Introduction illustrate
new judgments for each antecedeRbr examplethe Narrow the need fodependent judgmentslormally in type theory and
Concepttactic is a builtin tactic that replaces a tydein a  in sequent calculus, judgments of tham® parent are
term with a subtype df. Thistactichas two antecedents. One independent of each other. However, when ugeractive
antecedenis a judgmenthat assertshe replacement type is a proofs to query for data, terms created on one branch could be
subtype of the substituted type. The other antecedent is tlused in a judgment on a different branch. Notice that two of the
same as the conclusion except all occurrences of thetygpper goals produced by Concept Introducti@entain! . This

are replaced with the subtypEig. 1 only shows the second special constructor informs the query engine to create a
antecedent because the first antecedent can be provegference to the terithat satisfieghe type on the right hand
automatically usingd T-1Q's subtyping relationship. side of . At some point, a tactic will be invoked that uses an
analytic to create objects or find objects in the knowledge base

In practice, the query engine will only show the judgments; iy to the reference.

that require assistance from the usknere maybe multiple
tactics that can be applied to a judgmértie compatibility The Geo Search tactic uses an analytic to bind a reference
relationship can rank thiactics that match best. However, if to a collection of terms that are within a specific regiBeo
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Search uses the gaadthe criteriato search foobjects within Both types and objges are termsWe define the terms
a specific region in the knowledge baktare specifically, Geo and! asfollows.

Searchhas a conclusion that has a type that contains on W

attribute, location. The type of location )ilothe supertype of alﬁ i DR ey o res

types that could be used as the criteria for a geospatial search, R, T )T

such as KML.This type matchsany type that h&an attribute , \ \ .
thatis compatible with KML and the name of the attribute is O L e e U DL
interchangeablwith location.Thetaxonomydetermines which NI I IR
attributes are interchangeable with locatibhe tacticuses this S S ~
attribute as the search criteria. In practice, twic may also e et o
require a time range.

Person Observation is tactic that is created by a data
scientist In other words, it is an analytic thateates concepts
inductively. Thismeans itcreates thealefinition of a typeby
generalizing existing data Lets assume that Person
Observationexamines SIGINTdatafor calls originating form

In the definition of terms,! and! range over tsings and
numbers respectively; ranges over attribute names; and
and! range over vaables. The term! represents null. The
terms!! and!! represent true and false, respectively. The terms

or made to the telephone number of the cellphone in th Ith|e_ form(!, éy!! S, _rbepresehnt ere_coLds. Each
possessionf a detainee. The time and location of the each call ! ! In a recordrepreserdan atribute where, is the name

is used as anbservatiorpoint of the person. In they, a new of the attribute and), is the value of the attribute h& £rms of
triple is added to the knowledge base that links the person {pe form!!! represent selecting the value of an attribute whose
the time and location of the call. In practitiee query engine Name is! from a record. Terms of the form!, ! !f, !

may not create the trigelnsteadihe query enginenaydefine ~ fepresent listsTerms of the fornh!l #$ representhe number

a way to create the trideon demand without alterg the of elements in the lidt ! and! range over predicate symbols
knowledge base unless directly instructed to do Hais an(_j function symbols, respectively.is the type of strings and
approach is essential for closdale data because it doesnt! is the type of numberswWe call the termd , !, 1,

performany destructive modificationi the analystwans to ' !'!! U b, T HwEg, o0 (0 b, ), and
back outchangesInsteadthe query engineould have a local !h!! !!, ! objects We call all of the other terms, such as
cachecontaining the new triples. The modifications could bef! !!!! !} and! 1111 types

made permanent only whexplicitly specified by theanalyst

or a data scientist Terms of the formy, !, 1 I I Il 11, representecordtypes

and terms of the for'represent list typesThe typel"#!

