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Abstract— Pheasant is the �rst proposal for a declarative
domain speci�c visual query language for HEP data analysis. It
has been designed based on our experiencedealing with Hera-
B event data and query patterns. Its main goal is to allow the
physicist to describethe decayselectionqueriesby meansof visual
operators,to berun againstthe experiments' existingstoragebases
and analysis frameworks.

Our visual languageaims to be a simple-to-usetool with which
a user can expresscomplex decay queries in an easy way with
reducedprogramming efforts. Indeed, the user doesnot have to
deal with intricacies lik e physical storage details.

In our communication we will describehow we determined the
visual primiti ves by looking at the query patterns. We will also
describeour languagein an informal manner in terms of syntax,
semantics,and example queries.

Index Terms— Pheasant,HEP analysisoptimization, declarative
query languages,domain-speci�c query languages,visual query
languages

I . INTRODUCTION

T HERE is an ever growing needto speedup the analysis
process in High Energy Physics (HEP). The task to

achieve this is madedif�cult dueto theconstantriseof storage
demandandcomplexity of the frameworks.

At themoment,theadoptedtoolsdo not distinguishbetween
differentlayersof abstraction.This means,that physicistswho
want to analyzedatahave to learn many differentdetails that
are totally unrelatedto physics.As exampleswe mentionthe
storagelayout of the data,interfacesof many different utility
libraries,programminglanguagesfollowing diverseparadigms
(procedural,object-oriented,etc.).As a consequence,scientists
aredistractedfrom theiractualwork. Additionally, whenchang-
ing from oneexperimentto another, they facea steeplearning
curve familiarizing themselves with new tools. Often costly
reprogrammingefforts are necessaryto adapt their analysis
processto the new environment.

The major goal of our work is to optimizetheHEP analysis
process.Oneimportantaspectof performanceis increasingthe
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userproductivity. We achievethis by introducinga logical layer
betweenend usersand the underlying physical layer, which
comprisesthe currently usedstandardtools. The logical layer
hidesimplementationdetails from the end user, which makes
it easierfor him or her to becomeacquaintedwith the analysis
process.Owing to this abstractionlayer, a userdoesnot have to
learndetailson how thedatais actuallystoredon disk. Feeling
that we could push this concept even further, we added a
conceptuallayer, in form of adeclarativevisualquerylanguage,
on top of the logical layer. In this way a physicistwill be able
to carryout analysison familiar termsandis not forcedto learn
the intrinsicsof programmingin several differentparadigms.

Complex queriesin textual representationwritten in ageneral
purposelanguagearenot easyto grasp,especiallyfor untrained
users. Therefore we propose a declarative domain-speci�c
visual query language.Visual languageshave the advantage
that the structureof the query is easierto comprehend.Our
languagealso allows a user to formulate queriesin a more
intuitive way, relying on conceptstakenfrom thedomain.That,
and the declarative characterof the language,reducethe error
ratesigni�cantly.

Here we give a brief descriptionof the visual query lan-
guageused in our unifying framework Pheasant(PHysicist's
EASy ANalysis Tool)[2], [3], [6]. The formal semanticsof the
languageandthe lower layersof our framework aredescribed
elsewhere.

In SectionII. we presentthe datamodel and in SectionIII.
we describethesyntax,introducingthesymbolicnotationsand

grammar. A conclusionand an outlook wrapsup the paperin
SectionIV.

I I . DATA MODEL

We have modeledthe semanticmodel of the HEP analysis
datain an ER diagramthat is depictedin Figure1. It consists
of three major entities: Run, Event and Particle . The
attributes of the entity Run de�ne the parametersof the
experiment,e.g.thesetupof thedetectors,thetime spanduring
whichdataacquisitiontook placeandgeneralquality issues.As
eventscanonly exist within a run, they aremodeledasa weak
entity (dependenton the entity Run). Its attributes describe
propertiesof particlesinvolvedin anevent.A particleis mainly
describedby its track.Theremainderof thediagramconsistsof
variousentitiesfor describingparticles.Particlesreconstructed
by computations,i.e. whoseexistencehas beenderived from
the data,are called vertices.We also have to be able to store
simulationresults.Theseare the Monte Carlo entities.



Fig. 1. PatternedER modelof the HEP analysisdata,which excludesdetectorrelateddata

I I I . DESCRIPTION OF OUR VISUAL LANGUAGE

In designinga consistentVQL, we took into account– based
on previousworks in theareaof VL [4] – that it shouldsatisfy
threemajor useractivities: understandingthe structureof the
data, query formulation and result set visualization. In HEP
analysis,the structureof the data doesnot changemuch, so
we refrainedfrom explicitly showing the whole domain, like
in otherVLs. We hide the schemato avoid a confusinglayout
of the interface, as we expect the usersto be very familiar
with it. This meansthat eachoperatorcontainsbrowsableand
editabledata,which usually is not visible. Basically, a query
hasa tree-like structureandits resultcanbevisualizedwith the
helpof differenthistogramlayouts,which is theusualapproach
in physicsto handlestatisticaldata.

