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Abstract

We presert recert resultsin the application of distributed sharedmemoryto image
parallel ray tracing on clusters. Image parallel rendering is traditionally limited to
sceneghat are small enoughto be replicated in the memory of ead node, because
any processormay require accessto any piece of the scene.We solve this problem
by making all of a cluster's memory available through software distributed shared
memory layers. With gigabit ethernet connections, this medanism is su cien tly
fast for interactive rendering of multi-gigabyte datasets. Object- and page-based
distributed shared memoriesare compared, and optimizations for e cien t memory
useare discussed.
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1 Intro duction

Computer graphicsand visualization practitioners often desirethe ability to

render data that exceedsthe limitations of the available memory and pro-

cessingresourcesParallel processingis one solution to this problem because
it hasthe potential to multiply the available memory and computing power.

Recerly, the cluster parallel computing organization hasbecomepopular be-

causeof the low costand high performanceit a ords. Our work utilizes mem-
ory sharing techniquesthat make it possibleto render, at interactive rates,

datasetslargerthan thosepreviously possibleusinga ordable computing plat-

forms.

The ray tracing algorithm proceedsby casting a ray into the scenefor eat
pixel P and determining which of the N sceneprimitiv esthe ray hits rst. The
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pixel takesthe color of that primitiv e. If the primitiv e is re ectiv e or translu-
cert, secondaryrays are spavned from the point of intersectionto determine
additional color contributions. The algorithm is versatile, any data type that
canbeintersectedwith aline segmenh canbedrawn, and any degreeof delit y
can be achieved by tracing additional rays.

The primary drawbadk of ray tracing is its high computational cost. Spatial
sorting allows the algorithm descriked above to run in O(P logN) time. How-
ewver, becauseboth P and N are large, parallel processings essetial to allow
interactive inspection of large datasets.

Parallel renderingis often classi ed in terms of a geometry-sortingpipeline [1].
The classi cation scheme is divided according to the point in the pipeline
where sceneprimitiv esare assignedo individual processorsin sort- rst (im-
age parallel) rendering, eat processoris responsiblefor a di erent subsetof
the image space,while in sort-last (data parallel) rendering, ead processolis
responsiblefor a di erent subsetof the data. In ray tracing, every primary ray
canbe computedconcurrertly, soimageparallelismis the natural choiceto ac-
celeraterendering.Figure 1 shows a diagnosticimageof a teapot in which the
pixels renderedby three nodesin our cluster have beensaturated di erently
to shav workload subdivision.

Fig. 1. Pixel Distribution. An imageshowing which processorsenderedwhich pixels.
Three processorsadd di erent gray levels to their pixels to create this diagnostic
image.

A problem inherert in image parallel renderingis that a processingelemer
may require accesdo the entire scenedatabase.Each processoris responsible
for computing the color of its assignedpixels, and these pixels may cortain
cortributions from any portion of the data. Consequetly, image parallel ren-
dering hastypically beenrestricted to small sceneghat can be replicated in
the memoriesof every processingelemert.

In sort-last parallel rendering, eat processoris assigneda di erent portion
of the data, sothe available memory resourcesare multiplied. The samegoal



can be acdhieved for image parallel rendering when a medanism is provided
to sharedata on demand. We leveragea software layer that managesaccess
to scenedata and fetchesmissing piecesover the network asrequired. In our
system,ead node runs oneor more ray tracing threadsand is responsiblefor
managinga di erent subsetof the scenedatabase.To exploit data coherence,
the sharedmemory systemcadesthe remotedata locally for later use.Careful
attention to memory accesspatterns, data layout and task distribution can
lead to increasedocality of reference higher hit rates and, asa result, better
performance.

2 Related Work

Our work stemsfrom that of Parker et al. [2], which demonstratedone of the

rst interactive ray tracing systems.By exploiting the capabilities of the SGI

Origin seriesof shared memory supercomputers,they were able to achieve
interactive frame rates using a brute force implemertation of the ray trac-

ing algorithm. On thesesystems,the problem of data sharingis solved by the

ccNUMA interconnectionlayer. Our work exploresthe medanismsthat canbe
usedto replacethis hardware layer with a software-baseddistributed shared
memory (DSM). A key aspect by which the distributed application is able
to maintain interactivity is that, in the rendering cortext, a writable shared
memory spaceis not required. For this reason,we omit expensiwe consistency
maintenancealgorithms. Quarks [3] and Midway [4] are represermativ e exam-
plesof full-featured page-and object-basedDSMs that handle write accesgo

memory e cien tly.

