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Exploring Multistreaming in the Universe

Cateagory: 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.
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1 INTRODUCTION

This paperdescribesthe applicationof visualizationtechniquesto
identify andcharacterizenultistreamingevents(seeSection3 for de-
tails) in the evolution of thedistribution of darkmatterin theuniverse.
We rst give an overview of the cosmologyproblemincluding the
importanceof multistreamingn the formationof LSSin theinitially

smoothdarkmatterdistribution. We thenprovide abrief review of pre-
viousandrelatedworksin cosmologicalisualizationanddetectionof
multistreamingevents. Next, we re-examinethe differentcontets in

which multistreamingis describedandidentify other criteria for de-
tectingtheseevents. Finally, we presenbur stratgliesandresultsfor
nding thesemultistreamingavents.

An astonishing99.6% of our Universeis “dark” and not directly
obsenable by emissionor absorptionof light. Obsenationsindicate
that the Universeconsistsof 70% mysteriousdark enegy, 25% of a
yet unidenti ed dark mattercomponenteferredto ascold dark mat-
ter, andonly 0.4%of the remaining5% of ordinary(baryonic)matter
is visible. Understandinghe physics of this dark sectoris the fore-
mostchallengein cosmologytoday Although the ultimate natureof
the dark sectoris unknavn, a detailedphenomenologyasbeencon-
structedwhich is called the cosmologicalStandardModel. In this
model, tiny density uctuationsin the very early Universegrow un-
der the in uence of gravity asthe Universeexpands. It is this den-
sity uctuationsthatseedtheformationof complex LSSin thematter
distribution. Growing modescollapseinto dark matterclumpscalled
haloswhich attractand collect baryonicmatter(gas) and eventually
lights up asgalaxies.The galaxies beingvisible, canbeusedto track
thedynamicsanddistribution of darkmatter{14].

Understandindhe evolution and dynamicsof the dark mattercan
beachieved by following theformationof LSSasobseredin thedis-
tribution of galaxiesfrom the earliestmomentsuntil today LSS such
as galaxy clusters(0-D), laments (1-D), and surface-like pancales
(2-D) canbe consideredo correspondo nodes,edgesandfacesre-
spectvely, in a tessellationof the topology of the universe[2, 12].
Thesestructureshave complex geometryandtopologyascanbe seen
in Figure1. Understandindghe formationof the LSS is not only in-
terestingn of itself but will alsobeveryimportantto guideanalytical
andnumericaktudiesn thequasi-linearegimeof structureformation
(whereonecanstill apply perturbatiortheorytechniques)Suchstud-
ieswill be essentiato interpretresultsfrom major up-cominglarge-
scalestructuresuneys, suchasthe Large SynopticSuney Telescope
(LSST), the Joint Dark Enegy Mission, andthe Baryon Oscillation
SpectroscopiSuney (BOSS),a key componenbf the SloanDigital
Sky Suney ll1.

Precisiondark mattersimulationsare a 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 sufcient to describggravitationaldynam-
ics. Theevolutionis givenby a collisionlessvlasos-Poissorequation
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Fig. 1. Large scale cosmological structures of the universe.

[6], a six-dimensionapartial differentialequation.Thus,on memory
groundsalone, a brute force approachs impractical. Having made
their rst appearancén 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 Gaussiarrandomden-
sity eld which imprints small perturbationson a uniform density
isotropic universe. The simulationsstartin the linear regime of the
density uctuations andthenevolve underthein uence of gravity. At
ary givenlengthscale,during the early stageghe evolution remains
linear but as time progressesthe evolution entersthe quasi-linear
regime before nally reachingthe fully nonlinearregime at which
point all analytic descriptionsbreakdown. Thereis substantialin-
terestin determiningandcharacterizinghetransitionsoetweerlinear,
quasi-linear and nonlineardynamicsin the simulationsby tracking
thedynamicsof darkmattertracerparticles.At thestartof thesimula-
tion, the velocity dispersioris initially zero,andthe phase-spacdis-
tributionis athree-dimensionaub-manifoldof the phasespacgonly
onevelocity directionat a given spatialpoint). As the 3-hypersurace
evolves, it folds, leadingto the occurrenceof singularitiesin the den-
sity eld correspondingo theappearancef regionswith multistream
ow.

