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Abstract subset of documents, is used. Currently, the sysehle

In this paper, we propose document-centric query 0 answer two new _kinds of querigs: 1) dbpgment
answering, a novel form of query answering for the entailment(DE) queryis concerned with a specific subset
Semantic Web. We discuss how we have built a kdgele of D: Is that subset consistent and if so what statesnen
base system to support the new queries_ In paﬂ]ipuje are entailed by that subset? 2)dACument provenance

describe the key techniques used in the systemdér (DP) query asks for the smallest consistent document sets

address scalability issues. In addition, we show that entail specific statements.

encouraging experimental results. Document entailment queries and document provenance
gueries can be seen as extensions to basic OWliegquer

1. Introduction by adding the element of documents. We can further

divide these queries according to the genre ofbihsc

The Semantic Web [1] is a major endeavor to enhancedUery in question. Traditionally, there are two andypes
the current Web with semantically rich content. OV2L of ABox queries, i.e., boolean queries and retiieva
is a Semantic Web standard language for repregentin queries. Accordingly, we can derive four sub-tymds
domain ontologies on the Web. OWL Lite [2] is a Wel document-centric queries, as below.
studied sublanguage of OWL. A salient feature of IOW 1) A boolean document entailment querBDE(0y, Dsuy,
Lite is that it logically corresponds to the deptidn logic whereq, is a boolean ABox query ard,, i D, asks if

(D) [6]. Thus, from the logical point of view, an D is consistent anB,, entailsgs,.
OWL Lite document can _be seen as a descrip_tiorclogi E.g.: BDE&:Student{D;,D,}) Answer: true or false
(DL) knowled_ge base, written < >, which consists of 2) A boolean document provenance queBDP(qy, ?d),
the TBox , i.e., the ontology, and the ABoX, i.e.,  \yhereq, is a boolean ABox query andla variable for

instance data that commit to the ontology. document set, searches for all the minimal constiste
In this work, we have built a knowledge base sydiam subsets ob that entail,

qguerying OWL documents. We focus on OWL Lite and E.g.: Query: BDR{Student?d)
conjunctive queries on ABoxes that commit to a lsing Answer: {d/{D;,D}, d/{Ds}}
TBox. We are interested in two typical types of ABo
statements: 1) A concept assertiarlC states that the
individual a belongs to the concefit 2) A role assertion
<a,b>:R states that individuala andb have relationship
with respect to the rolR, which is a binary relation.

Like most of the contemporary OWL knowledge base
systems, our system is a centralized store of OWL
statements and provides reasoning and queryingcesrv
However, what distinguishes our system from othiers
that we have introduced a novel form of query amswe
We call it document-centric query answering.

To explain the idea, suppose the system stores$ af se
OWL documentsP={D;, D,, D3, D,}. In the usual way,

D will be treated as a knowledge base that is the
conjunction of all the documents ih Then, we can pose
queries on that knowledge base, for example, weasln
whether an assertion is entailed by the knowledgeb

In contrast, for document-centric query answeringy,
system does not handle its knowledge base as alithano
one. Rather, the system may provide different arswe
depending on which portion of knowledge base, i.e.,

3) A retrieval document entailment query, RDE(q;,
D«up), Whereq, is a retrieval ABox query anBe, | D,
retrieves all the individuals that satigfyin the context of
Dsub givenDgy,is consistent.

E.g.: Query: RDE(x> A:Student{D;,D,})

Answer: {</Student>, </Studen2>}

4) A retrieval document provenance query
RDP(;, 7d), whereq; is a retrieval ABox query and a
variable for document set, retrieves all the irdiinls that
satisfyq, and in addition the minimal consistent subsets of
D that support each answer.

E.g.: Query: RDP (x> Ax<a,x>:worksFor, )

Answer: {<<x/Companyl>, dij}>,
<<x/University2>, dij,, D3}>}

Document-centric queries reflect an important reatfr
the Semantic Web, i.e., different sources may &srent
things about the same objects. By supporting theseies,
the system allows its users to perceive the sainef slata
from different views, a view being represented tsubset
of documents in the knowledge base.

1 This work is part of the author’s doctoral disa#on work. The author is currently employed by Mioft Corporation.



To better motivate the queries, let us look at Hig.
which shows all the combinations of documentsDin
except the empty set. Essentially, a document lereéat
query is a query asked upon a specific combinat@m.
the other hand, to answer a document provenanas,que
we potentially have to explore all the combinatidtiais
the size of the search space'®% D).