Our approat to memory sharingis similar to the work of Corrie and Mack-
erras[5]. They implemerted volume rendering on the Fujitsu AP1000, a dis-
tributed memory, messaggassingparallel computer. They demonstratedthat
volume rendering datasetsthat are too large for the memory of any one com-
puting elemen is feasiblewith cading. Badouel et al. [6] useda page-based
distributed sharedmemory, similar to one descriked here,and compareddata
parallel and image parallel ray tracing programs. They concludedthat image
parallel rendering with shared memory will scalebetter than object parallel
rendering becauseof the increasedprocessingand communication overhead
that results from more nely dividing the objectsin space.Our approad im-
plemerts similar algorithms on modern commality hardware and compares
object- and page-basednemory organizations.In addition, we presen tech-
niquesfor reducingthe number of shareddata accessesmproving the hit rate
and decreasingthe accesdime.

Seweral works by Wald et al. [7{9] demonstrateinteractive ray tracing of large
models in both single PC and distributed cluster environments. Their rst



system [7] traced four rays at a time using SIMD instructions to accelerate
the renderingprocess.An additional bene t of this techniqueis that the data
coherenceof primary rays is automatically exploited. Other early work by

Wald et al. [8] addressedhe challengesof interactively renderinglarge, com-
plex models by combining certralized data accessand client-side cading of
geometryvoxels. Their systemtakespainsto exploit spatial coherencewithin

BSP tree nodes and temporal coherencebetween subsequet frames. More
recernly, they have exploited the 64-bit PC addressspaceto combine asyn-
chronous out-of-core data fetching and approximate transitory geometry to

render massiwe polygonal models on a single workstation [9].

In cortrast, our work hasprimarily focusedon dewelopinga exible interactive
renderingenginefor scieni ¢ visualization applications. Though performance
bene ts may result, we have not restricted our systemto any one type of
sceneprimitiv e (for example,triangles). Instead, we are exploringmoregeneral
memory managemenh techniquesthat can be exploited for any type of scene
data, including volumetric and polygonal data.

The designersof the Kilauea ray tracing engine[10] chosethe data parallel
approad to imagerendering. Rather than divide the imageinto separatear-
easfor eat processorthey distribute large sceneamongthe processorsead
of which traces a set of identical rays. Results are mergedto determine the
primitiv e that is hit rst. They useray postponemei in a queuing system
combined with very e cien t sub-thread processmanagemenh to achieve good
performance.The Kilauea engineis designedfor high-quality global illumi-
nation, sothe systemis not interactive. For our system,in which interactive
frame ratesare a primary goal, the costof constartly transporting large num-
bers of rays acrossa high latency network was deemedlesspracticable than
occasionallytransporting a few large blocks of memory.

Our system can be classi ed as a hybrid approad that is closerto image
parallel renderingthan to data parallel rendering.Reinhard et al. [11] descrike
a di erent hybrid approad that is closerto object parallel rendering. The
designof their systemwas motivated by the needto evenly balancethe load
while improving memory coherenceln this system,a grid-basedacceleration
structure was usedto partition the objects in the scene.The demanddriven
task of determining the set of cells traversedin the grid and nding initial

intersectionswasdonein parallel usinga data cadefor fetchedremoteobjects.
Secondaryrays spavned from intersectionpoints wereser to remote nodesin

a data parallel fashion.Our renderingsystemdi ers in that we do not transfer
ray ownership and that we reorganizeindividual meshego gain the memory
coherencebene ts implicit in the data parallel approad.



3 Distributed Shared Memory

In all versionsof our distributed sharedmemory, ead of the N renderingnodes
isassignedl=N of the total data size.The initial assignmeh of blocksto nodes
is arbitrary becausewe do not know, a priori, which data will cortribute to
which pixels of the image. Similarly, we do not have advance knowledge of
which pixels will be assignedto which nodes during rendering. To keep a
balanced distribution, we make the individual blocks small relative to the
whole scene,for example,32 KB per block when rendering a multi-gigabyte
dataset. We can then assignmarny blocks to ead node using a simple round
robin placemen sdieme, and ead node is given a fair initial sampling of
the ertire scene.In this stheme, block number n is owned by node number
n mod # of nodes The set of blocks that ead node is given at program
initialization is constart throughout the sessionand this portion of a node's
memory is called the residen set. Figure 2 illustrates data ownership in a
rendering of an isosurfaceof a volumetric model of the implicit equationx? +
y2+ z2 + noise= C.

Fig. 2. Data Distribution. Voxels originating in ead of three nodes' residert sets
are colored di erently in this diagnostic view of an isosurfacerendering.

In addition to its own resident set, a node may needto accessdata in the
other nodes'residen sets. The separatememory layers are connectedvia the
cluster's interconnection network, over which the nodessendand respond to
memory block requestmessages.

