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Abstract. Scientific workflows have become increasingly imtpat for
enabling and accelerating many scientific disc@gerMore and more scientists
and researchers rely on workflow systems to integeand structure various
local and remote heterogeneous data and servicepetfiorm in silico
experiments. In order to support understandingdatbn, and reproduction of
scientific results, provenance querying and managérhas become a critical
component in scientific workflows. In this paper,e wpropose a logic
programming approach to scientific workflow proveoa querying and
management with the following contributions: i) Wadentify a set of
characteristics that are desirable for a scientifarkflow provenance query
language; ii) Based on these requirements, we peopb®Q, a Frame Logic
based query language for scientific workflow prosece, iii) We demonstrate
that our previous relational database based pronmenanodel,virtual data
schema can be easily mapped to the FLOQ model; and i¥ $kow by
examples that FLOQ is expressive enough to forrautatmmon provenance
queries, including all the provenance challengerigeeproposed in the
provenance challenge series.

1 Introduction

Today, scientists use scientific workflows to i@ and structure various local and
remote data and service resources to perform \&iriosilico experiments to produce
scientific discoveries. As a result, scientific witows have become the de facto
cyberinfrastructure upper-ware for e-Science and efficient environment for
computational thinking. A scientific workflow isfarmal specification of a scientific
process, which represents, streamlines, and autgrttag steps from dataset selection
and integration, computation and analysis, to fidata product presentation and
visualization. A Scientific Workflow Management $ (SWFMS) supports the
specification, execution, re-run, and monitoringsoientific processes.

Provenance management is essential for scientifikflows to support scientific
discovery, reproducibility, result interpretaticamd problem diagnosis, while such a
facility is usually not necessary for business Jiomks. Provenance metadata
captures the derivation history of a data produmciuding the original data sources,
intermediate data products, and the steps that wppdied to produce the data
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product. Although several provenance storage aedygquodels have been developed
[17], they are based on query languages designedtfter data types such as
relational data, XML data, and Semantic Web data #re not specifically tailored
for scientific workflow provenance. While it is Isthot clear which provenance model
is most suitable for workflow provenance query esentation and processing, we
argue that a provenance query language shouldthaviellowing characteristics: 1)
The language should be based on a well-defined r#gzado represent computations
and their relationships, since only with such fdism in place can we define the
model and syntax for representing and querying fl@msk provenance; 2) The
language should be able to define, query, and rokaig data structures, as they are
essential components of workflows, on which variopgrations are performed; 3)
The language should have declarative syntax foh boamputation and data
declarations and flexible query specification; 4heTlanguage should allow the
composition of simple queries into more complex rigge and 5) The language
ideally should support inference capability forygpnance reasoning.

Based on these requirements, we propose FLOQ, & L®xgpgramming (LP)
approach to workflow provenance representationcaratying. We use Frame Logic
(F-Logic) [16] as the theoretic foundation and bame implementation on the
FLORA-2 system [24]. Moreover, we demonstrate tbat previous relational
database based provenance modeijal data schemacan be easily mapped to the
FLOQ model, and show by various examples that FL®@xpressive enough to
formulate common provenance queries, including th# provenance challenge
queries proposed in the provenance challenge seddthough the logical
programming approach is not innovative by itsel§ lope the introduction of such
an approach into the provenance community can Hieuand motivate further
research in this direction.

The rest of the paper is organized as follows. éoti®n 2, we briefly introduce
Frame Logic and the FLORA-2 system. In Section 8,skow the mapping of the
virtual data schema into Frame Logic, and the Iggmgramming representation of
the sample fMRI workflow used in the provenancellenges. In Section 4, we
demonstrate the expressiveness of FLOQ. In Seé&tjome discuss implementation
issues and related work. Finally in Section 6, waeadour conclusions.

2 FrameLogicand FLORA-2

Frame Logic [16] provides a logical foundation foame-based and object-oriented
languages. It has a model-theoretic semantics asmbiad and complete resolution-
based proof theory. F-Logic combines clean and adative semantics;
expressiveness and powerful reasoning provided duuctive database languages;
and rich data modeling supported by its objectrieid data model.