<a.b>R  <b.c>R
(D0 ] [ ] [Ds} ] | (D4} ]

inconsistent!

-—<a.£‘>:R‘{D|,D; }”{D\‘D}I

{D|.D4}||{D2.D3}

{D2.Dy }” {D3.Dy}

| (D1D2Ds) | (D102} || (D1.Ds.Ds) | (D2.D3Ds) |

ineOnsistestt-"Tnconsistent!

{D1.D2.DyDy} | inconsistent!
Fig. 1. Working space for document-centric queries.

Furthermore, we want to point out two importantt$ac
First, multiple OWL documents may be combined torfo
a conclusion that is not entailed by any of theutioents
alone. As shown in Fig. 1, suppoReis a transitive role
and D; and D, state |,b>:R and <$,c>R, respectively,
then we can inferac>:R from {D1,D,}.

The other fact is that OWL is monotonic. This me#ins
a statement is entailed by a set of documents #lso
entailed by any superset of that set; likewise,aif
document set is inconsistent, each of its supergidtbe
inconsistent too. In Fig. 1, sayp¢,D,} are inconsistent,
then {D;,D3D4}, {D,D3;Ds and {D;D,Ds3D,} are
inconsistent too. Note that it is important to itignand
avoid use of inconsistent information since, afwiassic

Given that, we recognize it is important to be afole
reuse of the results of document processing, eslpetie
expensive reasoning process. Therefore, insteatbiof
all the necessary reasoning at query time, we Haviled
to adopt a strategy that preprocesses the docurtherite
load time and caches selected results. Roughlyksmea
when the system loads documents into its knowlddge,
it will try to process those subsets of documehtd are
consistent and performs reasoning on each combmati
Based on the results, i.e., the statements infeinem
each combination, the system identifies and rectinds
minimal consistent subsets that support each o$etho
statements. It will also record those minimal stdbsH
documents that are found inconsistent. The efféchie
preprocessing is that the cached results will alismo
avoid reasoning on the documents every time when
answering a query.

In addition, in order to reduce the number of doeoin
sets we have to process, we have introduced paitig
based approaches for identifying documents that are
independent of each other with respect to the gadri
guestion so that we can skip processing their coatioins.

In the following subsections, we explain the key
elements of the preprocessing approach. Before fiiat
brevity, we introduce an alias for “minimal coneist set”,
i.e., “context”. A set of OWL documents iscantextof a
statement if it is a minimal consistent set thatis that
statement. Note a statement may have multiple gtmte

2.1. Representing Contexts and Inconsistencies

logics, every statement can be deduced from an The first question is how to keep track of the eats

inconsistent OWL knowledge base.
Next we describe how we have built the system deor
to support document-centric queries.

2. Preprocessing Documents

Answering OWL queries requires reasoning in order t
guarantee completeness.
queries build upon basic ABox queries, our systelies
on an external reasoner to fulfill those basic dagi

identified for each statement during preprocessing.
streamline this, we have built our approach oncthrecept

of the assumption-based truth maintenance system
(ATMS). An ATMS is designed to readily tell the
problem solver what is true given the currently mad
assumptions and work efficiently when the probleiver
needs to explore multiple assumption sets simuttasig.

Now that document-centricThe concept of ATMS fits our work if we regard @sat

of documents as an assumption of the system, amd th
inferred statements from that document set as ishate

OWL knowledge bases, such as consistency checkingunder the assumption. Hence, we can make use of an

TBox classification (i.e., inference of the substiom
relationships between concepts and roles),
realization (i.e., inference of the most specifancepts
each individual belongs to),
conjunctive ABox queries.

ABoOX

ATMS to represent the contexts of statements.
A straightforward way of using the ATMS in our
system is to use the ATMS as is, which will be to

and answering basic represent each statement with an ATMS node andhase

ATMS network to record the justifications, i.e., o

However, a great challenge here is scalability. We statements or inconsistencies are derived fromrsthe

know that OWL reasoning is highly expensive (OWleLi
has worst-case ExpTime complexity). Furthermore th
new form of document-centric queries we proposeskepo
an even higher requirement for scalability, gives i
exponential search space as we showed in Fig. 1.