The initial appearancef multistreamingis obsered during the
transitionfrom linearto nonlinearregimes. This transitionaffectsthe
accurag of perturbatve techniquesisedto analyzethe evolution of



Fig. 2. Phase-space plot of a 1-D ow. A singularity (non-self-
intersecting fold) is a necessary condition for multistreaming.

thedensity eld. Multistreamingis thereforeof interestbothin terms
of the underlyingphenomenologyndfor understandinghe validity
of analyticalmethods.

Previously, LSShave beenidenti ed by thresholdingonthedensity
of tracerparticleswith halo nders (e.g.[10]. In this paper we study
how the velocity information of tracerparticlescan nd andcharac-
terizethe multistreamingregionswhich eventuallyleadto thesel SS.
Thiswork is carriedoutin closecollaboratiorbetweerastroplysicists
andcomputerscientists.

2 PREVIOUS WORK

Thevisualizationof cosmologicadatasetshasreceved considerable
attentionrecently Sinceall cosmologicalsimulationsare particle-
based,one of the populartools for visualizing particlesdirectly is
Partiview [8]. Within the visualizationcommunity thereare alsoa
handful of recentcontritutions dealingwith astroplysics data sets.
Theseincludethe work of Li etal. [9], focusingon how to display
positionalandtrajectoryuncertaintie$n astroplysicaldatasets.In the
sameyear Navratil etal. [13] describedheir visualizationapproach
for adatasetthatstudytheformationandeffectsof theradiationfrom
the rst starsandtheimpacton subsequengtarformation. Lastyear
Harozetal. [5] investicatedparticle-basedimulationdatasetsof the
evolution of theuniverseandstudiedtherelationshipof differentvari-
ablesespeciallyin the faceof uncertaintyarising from the different
codesettingse.g. the startingtime for the simulation. A similar data
setwasalsoinvesticatedby Ahrenset al. [1] wherethefocuswason
comparisorratherthanon uncertaintyvisualization.

Therehave alsobeenseveral paperson multistreamingevents. For
example,Yanoetal. [18] studiedthe distribution of causticgseeSec-
tion 3) in the expandinguniverse,while Goudal[4] investigatedthe
relationshipbetweencatastropheheory and gravitational clustering
leadingto caustics.In thesestudies,the modelsdescribecontinuous
matterdensity elds, e.g. densityperturbationssingularitiesof den-
sity, etc. A good startingpoint for readingmore aboutaboutmulti-
streamingcanbefoundin [3].

3  MULTISTREAMING

Multistreamingis saidto occurwhenthereare multiple velocitiesat
onepoint. A moreformal descriptionis illustratedin Figure2. Here,
the phasespaceplot of a 1-D systemshaws that within the dashed
region, singularityoccurs. Thatis, the mappingfrom phasespaceto
physical spaceproducesnultiple possibilities. Hence,at someloca-
tion x, therearemultiple velocitiesv. While thisillustrationis in 1-D,
thetheoryextendsto higherspatialdimensionsaswell.

In cosmologpliterature,multistreamings often mentionedn con-
junctionwith caustics.Causticsare high densitystructureghatform
in collisionlessmedia.Justaslight causticaareformedby the corver-

genceof light raysfrom multiple directions,multistreamingcanalso
be formedby the corvergenceof particles. Therearedifferencese-
tweenthe two however. For example,multistreamingcanalsoariseif
particlesaretraveling at differentspeedsut alongthe samedirection
— this caneasilybe illustratedby additionalfolds in the phasespace
plot. Both aredueto singularitiesin the evolution of thedensity eld,
andfor the purposeof this paperbothtermsareusedinterchangeably

Looking at the top portion of Figure 2, one canobsenre a corre-
spondinglyhigherdensityof particles, , in therangeof x wherethere
aremultiple velocities. This is the basisfor existing methodsof halo
nders thatlook for over-denseregionsassociatedvith multistream-
ing. In ourwork, oneof thequestionave seekto answelis how to use
thevelocity informationto nd multistreamingandseeif thereis ary
additionalinformationthatcanbegleaned.