FLORA-2 [24] is both a LP language and an applaratidevelopment
environment. The language is a dialect of F-Logithwneta-programming extensions
(HiLog) [5] and logical updates (Transaction Logi¢he implementation is built on
top of the powerful and efficient XSB inference &eg[20]. In the following, we
introduce some of the key features of F-Logic usiigFLORA-2 language syntax:
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Objectsand properties
Zhao[name -> “Yong Zhao”, affiliation -> UChicago]
Lu[name-> “Shiyong Lu", affiliation->WSU, teachez08)->{CS300,
CS501}
UChicago[name-> “University of Chicago”, locatior-Chicago]
WSU[name-> “Wayne State University”, location-> Deit]

The above examples define two people and theircédsd universities, where
denotes the value of an attribute or method.

Classor Schema infor mation

A set of similar objects can be categorized intdass. An F-Logic program can
also represent the structural information of a<lasd its type signature (types for
method arguments and results):

Employee[name *=> string, affiliation *=> Univeiity]
Faculty[teaches(integer) => Course]
University[name => string, location => City]

The above examples define a few classes and the& signature, where>
denotes the type of the method of the class,*aimdlicates that the signature can be
inherited by a subclass. The original F-Logic digtishes between functionatx)
and set-valued=t>) methods. In FLORA-2 it has been simplified to us#y set-
valued methods. However, cardinality constrainta ba& specified, and {0:1}=>
corresponds to functional methods.

Class hierarchy and Class member ship

Faculty::Employee
Zhao:Employee
Lu:Faculty
UChicago:University
WSU:University

In the exampleS:C denotes tha$is a subclass dE, whereO:C denotes that O is
a member (instance) of C. Since the signaturEroployeeis defined as inheritable,
Faculty gets the signature from it.

Predicates

In F-Logic, predicate symbols can be used in theesavay as in predicate logic
(e.g. Datalog). Information expressed by predicatasusually also be represented by
frames. For instance, théocation method of UChicago can be alternatively
represented as:

Location(UChicago, Chicago)

Rules

Rules define the deduction process. Based upowem giet of facts, rules provide
the mechanism to derive new information. Rules dacgeneric information of the
form

rule head:- rule body

The rule body specifies the precondition that mostmet, and the rule head
indicates the conclusion.

To give an example:

?U[offers(?Y)->?C] :- ?F[teaches(?Y)->?C],?F[affdtion->?U]
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The above rule specifies that if a faculty membBdeaches a course in yearY,
and the person is affiliated with university then we conclude that the universily
offers the cours€ in yeary.

Other features

FLORA-2 programs also allow the combined and nespatification of the above
definitions, for instance

Lu[affiliation->WSU[name-> “Wayne State Universi{}.Faculty

It also supports path expression where

Lu.affiliation

would result inWSU- the value of the methaaffiliation of objectLu.

It also provides aggregation functions such as ager count, max, etc. For
instance:

?N = count{?C[?Y]|Lu[teaches(?Y)->?C]}

The above query counts the number of courses tdanght in each year. Due to
space limitation, we do not give the details ofsthdeatures; interested readers can
look at the online tutorials for FLORA-2.

3 Mapping Virtual Data Schema to F-Logic

To illustrate how existing provenance systems canapped to and thus benefit
from our logical programming approach, considerftimwing example. The virtual
data schema [26] models the various relationshipgt €xist amongdatasets
procedures calls (to procedures),workflows (a set of dependent calls) and
invocations(the actual executions of a specific call on phgisiesources), as well as
annotationsthat associate metadata to these entities. Oliginthe virtual data
schema was interpreted as a relational model arpleimented as a relational
database in the virtual data system (VDS) [11].6Rég, we have evolved the schema
and adapted it to the XML Dataset Typing and MagpiKDTM) model [18], and
integrated it into the Swift system [25].

XDTM is a data integration model that allows logickataset structures to be
specified separately from their physical repres@nia so that workflows can be
defined to operate on cleanly typed datasetsstt ptovides a mapping mechanism to
map these logical structures to physical data aceden a workflow is scheduled to
execute. Swift is a fast, scalable and reliablel ®@rrkflow system that builds on the
XDTM data model, it combines a simple scriptingdaage calledSwiftScriptfor
concise, higher level specification of complex flataomputations, and an efficient
workflow engine to schedule the execution of largember of parallel tasks onto
distributed and parallel computing resources. InfiSwll datasets are typed, and
procedures take typed inputs and produce typeditsjtporkflows are represented as
a set of procedure calls, and their execution ssrpies determined by data
dependencies.