Theserequestand reply messageare handled by a lightweight messageass-
ing layer calledIce [12].Ice utilizes either TCP sockets or the MessagédPassing
Interface (MPI) to connectthe nodesin the cluster. An important feature of
Ice is asyndironous messageretrieval. Computation threads newer call the



receive operation directly. Instead, a dedicatedthread handlesincoming mes-
sagesWhen one arrives, the commnunication thread wakesand processeghe
messageThe advantage of this approad is that if computation threads have
a su cien t badlog of data to processthey do not spend any time waiting on
communication.

The DSM would be very slow if every accesgo a non-residemn block resulted

in network messageslo avoid this situation, we rely on coherenceCoherence
is the property that oncea portion of the scenes used,it and nearby portions

are likely be usedagain in the near future. We therefore set asidea portion

of the memory in ead node to cade non-local blocks. In Section4, we ex-

plain optimizations that increasethe probability of loadeddata being reused,
making cadiing more e ective.

There are two primary types of distributed shared memory: object-based
DSM (ODSM) and page-baseddSM (PDSM). ODSMs sharethe memory of
arbitrarily sized software objects. These objects are accessedhrough meth-
odsthat signalthe DSM layer to make the requestedmemory available to the
caller. PDSMs, in cortrast, sharepagesof systemmemory, wherethe pagesize
is a xed, macdine dependert number of bytes. Rather than utilize function
calls to accessmemory, the program simply accesseshe normal virtual ad-
dressspace,and the DSM layer independertly ensuresthat the neededpages
are madeavailable.

We have experimerted with both memory organizations.We discussour im-
plemertations of each DSM below, and comparethe performanceof the two
in Section3.3.

3.1 ODSM

In our ODSM implemertation ead node creates a DataServer object at
startup. This object is responsiblefor managingthe node'sresiden and caded
blocks. The ray tracing threads accesghe sharedmemory blocks through the
DataServers acquire and releasemethods. Each call takesan integer handle
that selectsa particular block of memoryfrom the globalmemoryspace When
the rendereraccessea block that belongsto the local node'sresidert set, the
ODSM layer simply returns that block's starting address.When the renderer
accessea non-local block, the ODSM layer must rst seard the cade for the
block and, if it is found, return its local address.If the block is not caded,
the ODSM must senda messagdo the node that owns the block and wait

for that node'sresponse.When the requestedblock arrives,the ODSM places
the remote data in the local cate, possibly evicting another block to reclaim
space.When a thread nishes using the block, the releasemethod noti es



the DataServer that the spaceusedfor the block is now available for useby
another block.

The ODSM architecture hastwo important advantages.First, becauseaccesses
to the blocks areboundedby acquireandreleaseoperations, it is relatively easy
to make the ODSM thread-safe.The ODSM protects ead block with a court-
ing semaphorethat allows multiple render threadsto access block simulta-
neously The semaphorealso prevents that block from being evicted while it
is still in use. Second,becausethe blocks are accessedndirectly through a
handle,the 4 GB addresslimitation of 32-bit madcinesno longerapplies.The
maximum addressablenemoryis now the sizeof the integer handle times the
size of the block. Taken together, the ODSM makes the aggregatephysical
memory spaceof the cluster accessibldo any thread.

Although the ODSM makes a large amourt of memory available to the ap-
plication, it may causedi culties for the application programmer. Figure 3
shaws pseudo-cde for the processby which the ray tracing application ac-
cesseshe ODSM memory space.Becausethe scenedata is accessedhrough
handles,the ray tracing threads must map graphics primitiv es (for example,
voxels and triangles) to block handlesand o sets within blocks. The mapping
processis di cult for many data represemations, and the addressarithmetic
consumesvaluable processingtime. Thus, with the ODSM, sometime is lost
accessinghe shareddata, evenin the evert of a memory hit.

/I Locate data
handle, offset = ODSM_location(datum);
block start addr = ODSM_acquire(handle);

/I Use data
datum = *(block_start_addr + offset);
test_ray_intersection(datum);

/I Relinquish space
ODSM_release(handle);

Fig. 3. Object-Based DSM Usage.With the ODSM, the ray tracing threads must
explicitly accesgshe shareddata space.

3.2 PDSM

In a PDSM, the implemertation of the sharedmemory is pushedaway from
the application, closerto the OS and hardware levels. There are no explicit
acquire and releaseoperations. Instead, the sharedaddressspaceis simply a
special region of the madhine's local virtual addressspace.Sharedobjects are
createdwith an overloadednew operator that simply ensuresthat the shared



objects are createdin the PDSM addressrange. The ray tracing threads need
only call testray intersection(datum), as they would for any other piece of
data in the node'slocal memory

Our implementation divides the PDSM's range of addressesnto blocks that
are multiples of the operating system'snative pagesize.Ead block is assigned
to a node in the sameround robin fashion as was the residen set of the
ODSM. The rest of the pagesin the PDSM memory are initially unmapped
on eat node. The virtual addressesare protected by a segmetation fault
signal handler. This routine is called whene\er the ray tracing threads access
missing,non-local pages.n this case the handlerissuesarequestto the owner
node in a mannersimilar to that of the ODSM. Figure 4 preseis an overview
of our PDSM memory accesgrotocol.