First,welook attheassumptionthatgointo numericakimulations.
In cosmologicakimulationsjnitially the universeis closeto homoge-
neouswith very low velocity dispersion.At this early stage the net
effect of the gravitationalinteractionis insigni cant, andparticlemo-
tionis inertial to agoodapproximation:

x(t;9) = g+t v(q) @

Theparticlepositionin Eulerianspacexis afunctionof timet andpar
ticle positionin the (initial) Lagrangianspaceis g. v(q) is theinitial
velocity eld. Over time, the small density perturbationsare ampli-
ed by the gravitationalinstability. In anexpandinguniverse,a non-
perturbatve descriptionof the instability is given by the Zel'dovich
approximatiordescribingparticlemotionas

r(t;a) = alq  b(NF (a)]; @)

theparticlepositionin Eulerianspace is afunctionof timet andparti-
cle positionin Lagrangiarspaceg. a(t) is thecosmologicakxpansion
factor andb(t) is the growth rateof linear density uctuations. Since
F (q) is the gravitational potential eld, NF (q) describegheinitial

velocity eld, which is conserative andirrotational. In Equation2,

the rst termis theunperturbegarticleposition,andthe seconderm
is the spatialperturbation.Equationl reducego Equation2 through
thefollowing substitutions:

r(t;q) = x(t; g)a(t); v(g) = NF(q)

This meansthat particle motion under gravity mimics particle mo-
tion underinertia. Furthermorethe Zel'dovich approximatiorclosely
matcheshe evolution of densityperturbationto full N-body simula-
tion until multistreaming.

As particlesmove undergravity, they form structuressuchasclus-
ters, laments, pancalks, or voids. Multistreaminghappensn these

b(t) = t;

grangiarspacecongregateatpointx in Eulerianspacehaving different
velocitiesv,; V,; Va; 111 ;Vy [16]. In otherwords,a multistreamingre-
gion consistof heterogeneousarticle o ws. Althoughthey werenot
looking explicitly for multistreamingevents, this behaior was also
obsered by Harozetal. [5] wherethey found that denseclusterre-
gionsareassociatewith highvelocity uncertaintyof particles.In such
ascenarioary oneof threeconditionscanleadto multistreaming:

- Particle o ws have differentspeedanddirection.
- Particles o ws have the samespeecbut differentdirection.
- Particles o ws have differentspeedsut the samedirection.

From theseconditions,one can hypothesizepossiblemetricsfor ex-
tractingmultistreamingavents.For example,regionswith high veloc-
ity variancepr regionswith high shearcanaccounfor ary of thethree
situationsabore.

In addition, we found recurringdescriptionsassociatedvith mul-
tistreamingthat suggestadditionalalternatvesfor nding them. For
example,Sahniand Coles[15] describedthat“... asevolution pro-
ceeds,the map connectinginitial to nal positionsdevelopssingu-
larities (caustics)correspondingo multiple o w directionsat a given
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spatialpoint. Regionsof multistreamo w form, andeventhougheach
streamisirrotational(curl-free),thevelocity eld is nolongerapoten-
tial ow.” Thissuggestshat o wswhereimaginarycomponenti the
eigevaluesmay now appear Anotherexample,is the frequentmen-
tion of multistreaminghappeningaroundthe time when the system
transitionfrom alinearto anonlinearregime. If we extrapolatethisto
linearversusnonlinear o ws, onecould possiblytestfor nonlinearity
in o wsasanindicationof multistreaming.

In summarytherearea numberof potentialidenti ers for caustics
or multistreamingeventse.g. high densityregions, exploiting singu-
laritiesin phase-spacéigh velocity variance andhigh shearegions.
Otherpossibilitiesincludelooking for changesn thevelocity eld —
e.g. seeif the ow remainscurl-freeaswell aslinear In the next
section we describeandinvesticatevelocity-basedndicatorsof mul-
tistreamingevents.

