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Exploring Multistreaming in the Universe
Category: Application

Abstract — Visually striking large scale structures (LSS) such as galaxy �laments and clusters have been observed in cosmological
surveys, and are composed of large numbers of galaxies. Even though there are theories for the formation and evolution of these
cosmological structures, much remains to be understood, especially in the nonlinear regime of structure formation. This problem
is now being attacked with the aid of high accuracy cosmological simulations. Associated with these simulations, there is a new
challenge for data analysis. In this paper, we describe how visual analytics can help identify and characterize a particular set of
features of interest in the evolution of the universe, the multistreaming events. As the name implies, different velocities (directions and
magnitudes) can be observed in locations of such events. It is believed that these events are precursors to the formation of the LSS.

Index Terms —Cosmology, multistreaming, feature detection, velocity �eld.

1 INTRODUCTION

This paperdescribesthe applicationof visualizationtechniquesto
identify andcharacterizemultistreamingevents(seeSection3 for de-
tails) in theevolutionof thedistributionof darkmatterin theuniverse.
We �rst give an overview of the cosmologyproblemincluding the
importanceof multistreamingin the formationof LSSin the initially
smoothdarkmatterdistribution. Wethenprovideabrief review of pre-
viousandrelatedworksin cosmologicalvisualizationanddetectionof
multistreamingevents. Next, we re-examinethedifferentcontexts in
which multistreamingis describedandidentify othercriteria for de-
tectingtheseevents.Finally, we presentour strategiesandresultsfor
�nding thesemultistreamingevents.

An astonishing99.6%of our Universeis “dark” andnot directly
observableby emissionor absorptionof light. Observationsindicate
that the Universeconsistsof 70% mysteriousdark energy, 25% of a
yet unidenti�ed darkmattercomponentreferredto ascold darkmat-
ter, andonly 0.4%of theremaining5% of ordinary(baryonic)matter
is visible. Understandingthe physicsof this dark sectoris the fore-
mostchallengein cosmologytoday. Although the ultimatenatureof
thedarksectoris unknown, a detailedphenomenologyhasbeencon-
structedwhich is called the cosmologicalStandardModel. In this
model, tiny density�uctuations in the very early Universegrow un-
der the in�uence of gravity as the Universeexpands. It is this den-
sity �uctuationsthatseedtheformationof complex LSSin thematter
distribution. Growing modescollapseinto darkmatterclumpscalled
haloswhich attractandcollect baryonicmatter(gas)andeventually
lights up asgalaxies.Thegalaxies,beingvisible,canbeusedto track
thedynamicsanddistributionof darkmatter[14].

Understandingthe evolution anddynamicsof the dark mattercan
beachievedby following theformationof LSSasobservedin thedis-
tribution of galaxiesfrom theearliestmomentsuntil today. LSSsuch
as galaxy clusters(0-D), �laments (1-D), and surface-like pancakes
(2-D) canbeconsideredto correspondto nodes,edges,andfacesre-
spectively, in a tessellationof the topology of the universe[2, 12].
Thesestructureshave complex geometryandtopologyascanbeseen
in Figure1. Understandingthe formationof the LSS is not only in-
terestingin of itself but will alsobevery importantto guideanalytical
andnumericalstudiesin thequasi-linearregimeof structureformation
(whereonecanstill applyperturbationtheorytechniques).Suchstud-
ies will be essentialto interpretresultsfrom major up-cominglarge-
scalestructuresurveys, suchastheLargeSynopticSurvey Telescope
(LSST), the Joint Dark Energy Mission, and the BaryonOscillation
SpectroscopicSurvey (BOSS),a key componentof theSloanDigital
Sky Survey III.

Precisiondark mattersimulationsarea key foundationof cosmo-
logical studies. Thesesimulationstrack the evolution of the dark
matterwith very high resolutionin time, force, and mass. At the
scalesof interestto structureformation,a Newtonianapproximation
in anexpandinguniverseis suf�cient to describegravitationaldynam-
ics. Theevolution is givenby acollisionlessVlasov-Poissonequation

Fig. 1. Large scale cosmological structures of the universe.

[6], a six-dimensionalpartialdifferentialequation.Thus,on memory
groundsalone,a brute force approachis impractical. Having made
their �rst appearancein plasmaphysics, N-body codesnow form a
standardapproachfor dealingwith this problem. In the N-body ap-
proach,the six-dimensionalphasespacedistribution is sampledby
“tracer” particlesand theseparticlesare evolved by computingthe
inter-particlegravitationalforces.