However, there are several reasons that have pezl/es
from adopting this approach. First is the scalgbili
consideration. Considering the scale of data avialan
the Semantic Web, it is impossible to representheac
statement individually, not to mention all of their



inference relationships. Second, we assume
documents are all or nothing, i.e., we trust eittes
whole content of a document or none of it. Thire, use
the OWL reasoner as a black box and we cannotyeasil
determine the exact justifications at the statenbewtl.
We instead must determine them at the documerit leve

In light of the above, we have decided to use th&18
in an unconventional way. We use an assumption tmde
represent a document and the node is seen asesfings
the set of statements entailed by the document.ther

thatthe system more scalable, we do not try to stoee th

deductive closure of a knowledge base, i.e., all th
entailments by the knowledge base. We observeoti
the results of TBox classification and ABox reatiaa
are obtained, a simple semantic network sufficas fo
answering a query about instances of a concepgndive
concept is an atomic concept, or about instancasrole.

A semantic network is a graphical notation used for
representing individual objects, categories of ofgjeand
relations between objects. One important featurehef

derived nodes, we use them to represent a set ofemantic network which we want to leverage is fitsat

statements as opposed to a statement: Each ofottes n
represents the set of statements that are entayleithe
document set in the environment of that node. Gités)
a justification, ng,ny,...,Ny, n, on the ATMS, is

inference is much simpler than logic-based knowdedg
representation formalisms. Moreover, in the semanti
network, we only store the subsumption relationsti#)
that are not redundant (e.@g; 2 C; is redundant given

interpreted as: the conjunction of the statementsC,2 C, and C,2 C;) and the most specific concept

represented byn;,n,,....n, implies the statements
represented by. Note again that it is possible that the
union of multiple statement sets entails somethivag is
not entailed by any of the statement sets indidiguAs a
special case, a justificatiom,n,,...,n, A conveys the
information that the conjunction of the statements
represented bwyy,n,,...,n, has led to a contradiction and
thus the document set that is computed as thecemaint

of the contradiction node is inconsistent. Fig.s2ain
example ATMS for four documentB);, D,, D3, and Dy,
among which P,, D,} and {D1, D3} are inconsistent.

{02, Dy}

{Da, Dy}

Inconsistencies:
{Dy. Dy}
D, D3}

(D2 Dy Dy}

Fig. 2. An example ATMS with the unconventional use.

As another remark, given the above design, the ATMS
we use bears some special features that are biahéfic
the system’s performance. First, every node extept
contradiction node has one and only one environment
Moreover, since the environment of each of theskeads
just the document set the node represents, thiéigagon
relationships between these nodes become triviakuth,
in the implementation, we do not need to actuadlyord
the justifications between nodes. Note however that
full structure of the ATMS may be necessary foufat
extensions, for instance, when ABoxes commit to
different TBoxes.

2.2. Storing Statements and Their Contexts
Now that we do not store statements directly on the

ATMS, we need to store them elsewhere together tivigh
links to their contexts represented on the ATMS nmake

instances and role instances (ea@C; is more specific
than a:C, given C;2 C,). (Note this information can be
obtained from the reasoner.) As we will show latbis
allows us to replace the expensive OWL reasonin ai
much simpler semantic network inference-like praced
during query answering.

To answer the queries, we also need to store dontex
information in the semantic network. As a resulhatvis
stored can be seen as a semantic network whosedirk
“annotated” by the contexts, as Fig. 3 depicts.
Specifically, on the semantic network, we use ndoes
representing concepts, roles and individuals, and for
subclassOfand type relationships. For each arc, its label
shows the relationship it represents as well asdmexts
for that relationship. Recall we use the ATMS tpresent
those document sets that are contexts of somersiats.
Thus a context annotation on an arc is just the STM
node representing the context. In the figure, we wsto
denote the ATMS node fdb, D being a document or
document set.

subClassOf subClassOf

['m

I'm
type I'n3

oD

Fig. 3. An “annotated” semantic network.

It is noteworthy that what we are caching during
preprocessing are selected reasoning results on the
documents. We are not trying to precompute ansteers
particular queries. In addition, as shown above,onty
store inferences that are minimal but sufficient fo
answering queries. For example, in the case of Figve

will store the statements:C,and C,2 C;, but we do not
store the answer to a query such as BREY, {D.}).