4 DATA SETS

We usetwo cosmologicakimulationdatasetsin this study— (i) the
Zel'dovich pancalk wheremultistreamingregionsform at pancale-

likesheetand(ii) asimulationfromtheMesh-base@€osmologyCode
(MC?) [6]. Bothareparticle-basedimulationsof cosmologicakvolu-

tion. Eachparticlehasa uniquetag, position,andvelocity. More im-

portantly particlesarecollisionless.They canoccupy the samespace
without physically colliding into eachother

4.1 The Zel'dovic h Pancake

This datasetsimulatesparticle behaior within a (10p 3 Mpc)2 box
usingthe MC? code. EachmegaparsedMpc) is approximately3.26
million light years. The simulationhas 642 particlesand 250 time

steps. It modelsthe 1D o w of particlesalongthe main diagonalof

the datacube,whereit is known that multistreamingstartssimulta-
neouslyin threeorthogonalpancale regionsat time step37. It is an

importanttestdatafor validatingthe hypothesedehindour velocity-

basedeatureextraction. We describeour featureextractionmethods
with resultsusingthis datasetin Section5.

4.2 MC?

Thisdatasimulatesarticlebehaior within a(90 Mpc)2 boxusingthe
MC2 code. It has256° particlesand 251 time snapshotsUnlike the
Zel'dovich Pancale, thelocationsandonsetof multistreamingevents
in this datasetareunknovn. We describethe resultsof our proposed
methodausingthis datasetin Section6.

4.3 Regrid ding

To facilitate processingof the particle-basedlata, we resamplethe
dataonto a regular grid. The choiceof grid resolutionis quite im-
portantsinceif thegrid is too coarsewe may missthe multistreaming
event,andif thegrid is too ne it would resultin alow particlecount
andcon dencein eachcell. We choosethe grid sizefor the density
calculationin suchaway thateachcell on averagehaseightparticles.
For the MC? dataset, this leadsto a 128® grid, andfor the Zel'dovich
Pancale dataset,a 64 grid. At the startof the simulation,eachcell
containseight particleson average.As time progressessomeregions
becomeanoredenseanhile othersbecomesparser evenempty Empty
cellsaswell asthosein theirimmediatevicinity mustbe treatedwith
caresothatthey do not produceerroneousesultsin theanalysis.

5 IDENTIFYING AND CHARACTERIZING MULTISTREAMING
EVENTS

Incorporatingrelocity from particlesimulationsopensup severalideas
for nding multistreamingevents. In this section,we describehow
thoseideascanbeformulatedinto featuredetectors\We alsotesteach
methodagainstthe pancalk datato seehow well it detectsthe onset
andidentify the multistreamingregions. We useParaMew [17] to vi-
sualizeourresults.
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Frame 37

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
pancale by looking at the phasespaceplots (PSP)of the particlesat
eachtime step. Becausehe o w in the Zel'dovich pancalk datais
alongthemaindiagonald of thedatacube we nd thePSPby de ning
a planegoing throughthe origin o and perpendiculato d. Givena
particlewith positionp andvelocity v, we calculateits distancep®and
velocity V2 alongd with respecto p.

p°= jp ojcosa
W= jVjcosb

wherea istheanglebetweenp o0andd, andb is theanglebetween
v andd. The PSPshaws the relationshipbetweenp®andv? of all the
particlesin atime frame. Figure3 con rms thatat the onsetof multi-
streamingframe 37, the PSPis not a functionalarymoregiving rise
to multiple velocitiesat a given position. The sameinformationdis-
playedin physical spaceasavolumerenderingof the particledensity
eld is shawvn in Figure4. Here,we canclearly seethethreepancalke
regionsin greenwhichintensi esandgetsthickerovertime. Thethree
section®f thePSPin Figure3 correspondo thethreepancalkeregions
in Figure4. Thethicker pancakscorrespondo the expandingregion
of overlappingfoldsin the PSP

Unfortunately the PSPplot is usefulonly if the velocitiesarepre-
dominantlylD. In generaBD o ws, the PSPcombinesrelocitiesthat
are not orthogonalto the referenceplane,and hencecannotbe used
directly in theanalysis.

5.2 Maximum Shear Stress

Shearin the velocity eld canbe one of the mechanismgor multi-
streaming. Particlesgoing in the sameor oppositedirectionsbut at
differentspeeddeadto shearin the velocity eld. To nd the maxi-
mumshearstresswe rst calculatethe velocity gradienttensorof the
velocity eld, then nd its symmetrictensorandassociateeigerval-
uesl 4, I ,, andl ;. We usethevon Misescriterionfor 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.
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Figure5 shavs theresultsof this metric.