The startingpoint of the simulationsis a Gaussianrandomden-
sity �eld which imprints small perturbationson a uniform density,
isotropicuniverse. The simulationsstart in the linear regime of the
density�uctuationsandthenevolve underthein�uence of gravity. At
any given lengthscale,during the early stagesthe evolution remains
linear but as time progresses,the evolution entersthe quasi-linear
regime before �nally reachingthe fully nonlinearregime at which
point all analytic descriptionsbreakdown. Thereis substantialin-
terestin determiningandcharacterizingthetransitionsbetweenlinear,
quasi-linear, and nonlineardynamicsin the simulationsby tracking
thedynamicsof darkmattertracerparticles.At thestartof thesimula-
tion, thevelocity dispersionis initially zero,andthephase-spacedis-
tribution is a three-dimensionalsub-manifoldof thephasespace(only
onevelocity directionat a givenspatialpoint). As the3-hypersurface
evolves,it folds, leadingto theoccurrenceof singularitiesin theden-
sity �eld correspondingto theappearanceof regionswith multistream
�o w.

The initial appearanceof multistreamingis observed during the
transitionfrom linearto nonlinearregimes.This transitionaffectsthe
accuracy of perturbative techniquesusedto analyzethe evolution of
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Fig. 2. Phase-space plot of a 1-D �o w. A singularity (non-self-
intersecting fold) is a necessary condition for multistreaming.

thedensity�eld. Multistreamingis thereforeof interestbothin terms
of the underlyingphenomenologyandfor understandingthe validity
of analyticalmethods.

Previously, LSShavebeenidenti�ed by thresholdingonthedensity
of tracerparticleswith halo�nders (e.g. [10]. In this paper, we study
how the velocity informationof tracerparticlescan�nd andcharac-
terizethemultistreamingregionswhich eventuallyleadto theseLSS.
Thiswork is carriedout in closecollaborationbetweenastrophysicists
andcomputerscientists.

2 PREVIOUS WORK

Thevisualizationof cosmologicaldatasetshasreceivedconsiderable
attentionrecently. Sinceall cosmologicalsimulationsare particle-
based,one of the popular tools for visualizing particlesdirectly is
Partiview [8]. Within the visualizationcommunity, thereare also a
handful of recentcontributions dealingwith astrophysics datasets.
Theseincludethe work of Li et al. [9], focusingon how to display
positionalandtrajectoryuncertaintiesin astrophysicaldatasets.In the
sameyear, Navratil et al. [13] describedtheir visualizationapproach
for adatasetthatstudytheformationandeffectsof theradiationfrom
the�rst starsandtheimpacton subsequentstarformation. Lastyear,
Harozet al. [5] investigatedparticle-basedsimulationdatasetsof the
evolutionof theuniverseandstudiedtherelationshipof differentvari-
ablesespeciallyin the faceof uncertaintyarising from the different
codesettings,e.g. thestartingtime for thesimulation.A similar data
setwasalsoinvestigatedby Ahrenset al. [1] wherethefocuswason
comparisonratherthanonuncertaintyvisualization.

Therehave alsobeenseveralpaperson multistreamingevents.For
example,Yanoetal. [18] studiedthedistributionof caustics(seeSec-
tion 3) in the expandinguniverse,while Gouda[4] investigatedthe
relationshipbetweencatastrophetheory and gravitational clustering
leadingto caustics.In thesestudies,the modelsdescribecontinuous
matterdensity�elds, e.g. densityperturbations,singularitiesof den-
sity, etc. A goodstartingpoint for readingmoreaboutaboutmulti-
streamingcanbefoundin [3].

3 MULTISTREAMING

Multistreamingis saidto occurwhentherearemultiple velocitiesat
onepoint. A moreformal descriptionis illustratedin Figure2. Here,
the phasespaceplot of a 1-D systemshows that within the dashed
region, singularityoccurs.That is, the mappingfrom phasespaceto
physical spaceproducesmultiple possibilities. Hence,at someloca-
tion x, therearemultiple velocitiesv. While this illustrationis in 1-D,
thetheoryextendsto higherspatialdimensionsaswell.

In cosmologyliterature,multistreamingis oftenmentionedin con-
junctionwith caustics.Causticsarehigh densitystructuresthat form
in collisionlessmedia.Justaslight causticsareformedby theconver-

genceof light raysfrom multiple directions,multistreamingcanalso
be formedby theconvergenceof particles.Therearedifferencesbe-
tweenthetwo however. For example,multistreamingcanalsoariseif
particlesaretraveling at differentspeedsbut alongthesamedirection
– this caneasilybe illustratedby additionalfolds in the phasespace
plot. Both aredueto singularitiesin theevolution of thedensity�eld,
andfor thepurposeof thispaper, bothtermsareusedinterchangeably.

