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ABSTRACTThere is a growing need for tools that aid in the understanding of high-resolutiondata. Examples in
lude medi
al data produ
ed by magneti
 resonan
e imagings
anners, and data produ
ed by 
omputational 
uid dynami
s simulations. Visu-alization te
hniques for large data in
lude o�ine rendering of still images, subsam-pling to redu
e the size of the data, and intera
tive rendering using super
omputers.O�ine rendering makes it diÆ
ult to examine three-dimensional stru
ture in thedata. In an intera
tive renderer, the user 
an move the viewpoint and examine o
-
lusion. Subsampling 
an make the data small enough for intera
tive rendering, butit destroys information 
ontent. The S
ienti�
 Computing Institute's intera
tiveray-tra
er (*-Ray) 
an solve both of these problems by exploiting the performan
e oflarge shared memory super
omputers. Unfortunately these ma
hines are expensiveand of limited availability.A lower 
ost 
luster of PCs, with standard high speed network interfa
es, 
analso intera
tively render large volumes. To prove this we have 
reated a new ray-tra
er, derived from *-Ray, whi
h runs on 
lusters. The program is an image parallelray tra
er with a supervisor/workers stru
ture. The supervisor and workers aremultithreaded appli
ations running on separate nodes. Between nodes, appli
ations
ommuni
ate over a new network library 
alled Legion. Legion adds a single layerof abstra
tion to the standard network interfa
e, enabling asyn
hronous handling ofin-bound messages. The network library also in
ludes a software distributed sharedmemory that makes the aggregate memory spa
e of the 
luster usable. With smalldata, the program repli
ates the entire s
ene on ea
h node. For multi-Gigabytevolumetri
 data, workers obtain data bri
ks on demand from the distributed sharedmemory. We explain the implementation of the distributed intera
tive renderer andanalyze its performan
e.
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CHAPTER 1INTRODUCTIONRay Tra
ing is a simple, a

urate, and 
exible method for 
reating realisti
images. For every pixel, a ray extends from some viewpoint into a s
ene. Every rayis tested for interse
tion with every obje
t in the s
ene. A pixel gets the 
olor ofthe �rst obje
t hit by the 
orresponding ray. Phong lighting makes opaque surfa
eslook more realisti
. Re
e
tive and refra
tive obje
ts in
lude the 
olor 
ontributionof se
ondary rays. The se
ondary ray re
e
ts o� or transmits through the obje
t,and takes the 
olor of the next hit obje
t. Shadows require one more ray, whi
hextends from the interse
tion point toward the light sour
e. If the shadow ray isblo
ked, the pixel intensity is redu
ed. Figure 1.1 illustrates Whitted style raytra
ing, and Figure 1.2 shows a ray tra
ed image.The main advantage of ray tra
ing is that it produ
es a

urate, realisti
 images.However, Whitted ray tra
ing produ
es imperfe
t images. Aliasing, hard shadows
9x7 Image

Object 2

Object 3

ViewPoint

Light Source

Object 1

Figure 1.1. Ray Tra
ing One Pixel of a 9x7 Image of Three Obje
ts.
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Figure 1.2. A Ray Tra
ed Image.and too \perfe
t" looking re
e
tive and refra
tive obje
ts result from point samplingspa
e with in�nitely thin rays. Cook [7℄ showed that all that was needed to �x theseartifa
ts was to tra
e several randomly distributed rays for ea
h pixel. Figure 1.3 isa ray tra
ed image that demonstrates Cook's depth of �eld and motion blur e�e
ts.Still, Whitted style ray tra
ing negle
ts global illumination. The basi
 algorithm
annot generate 
olor bleeding between obje
ts, or 
austi
s 
aused by fo
used light.This too 
an be �xed, simply by tra
ing more rays. Instead of using Phong lighting,all 
olors are 
omputed by 
asting se
ondary rays from the point of interse
tion intothe s
ene. The 
olor of a point on an obje
t is a fun
tion of the obje
t's innate
olor and the 
olor of the light re
e
ted on to it.Be
ause ray tra
ing is straightforward, it is easily extended to any degree ofrealism. But realism has a pri
e - a huge number of interse
tion 
al
ulations. A512x512 image requires more than a quarter of a million rays, every one of whi
h
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Figure 1.3. A Ray Tra
ed Image with Cook E�e
ts.has to be tested against every obje
t in the s
ene. Not surprisingly, there has beena great deal of resear
h into a

elerated ray tra
ing.A

eleration stru
tures redu
e the number of interse
tion tests by sorting theobje
ts in spa
e during prepro
essing. With an a

eleration stru
ture, a ray 
anignore most of the obje
ts that it 
annot possibly hit. By 1980, Rubin and Whit-ted [31℄ were using hierar
hi
al trees of bounding volumes. In a bounding volumehierar
hy, a simple obje
t a
ts as a surrogate for a 
omplex obje
t. The 
omplexobje
t is not tested unless the ray hits the surrogate. Furthermore, the surrogatesare grouped into a tree of higher level surrogates. A ray that misses a high levelsurrogate eliminates many obje
ts with one test.Spatial subdivision te
hniques divide spa
e instead of 
lassifying obje
ts. Thesimplest example divides spa
e into an axis aligned grid [10℄. Rays step thoughthe grid 
ell by 
ell, 
onsidering only obje
ts that at least partially o

upy ea
h
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ell. Obje
ts tend to 
lump together in small regions, leaving large regions ofspa
e empty. In a regular grid, the over full 
ells degenerate into a linear sear
hand the empty 
ells 
ause needless traversal time and memory overhead. Adap-tive subdivision stru
tures use larger divisions in empty spa
e and smaller oneswhere obje
ts are densely pa
ked. Examples in
lude o
trees [13℄, and binaryspa
e partitioning [16℄ trees. Figure 1.4 illustrates the use of a bounding volumehierar
hy and a regular grid. These sorting te
hniques make the ray tra
ing hiddensurfa
e removal algorithm an O(logN) sorted sear
h problem; the s
an line zbu�eralgorithm remains an O(N) problem.A

eleration stru
tures redu
e the number of interse
tion 
al
ulations per ray,but it still takes an enormous number of rays to generate an image. Every pixelrequires a ray, and realisti
 images require many rays per pixel. Fortunately, allpixels are independent, whi
h makes parallel pro
essing highly eÆ
ient. In an imageparallel renderer, several ma
hines split the image, and ray tra
e pixels 
on
urrently.Figure 1.5 shows how pro
essors 
an divide the image plane and work in parallel.In this image sixty-two ma
hines add unique gray levels to the pixels that theyray tra
e. In theory, N ma
hines 
an 
ompute the same image in 1=N 'th the timerequired by one ma
hine. In pra
ti
e, signi�
ant 
hallenges arise in the pursuitof this goal. The ma
hines have to 
ooperate to divide the image and to puttheir pixels ba
k together. Intera
tive frame rates require eÆ
ient use of a parallelma
hine's ar
hite
ture.

Figure 1.4. Bounding Volume Hierar
hy and Grid A

eleration Stru
tures.
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Figure 1.5. Work Distribution in the Image Plane.In fa
t, the 
hallenge is great enough that intera
tive ray tra
ing is a relativelynew phenomenon. *-Ray [26, 27℄ was one of the �rst intera
tive ray tra
ers. It usesparallelism and a

eleration stru
tures to attain intera
tivity. The program is tunedto take advantage of high performan
e, shared memory parallel super
omputers likeSili
on Graphi
s' (SGI) Origin [32℄. For example, a

eleration stru
tures exa
tlyalign on 
a
he line and memory page boundaries. Also, the program syn
hronizeswith a fast, ma
hine level barrier. *-Ray is an image parallel renderer, wherethe independent ray tra
ing engines are threads running on separate CPUs. Asupervisor thread breaks the image into tiles, and the worker threads retrieve tileswhenever they are idle. The super
omputer's shared memory gives all threads fasta

ess to the same memory spa
e, so 
ommuni
ation between threads is automati
.*-Ray is a general purpose renderer, 
apable of rendering any type of obje
t, in-
luding volumes de�ned by arrays of s
alar values. Some appli
ations that generate



6this type of data in
lude 
omputerized tomography (CT) and magneti
 resonan
eimaging (MRI) medi
al s
ans, and 
omputational 
uid dynami
s (CFD) simula-tions. *-Ray makes it possible to intera
tively render large volumetri
 datasets [27℄at full resolution. In medi
al appli
ations, a

ura
y and resolution are espe
iallyimportant. The two rendering modes 
onsidered here are isosurfa
e and maximumintensity proje
tions (MIP). An isosurfa
e rendering is a drawing of the lo
us ofpoints within the volume that share a parti
ular value. A MIP is a proje
tion ofthe maximum values within the volume. The SGI Origin is extremely well suitedto large volume visualization be
ause its fast inter
onne
tion network gives every64-bit pro
essor a

ess to a huge memory spa
e.The trend in high performan
e 
omputing is moving away from large monolithi
super
omputers and toward groups or 
lusters of lower 
ost PC 
lass ma
hines.The primary motivation behind this trend is pri
e and the related 
onsideration ofavailability. Tremendous 
ompetition in the PC market has driven vendors to 
reatereliable, powerful and a�ordable ma
hines. The pro
essors within today's PCs arenearly as powerful as those used in super
omputers. With powerful a�ordable PCs,resear
hers are turning to 
lusters of PCs to solve 
omputationally intensive prob-lems su
h as the modeling of the earth's mantle or the study of the 
omplex 
hemi
alrea
tions in �res. Although 
lusters are extraordinarily well suited to 
omputationalintensive problems that do not require frequent 
ommuni
ation among pro
essingelements, it is less 
lear that they are suitable for problems that require 
onstant
ommuni
ation. This is be
ause the network infrastru
ture that links PC's into a
luster still lags the dedi
ated hardware within super
omputers.My thesis is that 
luster-based intera
tive ray tra
ing of multi-Gigabyte vol-umetri
 datasets, whi
h are larger than the memory spa
e of any one node inthe 
luster, is possible. We have developed a 
luster-based intera
tive ray tra
er,derived from *-Ray, that demonstrates the verity of the thesis. Like its prede
essor,the new program is designed to eÆ
iently use the 
apabilities of the ma
hine onwhi
h it runs. The distributed ray tra
er is able over
ome the slower inter
onne
tion



7between pro
essing elements, and even to use the network to surpass the memorylimit of the pro
essors that it runs on.Chapter 2 summarizes related work in 
luster 
ommuni
ation te
hnology, in-tera
tive ray tra
ing, and visualization of large datasets. Chapter 3 explains thenetworking library that 
onne
ts distin
t exe
utables, running on separate 
omput-ers, into a 
ohesive program. The library, 
alled Legion, adds a minimum amountof overhead to the so
ket layer, provides thread safe transport, allows asyn
hronoushandling of inbound messages, and in
ludes a distributed shared memory fa
ility.Chapter 4 dis
usses how the distributed intera
tive ray tra
er works when the s
enedatabase is small enough to be 
opied into ea
h node's memory. We analyze theperforman
e of the renderer and 
ompare the program's performan
e with thatof *-Ray. Chapter 5 explains how the program uses Legion's distributed sharedmemory to render large volumes. We analyze the fa
tors that in
uen
e the extendedprogram's intera
tivity and again 
ompare the program with *-Ray. In Chapter 6we summarize the results of our investigations and dis
uss possible future resear
h.