5.3 Critical Points

Becauseo ws in thevicinity of critical pointsusuallyinvolve differ-
entvelocities(directionsandmagnitudes)we do a quick studyon the
locationof critical points. In addition,becauseo ws in multistream-
ing regionsarenot potential o ws arymore,we alsolook at the type
of critical points. In particular we try to identify thosethat have ro-
tationalcomponentsFigure6 shaws the locationandcolor codethe
differenttypesof critical pointsaccordingo thefollowing scheme:

5.4 Divergence

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

the pancalk regions. This corroborateshe obsenationsusingcritical
points.

5.5 \Vorticity

Vorticity measureshe tendeng of vector eld elementgo spin. In
cosmologicalsimulationsthe velocity eld is irrotational (zerocurl)
prior to multistreaming We hypothesizehatvorticity maybe usedas
anindicatorfor multistreaming.

The vorticity ata pointis a vectorandis de ned asthe curl of the
velocity. Thatis, vorticity is N v whereN = (”—’i(; ﬂ—”y; ﬂlz). Since
we are primarily interestedn detectingthe presencef regionswith
rotationalmotionsandnot their particularorientationswe look at the
vorticity magnitudesn the simulations.Figure8 shaws thatvorticity
magnitudeincreasingover time with highervorticity in the pancalke
regions.

5.6 Linearity Test

Anothertestfor multistreamings to checkif the velocity eld is still
linear This is motivatedby the descriptionthat the simulationsstart
out beinglinear, thentransitionthrougha quasi-linearto a nonlinear
behaior. Detectingchangesn the linearity of the velocity eld may
beanindicatorof multistreaming.

Givenavelocity eld V, positionp, andvelocity gradient], we can
obtainthe velocity of a nearbypointdp using rst orderapproxima-
tionsif the eld islinear

V(p+dp)=V(p)+J dp 4)
wheredp is oneof [ 1;0;0], [0; 1;0Q], 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. Velocitiesare normalizedbeforedot products
aretaken. Eachdirectionthathasa dot productgreateithan0.9 counts
asavotefor linearity. If any neighborof p is empty we skipthecalcu-
lation of J(p) anddo not applythelinearity testat p. Figure9 shavs
resultsof runningthelinearity testonthepancale data.Cellswith vote
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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 moreare consideredinear. Regionswith linear o ws

arenot of interestandare madetransparentRegionswith nonlinear
o ws arerenderedpaqueandbluish. Their opacitydropsoff asthey

tendtowardslinear o ws. While we canseethatthenonlineamregions
correspondo the pancale regionsfound using other methodsat the

lasttime frame, the linearity testdid not shov the pancale region at

frame37. In fact, thetestdid not detectary nonlinear o ws until 14

framesafterframe37. This mightbe dueto the strict cutoff of having

not more than 3 votes, or the test, using rst orderapproximations,
wassimply latein predictingmultistreaming.

5.7 General Observations

We know that multistreaminghappensat time frame 37 for the pan-
cake data.Thisis con rmedin thePSPimages.Thereis strongagree-
mentwith thethreepancale regionsamongthe density eld, thecriti-
cal points,maximalsheaydivergenceyorticity, andnonlinearitytests.
In additionto consistentlyidentifying the multistreamingegions,the
velocity-basednethodsverealsoableto provide valuablenew infor-
mation not availablewith density-basednethodsalone. This canbe
obseredin theform of complex behaiors within multistreamingre-
gionsaswell asthe behaior of nearbyregionsthat contritute to the
formationof multistreamingregions. Onedravbackto the currentset
of methodshowever, is thatthey arenotableto accuratelypredictthe
onsetof multistreaming.The mainlimiting factoris thatoneneedgo
setthe appropriatehresholdparametefor eachteste.g. whatis the
minimum value of maximumshearbeforeone canconsidera region
to be multistreaming or whatis the maximumnumberof af rmati ve
votesfor linearity beforea cell is consideredo have nonlinear o w?
Evenfor the existing density-basedhethodsof halo nding, onealso
needdo setathresholdfor particledensity[7].