Instead, the answer is computed at query time girabe
simple semantic network-like inference. In this wae

of partitioning; worst-case polynomial time comptgof
partitioning; and the ability to handle problemsitttare

are trying to find a balance between doing some too large for main memory. Due to lack of space omet

precomputation at loading time in order to savergue
time while controlling storage requirements.

2.3. Partitioning Documents

Our preprocessing approach aims at simplifying yuer
answering by moving processing of documents froeryju
time to document loading time. Now another key tjoas
facing us is how to reduce the space for prepraugss

other words, to cut down the number of document the

combinations that need to be preprocessed. Teetdsif
we could in advance identify subsets of documelmés t
might be logically dependent with respect to thesoming
in question, then we only need to focus on thosesets.
This can be regarded as patrtitioning the documéanthge

the detailed description and refer readers to]4, 5

3. Answering Queries

Now we show how we answer document-centric queries
based on the preprocessing results. We can cortider
after preprocessing, the knowledge base of theemsyst
consists of the semantic network (SN for abbresigti
and the ATMS. Due to lack of space, we will onlyayi
algorithm for answering retrieval document
provenance queries (RDP), the most complex type.

In order to facilitate the discussion, we startnir@a
special case where the query contains a singleyqaen
about intances of a concept. Function EXECUTE-
ATOMIC-RDP shows the algorithm. To answer the query

sense that those documents in the same partitien aron the knowledge baskb, we first search the semantic
deemed dependent while those not are independentnetwork for all the instances of (see RETRIEVE-

Formally, we call this an
partitioning, as defined below.
Def. 1 (Independent Document Partitioning).Given a
set of common ontology OWL document§,S3; , is an
independent partitioning of S iff 1) SK5S; 2) If §,,8 S

is a minimal set such that,§ E for a concept assertion
or role assertion , then there exists Such that S° S,

Fig. 4 illustrates how independent document
partitioning may help reduce the amount of work dor
system. SupposeDf,D,,D3;,D4} could be partitioned to
{{ D1,D2},{ D2,D3,D4}}, then we only need to reason with
{D1,D,} and {D,,D3,D4} in the partition set and also their
subsets (shown in grey color in the figure). Thiwjally
according to the above definition, will still allows to
correctly identify the contexts of any possiblesigince of
concept assertion or role assertion.

[0 ] [Dd ] [(Ds) ] | (Da} ]

[{D1.D1}]{D1.D3)|{ D1.D4 )| {D2.D3 )| {D2.Ds )| 1D3.Ds1)|

\ {D.D2.Ds} H {D.D2.D,} H 1D\.D1.Dy} H {D2.D3.Dy ) \

| (DiDaDyDy) |

Fig. 4. How independent document partitioning may help
reduce processing of documents.

The core of our approach for independent document

partitioning is an algorithm for partitioning a s&tOWL
assertions into knowledge bases that are
independent of each other with respect to the énfes of
concept assertions and role assertions. The matorés
of the approach include: a reasonable tradeoff é&@tvthe
complexity of determining partitions and the gramity

independent document INSTANCES-AND-CONTEXTS) and add the instances

together with their supporting contexts to the itesthen

we try to combine the information about concept
subsumptions and concept assertions. We look faheal
subclasses df in the semantic network and the associated
contexts. For each found subsumptidy,? C, we repeat
RETRIEVE-INSTANCES-AND-CONTEXTS on Cyy
and, for each context in the result (i.e., the erinfor a
concept membership), we combine it with each of the
contexts for the subsumption. Note that, in thalfresult,

we guarantee that, for every concept membershily, on
those minimal document sets that support the meshiger
are returned (see INSERT-RDP-ANSWER).