In this section, we show that the virtual data sthean also be modeled from an
object oriented (OO) perspective, and it can beesgnted naturally in F-Logic. We
also demonstrate via the sample fMRI workflow that SwiftScript declarations of
the workflow can be easily mapped into F-Logic pargs. The details about the
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sample fMRI workflow can be found at the first pemance challenge site [10]. We
only give a brief description of the workflow hefi@ clarity purpose. The workflow
graph is shown in Fig. 1. The inputs to the workflare a set obrain images
(Anatomy Image 1 to 4) and a singkference brain imagéReference Image), and
each image has an associated header file with atetéd it. The outputs are a set of
atlas graphics. The stages of the workflow areolsvs:

Firstly, each brain image is spatially aligned twe treference image using
align_warp The output is a warp parameter set defining gagial transformation to
be performed (Warp 1 to 4). For each warp paranssterthe actual transformation of
the image is done byeslice which creates a resliced image of the originalirbr
image with the configuration defined in the warprgmaeter set. All the resliced
images are then averaged usswftmean producing a 3D atlas image. The averaged
image is sliced along a plane in x, y, and z dinmssrespectively into a 2D atlas
using a program calleslicer, and lastly, each 2D atlas is converted into iyl
atlas image using (the ImageMagick utilipgnvert

Rl RH
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i

| align Warp| allgn Warp| | allgn warp allgn Warp|
| reslice | resllce | resllce | | resllce |
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v

| ConvertX | | ConvertY | | ConvertZ |

AX AY AZ

Fig. 1. Sample fMRI workflow

In the OO model, datasets all haypes and each dataset is an instance of its type.
Procedures have typed signature, and each cah imstance of a procedure. To
distinguish these different types, we firstly defa few base classes in F-Logic:

_type
_procedure
_anno

And use them to represent dataset types, procednteannotations. SwiftScript is
a typed workflow language. Datasets are typed (wittuctural definition), and
procedures are also typed (with typed inputs ariguts). In below we show the type
declarations of the fMRI workflow in SwiftScript the left.
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type Image; Image::_type.
type Header; Header::_type.
type Volume { Volume::_type.
Image img; Volume[img{l:1}=>image,
Header hdr; hdr{1:1}=>header].
} Warp::_type.
type Warp;

This gets translated into the corresponding F-Lag&tements to the right. Since
FLORA-2 covers all the primitive types defined iwi§, so the mapping is a
straightforward translation. Correspondingly, a f8dgript procedure declaration can
be mapped to its F-logic counterpart in a similayw

(Warp w)align_warp (Volume iv, Volume reference, string overwrite)

{
}

align_warp::_procedure.
align_warp[iv=>Volume, reference=>Volume,overwritestring, w=>Warp].
align_warp[input->{iv,reference}, output->w].

The script defines a procedure callelign_warp which takes two volumes, a
string option, and produces a warp file (which de$ the spatial transformation to be
performed to warp an input image to the referemage). The F-Logic program
defines it as a class with its type signature.rifeoto capture whether a dataset is an
input or output, we define two extra behavior htitesinput and output for the
procedure. The other procedures in the sample Veaviéan be mapped in the same
manner and we omit the details. Now the call tea@dure (shown below in the top)
is translated into F-Logic (shown in the bottom¥a@kws:

Volume vol1;
Volume std_vol;
Warp wl =align_warp (voll, std_vol, ‘y");

voll:Volume.

std_vol:Volume.

wl:Warp.

align_warp_uuid[iv->voll, reference->std_vol,overita->y’, w->w1].
align_warp_uuid:align_warp.

Firstly the dataset declarations are translatedl iimstance specifications of their
corresponding types, and they are then suppliadlags to the procedure inputs and
outputs. Note that we generate a unique id focéte and the call is an instance of its
procedure class. For the calls, we want to findwlich datasets are the inputs and
outputs, instead of the parameter names. This eathieved as follows:

?1[in->?D] :- ?1[?P->?D],?C[in->?P],?I:?C.
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?l[out->?D] :- ?I[?P->?D],?C[out->?P],?I:?C.