The antecedent and conclusion of a tactic based on dgpresentthe type that contains typebat represent logical
analytic is determined by the precondition and postcondition oormulas, such as! !'tand! (!,!! !l,). Any type created
the analytic. The system uses the precondition as theésing terms inl"#! will also be in!"#! . For example
antecedent and the postcondition asdheclusion For Person  !"#!(1 1) 1 II"#1(1 1) is a member of'#! . Terms of tle form
Observation the postcondition states that there exists a concdpt! !! I} represent set types. Intuitively a set type
I where each object is a Person that has the features of tfid! !! Jlrepresents a list of objects of typewhere each
detainee anwvhose locations correspond to the locations of thenember of the list makes the type representing the logical
cell phone. The precondition requires that there exists a perséormula! ! true. We calll” a reference We usd to support
in theknowledgebase who has tHeaturesof the detaineeTo  injecting terms created bgn analytic running in a separate
satisfy the preconditignthe analyst willneed toadd the subsystemNotice there are two kinds of quantifiers, those that
detainee to therdowledge base. The precondition also requiregange over object$,! ! and! ! I'! | and those that range over
that we can determine the locations of the cell phode. types!! ! ! and!! ! !. In the quantifiers that range over
assume anotheanalytic will determine thislocation For  objects!!! meand is a member of type. So,! I'!! means
brevity, assume that the query engine can prove thifor all terms! that are members of the type In the
automatically. As a result, it isn't incded inFig. 1. quantifiers that range over typés! ! meand is a subtype

We envision a suite of tactics that discover relationshipgf! -So,t ! 1 I means for all types that are subtypes of

between an entity and an event. These tactics use analytics thatNotice that ypes may contain objects. For exampld#f

can create new relationships. In other words, they can add newa predicate symbol that represents greater than equal to and
triples to the knowledge ba. Nearness Predicate belongs to"# is a function symbol that represents absolute zero, then
this suite. Nearness Predicate uses an analytic that creates ngw: 11"#(1"# (1 )!1 )}is a type that contains the objettand
triples using the near predicate. In other words, it creates triplesy 111

of the form { near! ) where! is an entity and is an event. i i A
Given any wo terms! and!!and a variablé,!!!"111is

IV. OVERVIEW OFTT-IQ the term produced by replacing all free occurrencesiof

. . . i with I'l. For example! (! (V1Y) Tist (1)), For
In this section, we give the formal definition of 1. Due .two terms! and! , we write!!! to mean that inhabits the

to space limitations, we omit some rigor that would be found pe! or! is a member of the tyde. For examplel I and

a normal presentation of type theory. [fuuqr! . We give some of the rules of FIQ for
determining which terms inhabit a typeFig. 4.
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t—=(a; =ty ..,a, =t,)

= a;
" (FIELD SELECTION —)
t.a—a;

t, =t/ .. t =t
- ——— (LisT =)
[t1, o, t] = [t1, o) t1]

t = [ty ., ty]

- (LisT SIZE =)
t.size = n

S(fty, - t)) Pt

f(ty, o ty) =t

(FUNCTION APPLICATION —!

I 1mg$06&™ I 1"#$0 Y 11
SINININE PUIES06&™ I I"#$%&#'( ! !}

I 1Mi#1$9%! I
i

{I"#3$%&M"# }. Geo Search doesn't take any relationships as
input

Traditionally, the definition of a type theonycludesrules
for evaluating terms. As a result, most type theories in the
literature are definitions of statistically typeflinctional
programming language3.T-1Q has rules for evaluatioWe
list a sulset of the rules irFig. 2. TT-IQ should not be
considered a functional programming language-lQTdoes
not contain a construct for creating functions. Instead/Q@T
defines a mearf®r injecting functionsand relationsnto it that
are executed by an external subsystem or programming
language. We represent the external subsystem or
programming language as amerpreter For any term, an
interpreter maps! to a term!!. We use! to denote an
interpreter. We writé (1) ! !'to mean that interpretd as
Il. The intepreter is used to evaluate the application of
function symbols and predicate symbol&or a term, we
write !'! Il to mean! evaluates to!!. The rules
Ligsoes 1 maswes( | and ! #s%s I ma#swe# (! indicate
that the application of a function symbol or a predicate symbol
to a sequence of terms is equal to the interpretation of the
applicationof the function symbol or predicate symb®hese

rules do not require that the arguments of the function symbol
and predicate symbol be evaluated before passing them to the
interpreter As a resultthe interpretecandeterminethe mode
of evaluation such as lazy evaluation or eager evaluafidre