function EXECUTE-ATOMIC-RDPkb, RDP (s> A:C,
2d)) return a set of assignments ferand d2
begin
result;:= RETRIEVE-INSTANCES-AND-
CONTEXTSkb, C, &)
kb.SN: search for all the subclasses @fand the
associated context nodes
for each found subsumpti@@y,2 C and its context
noden do
env:=kb.ATMS: GET-ENVIRONMENT )
s:= RETRIEVE-INSTANCES-AND-
CONTEXTSkb, Cqyp €NV
for each elemerdgin sdo
INSERT-RDP-ANSWERfesult €)
end for

logically  end for

return result

2 For simplicity, hereafter we ignorex and “d/” in the
assignments fax andd.



end
function
(kb, C, sed
return: the set of every pair ofagxs> wherea:C is in the
semantic network and the union ofsetand one of the
contexts ofa:C.
begin
result:= &
kb.SN: search for all the concept assertionsCadnd
their context nodes
for each found concept assertiarC and its context
noden do
env:=kb.ATMS: GET-ENVIRONMENT f)
result:=result & {<<a>, envKset>}
end for
return result
end
procedure INSERT-RDP-ANSWERget < , contexp)
{This procedure guarantees ttst which holds a set of
answers to an RDP query, only contains minimal
document sets for each set of retrieved individpals
begin
if there exists no < s>) sets.t.s § contextthen
for each <, s>) sets.t.s” contextdo
set:=sef{< , s>} /Iremove <, s> fromset
end for
set:=set & {< , context}
end if
end

RETRIEVE-INSTANCES-AND-CONTEXTS

if n = 1 then return EXECUTE-ATOMIC-RDPKkb,
RDP(@, X))

for every query termy; do

result ;= EXECUTE-ATOMIC-RDPKb,

RDP (<X, ... > A&, ™))

(wherexy, ..., X are variables appearing d)

if result = & thenreturn &

Create an initially empty relatian(R), where

schemaR is a list of the variable namesdpi.e.,

Xi1, - - - Xik, PlUS the colummontext i

for each answet i.e., a pair <gq,...,a,>, contexp,

in result do

insertt intor;

end for
end for
r=r, éry, é
result:= &
for each tupled,,...,amCy,...,Cn) inr, whereg; is the
binding forx andc; the value for columoontexti, do

INSERT-RDP-ANSWER(sult,

<<a,...,an>, ¢ K... Kc>)
end for
return result
end

ér,, the natural join of; (i n)

Here we give an example to help explain the algorit
Consider the query RDPXg> 4 Studentx) H
advisorOfy,x), ). Suppose the results on the individual
query terms, i.e., RDPg A Studenfx), ) and

In case the query term is about instances of a eotg,
<a,b>:Ror x,y A<x,y>:R, the query can be done in exactly
the same way, except that it is the role subsumgtand
role assertions (as opposed to the concept subsunspt
and concept assertions) which we will search tieasdic
network for.

Now let us look at the case where the query cansifst
multiple conjunctive terms. We can build upon tthewe
algorithm by breaking the query into single terms.
EXECUTE-CON-RDP shows the algorithm. Here one
complication we need to deal with is that, since query
contains variables, how variables appear acrossyque
terms will affect the combination of the results each
query term. To this end, the algorithm uses tharahjoin
to combine the variable bindings.

RDP(xy> A advisorOfy,x), ), are {<Studeny),
{D4}>, <(Studend), {D,}>} and {<(Faculty;,, Student),
{Dy}>, <(Faculty;, Studery), {D,}>}, respectively. The
two corresponding relations holding these results a
shown below. Note that each relation has an exthanm
holding the contexts, in other words, the bindifgsd.
Therefore, when we join both relations based orstrae
variable name conditions, these context columns lval
included in the joined relation as well. Then fack tuple
in the resulting relation, we will combine the oexts by
doing set operations (INSERT-RDP-ANSWER) in order
to obtain the correct context for each variablegassent.
For this example, the final result will then be {S{udent,
Faculty), {D1,D2}>}.

EX. 1.query: RDE(x,y> A£Studentx) HadvisorOfy,x), )

function EXECUTE-CON-RDPKb, RDP(g;, X))
input: kb: the knowledge base.
¢ a retrieval conjunctive ABOX qUEryxs... Xm>
Aq H... HQ,.
return: a set of pairs of an assignment %gr... X, and an
assignment fod.
begin

result of ueof
RDP(<s¢> 4AStudentx), )  RDP(x,y> AadvisorOfy,x), )
X context1 y X context2
Student {D4} Faculty, | Student {DJ}
Student {D4} Faculty, | Studerg {DJ}
joined relation
X y contextl | context2
Student | Faculty, | {D4} {Dy}

final result: {<(Student, Faculty,), {D,D,}>}



4. Implementation and Empirical Evaluation

The implementation of the system is based upon a
MySQL relational database. The main contents stamed
the database are: the original OWL assertions; the
semantic network that stores the reasoning resuits;the
document partitions. In addition, the ATMS is
implemented as a serializable object. Moreover,use
Pellet [7] as the external reasoner.