CHAPTER 2RELATED WORKLibraries like PVM [12℄ and MPI [15℄ abstra
t the details of network program-ming. These libraries add fa
ilities like logi
al subgroups, heterogeneity support,debugging support, additional reliability, distributed pro
ess 
ontrol, high level syn-
hronization operations and so on, to the underlying so
ket layer. PVM was one ofthe �rst network abstra
tion libraries for 
luster 
omputing. Signi�
ant features ofPVM are support for heterogeneity and 
onsole driven distributed pro
ess 
ontrol.A free version of PVM is available online [24℄.In 1994 a drive to standardize the fa
ilities provided in libraries like PVMresulted in MPI, the standard interfa
e for message passing libraries. As a stan-dard, MPI gives parallel programs the important feature of ma
hine and vendorindependen
e. A program written on a 
luster of PCs using MPI should also workwhen it is 
ompiled and run on a super
omputer that supports MPI, regardlessof the network infrastru
ture. MPICH [14℄ is a free implementation of the MPIstandard. LAM-MPI [5℄ is a more highly tuned implementation of the standard.MPICH and LAM-MPI are also available online [2, 1℄.On a 
luster, the fa
ilities that PVM and MPI add to so
kets 
an in
rease runtime overhead. When a program only needs fast transfer between ma
hines, it issometimes better to forgo the additional features and use so
kets dire
tly. This isespe
ially true when using dedi
ated 
lusters, for whi
h heterogeneity and reliabilityare not of great 
on
ern. With this in mind, Legion was designed to add a minimalabstra
tion layer on top of so
kets.A 
riti
ism of the message passing environment is that the programmer hastoo mu
h responsibility for the sharing of data among parallel pro
esses. Theprogrammer must expli
itly 
ontrol every ex
hange of data. In a shared memory



9environment, the same data spa
e is a

essible everywhere, and the programmerneeds only ensure proper syn
hronization.Software distributed shared memory (SDSM) has been an a
tive area of resear
hsin
e the late nineteen eighties. The �rst SDSM was IVY [18℄, a sequentially
onsistent page-based distributed shared memory. It used the operating systemto trap a

esses to pages of shared data, and on ea
h a

ess ensured that thedata was 
onsistent everywhere. The major 
riti
isms of IVY was that it wasineÆ
ient, requiring too frequent 
ommuni
ation, and that it was subje
t to falsesharing problems, 
aused when unrelated data items happen to share the same page.Numerous systems have followed that attempt to improve performan
e. Judge etal. have written an ex
ellent survey [33℄ that su

in
tly explains the issues in SDSMdesign and provides representative example systems.A major dire
tion taken by resear
hers to improve performan
e was to weakenthe 
onsisten
y model. In a weakly 
onsistent memory, the memory is only guar-anteed to be 
onsistent in relation to syn
hronization operations, and in generalpro
essing 
an 
ontinue while 
onsisten
y maintenan
e is taking pla
e in the ba
k-ground. The Midway [4℄ SDSM uses a kind of weak 
onsisten
y 
alled entry
onsisten
y. In an entry 
onsistent memory ea
h shared obje
t is made 
onsistentwith a
quire and release operations. When one shared obje
t is made 
onsistent,all others are una�e
ted.A more re
ent 
on
ept in SDSM design has been investigation of extensibleshared memory models. A library 
alled CVM [17℄ exempli�es this design. Anextensible shared memory allows variation in the shared memory model, so thatthe appli
ation designer 
an tune the model to best mat
h the library to theappli
ation that uses it. In CVM, a base 
lass implements a rudimentary sharedmemory and separate derived 
lasses extend the base in di�erent ways. CVMprovides two lazy release 
onsistent models and one sequentially 
onsistent model.Legion's distributed shared memory borrows the 
on
ept of managing data obje
tsindividually from Midway and the idea of an open memory model from CVM.



10Ingo Wald et al. [35, 36, 34℄ at the University of Saarbr�u
ken have done im-portant re
ent work on intera
tive ray tra
ing with personal 
omputer 
lass ma-
hines. They demonstrated the low 
omplexity of ray tra
ing by showing thatfor very large s
ene databases ray tra
ing on a single PC 
an ex
eed the framerate of zbu�er rendering on high end dedi
ated graphi
s pro
essors. To maximizeperforman
e, they restri
t their renderer to surfa
es 
omposed of triangles in abinary spa
e partitioning a

eleration stru
ture. This leaves generality behind infavor of fully optimizing ubiquitous triangle-based models. They only allow binaryspa
e partitioning trees and triangle interse
tions in order to tra
e multiple raysin parallel with ve
tor parallel instru
tions. This exploits parallelism and improvesmemory 
oheren
e. Data needed for one pixel is likely to be needed for the pixel'snearest neighbors. For highly 
omplex s
enes, they render on a 
luster. In theirrenderer, a large 
entral server holds the entire database. Render 
lients repli
atethe top levels of a Binary Spa
e Partitioning (BSP) tree and fet
h the bottomlevels on demand from the server. The 
lients maintain a small 
a
he to redu
ethe number of network transfers. To hide data transfer delay, stalled rays go into await queue, and ready rays 
ontinue. The program des
ribed in this thesis di�ers inthat it remains a general-purpose renderer, even if it is not as highly optimized fortriangular data. It 
an ray tra
e s
enes that 
ontain impli
it or polygonal shapesas well as volumetri
 data, and 
an use several a

eleration stru
tures.Using programmable graphi
s hardware for ray tra
ing is a re
ent development.Ray tra
ing on 
ustom hardware has been investigated before but ray tra
ingspe
i�
 hardware has never found wide a

eptan
e. Today, graphi
s 
o-pro
essing
ards like those from NVIDIA [23℄, ATI [3℄ and others are widely available and arebe
oming very powerful. Tim Pur
ell et al., demonstrated that it is feasible to raytra
e with o� the shelf programmable graphi
s hardware [30℄. They implement a raytra
er in the fragment pro
essing stage of a GPU simulator that emulates leadingedge graphi
s 
ard fun
tionality. The algorithm en
odes triangles and a regulargrid a

eleration stru
ture into texture memory. A fragment program traverses thegrid, and 
omputes ray triangle interse
tions. They 
ompare a multipass algorithm



11to a single pass bran
hing algorithm that requires a more signi�
ant 
hange tographi
s 
ard ar
hite
ture. Like the Saarbr�u
ken renderer, this system signi�
antlya

elerates the ray tra
ing pro
ess, but la
ks generality.Our approa
h to large volume visualization is similar to the work of Corrieand Ma
kerras [8℄. They implemented volume rendering on a Fujitsu AP1000, adistributed memory, message passing parallel 
omputer. They demonstrated that
a
hing makes feasible the volume rendering of data sets that are too large forthe memory of any one 
omputing element. Our approa
h implements a similaralgorithm on modern 
ommodity hardware. Our algorithm allows hybrid parallelrendering, where ea
h node runs multiple render threads. To a
hieve greaterintera
tivity, we present te
hniques for redu
ing the number of shared data a

esses,improving the hit rate, and de
reasing the a

ess time.Palmer et al. [25℄ previously rendered large data on a hybrid distributed sharedmemory ma
hine by optimizing memory a

ess throughout the memory hierar
hy.Our system shares the te
hnique of data bri
king for memory 
oheren
e with theirwork. Their system is a data parallel renderer where ea
h node is responsible fora subset of the volume. Ea
h node renders its own data, and then shares partially
ompleted image tiles for �nal depth 
omposition. For better load balan
ing, theirsystem will migrate blo
ks among nodes and repli
ate some blo
ks onto severalnodes. A key di�eren
e between our work and theirs is that theirs uses a 
entralserver to manage the data distribution. Although the 
entral server is a potentialbottlene
k, it is able to optimize the distribution of blo
ks for better performan
e.Mi
hael Cox and David Ellsworth [9℄ have also done prior work on renderinglarge data sets. They work in a unipro
essor environment for the visualizationof 
omputational 
uid dynami
s data. Be
ause they restri
t their work to singleworkstations, they limit their investigations to loading pages on demand from the�le system using the mmap() system 
all. We have implemented a memory-mappedserver that works similarly. We �nd that in a distributed environment, it is fasterto get data over the network than it is to get it from the lo
al hard disk.



12Antonio Gar
ia and Han-Wei Shen [11℄ render large volumes on PC 
lusterswith a 
ombination of image-spa
e and obje
t-spa
e partitioning. Their \interleavefa
tor" allows the user to 
ontrol the ratio between the two. They divide the 
lusterintoN=2i groups where N is the number of nodes in the 
luster and i is the interleavefa
tor. Ea
h group has a di�erent subvolume. The nodes within a group 
onservememory by down sampling their 
ommon subvolume by taking interleaved �lteredsli
es. Ea
h member of the group renders a di�erent portion of the s
reen. Allnodes that have the same rank within their respe
tive group have the same pixelsand 
omposite pixel results using Ma et al.'s binary swap algorithm [20℄. Theyreport that interleaved sampling with �ltering removes most, but not all, of thedown sampling artifa
ts. Our work di�ers in that we work with the full resolutiondata at all times.David Porter and a team from the University of Minnesota [29℄ do dire
t volumerendering of large data sets on PC 
lusters. They 
reate animated sequen
es byre
ording an intera
tive preview session with down sampled data. Later, they ren-der the re
orded session o� line at full resolution data. They report full resolutionrender times in the tens of se
onds per frame. Although the rendering method isdi�erent, the 
ontribution of this thesis is the ability to intera
tively render, i.e., atmultiple frames per se
ond, the data set at full resolution.