The specification ofan analytic can be generalizeds evaluation rule ! msseer ! illustrates the ability of the
follows. The specification will need to contain universal interpreter to manage storage of instance data. Intuitively
quantifiers to allow the query engine to pass in types anf#$% ! means that a reference to a concept evaluates to
objects to the analytic. If the analytic taked irypes and the set of individuals in the concept. The concept is defined by

objects then the specification will need the quantifiersthe type! and! is a pointer to @ index, graph or other data
L1, 0 1,1, vt and !, 01,0011, . We  Structure that contains members of the concept

abbreviate these dsl ! ! and!r!!, respectively. An A paramount feature of FIQ is subtyping. TTIQ uses a
analyticmay output types and objects. dh analytic generates unique feature to typing that is required for semantic modeling.
I types and objects, then the specification will need to Traditionally, subtyping on record types is the samelassc
contain existetial quantifiers !'!, ! 11 11, 1 1 and inheritance. In other words, a record typis a subtype of ! if

LE 0L ). We abbreviate these ad’ ! 17 and  all the attributes i ! are also attributes in. This means that

I PITT, respectively. The specification will also contain thefor every attribute nameH in ! !there is attribute in T.
precondition and the postcondition of the atialywe denote However, this definition of subtyping ignores the semantic
these respectively asand! . The general term that representsmeaning of attribute names. Two attries can have different

the specification of an analytic is specified in (1). names, but mean the same thing. As a resul|Q Oefines
. .. oo subtyping so that attribute names do not have to be
LU rnri (e et 1)

Fig. 2. Evaluation rules for terms that do not evaluate to themselves.

syntactically the same, but semantically the same. Actually, in
: . . TT-IQ attribute names do not need to be equivalent, bat o
_ In practice, the number of infs anq outputs of an dgtic attribute name has to be subsumable by the other. The
will be small. For example, the specification of Geo Search, afefipjtion of subtyping in TTIQ uses a partial ordering on
analytic that finds objects that occur within a regi®as  ayrihyte names to define subtyping. Due to space limitations
follows. we are unable to define the complete definition of subtyping.
PEL {1"3$9%&M"# I LI I"#$ We do show thsubtyping rule for record typdelow.

LU rESoel& (1) @ LIL e ol !

In the specification of an analytic, thés and 's in (1) T TR
represent concepts and the and 's represent individualén R
analytic may also take relationships as input and output In "Interactive Queryinwe showed examples of tactics
relationships. The relationships an analytic takes as @f@ut A tactic is a program or script that returngraof tree.A proof
defined by! , andthe relationships an analyticquuces are tree represents a proof oftgpe judgmentintuitively a type
definedby! . For examplethe Geo Search analytioutputs a  judgment asserts that a term belongs to a type. A type
relationship"#$%!&"(! !!). The domain is defined lhetype  judgment has the formh ! 1111 where! represents an

of I which is!"# and the range is all subtypes of environmentand! !!!represents the assertion thanhabits
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Query Engine tactic

Interpreter

proof tree

proof rule

Rule Engine

proof tree

Fig. 3. Interaction between the query engine, the rule engine, ar
interpreter.

I'l. The environment, , of a type judgment consists of type

assignments, terms, predicate symbols and function symbols
also consists of pairs of predicate symbols and attribute names

These pairs fon a partial ordering, . If !, !l I, are type
assignments of terms, predicate symbols,
symbols, ther 'l 11 11, is an environment.