Node 1's Memory Node 2's Memory Node 3's Memory
Signal
HIT L MISS handler
A
Render Communication
thread thread

Fig. 4. Page-BasedDSM Architecture. The virtual memory hardware detectsmisses,
and the PDSM layer causesremote referencedo be pagedfrom acrossthe network.

The PDSM layer makes the application programmer'stask easier,and the
application generally operates more quickly. Howewer, the size of the shared
memory spaceis constrained by the 4 GB limit inherert to 32-bit address
madines. In practice, the actual limit is lessthan 4 GB becausesomeof the
virtual addressspaceis resened for the operating system (addressesabove
0xC000000),as well asthe program's executablecode and free storagespace
(addressesiear0x4000000)This arrangemen leavesat most 2 GB of address-
able sharedmemory. Despite this limitation, the technique provides a useful
way to extend the total data sizewhen the installed physical memory on any
node in the cluster is lessthan 2 GB. With the wider availability of 64-bit
madines, it is likely that this limitation will becomelesssewere and that the
technique will becomemore useful.



Another drawbadk to our PDSM implementation is that, unlike the ODSM, it

is not currertly thread-safe.The PDSM lacks the sematrtics of explicit acquire
and releaseoperations, and exhibits a race condition whene\er the user-le\el
communication thread lls arequestedoageof memoryreceived from aremote
node. Without kernel modi cations, there is no way to resene a particular

pageof memoryfor a particular thread, sothere is somechancethat additional

ray tracing threadscould accesshe pagewhile it is being lled. For this reason,
all of the PDSM tests reported here useonly a singleray tracing thread per
node.

3.3 ODSM/PDSM Comparison

To compare the performanceof the two DSM implementations, we render
isosurfacesof a 512 MB scalar volume created from a computed tomogra-
phy scanof a child's toy. The test madine is a 32-nade cluster consisting of
dual 1.7 GHz Xeon PCs with 1 GB of RAM, connectedvia switched gigabit
ethernet. All renderingtests report the averageframe rate during interactive
sessionaising a 512x512pixel view port. The imagesare composedof 16x16
pixel tiles. Thirt y-one rendering nodes are used, with one rendering and one
communication thread per node, exceptwhere noted.

In this test, we examinethe costof usinga sharedmemory spaceby restricting
the DSM layersto store only 81 MB on ead node. Becausehe viewpoint and
isosurfaceselectionchangethroughout, the working set variesfrequerly, and
the DSM layers must do extra work to obtain the neededdata.

Figure 5 shaws the recorded frame rates from the test and a sampling of
renderedframes. The test is started with a cold cade. In the rst half of the
test, the ertire volume is in view, while in the second,only a small portion
of the dataset is visible. Both DSM layers struggle to keepthe cades full
during the rst part of the test. Howewer, the lack of memory indirection
givesthe PDSM a lower hit time, soit outperformsthe ODSM throughout. In
later frames, most memory accessesit in the cade, sothe PDSM addslittle
overheadto data replication. Overall, the averageframe rates for this test are
3.74fps with replication, 3.06 with the PDSM and 1.22with the ODSM. The
PDSM layer is clearly preferableto the ODSM layer aslong asthe total data
sizecan be addressedby the nodesin the cluster.
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Fig. 5. Comparing Memory Organization. Frame rates are above and imagesfrom
the test are below. The page-basedDSM outperforms the object-based DSM in
all cases.Moreover, its performanceis competitive with full data replication, even
though the local memory sizeis reducedto 16% of the total.

4 Memory Optimizations

In this section we describe the optimizations we have made to improve the
hit rate of our renderingapplication. Table 1 givesthe measuredhit and miss
penaltiesfor our object- and page-baseddSMs recordedin a random access
test. The disparity betweenthe hit and misstimes under both DSMs justi es
our seart for optimizations which target increasedhit rates. The optimiza-
tions include the useof spatial sorting structures, data bricking, accesgpenalty
amortization, and a load balancerthat exploits frame-to-framecoherence.

‘ Hit Time ‘ Miss Time
Object-basedDSM 10.2 629
Page-basedSM 4.97 632

Table 1
DSM AccessPenalties. Averageaccesspenalties, in s, over 1 million random ac-
cessedo a 128 MB addressspaceon v e nodes.
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4.1 Optimizations for Volumetric Data

Our application focushasbeenrenderingthe isosurfacesorntained within reg-
ular volumetric datasets,a commontask in scierti ¢ visualization. To render
this type of data, we utilize the macrocell and bricking accelerationtechniques
described by Parker et al. [13]and DeMarle et al. [14].