What the rules specify is that: if an instahad a classC has a parameté, andP
is an input (or output) parameter with valDethenD is an input (or output) dataset
to the instancé.

An invocation record captures the execution envirent that a call is executed. It
typically has information such as the executionthstrt time, duration, exit code,
memory usage, and stats of the input and outpes.fWe model a record as an F-
Logic object, and give an example below:

align_warp_inv_uuid[call->align_warp_uuid,
host-> “uchost”,
arch-> “ia64”,
start_time-> “2008-02-14T09:55:33"* dateTime,
duration-> “00:29:55" duration ,
exit_code->0].

For annotations, since we allow the associatiomefadata to any of the virtual
data entities, including dataset types, datasetscepures, procedure parameters,
calls, invocations, the mapping is not as straghtérd as the other ones. There are
many ways to map an annotation into F-Logic. Fatance, each annotation can be
modeled as a predicate. But as annotations to aotaion should also be supported
so that we can track the provenance of the anootatself, we need to model the
annotation as an object. We define a base clag®, and each annotation is declared
to be an instance of this base class. An annotatiject takes the form as follows:

annotation_key [on(object, part, ...)->annotationlua]:_anno.

For instance, if we want to annotate the procedadgn_warp with
model=nonlineay the annotation is specified like this:

model[on(align_warp)-> ‘nonlinear’];_anno.

With these simple mappings, we can already posee sSotaresting queries to the
system. For instance, the following query can fall the types defined in the
workflow.

Q: ?X:_type.

A: ?X =Image
?X = Header
?X =Volume

Find all procedures that take Volume as a paramete

Q: ?X[?Y=>Volume]::_procedure.
A: ?X=align_warp
?Y=iv

?X=align_warp
?Y=reference

Find procedure calls that ran @®4 processors:
Q: ?[call->?X, arch-> “ia64"].
A: ?X=align_warp_uuid
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In Fig. 2 we show the specification of the sampiRf workflow mapped to F-
Logic terms, but omitting the detailed structunaflormation about the datasets and
procedures involved.

4 FLOQ Query Examples

In our virtual data query model, three major qudipensions were identified: (1)
lineage information obtained by interrogating thetterns of procedure calls,
argument values, and dependencies in the workfl@aplts that describe the indirect
nature of the production of a given data objec}; fspective and retrospective
provenance data, as provided by records of proeediefinition, procedure
arguments, and runtime invocation recording; anyl r{@tadata annotations that
enrich this application-independent schema withlieafion-specificinformation. In
this section, we show the expressiveness of the Flapproach using extensive
examples drawn from our single- and multi-dimenalajueries and some of the core
provenance challenge queries.

Lineage Queries: One of the key capabilities of a provenance systeto query the
derivation history (lineage) of a data product, frem which datasets this product is
derived and by what procedures, and what datasetde further derived from this
product and by using what kind of procedures. THassage relationships can be
easily represented in F-Logic using the followingdicates:

DirectlyDerived(?X, ?Y) :- ?Proc[in->?X, out->?Y]Proc:_procedure.

Derived(?X,?Y) :- DirectlyDerived(?X,?Y).

Derived(?X,?Y) :- Derived(?X,?Z), Derived(?Z,?Y).

The first predicate specifies that if a proced®mc takesX as an input, and
producesY as an output, thel is directly derived fromX. The second predicate
defines the transitive closure of the derivatiolatienship, finding allY that can be
directly or indirectly derived fronX. Now if we want to find what datasets can be
derived from the datasebll, or what datasets are involved to derive the getduct
atlas we can simply pose the following queries:

Q: Derived(voll, ?X).

A: ?X=wl, svoll, atlas, atlas_x.ppm, atlas_x.jatigs_y.ppm, ...
Q: Deirved(?Y, atlas).

A: ?Y=svoll, svol2, svol3, svol4, wl, w2, w3, wail, vol2, ...