We have conducted an evaluation using the realdworl
FOAF (The Friend of a Friend) data and the synth#yi
generated Lehigh University Benchmark (LUBM) data.
Both kinds of data have been frequently used in the
Semantic Web community. The test environment is as
follows: 2.80GHz Pentium 4 CPU; 1GB of RAM; 80GB
of hard disk; Windows XP OS; Java SDK 1.5.

FOAF (www.foaf-project.org) is a Web community-
driven project for creating Semantic Web data that
describe people and basic social networks betwheem.t
In our test, we have used over 27,000 real worldA\IFO
documents, thanks to Tim Finin from UMBC who has
provided us with the URL index of Swoogle [3], thell-
known Semantic Web search engine. In order totlest
scalability of the system, we have also randomlgcted
three subsets of those documents. Thus we havedsur
sets in total. As the top part of Table 1 showsséh
documents have a small average number of triples (i
statements). This is understandable if we congideDAF
document as a Semantic Web homepage for a person.

The second part of Table 1 shows the data proggessin
time for each test set, including the total timeet for
loading the documents (into the database), time for
partitioning the documents, and time for procesgimg
documents and document combinations. Also Fig. 5
depicts how these times grow with respect to thalrer
of documents as well as the number of triples & terst
set. It turns out that the system scales fairlyl weterms
of both views.

Also we want to note that among the tasks performed
on data, loading and reasoning with single docusnarg
indispensable for every Semantic Web knowledge base
system. Thus we could roughly regard the otherstasi,
partitioning documents and processing document
combinations, as the overhead of our system inraae
support document-centric queries. Then, take thget
test set as an example, these extra tasks acdourusly

Table 1. Test results on FOAF data — preprocessing.

Fig. 5. Time for processing FOAF data.

We have also done an evaluation on query answering.
Since our system adopts a strategy that movesutkeob
work from query time to document loading time, we a

about 14% of the total time in the case of FOAF. not surprised to see that the system respondsetdesit

Table 1 also includes some interesting statistimsut
document partitions. For example, for all the &egs, the
number of partitions (size>1) is far less than tb&l
number of documents. In addition, the average nurabe
documents contained in a partition is very smal)( This
clearly demonstrates the utility of partitioning.

queries fairly quickly. Given this, we will only gsent the
results with the largest set, i.e., Test Set 4stasnn in
Table 2. Note that here, for brevity, we use anamysn
names (e.g.name) as opposed to the real names of
people. Likewise for URIs and document IDs. This
suffices to show readers the patterns of the gslerie

One thing stands out is that it takes the systeen th

longest time to answer the two retrieval document



provenance (RDP) queries. This is however not
surprising, considering the nature of an RDP quéuy:
RDP query does not offer a specific context foic#irg
answers, and in addition,
individuals rather than checking a specific instand a

concept or role.

Table 2. Query results on FOAF Test Set 4 (27K
documents, 672K triples).

As we know, document entailment queries specifgta s
of documents. In order to see how the system padas
the number of documents in the specified set iragave

of documents, e.g., the largest test set contanes B.7
million statements in about 4,800 documents. Tlselte
demonstrate that the system also scales quiteimiims

its basic query retrieves of both preprocessing and query answering. Duadk of

space, we will not present the detailed result® feerd
refer users to [4].

5. Conclusion and Future Work

We have proposed document-centric query answering,
a novel form of query answering for the SemantichWwe
The new queries extend basic Semantic Web queries i
order to better reflect the open and distributetlineaof
the Semantic Web, and at the same time, pose higher
requirements for scalability. In building the systdor
answering those queries, we have developed sekeyal
techniques, including preprocessing the documents a
caching selected reasoning results in order to l§imp
querying and a partitioning based approach for ciedu
the working space for preprocessing. Experimenige ha
demonstrated good scalability of the system. Inftiere,
we plan to extend our approach to support OWL DL, a
more expressive sublanguage of OWL and to suppert t
case where ABoxes commit to multiple TBoxes. Alse w
intend to build proof-of-concept applications uptre
guery answering system, e.g., in the domain of.trus
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