Looking at the top portion of Figure2, onecanobserve a corre-
spondinglyhigherdensityof particles,r , in therangeof x wherethere
aremultiple velocities.This is thebasisfor existing methodsof halo
�nders that look for over-denseregionsassociatedwith multistream-
ing. In ourwork, oneof thequestionsweseekto answeris how to use
thevelocity informationto �nd multistreaming,andseeif thereis any
additionalinformationthatcanbegleaned.

First,welookattheassumptionsthatgointonumericalsimulations.
In cosmologicalsimulations,initially theuniverseis closeto homoge-
neouswith very low velocity dispersion.At this early stage,the net
effect of thegravitational interactionis insigni�cant, andparticlemo-
tion is inertial to agoodapproximation:

x(t;q) = q+ t � v(q) (1)

Theparticlepositionin Eulerianspacex is afunctionof timet andpar-
ticle positionin the (initial) Lagrangianspaceis q. v(q) is the initial
velocity �eld. Over time, the small densityperturbationsareampli-
�ed by thegravitational instability. In anexpandinguniverse,a non-
perturbative descriptionof the instability is given by the Zel'dovich
approximationdescribingparticlemotionas

r(t;q) = a(t)[q� b(t)ÑF (q)]; (2)

theparticlepositionin Eulerianspacer isafunctionof timet andparti-
clepositionin Lagrangianspaceq. a(t) is thecosmologicalexpansion
factor, andb(t) is thegrowth rateof lineardensity�uctuations. Since
F (q) is thegravitationalpotential�eld, � ÑF (q) describesthe initial
velocity �eld, which is conservative andirrotational. In Equation2,
the�rst termis theunperturbedparticleposition,andthesecondterm
is thespatialperturbation.Equation1 reducesto Equation2 through
thefollowing substitutions:

r(t;q) = x(t;q)a(t); b(t) = t; v(q) = � ÑF (q)

This meansthat particle motion undergravity mimics particle mo-
tion underinertia.Furthermore,theZel'dovich approximationclosely
matchesthe evolution of densityperturbationto full N-body simula-
tion until multistreaming.

As particlesmove undergravity, they form structuressuchasclus-
ters, �laments, pancakes,or voids. Multistreaminghappensin these
structures:particlesfrom different position q1;q2;q3; : : : ;qn in La-
grangianspacecongregateatpointx in Eulerianspacehaving different
velocitiesv1;v2;v3; : : : ;vn [16]. In otherwords,a multistreamingre-
gionconsistsof heterogeneousparticle�o ws. Althoughthey werenot
looking explicitly for multistreamingevents, this behavior was also
observed by Harozet al. [5] wherethey found that denseclusterre-
gionsareassociatedwith highvelocityuncertaintyof particles.In such
ascenario,any oneof threeconditionscanleadto multistreaming:

- Particle�o wshavedifferentspeedanddirection.

- Particles�o wshave thesamespeedbut differentdirection.

- Particles�o wshavedifferentspeedsbut thesamedirection.

From theseconditions,onecanhypothesizepossiblemetricsfor ex-
tractingmultistreamingevents.For example,regionswith highveloc-
ity variance,or regionswith highshearcanaccountfor any of thethree
situationsabove.

In addition,we found recurringdescriptionsassociatedwith mul-
tistreamingthatsuggestsadditionalalternativesfor �nding them. For
example,SahniandColes[15] describedthat “... asevolution pro-
ceeds,the map connectinginitial to �nal positionsdevelopssingu-
larities(caustics)correspondingto multiple �o w directionsat a given
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spatialpoint. Regionsof multistream�o w form,andeventhougheach
streamis irrotational(curl-free),thevelocity �eld is nolongerapoten-
tial �o w.” Thissuggeststhat�o wswhereimaginarycomponentsin the
eigenvaluesmaynow appear. Anotherexample,is the frequentmen-
tion of multistreaminghappeningaroundthe time when the system
transitionfrom a linearto anonlinearregime. If weextrapolatethis to
linearversusnonlinear�o ws, onecouldpossiblytestfor nonlinearity
in �o wsasanindicationof multistreaming.

In summary, therearea numberof potentialidenti�ers for caustics
or multistreamingeventse.g. high densityregions,exploiting singu-
laritiesin phase-space,highvelocityvariance,andhighshearregions.
Otherpossibilitiesincludelooking for changesin thevelocity �eld —
e.g. seeif the �o w remainscurl-free as well as linear. In the next
section,we describeandinvestigatevelocity-basedindicatorsof mul-
tistreamingevents.