CHAPTER 3LEGION\My name is Legion," he replied, \for we are many."Mark 5:103.1 Communi
ation3.1.1 Conne
tion and Transfer of DataLegion is a networking library that adds very little fun
tionality to the underly-ing Transmission Control Proto
ol (TCP) so
ket layer in the pursuit of eliminatingnetworking overhead. The appli
ation programmer's interfa
e (API) to Legion isgiven in Appendix A. The basis of Legion is a C++ 
lass 
alled 
ommuni
ator thatestablishes a fully 
onne
ted graph of TCP so
kets between the nodes in a 
luster.The appli
ation program 
an 
ontrol the so
kets dire
tly, or the 
ommuni
ator 
anhandle network traÆ
 for the program in its own thread.To start a distributed appli
ation, there must be some way to start a pro-gram on ea
h of the nodes in the 
luster. A program with a 
ommuni
ator 
an
all 
ommuni
ator::rspawn() to start programs on the other nodes in the 
luster.\rspawn" uses a se
ure shell to log in to ea
h node and start a named program.Ea
h instan
e of the program re
eives mandatory 
ommand line arguments, in-
luding working dire
tory, node rank, and a TCP port number for the distributedappli
ation. The spawned instan
es use 
ommuni
ator::parse args() to retrieve thearguments.At this point, every node has a running program, but none of the programsare 
onne
ted. 
ommuni
ator::init web() establishes the 
onne
tions by 
reatingso
ket links between the programs. \init web" establish the links by 
ausing ea
h



14node to initiate 
onne
tions to lower ranked nodes, while a

epting 
onne
tionsfrom higher ranked nodes. The 
ommuni
ator stores the resulting 
onne
ted so
ketdes
riptors in a 
onne
tion list. When every node is 
onne
ted to every other node,the appli
ation is free to use the so
kets dire
tly.The 
ommuni
ator 
an dire
t network traÆ
 to free 
omputational threads fromIO duty. If the 
ommuni
ator has a 
ontrol thread to run on, it will asyn
hronouslyhandle inbound messages. To use this 
apability, the appli
ation must registermessage handling fun
tions by 
alling 
ommuni
ator:register msgs(). Registrationmaps a message ID to a 
lass method or stati
 fun
tion that 
an re
eive and pro
essthe named message. To support this fun
tionality, every transfer between nodeshas to begin with an ID. 
ommuni
ator::send msgs() prepends the header to theoutgoing data stream, sending the header and the data with one system 
all.The 
ommuni
ator also provides re
eive methods, whi
h 
an be 
alled withinmessage handling fun
tions to pull in the data stream. The advantage of usingthe 
ommuni
ator's send and re
eive methods is that they are thread safe. Whenmultiple threads share a 
ommuni
ator, the threads 
annot send simultaneously,or the outgoing data stream will be
ome garbled. The 
ommuni
ator prote
tsea
h send with a pthread mutex. For eÆ
ien
y, the 
ommuni
ator internally usessendmsg() and re
vmsg() system 
alls to transfer multiple bu�ers of data with asingle so
ket operation.The 
ommuni
ator thread works by looping around a sele
t() system 
all. Thesele
t puts the thread to sleep and wat
hes all of the so
ket des
riptors in the
onne
tion list. When the sele
t sees a
tivity on one of its so
kets, it wakes the
ommuni
ator, whi
h promptly reads the message header and 
alls the appropriatehandler. The handler takes the so
ket, the rank of the sending node, and themessage ID, and reads the rest of the message dire
tly into appli
ation memory.The handler 
an pro
ess the data, or let a 
omputational thread take over. Thelater is preferable be
ause the 
ommuni
ator 
annot return to handling IO untilthe handler returns. Figure 3.1 shows a high level view of a distributed program
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Figure 3.1. Asyn
hronous Message Handling.running on four nodes, where the �rst node has T + 1 threads and M registeredmessage handling fun
tions.3.1.2 Logs, Statisti
s and Distributed BarriersIn addition to basi
 
ommuni
ation, a few extra fa
ilities are in
luded in thelibrary. These in
lude per node and per thread message logging, statisti
s gathering,distributed barriers and distributed shared memory. Ea
h of these are optional,and designed so that they 
an be omitted for better eÆ
ien
y. Se
tion 3.2 explainsdistributed shared memory; the rest of Legion's optional fa
ilities are explainedbelow.The �le logger.h has prepro
essor dire
tives that 
ontrol Legion's logging andstatisti
s gathering fa
ilities. When enabled, logging and statisti
s add signi�
antoverhead to the program be
ause they in
rease the size of the Legion's data stru
-tures, 
ause frequent �le IO, spend time 
alling gettimeofday(), and require threadsyn
hronization. Be
ause of this, they are implemented with prepro
essor dire
tivesthat 
an be 
ompletely elided from the program.The \log" ma
ros 
ontrol error, Legion spe
i�
, and appli
ation spe
i�
, messagepriority levels. There are two versions of ea
h ma
ro, one dire
ts output to a nodespe
i�
 �le, and the other dire
ts output to a node and thread spe
i�
 �le. The logma
ros operate on C++ IO streams.



16The DOSTATS ma
ro enables 
ommuni
ation and distributed shared memorystatisti
s gathering. Communi
ation statisti
s in
lude a 
ount of the number ofsele
t(), send() and re
v() so
ket operations, a 
ount of the number of bytes sentand re
eived, and a measurement of the total time spent 
ommuni
ating. DSMstatisti
s in
lude 
ounts of the number of a

esses, the number of hits, the numberof remote a

esses, the number of asso
iative hits and a measurement of the totaltime spent on ea
h a

ess. Statisti
s are written to the node spe
i�
 log �les whenthe program terminates.Syn
hronization is essential in most parallel programs, so Legion in
ludes adistributed barrier primitive. A program 
an use any number of barrier obje
ts,ea
h of whi
h may 
ontain any subset of the nodes in the 
luster. Internally abarrier obje
t 
ontains a list of nodes, an arrival marker for ea
h node in the list,and a message handling method. 
ommuni
ator::register barrier(), takes in a list ofnodes and returns a newly 
reated barrier over those nodes. The appli
ation 
allslegion barrier::arrive() to use the barrier. This sends a short message to all nodesin the node list, and then 
he
ks the array to 
ount the nodes that have arrived. Ifall nodes are present, the arrive 
all returns immediately. If not, the 
alling threadsleeps until the barrier's message handler sees the last node's arrival message.3.2 Distributed Shared Memory3.2.1 Common Prin
iplesIn a tightly 
oupled parallel ma
hine, shared memory allows threads in a parallelprogram to operate dire
tly on the same globally visible memory. In a 
lusteredenvironment, the memory of ea
h node is private, only a

essible to other nodesthrough program dire
ted transfers. Legion's DataServer 
lass provides a me
ha-nism whereby every node has a

ess to the aggregate memory in the 
luster. Thememory is obje
t-based, and does not rely on the operating system to managepages of shared memory. This redu
es the problem of false sharing and allows32-bit programs to a

ess more than 4 GB of memory.



17The appli
ation obtains a DataServer obje
t by 
alling
ommuni
ator::register dataserver(). The memory model is extensible, and �vedi�erent 
lasses implement the DataServer interfa
e in slightly di�erent manners.Four of the �ve implementations only allow read a

ess. The ray tra
ing appli
ationthat Legion was designed to support does not write to the shared memory duringrun time, so it is eÆ
ient to omit write 
onsisten
y maintenan
e entirely. Thefour read only 
lasses are: single threaded, dire
t mapped, set asso
iative andse
ondary storage memory mapped. The writable 
lass is a sequentially 
onsistentshared memory with �xed distributed ownership and a write invalidate proto
ol.The DataServer organizes memory into blo
ks, and identi�es ea
h blo
k by aninteger key. The appli
ation spe
i�es the blo
k size and the total number of blo
kswhen it 
reates the DataServer. The blo
ks 
an be aligned in memory for bettertranslation look aside bu�er and 
a
he eÆ
ien
y. Ea
h node allo
ates 1 GB of lo
almemory to hold blo
ks, but the DIRT MAXDSMMEM environment variable 
anoverride the default. With N nodes, ea
h node assumes ownership of 1=N of theblo
ks, and uses the rest of the reserved spa
e to 
a
he blo
ks from other nodes.The DataServer keeps its own data in an area 
alled the resident set. The 
a
heddata goes into the lo
al 
a
he. The rank of the node that owns key k is givenby k mod N . On the owning node, the key will be found at entry k=N in theresident set. On remote nodes, the same key will be found within A slots of entry(k �A) mod LC , where A is the asso
iativity and LC is the size of the lo
al 
a
he.To use the memory, an appli
ation thread 
alls DataServer::get data(k) to geta pointer to the beginning of blo
k k. If the blo
k is not in lo
al memory, theDataServer will suspend the 
aller while it obtains the spe
i�ed memory blo
kover the network. When the appli
ation thread �nishes using a blo
k, it must 
allDataServer::release data(k) to free the blo
k's spa
e. In between the two 
alls,other threads 
annot repla
e the blo
k. The stru
ture of a three node program,running two appli
ation threads per node, and using the DataServer is illustratedin Figure 3.2.
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Figure 3.2. Distributed Shared Memory Ar
hite
ture.A
quiring a blo
k involves the following a
tions. The a
quiring thread queriesthe DataServer to a

ess the blo
k. If the blo
k is in lo
al memory, the DataServermarks the blo
k in use and returns its address. Otherwise, the thread reserves aspa
e for the blo
k, sends a request to the node that owns the blo
k, and goes tosleep. When the blo
k's owner re
eives the request, its DataServer enfor
es a singlewriter multiple reader poli
y. Next, the owner marks the blo
k in use and sends a
opy of the blo
k to the requesting node. When the a
quiring node's DataServerre
eives the blo
k, it re
eives that blo
k into the reserved spa
e and then wakes thea
quiring thread.



193.2.2 Read Only MemoriesA read only memory 
an eliminate write 
onsisten
y maintenan
e delay entirely.The simplest of the read only memories is the single threaded DataServer single
lass. It assumes a single appli
ation thread to omit 
onsisten
y 
he
ks among
ompute threads in a node.For the multithreaded memories, a 
ounting semaphore prote
ts ea
h lo
ationin the lo
al 
a
he. The legion semaphore 
lass puts a wrapper around a posixsemaphore to use it as a 
ounting semaphore. The semaphore 
ounts the numberof reading threads for the blo
k in a given lo
ation. Before a thread 
an write toa lo
ation, for instan
e when it reserves a blo
k to �ll in over the network, it mustatomi
ally de
rement the 
ount to zero.The DataServer dire
t 
lass adds thread safety to theDataServer single 
lass. In these two 
lasses, ea
h key 
an only reside in lo
ationkey mod lo
al 
a
he size. The DataServer asso
 
lass is an A way set asso
iative
a
he with a least re
ently used repla
ement poli
y. Asso
iativity has the potentialto redu
e network traÆ
, but it adds overhead. Ea
h lookup has to 
he
k Alo
ations, and all a

esses have to 
all gettimeofday() to update the time stamp.The DataServer mmap 
lass is not a
tually a distributed memory. Instead offet
hing blo
ks over the network, this 
lass invokes the mmap() system 
all tofet
h blo
ks from the �le system. The memory map 
lass does not have a residentset, using all of the reserved spa
e for the lo
al 
a
he instead.3.2.3 Writable MemoryThe DataServer rw 
lass has separate a
quire and release operationsfor read only and writable a

ess. The writable operations areDataServer::get data for write() and DataServer::release written data(). The readand write a
quire operations enfor
e a single writer, multiple reader poli
y. Nothread 
an write to a blo
k until every other thread on the 
luster releases it.Threads 
an read the same blo
k simultaneously, but no thread 
an read a blo
kwhile another thread is writing to it.



20Before obtaining data, write a
quires must �rst negotiate for sole a

ess to thetarget blo
k. The pro
ess begins with a write request message sent to the owner.When the owner sees a write request for a blo
k, its DataServer starts queuing laterrequests for that blo
k. Next the owner's DataServer waits for all lo
al threads torelease the blo
k. When no lo
al threads have a

ess, the DataServer broad
asts aninvalidate message to the rest of the nodes. When the other nodes see the invalidatemessage, they wait for sole a

ess among their own threads, invalidate lo
ally 
a
hed
opies, and then send an a
knowledgment ba
k to the owner. Be
ause no otherthread 
an a
quire the blo
k at this point, there 
an be no data in
onsisten
ies.When the owner re
eives a full set of invalidate a
knowledgments, its DataServersends the requested blo
k to the a
quiring thread. The owner 
ontinues to queuerequests for the blo
k until the requester releases the blo
k. The requester releasesthe blo
k by sending the new 
ontents ba
k to the owner. With an up to date 
opy,the owner is on
e again free to grant a

ess to the blo
k.In the read only memories the 
ommuni
ator thread was able to servi
e remotea
quire requests by exe
uting the DataServer's message handler. The handlersimply sent the blo
k to the requester and this did not seriously delay the sender's
ommuni
ator thread. With write a

ess, the owner often has to delay the reply.A simple sleep will not work here, be
ause the 
ommuni
ator has to be readyfor the next in
oming message. To break the deadlo
k, the writable DataServerhas its own thread, and a queue of pending blo
k requests. The 
ommuni
atorthread uses the DataServer rw's message handler to enqueue blo
k requests, andthe DataServer rw's thread 
onsumes them at its leisure.3.3 AnalysisIn this se
tion, we do a series of tests to examine the performan
e of the
ommuni
ator and the DataServers. All tests use a 
luster that 
onsists of 32dual-CPU Linux PC's and an Extreme Networks 6816 Bla
k Diamond GigabitEthernet swit
h. The 
on�guration of the 
luster nodes is des
ribed in Table 3.1.In the tests, elapsed time is measured by 
alling gettimeofday().