Furthermore,we did not limit ourselvesto retrieving a subset
of existing dataor selective zoomingof it, but also allow the
computationof new inferreddata(usuallyseenby thephysicists
as objects,like new particles)at run time. As we wantedto
provide a languagewhere the user has only to worry about
what computationsareperformedandnot how they arecarried
out. This declarative approachleaves the optimizationdetails
up to the underlyingsystem.

A. Informal descriptionof the Syntax

1) Basic Operators: We are going to introduce the basic
building blocks of our languagewith the help of a running
example.Let us start with the thoughtsof a physicist doing
analysis.Figure2 showstheschematicsof a typical decaychain
that canbe the centerof an investigation.Particle D + (on the
left handside)eventuallydecaysinto particles� + and� � (on
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Fig. 2. A typical query

the right handside).A typical queryof mediumcomplexity is
to �nd the D + particlewith the highestenergy level for each
event.The particleson the right handsideare the oneswhose
presenceis directly recordedby a detector. This is usedas a
startingpoint to searchfor theoriginal particles,which aretoo
short-lived or too small to be detected.

Fig. 3. Collecting the datain step1

We are now going to translatethesethoughtsinto a query.
First of all we have to decide which run and event data
to use. This is the task of the collection operator, which is
representedby a small disk symbol (seeFigure3). Associated
with this operator is a list of attributes and a list of �lter
predicates.Assumefor a momentthat we are only interested
in the data from the third run, so in a �rst step, we have a
collectionoperatorthat selectsthis datafor us.Collectionscan
be combinedusing the standardsetoperators\ ; [ , andn.



Fig. 4. Selection,Aggregation,Transformation

For the secondstep we need three more operators:Se-
lection, Aggregation, and Transformation(see Figure 4 for
their symbols). Selectionworks on the data retrieved by a
collectionoperatorandselectsactualparticlesdetectedduring
these runs and events according to predicatesthat refer to
particles.Aggregation and Transformationoperatorswork on
the results of selection operators.An aggregation sums up
information on particlesper event, i.e. we get one result for
each event. Transformationcombinesthe results of two (or
more)selectionsaccordingto predicatesthat refer to attributes
of all participatingselections.Usually this resultsin the con-
struction of a particle higher up in the decaychain. So, the
transformationoperatorcreatesnew particle objectswith the
datafrom previous selections.

We now needa way to connectthe objects.For this we use
a simple line with an arrow that describesthe data�o w from
oneoperatorto another.
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Fig. 5. A)ComparisonB)Minimal Distance

Our languagesupports two more complicated primitives
to relate selectionobjects: the comparisonand the minimal
distanceoperators(see Figure 5). Both of them relate two
differentselectionobjectsandapplyarestrictiveselectionbased
on a criteria.

The �rst one,comparison(seeFigure5(A)), basicallycom-
paresattributevaluesof oneselectionobjectto thoseof another
selectionobject.In doing so, it �lters out particlesthat do not
satisfy the conditionof the comparisonoperator.

For thesecondoperator, minimal distance(seeFigure5(B)),
the usercande�ne a thresholdvalue.For eachparticlex in A
we �nd the particley in B that hasthe smallestdistanceto x.
If this distanceis smallerthan the threshold,both particles,x
andy, are kept. All particlesin B not hooked up to one in A
are discarded.If the distanceis larger than the threshold,the
behavior of the operatordependson its mode.The �rst mode,
mandatory(representedby a solid line), �lters out all particles
in A that do not �nd a match in B. The secondmode,non-
mandatory(representedby a dashedline), keepsall particlesin

A, so just �lters out particlesin B. Note that this operatoris
not commutative (asindicatedby thepositionof thediamond).

1D 2D 3D # ?

Fig. 6. ResultSetSpeci�cation:1D,2D,3D,ValueResultandoperatoromission

And last,but not least,we have to describehow to visualize
the result of the query in the third step. We provide four
differentoperatorsfor the descriptionof the result (seeFigure
6): threeoperatorsto createone-, two-, and three-dimensional
histograms,andoneoperatorto outputnumericvalues.In case
of absenceof a resultoperator(in this casewe will representit
textually by ? ), the resultwill bea setof tuplesthatmatchthe
decaydescriptionthatwill be usedto feedsomeotheranalysis
frameworks,external to our own one.