4 DATA SETS

We usetwo cosmologicalsimulationdatasetsin this study— (i) the
Zel'dovich pancake wheremultistreamingregionsform �at pancake-
likesheetsand(ii) asimulationfromtheMesh-basedCosmologyCode
(MC2) [6]. Bothareparticle-basedsimulationsof cosmologicalevolu-
tion. Eachparticlehasa uniquetag,position,andvelocity. More im-
portantly, particlesarecollisionless.They canoccupy thesamespace
withoutphysically colliding into eachother.

4.1 The Zel'dovic h Pancake

This datasetsimulatesparticlebehavior within a (10
p

3 Mpc)3 box
usingthe MC2 code. Eachmegaparsec(Mpc) is approximately3.26
million light years. The simulationhas643 particlesand 250 time
steps.It modelsthe 1D �o w of particlesalongthe main diagonalof
the datacube,whereit is known that multistreamingstartssimulta-
neouslyin threeorthogonalpancake regionsat time step37. It is an
importanttestdatafor validatingthehypothesesbehindour velocity-
basedfeatureextraction. We describeour featureextractionmethods
with resultsusingthisdatasetin Section5.

4.2 MC2

Thisdatasimulatesparticlebehavior within a(90Mpc)3 boxusingthe
MC2 code. It has2563 particlesand251 time snapshots.Unlike the
Zel'dovich Pancake, the locationsandonsetof multistreamingevents
in this datasetareunknown. We describetheresultsof our proposed
methodsusingthisdatasetin Section6.

4.3 Regrid ding

To facilitate processingof the particle-baseddata,we resamplethe
dataonto a regular grid. The choiceof grid resolutionis quite im-
portantsinceif thegrid is too coarsewe maymissthemultistreaming
event,andif thegrid is too �ne it would resultin a low particlecount
andcon�dencein eachcell. We choosethe grid sizefor the density
calculationin suchaway thateachcell onaveragehaseightparticles.
For theMC2 dataset,this leadsto a 1283 grid, andfor theZel'dovich
Pancake dataset,a 643 grid. At thestartof thesimulation,eachcell
containseightparticleson average.As time progresses,someregions
becomemoredensewhile othersbecomesparseor evenempty. Empty
cellsaswell asthosein their immediatevicinity mustbetreatedwith
caresothatthey donotproduceerroneousresultsin theanalysis.

5 IDENTIFYING AND CHARACTERIZING MULTISTREAMING
EVENTS

Incorporatingvelocityfromparticlesimulationsopensupseveralideas
for �nding multistreamingevents. In this section,we describehow
thoseideascanbeformulatedinto featuredetectors.Wealsotesteach
methodagainstthe pancake datato seehow well it detectsthe onset
andidentify themultistreamingregions.We useParaView [17] to vi-
sualizeour results.

Fig. 3. Phase space plot. Top image is from frame 37 of the simulation,
which coincides with the onset of multistreaming. Note the three verti-
cal sections of the curve where multiple velocities are associated with
each position. Bottom image is from frame 249, the last frame of the
simulation. One can see that the curve has evolved into multiple, but
non-self-intersecting curves. The range within each of the three multi-
streaming regions have also grown wider.

5.1 Phase Space Plots

First, we verify the onsetof multistreamingeventsin the Zel'dovich
pancake by looking at the phasespaceplots (PSP)of the particlesat
eachtime step. Becausethe �o w in the Zel'dovich pancake datais
alongthemaindiagonald of thedatacube,we�nd thePSPbyde�ning
a planegoing throughthe origin o andperpendicularto d. Given a
particlewith positionp andvelocityv, wecalculateits distancep0and
velocityv0alongd with respectto p.

p0 = jp� oj cosa
v0 = j�!v j cosb

wherea is theanglebetweenp� o andd, andb is theanglebetween
v andd. ThePSPshows therelationshipbetweenp0 andv0 of all the
particlesin a time frame.Figure3 con�rms thatat theonsetof multi-
streaming,frame37, thePSPis not a functionalanymoregiving rise
to multiple velocitiesat a given position. The sameinformationdis-
playedin physicalspaceasa volumerenderingof theparticledensity
�eld is shown in Figure4. Here,we canclearlyseethethreepancake
regionsin greenwhichintensi�esandgetsthickerovertime. Thethree
sectionsof thePSPin Figure3 correspondto thethreepancakeregions
in Figure4. Thethicker pancakescorrespondto theexpandingregion
of overlappingfolds in thePSP.