21Table 3.1. Cluster Components.Component TypeMotherboard Supermi
ro P4DC6+(Intel 860 
hip set)CPU Dual Intel Xeon 1.70GHz(256KB 
a
he size)Memory 2x512M Corsair ECC RDRAMNetwork 
ard Intel Pro1000/XTDriver version 4.4.12-k1GPU NVIDIA GeFor
e3 (64MB)Driver version 1.0.2960Hard drive 18GB Seagate Cheetah U160(15000 RPM)Kernel Linux 2.4.20 (Nov 28, 2002)Compiler GCC 3.0.4 -O3Cluster File system PVFS version 1.53.3.1 Communi
ation Performan
eWe use a ping-pong test [22℄ to 
ompare the basi
 data transfer rate of TCPso
kets, Legion, LAM-MPI version 6.5.6 and MPICH version 1.2.3. The MPI trans-fer operations use the MPI BYTE data type to omit type 
onversion in transfer.In the test, a 
entral node 
y
les a bu�er around a ring of nodes, sending to andre
eiving from ea
h node in turn. The 
entral node re
ords the elapsed time for1000 trips around the ring. The size of the message and the number of nodes arevaried.The elapsed time measurements for all tests are given in Table 3.2. The averageand extreme values of laten
y and bandwidth for the tests are given in Table 3.3.Overall, MPICH is slowest, TCP is fastest, and Legion and LAM-MPI are roughlyequal.Legion under-performs TCP be
ause it adds headers to all messages, it adds a
ommuni
ation thread, and it requires three system 
alls per re
eption. As themessage length in
reases, the sele
t() and re
v() 
alls that retrieve the headerbe
ome less important, and the data re
eption time dominates. LAM-MPI handlessmall messages faster than Legion does be
ause it obtains a header and some data



22Table 3.2. Complete Network Library Comparison Results.Nodes Bytes TCP[s℄ Legion[s℄ LAM-MPI[s℄ MPICH[s℄2 1 0.08623 0.09416 0.1025 0.101416 0.08638 0.09750 0.1026 0.108664 0.08794 0.1001 0.1060 0.1086256 0.09398 0.1104 0.1172 0.12191024 0.1617 0.1746 0.1866 0.18834096 0.2420 0.2519 0.2691 0.276016384 0.4793 0.4907 0.5417 0.56934 1 0.2054 0.2586 0.2651 0.285316 0.2080 0.2591 0.2653 0.284364 0.2153 0.2689 0.2746 0.2938256 0.2440 0.2967 0.3063 0.33081024 0.3896 0.4355 0.4536 0.46914096 0.6064 0.6396 0.6835 0.717816384 1.312 1.376 1.506 1.5708 1 0.4458 0.6146 0.6019 0.663416 0.4544 0.6218 0.6008 0.674464 0.4641 0.6434 0.6248 0.6870256 0.5375 0.7063 0.6951 0.75621024 0.8379 0.9907 0.9974 1.0604096 1.344 1.448 1.518 1.59316384 2.993 3.181 3.438 3.55116 1 1.141 1.575 1.437 1.67916 1.149 1.569 1.443 1.68064 1.186 1.691 1.484 1.726256 1.344 1.845 1.655 1.9021024 2.148 2.708 2.483 2.7384096 3.309 3.768 3.690 3.95416384 6.852 7.640 7.786 8.20532 1 2.521 4.322 3.09016 2.545 4.345 3.091 did64 2.616 4.515 3.253256 2.967 4.894 3.623 not1024 4.799 6.746 5.5224096 7.266 8.739 7.983 �nish16384 14.58 16.68 15.95



23Table 3.3. Summary of Network Library Comparison Tests.TCP Legion LAM-MPI MPICHMin Transfer[�s℄ 31.84 43.10 42.91 47.38Max Bandwidth[Mb/s℄ 584.8 550.1 509.0 492.8Avg Transfer[�s℄ 80.77 95.38 94.16 98.81Avg Bandwidth[Mb/s℄ 144.7 130.6 127.1 122.1with one re
v() 
all. As the message length in
reases, Legion begins to outperformLAM-MPI. Note that LAM-MPI s
ales better, and the performan
e 
rossover pointin
reases with the number of nodes. MPICH is the slowest on all tests, and thisversion of the library is unstable at high node 
ounts. It would not 
omplete thetest at all with 32 nodes.3.3.2 Distributed Shared Memory ComparisonWe use a random read test to analyze Legion's distributed shared memory.In the test, 
lient threads a
quire and release randomly 
hosen keys. Ea
h threadmeasures the elapsed time from the �rst a
quire to the last release. Unless otherwisenoted, ea
h test uses 32 nodes, ea
h of whi
h runs a single 
lient thread; the totaldata size is 1 GB; ea
h blo
k is 16 KB; ea
h node has a 256 MB lo
al 
a
he; andea
h 
lient a
quires and releases 10000 random keys. These tests emphasize themiss penalty be
ause the number of keys a

essed is small 
ompared with the totalnumber of keys.The �rst test 
ompares the DataServer implementations. The results are givenin Table 3.4. The elapsed time shows that the single threaded memory throughputis highest, followed by dire
t, asso
iative, writable reads, memory mapped andwritable writes. The order 
orresponds to the 
omplexity of key lookup and syn-
hronization 
he
ks in ea
h 
lass, whi
h are re
e
ted in hit and miss times. We testthe asso
iative memory with a one element set to examine the overhead added tothe dire
t memory. In the write test, no a

esses hit, be
ause all a

esses requirenetwork traÆ
 to maintain sequential 
onsisten
y.



24Table 3.4. Comparing the DataServers.Memory Type Total Time Hit Rate Hit Time Miss Time[s℄ [%℄ [�s℄ [�s℄Single Threaded 5.461 10.17 2.333 616.0Dire
t Mapped 5.461 10.02 2.331 619.91 Way Asso
iative 5.477 10.18 2.461 618.3Memory Mapped 17.45 6.813 2.624 579.9Writable Reads 5.549 10.16 2.872 625.1Writable Writes 46.00 0 0 5232.The asso
iative 
a
he is sensitive to the a

ess pattern. Blo
k reuse is theex
eption with a random a

ess pattern. Con
entrated a

esses to a few entriesfavor asso
iativity. To demonstrate this point, we test the asso
iative and thedire
t mapped 
a
he, and 
hange the asso
iativity and the fra
tion of sele
tableblo
ks. In ea
h run, the program 
hooses random blo
ks from the set of blo
ks thatalign to a portion of the lo
al 
a
he. The smaller the set, the more often blo
ksthat use the same slot will be a

essed. The results are given in Figure 3.3. Themore the sele
tion is 
onstrained, the more asso
iativity helps. In this test the totalmemory size is four times the lo
al 
a
he size. No more than four blo
ks 
an sharea slot, and the performan
e improvement stops at the four-way 
a
he.In Table 3.4, memory mapped reads are 3.2 times slower than network reads.The hit rate is 3% lower than for the other read tests be
ause the memory mappedDataServer la
ks a resident set, but this is hardly enough to a

ount for thedi�eren
e. The time spent when the appli
ation a

esses the data after the a
quiredoes a

ount for the di�eren
e. Only when the appli
ation tou
hes the blo
ks doesthe operating system a
tually load the page. The time spent paging is sensitive tothe size of the shared memory and to the kind of �le system. When the sharedmemory is smaller than the physi
al memory, the memory mapped server 
anoutperform the other memories; after the �rst load, pages do not need to swap.When pages swap, it is faster to use a �le on the lo
al hard drive than it is to usea Network File System (NFS) mounted �le for obvious reasons.
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Figure 3.3. Asso
iative Memory and Competition for Ca
he Slots.With large �les, repli
ation on lo
al disks is wasteful. Repli
ation also limitsthe data size to that whi
h will �t on a single hard disk. The Parallel VirtualFile System (PVFS) [19℄ is a 
ompromise, it requires network a

ess, but no onema
hine holds all of the data. This makes the network bottlene
k wider and themaximum �le size larger.Figure 3.4 plots the results of a test that varies the size of the data set, thelo
ation of the data �le, and 
ompares the dire
t and memory mapped DataServers.The NFS test was stopped at 512 MB be
ause it takes an ex
essive amount ofbandwidth away from the other users of the �le system.In Table 3.4, the write test was 8.2 times slower than the read test, be
auseof syn
hronization overhead and a la
k of parallelism in the implementation. Theimplementation broad
asts invalidation messages and waits for a 
omplete set ofa
knowledgments on every write. The implementation la
ks parallelism be
ause ituses a simple �xed ownership s
heme that is in
apable of 
a
hing writable data.A single node that repeatedly a

esses the same blo
k 
annot 
a
he it be
ause the
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Figure 3.4. Comparison of Network and Demand Paged Memory.node has to obtain it from and return it to the owner on every a

ess. Additionallythe single writer poli
y prevents multiple nodes or threads from writing to a blo
k
on
urrently, even when the writes do not 
on
i
t. The expe
ted performan
e in areal appli
ation depends upon the ratio of the number of reads and writes. Untila new DataServer extension over
omes the write short
omings, it will behoove theappli
ation designer to redu
e the number of writes.3.3.3 Distributed Shared Memory S
alingIn a parallel system, s
aling is the prime measure of eÆ
ien
y. In Legion'smessage passing fa
ility, ea
h additional node adds the 
ost of one so
ket 
he
k toevery sele
t 
all. When messages are infrequent, this 
ost is negligable.To analyze how well the DataServer performs with more nodes, we test theDataServer dire
t 
lass, varying the number of nodes and the number of threadsper node. The lo
al 
a
he size remains 
onstant at 256 MB, or one quarter of the1 GB data set. We re
ord the elapsed time for the test and divide by the number