To acceleraterendering, our systemusesa macrocell hierarchy that enables
spaceleaping. The hierarchy is an octree-like spatial sorting structure that

contains, at ead level, a grid of cells storing the minimum and maximum

valuesof the subcells at the next lower level. By traversingthe macrocell hi-

erardy, we neednot considermuch of the data that is contained within the

sharedmemory space.For non-wolumetric data, we usee cien t bounding vol-

ume hierarchy and hierarchical grid-baseddata structures[15,16]for a similar

purpose.

Data bricking [17], or three-dimensionaltiling, reorganizesthe 3D array of
data in memoryto keepproximate volume elemeits togetherin addressspace.
Rather than traverseead row of the data in memory before proceedingto
the next column and ewertually slab, we group neighboring cells in small
bricks. The sizesof the bricks are chosento be aligned on memory hierarchy
boundaries.We repeat the processwith the bricks to obtain the samebene ts
on cade line, OS page,and network transfer memory block levels.

4.2 ODSM AccessConsolidation

With the structures descrilked above, the ray tracing threads tend to access
only a small fraction of the data, and they tend to do so repeatedly The
structures are e ective enoughthat, in the isosurfacerendering application,
we typically have hit ratesof greaterthan 95%.In this situation, the hit times
are a limiting factor. The PDSM memory layer is an option for moderately
sizedvolumedata, but for very large data we are forcedto usethe ODSM. To
achieve better performancefrom the ODSM, we reducethe number of accesses
and amortize the cost of ead hit over multiple data values.

Our approad is to consolidateaccesseso data at the bottom level of the
accelerationstructure. Rather than perform an acquire operation to obtain
eadt scalarvalue, we acquirea block and obtain all of the scalarvaluesneeded
to construct the required voxelswithin the block. Every ray rst traversesthe
bottom-level macrocellsto construct a list of required blocks. The ray then
acquiresead touchedblock in turn, copying all of the intersectedvoxelsbefore
releasingthe block and moving to the next one.
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Figure 6 givesa 2D exampleof the simpleacquire-on-demandnd consolidated
accessstrategies.In the simple approad, the ray must perform 28 acquires
to obtain data for the 7 voxels that are required. Most of theseacquiresare
redundart. In the consolidatedapproad, only 2 acquiresare needed.The rst
retrieves6 scalarvalues,the secondretrieves10.

Ray ) Ray

Blockl Block2 Block1 Block2

Fig. 6. Consolidating Accessto SharedMemory. Becausedistributed sharedmemory
is slow, it is bene cial to reduce the number of accessesBy examining the ray
segmen within the bottom-level macrocell, all of the voxels touched inside a block
can be obtained at onetime.

We experimertally examinethe e ectivenesof the accessonsolidationstrat-

egy in an isosurfacerendering test of a 7.5 GB volume. Table 2 shows the

averagenumber of accesseper worker per frame and the averageframe rate

for atest usingthree consolidationpatterns. The rst and last rowscorrespnd
to the patterns described above. The secondrow is an intermediate option in

which the rendereracquiresand releaseghe blocks touched by the 8 corners
of a voxel in turn, usually retrieving all eight valuesin one accessIn eat

case the increasein framerate is inverselyproportional to the decreasen the
number of accessesninus the overheadof the block pre-traversal process.

Pattern | Accesses Frame Rate
[f/s]

Accessl | 3279000 .1149
Access8 453400 .7090
AccessMany 53290 1.686

Table 2
Consolidated AccessTest Results. Amortizing accessto the ODSM is essetial for
interactivit y.

4.3 MeshReorganization

We also apply the concept of data bricking to polygonal meshdata. When
spatially proximate primitiv es are sorted in memory so that they become
proximate in addressspaceas well, pagesare more likely to be reusedand
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hit rates are likely to increase.Given our imagetile accesattern, the ideal
meshfor our purposesis onewith large patchesof triangles that resideon the
samepagein memory The goal of making the scenedata more coheren by
reorganizationis similar to that achieved by Pharr et al. [18] for disk caded
ray tracing, and by Hoppe [19] and Iserburg et al. [20] for scanline rendering.

The memory layout of our input data is reorganizedusing a preprocessing
program. The program usesan octree to sort the verticesand triangles of the
input meshin space.The program readsead vertex from disk and insertsiit,
alongwith its index in the input le, into oneof eight children of the octree's
top level cell. We repeat the processwithin ead cell recursiwely sorting until
ead subcell cortains no more than a small, user-de ned number of vertices.
In the endall of the verticeswithin ead cell are guararteedto be closeto one
another. After the verticesare insertedinto the tree, we perform a depth rst
traversalto append the sorted verticesonto an output le.