Unfortunately, thePSPplot is usefulonly if thevelocitiesarepre-
dominantly1D. In general3D �o ws, thePSPcombinesvelocitiesthat
arenot orthogonalto the referenceplane,andhencecannotbe used
directly in theanalysis.

5.2 Maxim um Shear Stress

Shearin the velocity �eld canbe oneof the mechanismsfor multi-
streaming. Particlesgoing in the sameor oppositedirectionsbut at
differentspeedsleadto shearin the velocity �eld. To �nd the maxi-
mumshearstress,we �rst calculatethevelocity gradienttensorof the
velocity �eld, then�nd its symmetrictensorandassociatedeigenval-
uesl 1, l 2, andl 3. WeusethevonMisescriterionfor maximumshear
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Fig. 4. Volume rendering of the particle density �eld. Top image is from
frame 37. The three green pancake regions correspond to the vertical
sections of the PSP in Figure 3. Bottom image is from frame 249, and
shows how the pancakes have intensi�ed and thickened.

Red Repelling-Spiral-Saddle
Green Repelling-Node-Saddle
Blue Repelling-Spiral

Yellow Repelling-Node
Purple Attracting-Spiral-Saddle
Cyan Attracting-Node-Saddle
White Attracting-Spiral
Gray Attracting-Node

stresswhich is de�ned as:

MS =

r
(l 1 � l 2)2 + (l 1 � l 3)2 + (l 2 � l 3)2

2
(3)

Figure5 shows theresultsof thismetric.

5.3 Critical Points

Because�o ws in thevicinity of critical pointsusuallyinvolve differ-
entvelocities(directionsandmagnitudes),wedoaquickstudyon the
locationof critical points. In addition,because�o ws in multistream-
ing regionsarenot potential�o ws anymore,we alsolook at the type
of critical points. In particular, we try to identify thosethat have ro-
tationalcomponents.Figure6 shows the locationandcolor codethe
differenttypesof critical pointsaccordingto thefollowing scheme:

5.4 Diver gence

Divergenceis a scalarquantity that measuresthe degreeto which a
vector �eld is a sourceor a sink at a given location. Positive values
indicatea source-like behavior, while negative valuesindicatea sink-
likebehavior. Divergencecanpotentiallybeusedto �nd multistream-
ing becauseit �nds regionswherelight converges(sink)asin caustics.
Looking at the evolution of the divergence�eld in Figure7, onecan
seethat the pancake regions, correspondingto negative divergence,
arestartingto pull in particlesmostnoticeablywhenmultistreaming
started. At the sametime, the particlesin-betweenthe pancake re-
gions, with positive divergence,are being forced away and towards

Fig. 5. Maximum shear stress. Top image is from frame 37 where we
can see well de�ned three regions of high shear. Over time, the maximal
shear has increased and become more pronounced as shown in frame
249 on the bottom. On the other hand, the size of the high shear region
has tapered off and become more concentrated in the pancake region.

Fig. 6. Type and locations of critical points at time frames 37 and 249.
One can observe that the number of critical points grow over time and
congregate at the pancake regions. One can also observe that critical
points with rotational components (colored red, white, blue, and purple)
can also be found in these regions. On the top image, one can also
see two planes of predominantly green and blue critical points, both of
which are repelling types. We surmise that these critical points “push”
the particles in their towards the three pancake regions towards the end
of the simulation. On the other hand, the high concentration of different
types of critical points in the pancake regions indicate the highly com-
plex behavior even for this simple 1D model.
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Fig. 7. Divergence �eld at time frames 37 and 249. The negative diver-
gence in the three green pancake regions tend to draw in the particles
from their surrounding neighborhood. These regions seem to intensify
and grow larger over time.

thepancake regions.This corroboratestheobservationsusingcritical
points.

5.5 Vor ticity

Vorticity measuresthe tendency of vector �eld elementsto spin. In
cosmologicalsimulationsthe velocity �eld is irrotational (zerocurl)
prior to multistreaming.We hypothesizethatvorticity maybeusedas
anindicatorfor multistreaming.

Thevorticity at a point is a vectorandis de�ned asthecurl of the
velocity. That is, vorticity is Ñ � ~V whereÑ = ( ¶

¶x ; ¶
¶y ; ¶

¶z). Since
we areprimarily interestedin detectingthe presenceof regionswith
rotationalmotionsandnot their particularorientations,we look at the
vorticity magnitudesin thesimulations.Figure8 shows thatvorticity
magnitudeincreasingover time with highervorticity in the pancake
regions.