Similarly, if we want to track what procedures ased to process a dataset and its
derived datasets, we can define:
ConsumedBYy(?X, ?P) :- ?P[in->?X], ?P:_procedure.
ConsumedBy(?X, ?P) :- DirectlyDerived(?X, ?Y),QonsdBy(?Y, ?P).
As we can observe, these logic based derivaticgs ridllow very closely to our
natural thinking and are easy to define and undedst
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align_warp_1[iv->voll, reference->std_vol, overwait'y’, w->w1] : align_warp.
align_warp_2[iv->vol2, reference->std_vol, overwait'y’, w->w2] : align_warp.
align_warp_3[iv->vol3, reference->std_vol, overwait'y’, w->w3] : align_warp.
align_warp_4[iv->vol4, reference->std_vol, overvait'y’, w->w4] : align_warp.

reslice_1[w->w1, ov->svoll] : reslice.
reslice_2[w->w2, ov->svol2] : reslice.
reslice_3[w->w3, ov->svol3] : reslice.
reslice_4[w->w4, ov->svol4] : reslice.

softmean_1[iv->{svoll,svol2,svol3,svol4}, ov->allasoftmean.

slicer_1[iv->atlas, dimension->'x’, ppm->‘atlas_xgm’] : slicer.
slicer_2[iv->atlas, dimension->'y’, ppm->‘atlas_ypgm’] : slicer.
slicer_3J[iv->atlas, dimension->‘z’, ppm->‘atlas_zpm’] : slicer.

convert_1[from->‘atlas_x.ppm’, to->‘atlas_x.jpg’] convert.
convert_2[from->‘atlas_y.ppm’, to->‘atlas_y.jpg’] convert.
convert_3[from->‘atlas_z.ppm’, to->‘atlas_z.jpg’]convert.

Fig. 2. F-Logic Program for the Sample fMRI Workflow

In contrast, a relational database based approsuhlly requires a more strictly
defined schema such that procedures cannot befigdecolumn-wise (they have
various parameters), causing lineage queries toexpensive self-joins [23]. Since
not all DBMS support recursion, such queries mayeha be implemented in stored
procedures that involve complex programming. OurXhased approach in VDS
still required a pre-defined XML schema to writenfdate-based queries, although
the XQuery engine did provide the flexibility toifjoacross multiple schemas and
query recursively. We list the XQuery program tadfiall derived datasets in below
for comparison purpose, and it is obvious thatghery is less intuitive than the F-
Logic counterpart.

declare namespace v="http://www.griphyn.org/chiaier
declare function v:lfn_tree($lfn as xs:string)ilam()* {

let $d := //derivation[.//Ifn[@file=$Ifn][@link="inputT]

return ( $lfn,

for $out in $d//Iifn[@link=twput’]/@file return v:lfn_tree($out))

h
let $f := v:Ifn_tree(‘voll’);
return distinct-values($f)

Virtual Data Relationship Query: Virtual data relationship refers to the bindings
between dataset types, procedures, calls, invatsatiand the queries focus on the
attributes of such entities. The query of “fintithk procedures that have an input of
typeVolumeand an output of typ@/arp’ can be formulated as:

?Proc[input->?X, output->?Y]._procedure,

?Proc[?X=>Volume, ?Y=>Warp].
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Similarly, the query of “find all calls to procedualign_warp and their runtimes
with argumentreference=std_volthat ran in less than 30 minutes on rnia®4
processors” can be formulated as:
?Inv[call->?C, duration->?d, not arch->"ia64"],
?d<="00:30:00"™ _duration,
?C[reference->std_vol]:align_warp.

Annotation Queries: Annotation queries can be used to find any apitinaspecific
information about various virtual data entitiesglsas procedure description and data
curation, and to discover certain procedures amasdts by their associated metadata.
The query of “show the values of all annotation dicates developerNameof
procedures that accept or produce an argument pé Wolume with predicate
Modeknonlinear” is formulated as:

developerName[on(?Proc)->?Name],

?Proc[?=>Volume]::_procedure,

Model[on(?Proc)->‘nonlinear’].

Aggregation Queries: Aggregation queries can perform basic statisticiaing over
the provenance information, which can be usefulrémorting purpose and anomaly
detection. For instance, one of the following geeridentifies jobs run unusually
long, and the other one does a monthly tally oftdtel jobs run in a year. The query
of “find all the align_warp invocations that rarrék times longer than the average
run time” is formulated as:

?X=avg{?d|?Inv[call->?C, duration->?d], ?C:alignwarp},

?Inv[call->?C, duration->?d], ?C:algin_warp,

?d > 3* ?2X.
To list the total number of jobs run in each mooftl2007, we use the query:

?X=count{?Inv[?M]| ?Inv[start->?T],

?T[_month->?M]@ _basetype, ?T[_year->2007]@_bagpely

Provenance Challenge Queries: Several provenance challenge queries are already
discussed in previous sections, including Q1, @®ége), Q4 (relation), Q5, Q8, and
Q9 (annotation). We discuss the rest of the quéadsw.