27of threads, nodes, and a

esses to obtain the average blo
k a

ess time. This isthe inverse of the total number of blo
ks tou
hed per se
ond. Figure 3.5 shows theresults. Adding 
lients, with more nodes or threads per node, redu
es the averagetime per blo
k but not linearly. Ideally, in
reasing from two to four 
lients wouldde
rease the time from 120 �s to 60 �s. In this test adding two nodes brings thea

ess time to 92.0 �s. Adding two threads instead yields 81.4 �s. Three threadsare not better than two be
ause there are only two CPUs per node. In both nodeand thread dimensions, the amount of s
aling is limited by the fa
t that ea
h nodehas only one DataServer. The single DataServer be
omes more of a bottlene
kwhen the number of 
lients grows.3.3.4 Chara
teristi
s of the Memory Spa
eThe granularity, total size, and amount of memory 
a
hed also in
uen
e runtime. Changing the blo
k size 
hanges the miss penalty and the hit rate. A largeblo
k 
overs more of the total data spa
e. Therefore, a fet
h of a large blo
k is
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28more likely to servi
e additional hits. The penalty for large blo
ks is that thetransmit time is longer. We analyze the e�e
t by testing the DataServer dire
twith varied blo
k sizes. We enable Legion's diagnosti
s to measure the hit rate andmiss penalty. We hold the total data size to 1 GB and the lo
al 
a
he to 256 MBbut vary the number of blo
ks to obtain di�erent blo
k sizes. This test models data
oheren
e be
ause 10000 random a

esses more 
ompletely 
over a smaller numberof keys made from larger blo
ks.Table 3.5 shows the results of the test along with a predi
ted miss time. Thereis a strong 
orrelation between miss penalty and total test time in this test be
ausemisses dominate. The miss penalty is approximately a startup 
ost of 220 �splus the blo
k size divided by an average transfer bandwidth of 40 Mb/s. Thebandwidth is lower than that measured in subse
tion 3.3.1 be
ause in this test allof the nodes are 
ommuni
ating at the same time, often 
ompeting for a

ess to thesame blo
k serving nodes. Likewise the startup time is higher than the measuredlaten
y be
ause of the time required for two messages and the intervening servi
edelay. To summarize the results, larger blo
ks yield a longer run time be
ause thein
rease in hit per
entage does not 
over the extra 
ost of transmitting bits.The dire
t mapped memory graph in Figure 3.4 makes it 
lear that throughputand memory size are not strongly 
orrelated. In that test misses dominate and therun time was determined by the number of a

esses and the miss time. Be
auseTable 3.5. Shared Memory Granularity.Size Keys Total Time Hit Rate T Miss Predi
ted[Bytes℄ [s℄ [%℄ [�s℄ [�s℄256 4194304 2.254 3.345 225.16 226.10512 2097152 2.336 3.402 233.76 232.201024 1048576 2.545 3.720 256.39 244.412048 524288 2.903 4.193 293.46 268.824096 262144 3.186 5.118 326.08 317.658192 131072 3.989 6.921 417.25 415.3116384 65536 5.567 10.16 603.18 610.62



29the hit time is mu
h smaller than the miss penalty, we expe
t that in
reasing thehit rate will greatly in
rease performan
e.The hit rate 
an be modeled by assuming 
ompletely random a

ess, over along run on N nodes. On average 1=N a

esses will hit in the resident set and(N � 1)=N a

esses will use the lo
al 
a
he. Of the non-resident a

esses, LC =TSwill hit, where LC is the size of the lo
al 
a
he and TS is the total size of thedata. The time spent a

essing the distributed shared memory is then related toequation 3.1.hit time � 1N + N � 1N LCTS �+miss time �N � 1N TS � LCTS � (3.1)
If the data size is �xed, we 
an in
rease the number of nodes to in
reasethroughput. Adding nodes will divide the data more �nely, making the residentsets smaller; freeing up spa
e for the lo
al 
a
he. In the limit, the lo
al 
a
he willo

upy all of the lo
al memory spa
e, and the nodes will be able to 
a
he as mu
hof the working set as the hardware allows.The assumption of 
ompletely random a

ess motivates this dis
ussion. In areal appli
ation the data a

ess patterns will often be more 
oherent. The more
oherent, the more the lo
al 
a
he will be able 
ontain the data that is needed, andthe 
loser the total time will 
ome to the number of a

esses multiplied by the hittime.



CHAPTER 4REPLICATED DATA RAY TRACING4.1 Implementation4.1.1 Program Stru
tureThe new distributed renderer inherits a supervisor/workers stru
ture and imagespa
e parallelism from *-Ray. The supervisor intera
ts with the user and assignspixel tasks. The workers update the image with rendered tiles. On the 
luster,the supervisor and workers are 
omplete programs running on separate PC's. Thesupervisor program 
onsists of one or more display threads and a 
ommuni
atorthread. The worker programs 
onsist of one or more render threads and a 
om-muni
ator. Figure 4.1 shows the stru
ture of the new program. In the diagram,rounded boxes represent threads of exe
ution and square boxes represent 
lasseswithout threads. The arrows represent the 
ow of information during rendering.All nodes need to share the rendering state. For instan
e, when the user movesthe viewpoint, all workers have to render from the new position. In *-Ray, allthreads have a

ess to state information in shared memory. In the distributedprogram, ea
h node has a lo
al 
opy of the state. To keep the state 
onsistent,only the supervisor is allowed to make updates. The ex
eption is pixel task results,whi
h the workers generate. The state is divided into three groups based upon thehow often the variables 
hange. Subse
tion 4.1.2 des
ribes in detail both why andhow the shared state was divided.In Figure 4.1, the supervisor exe
utable runs on node zero. The supervisor startsea
h frame by broad
asting the state and assigning initial tasks. At the end of ea
hframe, the display updates the state with user input and posts the rendered image
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Figure 4.1. Distributed Ray Tra
ing Program Stru
ture.bu�er. In the meantime, the 
ommuni
ator thread re
eives results and assigns newtasks. The 
ommuni
ator does this by 
alling a registered display 
lass method.Auxiliary displays are optional. Obje
ts in the s
ene that allow additional user
ontrol 
reate their own displays. For instan
e, isosurfa
e volumes 
reate volumedisplays that allow the user to 
hange the isovalue. The auxiliary displays work byupdating optional data within the frame state.In Figure 4.1, a worker exe
utable runs on node one. The 
ommuni
ator re
eivesframe state updates and task assignments. The ViewManager 
lass pla
es s
eneand frame state updates into lo
al shared memory. The TaskManager pro
essestask assignments. It tries to keep a ba
klog of work in a task queue so that the



32render threads will not have to wait for assignments. The queue keeps the renderthreads busy while tasks are being transferred. Render threads wait on the queueand atomi
ally dequeue tasks from it. The render threads draw ea
h tile a

ordingto the render state and the 
ontents of the lo
al 
opy of the s
ene. Render threadsimpli
itly request additional work with every returned task. Subse
tion 4.1.3dis
usses the task assignment strategy in detail.4.1.2 Communi
ationCommuni
ation needs among fun
tional units in *-Ray guided the design of thedistributed ray tra
er. Inspe
tion exposed several types of shared data. In most
ases, the shared data was referen
ed through a 
lass member in one fun
tionalunit that 
ontained a pointer to another fun
tional unit. The new program usesa di�erent me
hanism be
ause the nodes 
annot dire
tly referen
e ea
h other'saddress spa
e.In *-Ray, the shared data 
onsists of the following:� S
ene - This 
ontains all of the shapes in the virtual world. The workers readthe s
ene, and the s
ene is rarely written to.� Image - This 
onsists of two bu�ers of pixels, one is displayed while the otheris �lled. The workers write to the image and the display swaps the two bu�ers.� Assignment Queue - This 
ontains the pixel task assignments. The display�lls the queue at the beginning of every frame, and the workers drain tasksfrom it during the frame.� Rendering Options - Some examples are the shadow algorithm, the ray depthlimit, and a time stamp for animated shapes. These are kept throughout theprogram; many are found in the s
ene and the display obje
ts. When theuser intera
ts with the program the display updates these. The workers readthem and render a

ordingly.



33� Camera - This represents the viewpoint from whi
h the render threads drawthe s
ene.� Obje
t Rendering Options - These variables 
ontrol the appearan
e of a fewobje
ts in the s
ene. The s
ene 
reates them, the auxiliary displays hold andmodify them and the workers read them.� Ray Statisti
s - As the workers ray tra
e pixels, they keep statisti
s su
h asthe number of rays tra
ed and the number and kind of obje
ts tested. Theworkers write and the display reads these.� Pro
essor Statisti
s - Whenever a worker �nishes a task, it re
ords the time.The display 
an read and display these time stamps to indi
ate the amountof load imbalan
e.In the distributed program, state obje
ts en
apsulate most of the shared in-formation. Every node keeps a 
opy of the state obje
ts in lo
al shared memorywhere all render threads 
an a

ess them. The supervisor updates its master 
opyof the variables, and broad
asts them at the top of ea
h frame. The shared stateis divided into three groups based on the rate at whi
h the data 
hange.The S
eneState 
ontains all of the variables that remain 
onstant after ini-tialization. To 
onserve network resour
es during rendering, the S
eneState isonly transmitted during initialization. Other variables 
hange every frame orsporadi
ally, typi
ally in response to the user, but only 
hange in the time betweenframes. The FrameState holds all of these variables. The TaskState represents thetask assignment queue, whi
h 
hanges every time a worker re
eives and 
ompletesa pixel task. The TaskState is a stati
 
lass with methods that transmit andre
eive individual tasks. Subse
tion 4.1.3 dis
usses pixel task transport more fully.Figure 4.2 presents an overview of sharing in the distributed program.During initialization, the supervisor and the workers must agree upon the initialS
eneState and FrameState. The supervisor has 
ommand line arguments, and theworker has arguments to and information from the s
ene �le. Before the �rst frame,
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Figure 4.2. Information Sharing Among Nodes.the supervisor requests the state from the �rst worker. When the worker replies,the supervisor updates its own 
opy with the information from the s
ene. Thesupervisor applies user spe
i�ed global 
ommand line arguments and broad
asts theupdated s
ene and frame state to every worker. At this point, the workers learnwhat kind of a

eleration stru
ture to use and prepro
ess the s
ene a

ordinglybefore drawing the �rst frame.The frame state 
ontains some items that 
hange infrequently. The supervisortransmits them every frame for two reasons. First, the expensive part of the transferis initiation. The 
ost of sending a few additional bytes is in
onsequential 
omparedwith the startup time. Se
ond, keeping the transfer size 
onstant allows the senderand re
eiver to use a single system 
all and avoid 
onditional exe
ution. That beingsaid, the data is aligned to be more 
ompa
t. The FrameState transfer is 152 byteswithout auxiliary data. When the s
ene requires auxiliary displays, the FrameStatestru
ture grows to a

ommodate the extra data. During a single run, its size doesnot 
hange.The S
eneState and FrameState 
lasses are not identi
al in the supervisor andworker programs. Some of the stru
tures that the state 
lasses tou
h are not linked



35to both programs. For instan
e, the supervisor exe
utable needs a volume display
lass to 
reate auxiliary windows for volumes. The worker does not stri
tly needthe 
lass, or the window libraries that it depends upon, so the worker exe
utableis not linked to it. The 
ode to handle state updates has to be di�erent be
auseof this. The worker and the supervisor de�ne the interfa
e to the state obje
ts ina shared header �le, but use di�erent sour
e �les to implement the interfa
e. TheSS
eneState.

 and SFrameState.

 �les implement the state in the supervisor andthe WS
eneState.

 and WFrameState.