5.6 Linearity Test

Anothertestfor multistreamingis to checkif thevelocity �eld is still
linear. This is motivatedby the descriptionthat the simulationsstart
out beinglinear, thentransitionthrougha quasi-linearto a nonlinear
behavior. Detectingchangesin the linearity of thevelocity �eld may
beanindicatorof multistreaming.

Givenavelocity �eld ~V, positionp, andvelocitygradientJ, wecan
obtainthevelocity of a nearbypoint dp using�rst orderapproxima-
tionsif the�eld is linear.

~V(p+ dp) = ~V(p) + J � dp (4)

wheredp is one of [� 1;0;0], [0; � 1;0], or [0;0; � 1] dependingon
which neighboringvelocity we want to get. To checkwhetherthe
velocitiesaroundp arelinear, we comparethe �rst orderapproxima-
tion of~V(p+ dp) againsttheoriginalvelocityat p+ dp by takingtheir
pairwisedot products.Velocitiesarenormalizedbeforedot products
aretaken.Eachdirectionthathasadotproductgreaterthan0.9counts
asavotefor linearity. If any neighborof p is empty, weskipthecalcu-
lation of J(p) anddo not applythelinearity testat p. Figure9 shows
resultsof runningthelinearitytestonthepancakedata.Cellswith vote

Fig. 8. Vorticity magnitude can be seen as faint bluish regions in the
three pancake regions in frame 37, that becomes more pronounced in
frame 249. We also note that vorticity around the boundaries of the
pancake regions seem to be stronger.

countsof 3 or moreareconsideredlinear. Regionswith linear �o ws
arenot of interestandaremadetransparent.Regionswith nonlinear
�o ws arerenderedopaqueandbluish. Their opacitydropsoff asthey
tendtowardslinear�o ws. While wecanseethatthenonlinearregions
correspondto the pancake regionsfound usingothermethodsat the
last time frame,the linearity testdid not show the pancake region at
frame37. In fact, the testdid not detectany nonlinear�o ws until 14
framesafterframe37. This might bedueto thestrict cutoff of having
not more than3 votes,or the test, using �rst orderapproximations,
wassimply latein predictingmultistreaming.

5.7 General Obser vations

We know that multistreaminghappensat time frame37 for the pan-
cakedata.This is con�rmed in thePSPimages.Thereis strongagree-
mentwith thethreepancake regionsamongthedensity�eld, thecriti-
calpoints,maximalshear, divergence,vorticity, andnonlinearitytests.
In additionto consistentlyidentifying themultistreamingregions,the
velocity-basedmethodswerealsoableto provide valuablenew infor-
mationnot availablewith density-basedmethodsalone. This canbe
observedin theform of complex behaviors within multistreamingre-
gionsaswell asthebehavior of nearbyregionsthatcontribute to the
formationof multistreamingregions.Onedrawbackto thecurrentset
of methods,however, is thatthey arenotableto accuratelypredictthe
onsetof multistreaming.Themainlimiting factoris thatoneneedsto
setthe appropriatethresholdparameterfor eachteste.g. what is the
minimum valueof maximumshearbeforeonecanconsidera region
to bemultistreaming,or what is themaximumnumberof af�rmati ve
votesfor linearity beforea cell is consideredto have nonlinear�o w?
Evenfor theexisting density-basedmethodsof halo�nding, onealso
needsto seta thresholdfor particledensity[7].

In our experiments,we lookedat thehistogramsof therelevantde-
rived�elds andselectedthresholdvaluesthatmadephysicalsenseand
producedresultscorrespondingto theexpectedresultsfor thepancake
dataset.Thereareseveralproblemswith having to manually�nd and
setthresholds:(i) thethresholdsmayvaryfrom onedatasetto another,
(ii) evenworse,thethresholdmayvaryonetimeframeto another. Ab-
sentanautomatedmethodfor �nding theproperthresholdvalue,we
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Fig. 9. Nonlinear regions in frames 37 and 249. Linear regions are
reddish but has opacity of zero since we are interested in the nonlinear
regions. Nonlinear regions are bluish and more opaque. In frame 37,
this test does not detect any nonlinear �o ws. In frame 249, nonlinearity
is detected in the three pancake regions.

areunableto predicttheactualonsetof multistreaming.However, we
seethisasavenuesof new researchwithin thecosmology�eld to iden-
tify relevant thresholds,just asthey have determinedthe appropriate
densitythresholdfor halo�nders.