Figure7 shows thecompletequery. Thetwo operatorsin the
upper part of Figure 7 tell the systemthat we are interested
in the data from the third run and want a one-dimensional
histogramoutputof the result.We begin on the right handside
with extractingall � + and� � particlesfrom the eventsof the
third run. With the help of a transformationoperator(T1) we
reconstructa K

0
particle.Anothertransformationoperator(T2)

helpsus�nd D + particles.Theconditionoperatorbetween� +

and � � guaranteesthat they have the samemass.A minimal
distanceoperator is used to select the selection object PV,
(primary vertex), that is closer to the computedD + particle,
if noneexists, the decaychain is also not selected.Finally an
aggregationoperation�lters out theparticleswith themaximal
energy level for eachevent.
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Fig. 7. Exampleof a CompleteQuery: the D + decay

2) Implicit graph structures: There are some non-visible
implicit operatorsin our languagethat we will specify in
this section.Thesehidden structuresdeal with the collection
objects,resultobjects,andso-calledobject references.

The collectionobjectsareimplicitly connectedto the leaves
of the query tree.They “feed” the restof the queryoperators,
i.e., they canbe seenas the sourceof the data�o w.

The result operatorsimplicitly standat the very end of the
querytree.The outputof the last operatoris sentto the output



operator, i.e., it canbe seenas the sink of the data�o w.
Object referencesare used to connectmeasureddata (for

instanceTracks) to simulateddata (for instanceMonteCarlo
Tracks). This referenceoperatoralso comes in two �a vors:
mandatory(

mand:r ef
� ! ) andnon-mandatory(

r ef
� ! ). The

mandatoryversioneliminatesall measureddata for which no
matching simulated data can be found. The non-mandatory
versionwill keepthe measureddataregardlessof the presence
of matchingsimulateddata.Thereferencesfrom measureddata
to simulateddataare usually not visible to the usersand can
be reachedby accessinghiddensub-menus.

B. Thegrammar

� ::= a Collectionsb � ! a Quer yb � !

a Resultb

a Collectionsb ::= a CollR � ! CollE b

a CollR b ::= ? j R j a CollR � ! CCOPb

 � CollR a j a CollR 1� ! NCOP b 2 �
CollR a

a CollE b ::= ? j R j a CollE � ! CCOPb

 � CollE bj a CollE 1� ! NCOP b 2 �
CollE a

CCOP ::= U j U

NCOP ::= \

a Query b ::= Decay j a Decay � ! b j a

Decay � non � mand� ! Decay b j a Decay � mand� !

Decay b

a Decayb ::= SelObject j a Tree � ! b

a SelObjectb ::= j a
r ef
� ! b ja

mand:r ef
� ! b

a Tree b ::= SelObject j a Vertex � ! b j a Tree
� ! b

a Vertex b ::= a ( Tree � ! ) �
b

Result ::= 1D j 2D j 3D j # j ?
a b ::= a � � b

Fig. 8. Grammarof Visual elementsof PheasantQL

In order to proceedwith the de�nition of the syntaxof our
language,wehave to describehow symbolsmaybeformedinto
valid phrasesof the language.We do this with the help of a
graphgrammar(seeFigure8). Grammarsarea standardway in
computerscienceto describeformal languages.This grammar
is context-sensitive since it allows left and right graphsof a
productionto have an arbitrarynumberof nodesandedges.

PheasantQL's grammarcomprisesfour parts< � ; N ; P; S >
where:

� � is a �nite setof terminalsymbols.This is the alphabet
of the language,from which we composethe possible
words of the language.We decidedto use the symbols
of the visual languageitself as terminalsin the grammar,
sotherewould benoproblemto recognizethecomponents
introducedin the last section.

� N is a �nite set of nonterminalsymbols (disjoint from
� ). In our description,non-terminalshave a grayishback-
ground,while for the terminalsthe regular backgroundis
used.

� S is the startsymbol � or null graph.
� P are the production rules stated (summarizedfor our

languagein Figure8). We startwith � andreplacenon-
terminalsin thecurrentstring with the right handsidesof
productionrules if they match the left handside of that
rule. Sometimesthereareseveral alternativeson the right
hand side divided by j (in this casewe have to choose
one). We do this stepby stepuntil we arrive at a string
containingonly terminals.This is called a word of the
language.The set of all derivable words describesthe
whole language.