Q2: Find the process that led to Atlas X Graphixg;lading everything prior to the
averaging of images with softmean.

This query is similar to the lineage queries, here are tracing back to a dataset’s
source. We can follow similar logic to answer thigery:

ProducedBy(?X, ?P) :- ?P[out->?X], ?P:_procedure.
ProducedinBetween(?X, ?Y, ?P1, ?P2) :- ProducéeiBy ?P1),
Derived(?Y, ?X), ConsumedBy(?Y, ?P2).

Basically the rule specifies that if a data¥ds the output of procedui®l, andX
is somehow (directly or indirectly) derived fromadhner dataseY, which is the input
of procedurdP2, then we stop tracing back. The query can be pased

Q: ProducedinBetween(‘atlas_x.jpg’, ?Y, ?P, sofinje
A: ?P = convert, slicer, softmean
?Y = altas_x.ppm, atlas, svoll, svol2, svol3}4vo
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Q3. Find the Stage 3, 4 and 5 details of the pretist led to Atlas X Graphic.

We can track the depth of derivation by slightly difiging the definition of
ProducedByand add the depth information in the rules:

ProducedBy(?X, ?P, ?D) :- ?P[out->?X], ?P:_procedu?D is 1.
ProducedBy(?X, ?P, ?D) :- DirectlyDerived(?X, ?¥ProducedBy(?Y, ?P,
?D0), ?Dis ?DO + 1.

The rules specify that if a dataséts directly produced by a procedWrethen the
depth of derivation is 1; otherwiseXfis directly derived from a datas¥ét andY is
produced byP at some deptb0, then the depth of derivation ferandX is DO plus
1. Now the query can be posed as:

Q: ProducedBy(‘atlas_x.jpg’, ?P, ?S), ?S >=3, ?&%=<
A: ?S = 3, ?P = softmean

?S =4, ?P =reslice

?S =5, ?P = align_warp

When there are multiple paths that can be traceld fram a data product, we can
define the depth as the longest path to that datdupt. The rules would be slightly
more complex, but still follow the same idea. Thées also require the workflow to
be acyclic, which is the case in Swift. Otherwise, may go into an infinite loop.

Q7. A user has run the workflow twice, in the selcorstance replacing each
procedure (convert) in the final stage with two gedures: ppmtopnm, then
pnmtojpeg. Find the differences between the twdkflaav runs.

Q7 turned out to be quite challenging for mosthaf teams. There were only one
or two teams that could tackle this query. UsingE), we can use the predicate for
Q2 to find the answers to this query:

Q: ProceducedInBetween(‘atlas_x.jpg’, ?Y, ?P,raefin).
Al: ?P=convert, slicer, softmean
A2: ?P=pnmtojpeg, ppmtopng, slicer, softmean

The solutions t&@P in the two cases would identify the differenceaaly as they
are, and also find the different intermediate detsthat have been produced.

Modification Queries. Modification queries allow the ability to couple@ries with
updates to define new procedures, annotations, veaortt requests, for instance,
changing a procedure argument, replacing a proeettua workflow, or editing a
subgraph of a workflow. It is worth noting that FR@-2 also supports updating the
knowledge base, such as inserting and deleting fact rules on-the-fly, and the
updates can also be conditional, i.e. based on sol®e& In our case, we can specify
that for each call toconvert we insert two consecutive callgpmtopnmand
pnmtojpeg and then delete the calls tonvert in this way, the workflow is
transformed into a new one with similar functiotali