We repeat the processfor the trianglesin the mesh,usingthe certroid of ead
triangle to determinethe octant in which the triangle should be placed.Once
the triangles are sorted, we x the vertex referencesf ead triangle to index
the correctposition in the newly sorted vertex list by creating an old_index-to-
new.index lookup table. The table is constructedby readingthe sortedvertex
list and storing a vertex's newindex in the table at the vertex's saved original
location.

Figure 7 shows graphically what it meansto group triangles in the shared
addressspaceaccordingto spatial locality. With a sorted meshlayout, neigh-
boring rays are more likely to nd the data they need within an already
referencedpageand throughout the lower levels of the memory hierarchy.

We analyzethe e ectivenessof the sorting routine with another experimertal

test. In this casewe placemeshdata and a hierarchical grid accelerationstruc-
ture into the PDSM memory space.This test usesStanford's Lucy model [21],
which has14027872erticesand 2805574 2riangles. We selectedthe nest res-
olution accelerationstructure that would t within the PDSM memory space
(3 hierardhical levels, 5 cells per level), becauseit is the most selective and
yields the best performance.The original and sorted Lucy meshesead con-
sume481.6MB, and the hierardhical grid of ead meshconsumesl149.1MB.

The total data sizein ead casewas 1630.7MB.

In the test, we comparethe frame rate of a recordedinteractive sessioncon-
sisting of a seriesof cameramotions around the model. We run the test with
the original and sorted meshes,gradually decreasingthe available memory
sizeby reducingthe local cathe parameterof our PDSM. This simulates the
anticipated memory con guration whenrenderinglarge modelson a 64-bit ar-
chitecture in which the physical memory sizeis likely to be much smallerthan

13



(a) (b)

(€) (d)

Fig. 7. Improving Coherencevia Data Reorganization. On the left, the rst triangle
in the meshis colored white and the last black. On the right, pagesof triangles
in the DSM spaceare colored to identify node ownership. In (a), the input mesh
exhibits regions where nearby triangles are far apart in addressspace.In (b), the
pagestake the form of thin strips. In (c) and (d), the sorted mesh exhibits fewer
addressdiscortin uities, and pagesof memory now form patcheson the surface.

the virtual memory size. To demonstratethe importance of memory locality

in general,we alsorepeat the test with a randomizedmesh,wherethe trian-

glesand verticesare placedrandomly into memory, Figure 8 shows the results
of the test. Initially , all three meshesrun at appraximately the samespeed.
As the memory becomesmore restricted, the randomized mesh performance
quickly degradesdue to thrashing while our sorted meshresults in the best
performance.
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Fig. 8. Mesh Reorganization Results. As the memory spaceavailable for rendering
falls, the improved coherencyin the sorted mesh producesfewer misses(top) and,
as a result, higher frame rates (bottom).

4.4 Distributed Load Balancing

We have also experimerted with two types of load balancingin our parallel
renderer:a certralized task queueand distributed load balancing.In the cen-
tralized task queue,the supervisor node maintains a work queue,and workers
implicitly requestnew tiles from the supervisor when they return completed
assignmets. In the distributed load balancer,the workersinstead obtain tile
assignmets from ead other.
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This certralized designworked well in the original hardware shared mem-
ory implemertation of the ray tracer. Howewer, the higher network latency
and slower shared memory accessimes in the cluster have introduced per-
formancepenaltiesfor this load balancing scheme.For example,although the
certral work queue quickly achieves a well-balancedworkload, it results in
poor memory coherencebecausetile assignmets are essetially random and
changeewery frame. In a cluster with sewere memory accessmiss penalties,
thereis an interestingtrade-o betweena more balancedworkload and higher
hit rates.

With our distributed load balancer,ead ray tracing thread starts framet with
the assignmets it completedin framet 1. This pseudo-staticassignmeh
shemeincreaseshit rates becausethe data usedto render framet 1 will
likely be neededwhenrendering frame t. The goal of this approad is similar
to the sdheduling heuristic described by Wald et al. [8].

The distributed load balancer usesa combination of receiver- and sender-
initiated task migration in an attempt to prevent the load from becoming
unbalancedwhen the sceneor viewpoint changes.Once a worker nishes its

assignmets for a given frame, it picks a peer at random and requestsmore
work. If that peer has work available, it responds. To improve the rate of

convergencetoward a balancedload, heavily loaded workers can also release
work without being queried.In our current implemertation, for example,the

node that requiredthe most time to completeits assignmets will senda task

to a randomly selectedpeerat the beginning of the next frame.