6 BLIND TEST

While the different velocity-basedmethodscan identify the multi-
streamingregions,noneof themethods,in their currentform, canac-
curatelypredicttheonsetof multistreaming.Therefore,in thenext set
of testswith theMC2 dataset,weareprimarily interestedin theevolu-
tion andstructureof themultistreamingregions.As with thepancake
dataset,theMC2 datasetstartsout asfairly homogeneousat thestart
of thesimulation.Therefore,we areshowing only themiddle(frame
124)andlastframes(250)of thesimulation.

As apointof reference,we�rst show theresultsfrom density-based
halo�nder in Figure10. Wenotethatthecomplex structureis already
quiteprominentat thehalfwaymarkin thesimulationandcontinueto
changeover time.

Figure11 shows the resultsof maximumshearstresson the MC2

data set. The top image shows high correlationwith the density
methodin Figure10. The bottomimageshows that regionsof high
sheararediminishingwhich may suggestthat multistreamingdueto
the shearingmechanismmay be weakeningeven thoughthe density
imageshowsveryhighconcentration.Thatis, while theparticleshave
aggregatedto form LSS, thereis actuallylessshearingactionwithin
theaggregate. If so, this couldbe interpretedasleadingto a process
wherethereis morestructuralstability andlesschangein thesystem.
Of course,this kind of observationneedto beveri�ed with additional
researchandanalysisby thescientists.

The interpretationof thecritical pointsin this datasetis lesscon-
clusive. Figure12showsthatthenumberof critical pointsaredecreas-
ing over time. On the otherhand,the locationsof the critical points
roughlycorrespondto thelocationsof theLSS.Also, we canstill see
red, white, andblue critical points (purple is harderto see)in those
regions. So, the local �o w behavior in the vicinity of thosecritical
pointsstill exhibit swirling motion. Perhaps,a plausibleexplanation

Fig. 10. Particle density �eld of the MC2 data set for frame 124 on
the top and 250 on the bottom. Clusters and �laments can already
be observed in the top image. These complex structures continue to
evolve with some structures disappearing while others becoming more
prominent towards the end of the simulation.

Fig. 11. Maximum shear stress of MC2 data set at frames 124 and
250. The LSS on the top correlates very well with those in Figure 10.
The bottom image shows that regions of high shear have diminished.
A possible explanation is that even though particle densities are high in
the LSS, the structures are becoming more stable. This also suggests
that regions of high shear stress may be better characterized as places
where one can have a higher chance of �nding multistreaming activity.
In contrast, traditional density-based methods �nd the LSS but does not
say much about their dynamics.
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Fig. 12. Critical points in time frame 124 and 250 of the MC2 data set.
Refer to Table 5.3 for the color legend of different types of critical points.
The number of critical points diminish over time suggesting that the �o w
patterns are becoming less complex.

might be thatover time, this particularsimulationproduceda system
that is becomingmorestableover time. Suchthat at the endof the
simulation,thereis actuallylesscritical points,andacorrespondingly
lesscomplex behavior of particlemotions.Thisexplanationcoincides
with theobservationusingthemaximumshearstresscriterion.

Figure13 shows thedivergence�eld. Recallthatregionswith neg-
ative divergenceareplacesthathave a sink-like behavior andtendto
draw particlesin from neighboringregions.We canobserve thatover
time, thedivergentregion becomesconcentratedandco-locatedwith
regionsof high density. Therefore,competitionfor pulling particles
from neighboringareasare now localizedto thesehigh density re-
gions. This suggeststhat further drasticmovementsaway from the
establishedhigh densityLSS will be lesslikely, andthe structureat
theendof thesimulationis becomingmorestable.

Two framesof the vorticity magnitudeof this datasetareshown
in Figure14. Here,we alsonoticethat the structureof the vorticity
magnitude�eld seemto subsideover time,andthatthesimilarity with
thestructurefrom thedensity�eld is easilyidenti�able. Comparedto
themaximumshearstress,theLSSarebetterpreserved.Thissuggests
thatlocalspinsandrotationsremainthepredominantmechanismrela-
tive to shearingat theendof thesimulation.Also, onecannoticethat
the high vorticity regionsseemto be morepronouncedin the cluster
region thanin the�laments.

Resultsusingthenonlinearitytestareshown in Figure15. Whilewe
canseethat thereis alsogoodcorrespondencebetweenthenonlinear
regionsandthehighdensityregions,it is dif�cult to draw conclusions
with this criterion. Thereasonis thatnonlinearregionsweredetected
very early in thesimulation. It is possiblethatwe aredetectingfalse
positivesdueto the�rst orderapproximationtestfor nonlinearity, and
thereforethismethodneedsto bere�ned further.