::/ AttributeList ConditionList
1D ::/ Attribute
2D ::/ Attribute Attribute
3D ::/ Attribute Attribute Attribute
# ::/ Attribute AggFunction

::/ Attribute AggFunction
? ::/

::/ AttributeList ConditionList UDTF
::/ AttributeList ConditionList

� ::/ expr Condition

Fig. 9. Terminalsde�nition

AttributeList ::= Attribute �

Attribute ::= ( Label, Type )
ConditionList ::= Condition �

Condition::= expr CompOP expr

expr ::= expr AOP expr j Ar j UDF( ArList )

ArList ::= Ar �

Ar ::= Constj Attribute
CompOP::= > j < j > = j < = j =

AOP ::= + j � j � j=
AggFunction ::= UDAF j Max j Min

Fig. 10. Grammarof the textual elementsof PheasantQL

Let us give someextra explanatorynotes.In our production
ruleswe de�ne a andb asconnectionpoints to the restof the
graph,and they are usedto keep the graph orientationafter
applying the rule (meaningthat the data�o w goesfrom a to
b).

Associatedwith eachoperatoris someadditionaldata,like
attributelistsandconditionlists.Duringqueryconstruction,this
informationis hiddenmostof the time. Therefore,we describe
this hiddendataassociatedwith eachoperatorwith thesymbol



::/ (seeFigure9). Therearefurtherrulesdescribingthehidden
datain Figure10.

Furthermore,we distinguishbetweentwo differentcollection
types: run collectionsand event collections.When no collec-
tionsaregivenin a query, thequeryconsidersall availabledata.
If we de�ne a run collection,only datafrom the selectedruns
will be considered.We canrestrict this further by additionally
supplying a descriptionof an event collection. Then only a
subsetof the events of the run collection will be taken into
account.Whenspecifyingan event collectionwithout any run
collection,we regard the relevant eventsfrom all runs.When
connectingcollectionsvia setoperators,wehaveto differentiate
betweencommutative operators([ , \ ) and non-commutative
operators(n).

We considerthe fact that userswant to be able to extend
the languagewith UDFs (user-de�ned functions).We support
UDSFs (user de�ned scalar functions); UDAFs (user-de�ned
aggregatefunctions),andUDTFs(userde�ned tablefunctions).
For instance,userscan integrate their own aggregation func-
tions (the systemcurrently provides a max- and min-function
UDAF) into an aggregation operator. To connect selection
objectsvia a transformationoperator, the usercanalsosupply
his or her own transformationfunction (usually a function to
reconstructverticesUDTF). Someexpressionsand conditions
canalsobe composedby UDFs.

Due to spaceconstraintswe are not able to presentthe
formal semanticsof the language.We have done this via
transformationalsemanticsmappingour operatorsto operators
of the relationalalgebra(detailscanbe found in [3]).

IV. CONCLUSIONS

In this paper we introduceda declarative domain-speci�c
visualquerylanguagefor HEPanalysis.It hidesthecomplexity
of datastorageandprogrammingdetailsfrom the endusers.

For future work, we plan to do a thorough evaluation of
the languageinvolving feedbackfrom potentialusers.In this
way we can make surethat we satisfy the needsof the users
establishedduring the requirementsanalysis.When the need
for changesor extensionsarisesduring this evaluation,we will
incorporatethese suggestionsinto our framework Pheasant.
We will also try to specify the semanticsof the language
via monoidcomprehension[5] to be able to introduceobject-
orientedelementswithout losingmeaningduringthetranslation
process(causinga so-calledimpedancemismatch).

REFERENCES

[1] V. Amaral,G. Moerkotte,S.Helmer, A. Amorim, ”Studiesfor optimization
of dataanalysisqueriesfor HEPusingHERA-B commissioningdata”Proc.
of CHEP'01,Beijing, China,SciencePress3-10:154-155,2001

[2] V. Amaral, S. Helmer, G. Moerkotte, ”A Domain Speci�c Visual Query
Languagefor High Energy physicists”, OOPSLA 2003, Workshop in
DomainModelling, ACM

[3] V. Amaral, S. Helmer, G. Moerkotte ”Pheasant:A Physicist's Easy
AnalysisTool” TechnicalReportof theUniversityof Mannheim:8/03,2003

[4] T. Catarci,M. Costabile,S.Levialdi, C. Batini, “VisualQuerySystemsfor
Databases:A Survey”, Journalof Visual LanguagesandComputing,1995

[5] L. Fegaras,D. Maier ”Optimizing Object Queries Using an Effective
Calculus”ACM Transactionson Databasesystems,Vol. 25, N 4, December
2000,pp.457-516

[6] Pheasant: http://pi3.informatik.uni- mannheim.de/
˜amaral/pheasant

[7] HERA-B: http://www- hera- b.desy.de