Only the rule engine can execute a proof rule. The rul

engine is a subcomponent of the quengine. Given a rule, a

to prove judgments that require an analytic#$%&! I'#
generates concepts and individuals that satisfy a condition
specified as a type. The condition can represent a relationship
or the search criterifor a query. The condition is specified as
the typel in! #s%e&!l "*# . An analytic whose postcondition
matched is used to generate the concepts and individuals that
satisfy the condition specified &s In the rule, the analytic is

I and its postcondition is. The topright hypothesis is used to
edablish that! matched if replacing the free variables in
produces a term that is a supertypel of The terms that
replace the free variables are the inputs to the anaTyﬁod

I, and the outputs of the analytl?, andl”. 1 is asequence of
types!,!! I, andl is a sequence of objects!! !, .
I_Iitkewiser is a sequence of types!! 2 , andTis a
sequence of objects,,...,w;. Intuitively, V andv are the
concepts and individuals gaired by the analytic to produce

and functiofe concepts and individual’ and T that satisfy the

relationship defined by. All free variables in eachV; andv;
are declared i". EachW; and eachw; do not have any free
Sariables.

proof tree, and judgment in the proof tree, the rule engine will - Sincel/ and# represent the inpub the analytic we need
apply the rule to the judgment. The result will be a proof trego verify they satisfy the preconditigh The three hypotheses
that uses the antecedent of the rule to create children of th@ AnayLicEvaL on the left achieve this. The top two

judgment.Fig. 3 illustrates the relationship between the queryhypotheses are judgments to verify that the inputs to the

engine, the rule engine and the interpreter.

analytic have the correct types. The last of thedthypotheses

TT-IQ does notdefine the language in which tactics are Verifies thatg is true with all of its free variables replaced with
written. An interpreter performs evaluation of tactics. Detailed"PUts to the analytic. The top hypothesis on the right is used to

discussion of the language for ciiagt tactics is outside the
scope of this papem this paper it sufficeto say that a tactic

verify that the postcondition is true for the inputs and outputs
of the analytic. The second hypothes@n the top on the right

takes as input a typing judgment and outputs a proof tree. Thidicates that the output gfonV andi produces¥ andiv.

root of the tree has to be the input judgmé@ihie tactic has to
use proof rules to create the pfdree.

Fig. 4 contains a few proof rules for HD. We use
I hrwswets  to specify that an analytic wiltetrieve the
individuals of a concept represented! & a subtype of .

Recall from FUNCTION APPLICATION — in Fig. 2 that an
interpreter is used to produIzTe andw. The hypothesis on the
bottomright indicateshat eachl¥; evaluates to a list of terms

of typeY; and that each; evaluates to a term that is of type
T;. This hypothesis shows that we intend to represent concepts

The rule uses a concept reference so that we can postporelist of terms of a specific type. Thg REWRITE rule makes
selection of the analytic until we have a judgment whose typase of the fact that for any termif ¢: {y: T|T'} thent: T and

matches th postcondition of an analytic. We usexso&!! 1"#

r,X<T+w ¢[X /X]:prop

I' +3X < T:prop

(3< ELIMINATION)

Fr-3X <T.(Vy:X.T") AT":prop

r+3ax <{y:T|7""}.7":prop

r+v<=u
rvwT
rr ¢[17/J?][V/X7]:prop

(3 REWRITE)

rv T <y[W/Y]IW/yl[v/x][V/X]
fV,9) = [W,w]
Wy =t andT Ft:Y, w; =t and T Ft): T/

-
Y —

F,f:VXSU.vf:?.(cl)ﬁﬂysﬁ.ﬂi:ﬁ.lp),l”I—T:prop
'r-S<T TIr3Ix<s.