 �les do so the worker. Appendix B liststhe 
ontents of the shared state stru
tures.The shared state stru
tures do not 
ontain all of the shared data. For instan
e,it is more eÆ
ient to repli
ate the s
ene database be
ause it is large and un
hanging.The repli
ation happens when the supervisor program spawns the worker programs.Trailing 
ommand line arguments give ea
h worker a s
ene �le name and s
ene �lespe
i�
 parameters. Ea
h worker then 
reates its own 
opy of the s
ene, only sharingit internally among render threads. To handle animated s
enes, the FrameState
ontains a time stamp. The ViewManager gives the time stamp to the s
ene, whi
hanimates the moving obje
ts within.In 
ontrast to the dupli
ated s
ene, is more eÆ
ient to have one 
opy of theimage and of the work queue. In *-Ray, ea
h worker inserts 
omputed pixels intothe image ba
k bu�er and atomi
ally retrieves new assignments from the workqueue. In the distributed ray tra
er, the supervisor keeps both stru
tures andupdates them for the remote workers. Subse
tion 4.1.3 explains how the supervisorand workers 
ooperate to issue tasks from the supervisor's work queue and to pla
e
ompleted pixel results into the image.In *-Ray, the workers dire
tly update globally visible statisti
s. In the 
luster,this requires expli
it 
ommuni
ation. To redu
e the network load, ray statisti
sare transmitted only when a
tivated by the user, and pro
essor statisti
s are nottransmitted at all. Ray statisti
s tra
k the number of rays tra
ed and the number ofobje
ts tested. When enabled, the supervisor broad
asts a ray statisti
 request atthe top of ea
h frame. Ea
h renderer re
ords its own ray statisti
s while it renders



36pixels. The workers only transmit their 
ounts to the supervisor in response to theray statisti
 request.Pro
essor statisti
s measure load imbalan
e, by re
ording the 
ompletion timeof every task. In *-Ray, the workers add their time stamps to a global stru
ture.In the distributed program, the supervisor takes over this responsibility, by makinga time stamp whenever it re
eives a result. The supervisor needs to know both therank of the sending node and the rank of the rendering thread on the node to makethe timestamp. The node rank is impli
it in the so
ket des
riptor, but the threadrank has to be in
luded with the task results. To keep the message size 
onstant,the result message 
ontains the thread rank even when the statisti
s are turned o�.The supervisor will not 
all gettimeofday() unless pro
essor statisti
s are on.4.1.3 Task AssignmentTask assignment is a 
ru
ial determinant of performan
e; it must be fast and itshould evenly distribute the workload. Assignment begins with the supervisor. Atthe top of ea
h frame, the supervisor �lls its own work queue and then sends aninitial task to ea
h renderer. As ea
h renderer �nishes a task, it sends the pixelsto the supervisor, whi
h re
eives the results dire
tly into the image bu�er. Thesupervisor pops the next task from its work queue and assigns it to the worker.The supervisor transitions to the next frame when it re
eives the last task.In a dynami
 assignment strategy like this one, the task allo
ation 
hanges togive every pro
essor the same amount of work. More spe
i�
ally, it is a demanddriven strategy in whi
h the workers request additional work to balan
e the load.This implies that tasks must be both assigned and returned. Stati
 assignment doesnot 
hange the task distribution from frame to frame. The workers know what tilesthey have to tra
e and so the supervisor does not need to transmit assignmentmessages. This will improve the frame rate unless one pro
essor happens to bestu
k with too mu
h work.The assignment granularity is orthogonal to the assignment strategy. Largeassignments redu
e 
ommuni
ation overhead by amortizing 
ontrol and laten
y



37overhead per pixel. Large tasks 
an 
onsist of large tiles of pixels or of multipletiles sent in a single transfer. Unfortunately, large assignments are sus
eptibleto load imbalan
e. With small assignments, more workers 
ooperate on diÆ
ultportions of the image.The distributed ray tra
er has a 
exible assignment s
heme that the user 
an
ontrol. It defaults to *-Ray's demand driven strategy. For better load balan
ing,we use a heuristi
 that assigns large tasks �rst, gradually redu
ing the size untilthe end of the frame. The new program adds three 
apabilities. First, the user 
andynami
ally 
hange the size of the individual tiles that make up the tasks. Se
ond,the user 
an dynami
ally 
hange the sliding granularity parameter, whi
h 
ontrolsthe number of tiles per task. At one extreme, the supervisor divides the s
reeninto equal portions and gives ea
h worker one task. At the other extreme, ea
htask 
an 
ontain a single tile. Third, the user 
an 
hange between dynami
 andstati
 assignment. In stati
 assignment, the workers 
onstantly re
y
le the previousframe's assignments.For the dynami
 s
heme, after transmitting the FrameState, the supervisor givesone assignment to ea
h worker. The granularity parameter determines the numberof tiles in the assignment tasks. Larger values produ
e smaller tasks. The initialtasks always 
ontain at least one tile for ea
h render thread. This ensures that twoor more render threads will not syn
hronize on a

ess to singly assigned tasks. Inthe worker, the TaskManager re
eives the task, and then splits it into subtasks,one subtask per renderer. If the initial task 
ontained more than one tile perrenderer, some of the subtasks will also 
ontain multiple tiles. The TaskManageratomi
ally enqueues subtasks onto the worker's lo
al work queue. Meanwhile, therender threads wait to atomi
ally dequeue subtasks. We use two semaphores toprote
t a

ess to the queue, one for availability, and the other for a

ess. Figure 4.3illustrates task assignment to a node with two render threads.Internally, ea
h render thread has a bu�er for task results. The bu�ers havespa
e for a few tiles with their asso
iated headers. The renderer 
omputes and thenpa
ks three byte RGB pixels into the bu�er. When the lo
al bu�er �lls up, or when



38

Renderer 1

Tile

Task 1

Renderer 2

TaskManager

SubTask 1

SubTask 2
Local Task Queue

SubTask 2

SubTask 1

supervisor worker

Tile Tile Tile Tile

Tile Tile

Tile Tile Tile

Tile Tile

Tile Tile Tile

Image

Figure 4.3. Dynami
 Task Assignment.the thread �nishes all of the tiles in the task, the renderer sends the bu�er ba
kto the supervisor. The send uses a sendmsg() system 
all that pa
ks multiple tiles,and 
ontrol headers, into a single network operation.The supervisor re
eives ea
h tile in the task in turn. The supervisor uses are
vmsg() system 
all to re
eive s
an lines dire
tly into the image bu�er. Thesupervisor treats ea
h task as a request for another assignment. This eliminatesthe need for expli
it request messages from the workers. The supervisor sends thenext assignment after reading the �rst task in the tile, with the goal of having workavailable for the renderer by the time it �nishes sending the rest of the tiles.The stati
/dynami
 sele
tion, tile size and granularity 
ontrols are part of theFrameState. The FrameState update happens at the top of ea
h frame, whi
hensures that the workers and the supervisor always agree on the size of the taskmessages.For stati
 assignment, the workers 
ontinuously re
y
le the lo
al task queue.Whenever a renderer dequeues a task, the task queue 
opies the task onto a ba
kupqueue. In dynami
 mode, the workers delete their ba
kup queues at the top of ea
h



39frame. In stati
 mode, they swap the full ba
kup queue with the empty assignmentqueue instead. This eliminates assignment messages, yet still allows some loadbalan
ing. The assignment starts in a balan
ed state be
ause it is the result of aprevious demand driven frame, but over time as the viewpoint and s
ene 
hangethe load will be
ome unbalan
ed. When it does, two or more render threads withinea
h node 
an 
ooperate to 
omplete the stati
 set of tasks assigned to the node.When the tiles are small and the bottlene
k is network laten
y, stati
 assign-ments 
an nearly double the frame rate. Stati
 assignment 
an also improve memory
oheren
e. Be
ause a node only pro
esses 1=N 'th of the image, it needs less of thes
ene data over a sequen
e of frames and 
an better use the memory hierar
hy.Large tasks send many tiles with one transmission and redu
e 
ommuni
ationdelay. Large tiles are analogous - it takes fewer large tiles to 
omplete an image.Ea
h parameter represents a tradeo� between lower 
ommuni
ation and higher loadimbalan
e. The user 
an 
ontrol these throughout a session and, with pro
essorstatisti
s, �nd the best settings intera
tively. An algorithm that does this auto-mati
ally is left for future resear
h.4.2 AnalysisWe analyze the fa
tors that in
uen
e the frame rate of the distributed ray tra
erby performing a series of ben
hmarks. All tests were 
ondu
ted on the same 
lusterthat was des
ribed in se
tion 3.3. Ea
h test has one supervisor and uses at most31 workers. The tests dis
ard 10 initial frames and re
ord the elapsed time forthe next 100 frames. Dis
arding the �rst ten frames ignores startup 
ost to morea

urately demonstrate the performan
e during an intera
tive session. We repeatea
h test three times and take the average.4.2.1 Network Performan
eThe speed of the inter
onne
tion fabri
 on a parallel ma
hine is a 
riti
aldeterminant of performan
e. Network speed has two aspe
ts. Laten
y is a measure



40of the minimum time that it takes to start a transfer. Bandwidth is a measure ofthe amount of data per unit time that the 
hannel 
an 
arry.To measure the bandwidth, we use a single worker and let the tile size equalthe image resolution. To eliminate 
omputation time from the result, we restri
tthe worker to return blank results immediately instead of tra
ing rays. With these
onditions, ea
h frame requires three data transfers: a FrameState update, a taskassignment, and a pixel result reply. The FrameState, task assignment, and resultheader together take 196 bytes, and the pixel results take three bytes per pixel. The�rst two transfers are short so as the resolution in
reases the frame time be
omesdominated by bandwidth. We determine the bandwidth by dividing the number ofbytes per frame by the measured time per frame. Table 4.1 shows that, in the limit,it takes 12 ns to transfer ea
h byte, whi
h is 62% of the ideal for Gigabit Ethernet.Network laten
y adds transmission delay to every task assignment and result.In se
tion 3.3.1, the round trip transfer time on the 
luster using TCP so
ketswas measured in a ping-pong test to be 32 �s. The distributed ray tra
er doesbetter than that by using Legion to de
ouple sends from re
eives. When theTable 4.1. Network Bandwidth Measurement.Resolution Frame Rate Bytes 1/Bandwidth EÆ
ien
y[pix℄ [f/s℄ [ns/B℄ [% Gbit℄64x64 3107. 12484 25.78 28.90128x128 1343. 49348 15.09 49.38192x192 601.2 110788 15.01 49.63200x200 626.0 120196 13.29 56.06256x256 386.6 196804 13.14 56.68384x384 168.6 442564 13.40 55.61400x400 161.6 480196 12.89 57.81512x512 101.6 786628 12.51 59.57600x600 75.83 1080196 12.21 61.03700x700 56.00 1470196 12.15 61.35768x768 46.91 1769668 12.05 61.85800x800 42.51 1920196 12.25 60.821000x1000 27.33 3000196 12.20 61.081024x1024 25.73 3145924 12.35 60.31