In our experimentsye looked at the histogramf therelevantde-
rived elds andselectedhresholdvaluesthatmadephysicalsenseand
producedesultscorrespondindo the expectedresultsfor thepancale
dataset. Thereareseveral problemswith having to manually nd and
setthresholds(i) thethresholdsnayvaryfrom onedatasetto anothey
(il) evenworse thethresholdnayvary onetime frameto another Ab-
sentan automatednethodfor nding the properthresholdvalue,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 ows. In frame 249, nonlinearity
is detected in the three pancake regions.

areunableto predictthe actualonsetof multistreaming However, we

seethisasavenuef new researchwithin thecosmologyeld toiden-

tify relevantthresholdsjust asthey have determinedhe appropriate
densitythresholdfor halo nders.

6 BLIND TEST

While the different velocity-basedmethodscan identify the multi-
streamingegions,noneof the methodsjn their currentform, canac-
curatelypredicttheonsetof multistreaming Thereforejn the next set
of testswith theMC? dataset,we areprimarily interestedn theevolu-
tion andstructureof the multistreamingegions. As with the pancalk
dataset,the MC? datasetstartsout asfairly homogeneouat the start
of the simulation. Therefore we areshawving only the middle (frame
124)andlastframes(250) of the simulation.

As apointof referencewe rst showv theresultsfrom density-based
halo nder in Figure10. We notethatthe comple structureis already
quite prominentat the halfway markin the simulationandcontinueto
changeovertime.

Figure 11 shawvs the resultsof maximumshearstresson the MC2
dataset. The top image showvs high correlationwith the density
methodin Figure 10. The bottomimageshaws that regionsof high
shearare diminishingwhich may suggesthat multistreamingdue to
the shearingmechanisnmay be wealening even thoughthe density
imageshavs very high concentrationThatis, while the particleshave
aggreatedto form LSS, thereis actuallylessshearingactionwithin
the aggrejate. If so, this could be interpretedasleadingto a process
wherethereis morestructuralstability andlesschangen the system.
Of coursethis kind of obserationneedto beveri ed with additional
researctandanalysisby thescientists.

The interpretationof the critical pointsin this datasetis lesscon-
clusive. Figure12 showvsthatthenumberof critical pointsaredecreas-
ing over time. On the otherhand,the locationsof the critical points
roughly correspondo thelocationsof the LSS. Also, we canstill see
red, white, andblue critical points (purpleis harderto see)in those
regions. So, the local o w behaior in the vicinity of thosecritical
pointsstill exhibit swirling motion. Perhapsa plausibleexplanation
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Fig. 10. Particle density eld of the MC? 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 MC? 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 MC? 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 ow
patterns are becoming less complex.

might be that over time, this particularsimulationproduceda system
thatis becomingmore stableover time. Suchthat at the end of the
simulation thereis actuallylesscritical points,anda correspondingly
lesscomplex behaior of particlemotions.This explanationcoincides
with theobsenationusingthe maximumshearstres<riterion.

Figurel3shavsthedivergenceeld. Recallthatregionswith neg-
ative divergenceareplacesthat have a sink-like behaior andtendto
draw particlesin from neighboringregions. We canobsere thatover
time, the divergentregion becomesoncentrateénd co-locatedwith
regions of high density Therefore,competitionfor pulling particles
from neighboringareasare now localizedto thesehigh densityre-
gions. This suggestghat further drasticmovementsaway from the
establishedhigh densityLSS will be lesslikely, andthe structureat
the endof the simulationis becomingmorestable.

Two framesof the vorticity magnitudeof this datasetare shavn
in Figure14. Here,we alsonoticethat the structureof the vorticity
magnitudeeld seemto subsideovertime, andthatthe similarity with
the structurefrom the density eld is easilyidenti able. Comparedo
themaximumshearstressthe LSSarebetterpresered. This suggests
thatlocal spinsandrotationsremainthe predominanmechanisnrela-
tive to shearingat the endof the simulation.Also, onecannoticethat
the high vorticity regionsseemto be more pronouncedn the cluster
regionthanin the laments.

Resultausingthenonlinearitytestareshavnin Figurel5. While we
canseethatthereis alsogoodcorrespondencketweerthe nonlinear
regionsandthe high densityregions,it is dif cult to drav conclusions
with this criterion. Thereasonis thatnonlinearregionsweredetected
very earlyin the simulation. It is possiblethatwe aredetectingfalse
positivesdueto the rst orderapproximatiortestfor nonlinearity and
thereforethis methodneeddo bere ned further.