Overall,thesuiteof methodsto �nd themultistreamingregionspro-
duceresultsthat agreevery well with thosefound by density-based
methods. The main advantage,however, is that they provide addi-
tional information aboutthe behavior within the multistreamingre-
gions. Someof the observationsmadeasa resultof thesemethods
haveraisedsomequestionsthatrequireadditionalresearchin cosmol-
ogy.

Fig. 13. Divergence �eld at frame 124 and 250 of the MC2 data set.
This pair of images show that competition for particles from neighboring
regions have subsided over time and are concentrated at the already
high density regions at the end of the simulation.

Fig. 14. Vorticity magnitude of the MC2 data set for frames 124 and
250. High vorticity regions can be observed to be located in high den-
sity regions. These regions seem to subside over time and concentrate
around clusters more so than in the �lament regions.
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Fig. 15. Nonlinear regions in frames 124 and 250 of the MC2 data set.
The locations of the nonlinear regions correspond to the high density
regions in Figure 10.

7 CONCLUSIONS AND FUTURE WORK

We startedthis investigation with a generalquestionof whetherwe
canusethe velocity informationin the simulationdatato detectand
characterizemultistreamingevents. We hypothesizedhow the �o w
�eld shouldbehavegiventhevariousdescriptionsof multistreamingin
thecosmologyliteratureandformulatedwaysto extract regionswith
thosebehaviors. Not all of ourhypotheseswereveri�ed. Comparedto
density-basedtechniques,thevelocity-basedtechniquesproducequal-
itatively very similar results.More importantly, they not only identi-
�ed the multistreamingregionsbut alsoprovided informationabout
theparticle�o w behavior within themandtheir vicinity. On theother
hand,they werenotableto accuratelydetecttheonsetof multistream-
ing. It is possiblethoughthatthis inadequacy is dueto othervariables,
e.g.griddingstrategy, andnot theformulationsthemselves.

From our investigations,particularlythroughanimations,we have
learned that (i) once multistreamingstarts, it is not necessarily
monotonousbut cangrow andshrink over time, (ii) multistreaming
regions are not static andcan move around,and (iii) thereare very
interestingdynamicbehaviorswithin multistreamingregions.

We have met the original goal of this work andcanaf�rmati vely
concludethatvelocity-basedmethodsareviabletoolsfor �nding mul-
tistreamingregions. The different methodsnot only �nd the multi-
streamingregions,but alsoprovide additionalinformationaboutthe
regionsandthe behavior within the regions. While onemay wonder
which is the bestmethod,we arenot readyto provide an answeryet
asthe methodshave differentstrengthsandweaknesseswith respect
to thedifferentpropertiesof multistreaming.

The resultswe have to datearevery promising,but they arealso
far from being de�niti ve. During the courseof this work, we have
identi�ed a few areasfor improvementand new researchquestions
in visualizationandastronomyalike. For example,the main weak-
nessof thecurrentsetof techniquesis therelianceon a user-speci�ed
threshold.Thereareat leasttwo possiblewaysto addressthis: (i) �nd
anautomatedway for determiningthresholdlevelsbasedon datadis-
tribution e.g. we have looked at the histogrambut have not found a
generalizablemethodso far; and(ii) correlationbetweensimulations
andempiricaldatasetsto arrive at the thresholde.g. what hasbeen
donefor the density-basedmethodby the astronomers.The current

implementationreliedonverysimplisticregulargridding.Theeffects
of differentgridding strategy (suchasadaptive meshing,application
of sparsedatainterpolation,andcloud-in-cellalgorithms,etc.) on the
resultingmultistreamingregionsneedto bestudiedfurther. ThePSP
was the benchmarkfor 1D �o ws, but unfortunatelynot directly ap-
plicable to 3D �o ws. Futureresearchcan look at extendingPSPto
supportmulti-directional�o ws. While we do not have thetheoryde-
velopedyet, a closeanalogywould be the projectionslice theorem
commonlyfound in 3D reconstructionof 3D scalar�elds. Another
possibleareaof investigationis theapplicationof multivaluedfeature
extraction techniques[11] to this problem. Cosmologysimulations
tendto bevery large. Hence,scalabilityof algorithmsis alsoanother
areaof concernandfurtherresearch.

With respectto cosmology, ourwork have identi�ed somepossible
directionsof research.For example,what typesof behavior canone
�nd in a multistreamingregion? How do thesebehaviors evolve over
time – doesone type of behavior becomemore dominant? Or are
certaintypesof behavior associatedto different typesof large scale
structurese.g. �laments versusclusters?Can �laments (or cluster)
happenin isolation,or do they have to be topologicallyconnected?
Is therea density(or velocity) thresholdbelow which multistreaming
cannotoccur?
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