41ping-pong test is rearranged so that 10 or more sends are issued, followed by thesame number of re
eives, the average transfer time drops to 19 �s. This order isfaster be
ause the test does not wait on the round trip transfer of ea
h pie
e ofinformation before sending the next pie
e. In this situation the network 
ard 
anbu�er several messages, whi
h makes the network 
ard and the appli
ation threadmore independent. Be
ause of bu�ering the transmission time and the appli
ationexe
ution time 
an overlap somewhatTo measure the laten
y per tile, we modify the previous test. We use 62rendering threads and many small tasks. As the tasks be
ome smaller and morenumerous, the transfer time be
omes dominated by laten
y instead of bandwidth.The results given in Table 4.2 show that, in the limit, ea
h tile takes at least 19 �sto transfer.The network prevents the distributed ray tra
er from s
aling perfe
tly or in-de�nitely. The ray tra
ing 
omputation time is trivially parallel and the extraoverhead added with every additional node is minimal. Ea
h frame the supervisorneeds to send one extra FrameState update, whi
h takes less than 32 �s. However,no matter how many workers are ray tra
ing, a frame will �nish no faster than theTable 4.2. Network Laten
y Measurement.Tile Size Tiles Frame Rate Tile Time[pix℄ [Tiles/f℄ [f/s℄ [�s/tile℄32x32 256 73.56 53.1128x28 361 67.91 40.7924x24 484 55.89 36.9720x20 676 50.19 29.4716x16 1024 34.41 28.3812x12 1849 20.08 26.938x8 4096 9.421 25.914x4 16384 2.638 23.142x2 65536 0.7224 21.121x1 262144 0.2013 18.95



42supervisor 
an assign and re
eive all of the tasks. This time 
an be estimated usingequation 4.1: frame time � 19�s �l restile m�2 + 12ns � 3 � res2 (4.1)
To demonstrate, we ben
hmark an empty s
ene. We graph the measured framerate and the maximum frame rate predi
ted by equation 4.1. Figure 4.4 shows theresults. Note that the predi
ted maximums are 
onsistently low, possibly indi
atingthat the bandwidth measurement was too low. The analysis assumes dynami
assignment with �ne granularity where every task 
ontains a single tile.
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434.2.2 Compute PowerOften the frame rate is 
ompute bound rather than network bound. The
ompute time depends generally upon rendering options, image 
omplexity, ands
ene 
omplexity. The s
ene 
omplexity is the primary determinant, and it is afun
tion of the number of primitives in the s
ene.We use a forest s
ene to analyze the performan
e of the ray tra
er versus thenumber of primitives. Figure 4.5 shows the s
ene with one million polygons fromthe three tested vantage points. To isolate the primary ray interse
tion 
al
ulation,all surfa
es use Phong lit 
olor without shadows. The test was exe
uted on 62render threads with 16x16 tiles in a 512x512 image.Figure 4.6 shows the frame rate for three views of the forest s
ene as the numberof polygons is varied. The graph shows that the distributed renderer on this 
lusterwill ray tra
e s
enes with two million polygons at approximately two frames perse
ond. With fewer primitives, the frame rate approa
hes the network limit of 35frames per se
ond. Above two million primitives, the frame rate drops pre
ipitouslyas the data and a

eleration stru
ture ex
eed the installed physi
al memory andbegin to swap from disk.To �rst approximation, the network time is indivisible and the 
omputation timeis 
ompletely divisible. Amdahl's law explains the performan
e of the ray tra
erwell. In equation 4.2, the frame time is the sum of the network time and the raytra
ing time. The ray tra
ing time is the time that a single render thread takes toray tra
e the s
ene, divided by the number of render threads. To demonstrate, wetest the tree s
ene again from the top view, with 250 thousand polygons, varyingthe number of workers. Figure 4.7 plots the frame rate as the number of pro
essorsis in
reased, the ideal frame rate under perfe
t s
aling, and the frame rate predi
tedby equation 4.2:
frame time � 19�s �l restile m�2 + 12ns � 3 � res2 + one node time#nodes (4.2)
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Figure 4.5. 1 Million-Polygon Forest - Top, Edge and Inner Views.
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464.2.3 Communi
ation and Computation ComparisonTo bring the dis
ussion of 
omputation and 
ommuni
ation into fo
us, we mea-sure the time spent by the program performing 
omputation and 
ommuni
ationduties. We use two versions of a sphere
ake test s
ene to show how the s
ene
omplexity in
uen
es the 
ompute/
ommuni
ate ratio. The �rst version has 98primitives in the s
ene, the se
ond has 7388. Figure 4.8 shows the more 
omplexsphere
ake s
ene. Both tests use a bounding volume hierar
hy, render with hardshadows, and produ
e a 512x512 image. Sixty-two render threads render 16x16pixel tiles.With 98 primitives ea
h frame takes 56.05 ms to render, yielding nearly 18frames per se
ond. Ea
h render thread spends 20.26 ms per frame waiting forassignments, and then takes 37.78 ms to ray tra
e those assignments. With thiss
ene, 
ontrol overhead takes more than one-third of the total rendering time. Of

Figure 4.8. Sphere Flake Test S
ene with Hard Shadows and 7388 primitives.



47the 
ontrol overhead time, only 285.4 �s is spent in the so
ket 
alls. The restof the wait time is spent waiting for the supervisor to re�ll the lo
al task queue.Meanwhile, the supervisor spends 32.5 ms transferring tasks and task results, andspends 23.6 ms waiting for results With a trivial s
ene then, 
ommuni
ation and
ontrol overhead 
onsume 36.15% or more of the total render time.With 7388 primitives, ea
h frame takes 130.3 ms to render, yielding nearly 8frames per se
ond. With this more 
omplex s
ene, the render thread 
ontrol and
ommuni
ation time is nearly the same, at 26.58 ms per frame, but the ray tra
ing
omputation time is mu
h larger at 113.0 ms per frame. The supervisor still spends32.5 ms transfering tasks and task results, but now has to wait for 103.1 ms waitingfor results. With this mildly 
omplex s
ene 
omputation 
onsumes 86.72% of therender time.Although the 
ontrol overhead is a possible target for further optimization,the ray tra
ing 
omputation time is the more important bottlene
k for non trivials
enes. The 
ontrol overhead may be redu
ed with more advan
ed s
heduling algo-rithms that do a better job of keeping the workers busy, or by widening the singlesupervisor bottlene
k. Computation time may be redu
ed with hyperthreading andve
tor parallel instru
tions, and with the use of more highly optimized a

elerationstru
tures.4.2.4 Ar
hite
ture ComparisonA major goal of this work was to evaluate whether a 
luster 
ould be 
ompetitivewith a shared memory super
omputer for intera
tive rendering. SGI's Non-UniformMemory Ar
hite
ture (NUMA) ar
hite
ture is a high performan
e inter
onne
tionar
hite
ture that is 12 to 53 times faster than swit
hed Gigabit Ethernet. The SGIuses a hyper
ube inter
onne
tion network with a link bandwidth of 1.6 GByte perse
ond and 600 ns worst-
ase laten
y between 
ompute and memory elements [32℄.To evaluate how mu
h this disparity e�e
ts the ray tra
ing pro
ess, we do side byside 
omparisons of the distributed intera
tive ray tra
er and the original sharedmemory ray tra
er.



48*-Ray runs on a 32 pro
essor SGI Origin 3000. Ea
h pro
essor is a 400 MHzR12K, and the entire ma
hine has 16 GB of memory. The program was 
ompiled asa 64-bit binary using the native CC 
ompiler with -O3 
ompiler optimization. Both
ases render identi
al 512x512 images of the sphere 
ake s
ene shown in Figure 4.8.Ea
h node in the 
luster uses a single render thread for this test. We test with 8x8and 32x32 tiles to examine the network eÆ
ien
y.The results given in Figure 4.9 demonstrate that the super
omputer outperformsthe 
luster, but not by a large amount. *-Ray is largely insensitive to 
hanges inthe tile size. The SGI's low laten
y makes the additional small tile assignmentsessentially free. This allows the super
omputer implementation to s
ale almostinde�nitely. *-Ray has been proven to s
ale up to 1024 pro
essors. This should beweighted by the fa
t that both programs are intera
tive, and by the fa
t that inthis test the 
luster uses one thread per node.
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494.2.5 MemoryOne domain in whi
h the super
omputer has a 
lear advantage is renderinglarge data sets. The 32-bit x86 PC ar
hite
ture limits the size of repli
ated s
enedatabases to 4 GB. In our 
luster ea
h node has 1 GB of physi
al memory, and1 GB of swap spa
e. The program will not be able to 
reate s
enes that are largerthan 2 GB, and s
enes larger than 1 GB will render slowly be
ause the operatingsystem has to swap virtual memory pages between physi
al memory and the slowhard disk.Stati
 task assignment and instan
ing 
an extend the domain of intera
tivity.For the reasons explained in subse
tion 4.1.3, stati
 assignment redu
es the workingset for ea
h node. Ea
h worker still has to 
reate the whole data set, so themaximum data size is not in
reased, but the disk swap threshold is delayed.Instan
ing 
reates 
opies of obje
ts in spa
e by applying geometri
 transforma-tions to interse
ting rays. The transformations 
an move, s
ale, rotate, and warpea
h of the 
opies. All of the 
opies refer to a single master 
opy of the obje
t inmemory. The a

eleration stru
ture still grows and 
onsumes memory, but the leafnodes take up only the size of a matrix and a pointer in memory.To test these te
hniques, we test the tree s
ene again. We test ea
h of thefour possibilities obtained with two obje
t types and two assignment strategies,varying the number of polygons for ea
h. Figure 4.10 shows the re
orded framerate, applying both te
hniques to the tree s
ene. Neither of the regular obje
tmethods support more than two million polygons, but stati
 assignment has ahigher frame rate near the limit. Instan
es allow the renderer to draw four millionpolygons at 1.2 frames per se
ond. Adding stati
 assignment to the instan
es doesnot radi
ally 
hange the frame rate.
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CHAPTER 5DISTRIBUTED DATA VOLUMEVISUALIZATION5.1 Implementation5.1.1 Distributed VolumesWith volumetri
 data, the distributed ray tra
er 
an ex
eed the lo
al memoryspa
e of the nodes in the 
luster by using Legion's distributed shared memory.Ea
h node permanently stores 1=(#ofnodes) of the data in memory, and obtainsremotely owned data over the network on demand. To keep the number of networktransfers down, ea
h node keeps a 
a
he of remote data. Figure 5.1 depi
ts thestru
ture of a worker using distributed data. In the diagram, heavy lines point outthe new 
lasses added to the distributed ray tra
ing program. The DISOVolume
lass produ
es isosurfa
e renderings, and the DMIPVolume 
lass produ
es MIPrenderings. Internally both 
lasses obtain data from the DBri
kArray3 
lass, whi
hwraps a 3D array interfa
e around the DataServer.When a render thread requires a bri
k of volume data, it must �rst a
quire thatbri
k from the DataServer. On an a
quire, the DataServer 
he
ks if the bri
k ispresent lo
ally, obtains it over the network from the responsible node if not, andthen returns the address of the bri
k in lo
al memory to the requesting thread. On
ethe thread �nishes using the bri
k, it must release the bri
k so that the DataServer
an reuse that 
a
he spa
e.The ray tra
er uses three level bri
king (three-dimensional tiling) and a hierar-
hi
al grid a

eleration stru
ture for volumes. Bri
king improves memory 
oheren
eand eÆ
iently utilizes the memory ar
hite
ture. The �rst level bri
ks the data onto64 byte 
a
he lines, the se
ond bri
ks the data onto 4 KB virtual memory pages. The
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Figure 5.1. Worker Stru
ture with Shared Data.third level in
reases the data granularity for better bandwidth utilization. Theselargest bri
ks are the unit of sharing with distributed data, and one DataServerblo
k 
orresponds to one-third level bri
k. In subse
tion 5.2.4, we analyze thee�e
t of 
hanging the granularity.To use the DataServer, the ray tra
ing engine has to map data indi
es to bri
knumbers and o�sets within bri
ks. Equation 5.1 gives the address of array elementx,y,z in 
ontiguous memory with three level bri
king. Here Ny and Nz are the datay and z dimensions, n is the third root of the number of data elements per levelone bri
k, and m and o are the same measures for level two and level three bri
ksrespe
tively. As in *-Ray, we de
ompose the bri
k equation into expressions of x, yand z and tabulate to move the mod and divide operations into a prepro
ess step.This redu
es the need for expensive divide mod operations during run time.
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address =(((x� n)�m)� o)n3m3o3(((Nz � n)�m)� o)(((Ny � n)�m)� o)+(((y � n)�m)� o)n3m3o3(((Nz � n)�m)� o)+(((z � n) �m) � o)n3m3o3+(((x� n)�m) mod o)n3m3o2+(((y � n)�m) mod o)n3m3o+(((z � n) �m) mod o)n3m3+((x� n) mod m)n3m2+((y � n) mod m)n3m+((z � n) mod m)n3+(x mod n)n2+(y mod n)n+(z mod n)