Overall,thesuiteof methodg4o nd themultistreamingegionspro-
duceresultsthat agreevery well with thosefound by density-based
methods. The main adwantage,however, is that they provide addi-
tional information aboutthe behaior within the multistreamingre-
gions. Someof the obserationsmadeas a result of thesemethods
have raisedsomequestionghatrequireadditionalresearclin cosmol-

ogy.

Fig. 13. Divergence eld at frame 124 and 250 of the MC? 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 MC? 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.



Fig. 15. Nonlinear regions in frames 124 and 250 of the MC? data set.
The locations of the nonlinear regions correspond to the high density
regions in Figure 10.

7 CONCLUSIONS AND FUTURE WORK

We startedthis investication with a generalquestionof whetherwe

canusethe velocity informationin the simulationdatato detectand
characterizemultistreamingevents. We hypothesizechow the ow

eld shouldbehae giventhevariousdescription®f multistreamingn

the cosmologpliteratureandformulatedwaysto extractregionswith

thosebehaiors. Not all of ourhypothesesvereveri ed. Comparedo

density-basetechniquesthevelocity-basedechniqueproducequal-
itatively very similar results. More importantly they not only identi-

ed the multistreamingregions but also provided information about
theparticle o w behaior within themandtheir vicinity. Ontheother
hand,they werenotableto accuratelydetecthe onsetof multistream-
ing. It is possiblehoughthatthisinadequag is dueto othervariables,
e.g.griddingstratey, andnottheformulationsthemseles.

From our investigations, particularlythroughanimationswe have
learned that (i) once multistreamingstarts, it is not necessarily
monotonoushut cangrowv and shrink over time, (i) multistreaming
regions are not static and can move around,and (iii) thereare very
interestingdynamicbehaiors within multistreamingegions.

We have met the original goal of this work and can af rmatively
concludethatvelocity-basednethodsareviabletoolsfor nding mul-
tistreamingregions. The differentmethodsnot only nd the multi-
streamingregions, but also provide additionalinformationaboutthe
regionsandthe behaior within the regions. While one may wonder
which is the bestmethod,we arenot readyto provide an answeryet
asthe methodshave differentstrengthsand weaknessewith respect
to thedifferentpropertiesof multistreaming.

The resultswe have to dateare very promising,but they arealso
far from being de nitive. During the courseof this work, we have
identi ed a few areasfor improvementand nev researchquestions
in visualizationand astronomyalike. For example,the main weak-
nessof the currentsetof techniquess therelianceon a userspeci ed
threshold.Thereareatleasttwo possiblewaysto addresshis: (i) nd
anautomatedvay for determiningthresholdevels basedon datadis-
tribution e.g. we have looked at the histogrambut have not found a
generalizablenethodsofar; and(ii) correlationbetweensimulations
andempiricaldatasetsto arrive at the thresholde.g. what hasbeen
donefor the density-basedanethodby the astronomers.The current
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implementatiorrelied on very simplisticregulargridding. The effects
of differentgridding stratgyy (suchasadaptve meshing,application
of sparsedatainterpolation,andcloud-in-cellalgorithms etc.) on the
resultingmultistreamingregionsneedto be studiedfurther The PSP
wasthe benchmarkfor 1D o ws, but unfortunatelynot directly ap-
plicableto 3D ows. Futureresearctcanlook at extendingPSPto
supportmulti-directional o ws. While we do not have the theoryde-
velopedyet, a closeanalogywould be the projectionslice theorem
commonlyfound in 3D reconstructiorof 3D scalar elds. Another
possibleareaof investigationis the applicationof multivaluedfeature
extractiontechniqueq11] to this problem. Cosmologysimulations
tendto bevery large. Hence,scalabilityof algorithmsis alsoanother
areaof concernandfurtherresearch.

With respecto cosmologyourwork have identi ed somepossible
directionsof research.For example,what typesof behaior canone
nd in amultistreamingregion? How do thesebehaiors evolve over
time — doesone type of behaior becomemore dominant? Or are
certaintypesof behaior associatedo differenttypesof large scale
structurese.g. laments versusclusters? Can laments (or cluster)
happenin isolation, or do they have to be topologically connected?
Is therea density(or velocity) thresholdbelov which multistreaming
cannotoccur?
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