Figure 9 cortains di erence imagesbetweentwo successig framesin a test
sessiorrun under ead load balancer.The di erence imagesshow the tiles that
changeownershipbetweenthe frameson ead run. With the work stealingload
balancer,very few tiles wererenderedby di erent nodesin the secondframe,
asis typical in our experience.

Wenow analyzethe extert to which decenralized load balancingimprovesper-
formance.For this test, we renderedtwo more of Stanford's scannedmeshes,
the dragonand bunny models,which togethercortain 1.2million trianglesand
0.6 million vertices.The total sizeof the meshdata is 28.76MB, and we access
the data through a highly e cien t hierarchical grid accelerationstructure that
is 187.7MB in size.As before,we vary the local cache size,this time analyzing
how ead load balancingalgorithm impacts the cading performance.

Figure 10 shaws the results. As memory becomegestricted, the work stealing
stheme maintains interactivity better becauseit is able to reusecated data
more often and yields fewer misses However, when memoryis plentiful, either
approad works well. In practice, it is the trade-o between increasedload
imbalanceand improved hit rates that determineswhich option will perform
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Fig. 9. Comparing Task Assignmert Strategies. Di erence imagescomputed from
two subsequen frames. Results from the demand driven load balancer are on the
left, work stealing results are on the right. The task stealing heuristic changestile
assignmets much lessfrequertly.

better. Howewer, asthe memory constrains becomemorerestrictive, the work
stealingload balancertends to perform better.

A decertralized sthemealsoeliminatesa syndironization bottlened at the su-
pervisor that is ampli ed by the network transmissiondelay. Unlessframeless
renderingis used,a frame cannot be completeduntil all imagetiles have been
assignedand returned. Asynchronoustask assignmen can hide the problem,

but as processorsare added, messagestart-up costswill determine the min-

imum rendering time. When this happens,the renderingtime is at least the

product of the messagdatency and twice the number of task assignmets in a

frame. For 512x512imagescomposedfrom 16x16tiles the maximum aciev-

able frame rate is 34 framesper secondon our cluster.

Work stealingeliminatesall task assignmeh messagefrom the supervisorand
allows workers to assigntasks independerly. In other words a decertralized
task assignmeh sdheme takes advantage of the fact that on a switch-based
network nodesB and C cancommunicate at the sametime asnodesD andE.
When the systemis network bound, this approad canincreasethe acievable
frame rate by a factor of two.

5 Scalabilit y Analysis

In a rendererdesignedfor interactive visualization of large scierii ¢ datasets,
it is important to understandthe processorand data scaling behavior. That
is, given a constart data size,we want to know if it can be rendered more
quickly by using more processorsWe alsowant to know how the rendering
speed changeswith a xed number of processorsas the size of the dataset
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Fig. 10.E ect of Task Reusewith Limited Local Memory. Each node exhibits fewer
misseswhen computing pixels from previous tasks (top). As a result, work stealing
improvesframe rates when the local memory is limited (middle), despite exhibiting
a more imbalancedworkload (bottom).

increases.

In an image parallel ray tracer, one can expect that when the program is
compute-bound, becausethere are many independern pixels in the image,
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processorscalingbehavior will be quite good. Becauseof hierarchical acceler-
ation structures, we can also expect that data scalingbehavior will be good,
as thesestructures turn the ray tracing algorithm into an O(P logN) sorted
seart problem.

In practice, when rendering small data setsthat can be replicated in eath
node's memory we have found that these scaling characteristics accurately
model our program's behavior. The application tends to scale nearly lin-
early until computation time falls belov network commnunication time, at
which point we canno longeroverlap computation and communication. When
enoughprocessorsare applied to overcomethe computational bottlened, im-
agetile comnunication time eventually becomesthe limiting factor as de-
scribed in Section4.4.

When renderinglarge amourts of data, it is more often the casethat memory
accesgimes are the most signi cant bottlenedk. For example,if a node misses
in the cadhe and needsto fetch remote data on average100times per frame,

and eat one of theserequeststakes 1 ms, then one can not expect to reath

more than 10 framesper second.

The number of data accesseand the ratio of local to remote memory refer-
encesis dependert on the number of workers and on the sizeof the data. To
examinethe behavior of our systemin practice, we perform another bend-
mark, in this caserendering the volume shavn in Figure 11. This volume is
time step 225 of a Richtmyer-Meshlov instability datasetfrom LawrenceLiv-
ermore National Laboratory. The complicated surfacesin this dataset make
the renderer processor-and memory-bound well beforeit becomesnetwork-
bound.