L (ANAYLIC EVAL)

T':prop

I'+3X <T.T':prop

Fig. 4. A subset of the type rules of TQ

(NARROW TYPE)
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LINIHG008) '590& (1"#88%& L 11 1 {11 11"#8001& (! 1]
D{He068 | (1 IHS%8& ) LIS (LI I I IS

By! 1 Rewrite

I, d:Person,R:Region,c.CellNum  3A < [ED.Yy: A.inRegion(R,y) A 3P
< {p:Person| = (p.features, d) A used(p, ¢)}. 3a: A. 3p: P.near(a, p)

By 3. Elimination
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Fig. 5. Proof tree illustrating ! rules and analytic evaluation.

T[t/y]:prop.

Recall in Fig. 1, we used the Narrow Concept tactic to
replace Attack with IED. Narrow Concept contains code to
select the appropriate concept to use as the subtype for the
Narrow Type rule. After it finds a subtype, it asks the rule
engine to apply Narrow Type to a target type judgment in a
proof tree. The rule engine creates a new judgment using the
antecedent of Narrow Type as a template. The new judgment is
added as a child of the target type judgment. The rule engine
returns the new proof tree to Narrow Concept and Narrow
Concept returns the proof tree to the query engine. Fig. 5
contains a portion of the proof tree created from the Geo
Search and Concept Introduction tactics in Fig. 1.

V. DISCUSSION

A. Believability

A query engine for intelligence data needs to support
various levels of believability. We can support believability in
TT-IQ by using #ype modality [29]. In other words, we can
annotate type with a modality operator that represents a level
of believability, such as certain, likely, not-likely, and
impossible. Then an analyst could prove a hypothesis
represented by the type T is likely to occur as the judgment
I' + THkely . prop or disprove it by proving the judgment
I+ Timpossible : prop.

B. Too complex for an analyst

The formalism of TT-IQ and the method of reasoning
employed by TT-IQ may be too complicated for an analyst.
We don't expect the analyst to specify queries in the formal
language of TT-IQ, but in natural language similar to that used
in Fig. 1. We could employ a technique similar to that used in
[14] to allow end users to specify queries using natural
language.

C. Non-determinism and Subtyping

Since a type may have multiple subtypes, a tactic that finds
or creates a subtype of a type could be nondeterministic. In
other words, the tactic may not produce the same subtype for
the same supertype. As a result, the query engine could
produce different results for the same query over the same data.
We can resolve non-determinism by asking the user to select
the appropriate subtype. This approach would be similar to
faceted search. The query engine would require the end user to
select from a list of subtypes to use as a candidate to narrow
the search space.

D. Implementation of TT-10

Currently, we are in the planning stage of creating an
implementation of TT-IQ. We plan to create an implementation
of TT-IQ using Coq and R. Coq will provide the interactive
reasoning capability. R will be used as the language and
runtime for defining and executing analytics. We anticipate
having to add a library to R to provide a more seamless
interaction with RDF than the existing R libraries.

We consider this implementation of TT-IQ a proof-of-
concept implementation. We plan to use this implementation to
conduct research to address usability issues and determine
strengthens and weaknesses of interactive semantic querying
over automatic semantic querying.

The analyst workstation will contain an analytic framework
that would provide an interface to support contribution of
analytics written in a wide range of languages, such as
MATLAB, C, Java, and Python.

V1. CONCLUSION

In this paper, we showed how to apply techniques from
ITPs (interactive theorem provers) to analyze military
intelligence. Users of ITPs apply small programs called tactics
in an iterative fashion to construct a proof. We demonstrated
how tactics could be used to answer semantic queries
interactively. Furthermore, we showed how to incorporate
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analytics thatuse machine learning, knowledgesativery, or
network analysis into the querying process.

[11]
A. Future Work
In "Believability’, we eluded to an approach tandle
uncertainty Future work shouldinvestigate this approach  [12]

Also, we should consider how to incorporate the approach in
[15] into our type system

In the future, we would like to investigate how to [13!
implement interactive queryingin an existing military
intelligence cloud system, such &' DCGSA Cloud. We |14
believe our approach to querying would be a good fit for the
semantic enhancement appch adopmd by the DCGS\
Cloud. (15]
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