5 Discussions and Related Work

Provenance management has become an importantofumidty for most scientific
workflow management systems [2,8]. The Kepler sysitmplements grovenance
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recorder[1] to record information about a workflow run, lading the context, data
derivation history, workflow definition, and workflv evolution. The
myGrid/Taverna system [22] uses Semantic Web tdolgies for representing
provenance metadata at four levels: process, deganization, and knowledge. Two
levels of ontologies are used. A domain-independsiema ontology is used to
describe the classes of resources and the propéeisveen them that are needed to
represent the four levels of provenance. A domaiology is used to classify various
types of resources such as data types, services,typel topic of interest for a
particular domain. The VisTrails system [12] supgpoprovenance tracking of
workflow evolution in addition to data derivationstory. In VisTrails, workflow
evolution provenance is represented as a rooteditravhich each node corresponds
to a version of a workflow, and each edge corredpdn an update action that was
applied to the parent workflow to create the childrkflow. The above provenance
systems are tightly coupled with their scientifiorkflow environments. A couple of
stand-alone provenance systems have also beenogdedelincluding the PReServ
system [13] and the Karma system [21]. PReServatpthe recording of interaction
provenance, actor provenance, and input provenaitbethe Provenance Recording
Protocol (PReP), which specifies the messages dlotdrs can asynchronously
exchange with the provenance store to support peonee submission.

The recent Open Provenance Model [19] effort tidelslentify key relationships in
data provenance systems, such as the transitiggorethip of derivation, and in the
mean time maintains openness about the alternaigwes that different users may
have over the same data production process. Althalig actual model and query
language implementations are not yet discussedhink a logic-based approach is
natural to explore. Existing provenance systemsehakiosen to use different
technologies for provenance querying, of whichtrefteal databases, XML, and RDF
are three representative approaches [17]. Foriopkdt database based approach,
persistence and indexing are the obvious advanthgegever, it is difficult to define
and integrate different schemas for different @&titinvolved in the provenance
space, and the queries for cross-entity joins eartbitive relationships are not easy to
write and extend. XML/XQuery based approaches alkiw to define schemas and
provide more flexibility in such definitions (car Isemi-structured), yet, they lack the
extensibility to define deductive rules, such thlfferent use cases have to be
implemented as different query templates. RDF/ROFSed approaches support
interoperability and inference, but the triple styhssertions make knowledge
representation flat, requiring a lot more statemetat define class and schema
information. RDF/RDFS based approaches also laekidductive rule engine, and as
a matter of fact, many RDF systems choose to udelasgic system as its inference
engine. OWL and some flavors of Description Logie also candidates for
knowledge representation, however, they focus nwrethe Class-level (T-Box)
relationships, and do not have the expressivenesmsdtance level knowledge
representation, and they also lack the reflectigpéction capabilities (query schema,
rule definitions themselves) presented in F-Lodigain, they often engage an F-
Logic system as their inference engine too [15].

Previously, F-Logic has been applied to workflowrifigation [9] and program
query [14], they share some similarities to ourrapph, as all need to represent
workflow and program structure to some extent. ®@ork can be actually extended to
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provide type checking (for instance, a procedutenegeds to supply the right type of
datasets to the procedure parameters) that is pi@ygammatically in Swift, and if

we choose to put more detailed information abouft$wograms into the knowledge
base, we can perform verification and program quang even workflow scheduling
within the FLORAZ2 engine using transaction logic.

While XSB has been shown to be highly efficientlability is an issue for large-
scale provenance management, as the whole knowledge may not fit into
memory. We plan to address this issue by 1) deumdop partitioning scheme for
provenance data so that different portions of pnawnee information are loaded into
memory dynamically as needed; 2) investigatingloate persistence techniques [7]
for logic programs where tables can be stored eatigrin relational databases and
loaded on-demand.

6 Conclusions and Future Work

In summary, we have described FLOQ, our Frame Ldwmsed approach to
representing and querying the virtual data proveeamodel, and we have
demonstrated that our previously identified provemaproblems and challenges can
be addressed by this approach. Our Swift workfl@fimitions can be mapped to F-
Logic programs in a straightforward manner, andvenance queries can be written
and extended with great expressiveness and flayilHor future work, we plan to 1)
extend the translations of other SwiftScript progrdeclarations to F-Logic and
enable type checking and workflow structure quagyMe can also apply F-Logic to
type inference, so that procedure signatures camdrved instead of explicitly
specified, which can further simplify SwiftScripgnd 2) generalize the logical
programming descriptions and apply them to moreegdnworkflow provenance
problems, not limiting to the virtual data schenedimed in the Swift system.
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