Fig. 11. Richtmyer-Meshlov Instabilit y. The computational uid dynamics dataset
usedfor the scalability tests.
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We measureprocessorscaling performanceby varying the number of render-
ing nodes. We measurememory scaling performanceby down-sampling the
original 7.5 GB volume repeatedly, and recording the running time over an
interactive session.To make a fair comparison,we place all volumesin the
ODSM spacedespitethe fact that the smaller volumescan be renderedmore
quickly in the PDSM spaceor by replication. The result of the scalingtests
are given in Figure 12, and a selectionof memory accessmeasuremets are
givenin Table 3.
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Fig. 12. Processorand Memory Scaling Behavior.

As the number of nodesincreasesthe data setsthat are small enoughto be
caded entirely in the physical memory of ead node exhibit closeto ideal
scaling.The largestdatasetscannot be caded ertirely on any onenode which
makes scalingmore complicated.

With large data, asthe number of nodesincreasesthe dominant componert
of runtime changeis a decreasein the number of accesseper node. This
happens becauseincreasingthe number of workers decreaseshe amourt of
the screenthat is renderedon any onenode. Meanwhile, for the large datasets
the number of missesdrops substartially, as more of ead node's memory is
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120MB | 960 MB 8 GB

8 nodes | accesses 265211| 245444| 221667
misses 2.16 14.7 5933
16 nodes | accesses 132605 123250| 110903
misses 231 15.7 529

31 nodes | accesses 68600 63611 57189
misses 2.38 16.1 251

Table 3
SelectedRendering Statistics. Averagenumber of memory accessesnd DSM cace
level missesper worker per frame recordedin nine of the test sessions.

available to use as a cade. Overall the trend is still towards linear scaling,
with a temporary bene t dueto the cacing and memory accesdactors.

From the memory scaling gure it is clear that the macrocell hierarchy gives
us very good data scaling behavior. Holding the number of nodes constarn,
multiplying the data sizeby powers of 8 decreaseshe frame rate very little.

The hierarchy keepsthe number of accessesoughly constart asthe data size
explodes. Unfortunately increasingthe data size doesincreasethe missrate,
which makesthe renderingtime more in uenced by the long miss penalty. If
the local memory is insu cien t to hold the working set, asis the casefor 8
nodeson the 8 GB data, thrashing results and the miss penalty dominates.

6 Conclusions

We have found that it is possibleto render large datasetsquickly usingread-
ily available cluster technology Our solution adds a top-level memory layer
in which all cluster nodessharetheir local memory cortents via the network.
Our sharedmemory layer can useeither an object-basedor page-basedrga-
nization. The object-basedlayer makesthe aggregatephysical memory space
of the cluster available to all renderingthreads. On 32-bit clusters, the page-
basedlayer is more limited in terms of addressabledata size,but it addsless
overheadto the cost of purely local data access.

With our sharedmemory, we are able to ray trace sceneghat aretoo largeto
be replicated in ead node's memory Ray tracing is the classicimage parallel
rendering algorithm. All pixels can be computed concurrerly so it usually
exhibits very good processorscalability. The use of accelerationstructure hi-
erarchies allows us to consideronly a fraction of the elemens of the scene
when rendering an image, which givesthe program good memory scalability.

21



The miss penalty in a network shared memory system using commality in-
terconnection hardware is quite high. For this reasoncading is an essetfial

componert of our network memory system.We have discussedseeral memory
acces®ptimizations that we have used,all of which increasethe percerniage of
cade hits. The optimizations extendthe memorysizeto which we canacdhieve
interactive rendering.

7 Future Work

Higher performing interconnect architectures are becomingwidely available.
Both Myrinet and In niband, for example, reduce messagdatency and in-
creasenetwork bandwidth substartially. We have recertly adapted our sys-
tem to make useof MPI to allow usto take advantage of thesenetworks and
increaseour scalability. Our preliminary analysis has found that our asyn-
chronous messagehandling makes a thread-safe MPI layer of tantamount
importance. Lacking sud a layer, e ciency-reducing thread barriers are re-
quired. Thesebarriers usually negateany performanceimprovemeri that the
high performanceinterconnectmay yield.

For somedatasets,the total physical memory spaceof the cluster is not su -
ciert. Terabyte-scaletime varying volumetric datasetsare an example.We are
currently working to render from the combined disk spaceof all of the nodes
in our cluster by fetching scenecortents on demandfrom disk. We plan to use
the network memory discussedhere as an intermediate level in the memory
hierardhy, inserted beforethe nal disk-mapped layer. Preliminary tests have
showvn that sud a systemis possible,and we are currerntly studying further
optimizations, sud as those described by Corréa[22], for this new memory
organization.

Additional e ciency may be available if we can better exploit the processing
elemerts in more recert PC architectures. With increasingly available SMP
and simultaneousmultithreading capablenodes, it is important to usehybrid

parallel architectures e cien tly. For this reason,we plan to addressthe lack

of thread safety in our PDSM networked memory layer and to test it on 64-bit

architectures.
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