(5.1)

The DBri
kArray3 
lass 
ontains two sets of tables to map ea
h point in dataspa
e to both a blo
k number and an o�set. The blo
k and o�set tables aregenerated from equations 5.2 and 5.3. The blo
k number 
omes from the �rstthree terms of equation 5.1 and the o�set 
omes from the rest. The DataServermanages the global starting address for ea
h blo
k, so we omit the n3m3o3 terms.
blo
k =(((x � n) �m) � o)(((Nz � n) �m) � o)(((Ny � n) �m) � o) +(((y � n)�m)� o)(((Nz � n)�m)� o)(((z � n)�m) � o) (5.2)



54o�set =(((x� n)�m) mod o)n3m3o2 +((x� n) mod m)n3m2 +(x mod n)n2 +(((y � n)�m) mod o)n3m3o+((y � n) mod m)n3m +(y mod n)n +(((z � n) �m) mod o)n3m3 +((z � n) mod m)n3 +(z mod n)
(5.3)

The Volume 
lasses use a hierar
hi
al grid a

eleration stru
ture to eliminateunne
essary data referen
es. Figure 5.2 illustrates the a

eleration stru
ture. Ea
hlevel of the hierar
hy is a grid of \ma
ro
ells" that list the minimum and maximumdata values from the 
ells 
ontained in the lower levels of the hierar
hy. At thebottom level, ea
h ma
ro
ell represents approximately 83 voxels. At the top level,a single ma
ro
ell 
ontains the minimum and maximum values for the entire volume.Rays traverse the hierar
hy �rst, using a re
ursive, in
remental traversal algo-rithm. The ray examines the ma
ro
ells to �nd large se
tions of the volume to skip,redu
ing the number of a

esses to slow distributed shared memory. For isosurfa
erenderings, the ray �nds data 
ells whi
h 
ontain the isosurfa
e and then solves a
ubi
 equation to test for interse
tion of the ray with the isosurfa
e within. ForMIP renderings, a priority queue of potential maximum regions organizes the best
andidates. The ray only performs interse
tion tests on those 
ells that have thepotential to 
ontain the maximum value.The program a

esses the ma
ro
ell hierar
hy 
onstantly. Fortunately, thema
ro
ell hierar
hy grows logarithmi
ally with the size of the data. For a 4 GB
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Figure 5.2. 2D Example with 2 Level A

eleration Stru
ture.data set, a three level hierar
hy is 4.7 MB, and a four level hierar
hy is 39 MB.Be
ause it is small, we 
an repli
ate the stru
ture and keep it in lo
al memory.Be
ause a

ess to the distributed shared, memory is slow 
ompared with lo
almemory a

ess, we need to redu
e the number of a

esses further to a
hieve in-tera
tivity. To do so, we 
onsolidate a

esses to data at the bottom level of thea

eleration stru
ture. When a ray enters a bottom level ma
ro
ell, it performs apretraversal to make a list of required bri
ks. The ray then a
quires ea
h tou
hedbri
k in turn, 
opying out all interse
ted voxels before moving on to the next bri
k.Figure 5.3 illustrates a 2D example. The ray �rst determines that it needs the data
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Figure 5.3. Consolidating A

ess to Shared Memory.within the green ma
ro
ell. Inside the ma
ro
ell, it performs one a
quire on bri
kthree to get all of the yellow voxels, and then performs one a
quire on bri
k four toget all of the red voxels. The naive approa
h would a
quire 32 times, getting ea
hvoxel 
orner in turn, and take nearly 32 times as long.Figure 5.4 shows a diagnosti
 image of a 2 GB syntheti
 shell volume. Di�er-en
es in brightness show the tile assignments to the renderer threads in the 
luster.Sixty-two shades show the tiles drawn by sixty-two render threads. Di�eren
es inhue show the data assignment within the volume. Thirty-one 
olors show the databri
ks owned by thirty-one workers.5.1.2 O�-Line Prepro
essingVolumes have to be prepro
essed before rendering. We use an o�ine programto bri
k the volume, to 
reate the a

eleration stru
ture, and to 
reate a histogramfor the data. The program produ
es three auxiliary data �les from a raw data �le.The �le with the �lename extension .bri
k X, 
ontains the volume data bri
kedwith X3 level two bri
ks per level three bri
k. The �le with the �lename extension.m
ell Y, 
ontains the Y level deep ma
ro
ell hierar
hy. The �le with the �lenameextension .hist Z, 
ontains a histogram of the data with Z bins.
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Figure 5.4. Diagnosti
 View Showing Data and Image Distribution.The prepro
essor is also a distributed parallel program with a supervisor workerorganization. It has six stages, ea
h separated by a distributed barrier. Syn
hro-nization between stages prevents qui
k workers from obtaining in
omplete datafrom slower workers.� Stage 1 Startup - The supervisor spawns workers and gives them the raw data�le name, the data type, the depth of the ma
ro
ell hierar
hy and the levelthree bri
k size.� Stage 2 Bri
k and Histogram - The workers 
reate an empty distributedmemory spa
e and read their own data values into it. Ea
h �le read takes ina 2D sli
e of data. The workers �nd the bri
ked lo
ation for ea
h value, butonly 
opy their own values into their own resident sets. The �rst worker alsobins the data values into the histogram �le in this stage.



58� Stage 3 Write Bri
k File - The �rst worker obtains ea
h bri
k over sharedmemory in turn to 
reate the bri
k �le.� Stage 4 Create Ma
ro
ells - Ea
h worker pro
esses a di�erent set of top-levelma
ro
ells. They re
ursively obtain minimum and maximum values from thelower levels of the hierar
hy to 
omplete ea
h ma
ro
ell. At the bottom level,a method in the DBri
kArray3 
lass �nds the minimum and maximum valuesin an arbitrarily sized 
ube of data. Like the ray 
onsolidation pro
ess, themin/max �nder 
onsolidates shared memory a

esses for faster pro
essing.� Stage 5 Compile Ma
ro
ell Hierar
hy - The workers send their 
ompletedma
ro
ells to the �rst worker. The �rst worker re
eives ma
ro
ells dire
tlyinto its own partial ma
ro
ell hierar
hy.� Stage 6 Write Ma
ro
ell File - The �rst worker saves the 
ompleted ma
ro
ellhierar
hy to disk.Table 5.1 gives the measured time for 31 workers to prepro
ess a syntheti
 shelldata set. In the table, the bri
k 
olumn 
ontains the elapsed time for stages 1through 3 and ma
ro
ell 
olumn 
ontains the elapsed time for stages 4 through 6.The data type is unsigned short, with a four level hierar
hy and 27 KB bri
ks. The�rst two 
olumns show the size of the volume and the ma
ro
ell �le.Table 5.1. O�-Line Volume Prepro
essing.Dimension Data Size A

el Size Bri
ks MCell[voxels℄ [GB℄ [MB℄ [se
℄ [se
℄5123 .25 7.51 22.5 16.36463 .50 13.0 48.0 26.88133 1.0 12.9 118 37.010243 2.0 22.4 359 76.412913 4.0 38.6 559 124



59Prepro
essing 
ould be a

elerated further by reading larger slabs of raw data, byusing multiple threads during ma
ro
ell 
reation, and by parallelizing the histogramoperation.Be
ause the distributed program loads the bri
ked data in parallel, it 
an loadlarge volumes faster than *-Ray does. Ea
h worker only needs to load a fra
tionof the bri
ks, and the parallel �le system is less of a bottlene
k. The distributedprogram loads an 8 GB volume in one minute, and *-Ray loads the same volumein nine minutes. 5.2 AnalysisSeveral fa
tors in
uen
e the performan
e of the renderer with distributed data.In this se
tion, we investigate the following fa
tors:� 
onsolidating a

esses to the DataServer,� 
hanging the amount of memory allo
ated for shared data on ea
h node,� using stati
 task assignment to in
rease data 
oheren
e,� 
hanging the granularity of data sharing,� using appli
ation 
ontrolled demand paging instead of distributed sharedmemory, and� in
reasing asso
iativity in the lo
al 
a
he.It is also important to examine how the renderer performs over time, whatthe extra 
ommuni
ation 
osts, and how well the program s
ales. The �rst pointinvolves looking at the dynami
 behavior of the renderer as viewpoint and isovalue
hanges 
ause variation in the volume of data traÆ
. The se
ond point involvesusing detailed diagnosti
s to measure how mu
h time the program spends 
ommu-ni
ating and 
omputing respe
tively. The third point involves examining how thesystem performs as more pro
essors are applied.



60To examine these issues, we do a series of tests. All tests were 
ondu
ted on thesame 
luster that was des
ribed in se
tion 3.3. Unless otherwise noted, the givenresults are for isosurfa
e rendering, and 31 worker nodes, ea
h having two renderthreads, are used. Shading is single sided without shadows. The image resolutionis 512x512 pixels, and the images are 
omposed from 16x16 pixel tiles, whi
h aredynami
ally assigned.We test with four syntheti
 volumes, and seven time steps from a s
ienti�
data set. Figure 5.5 shows the syntheti
 volumes. In the shell volume, every point
ontains the distan
e to the 
enter of the volume. The isosurfa
es are all 
on
entri
shells. The multishell volume 
onsists of 200 randomly sized and pla
ed shells,with perturbed values that make irregular surfa
es. The Perlin volume is a volumede�ned by the Perlin noise [28℄ fun
tion with 10 harmoni
s. The white noise volume
onsists of 
ompletely random values. The white noise volume looks like a solid

Figure 5.5. Syntheti
 Volumes: Shell, Multi Shells, Perlin Noise, and White Noise.
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ube from a distan
e be
ause it 
ontains a huge number of samples. The syntheti
volumes are 
omposed of 16-bit unsigned integers and are 10243 voxels, or 2 GB,unless otherwise noted. Tests on the syntheti
 volumes measure the time for the�rst 100 frames of a stati
 session.Figure 5.6 shows time steps generated in a Ri
htmyer-Meshkov instability sim-ulation. This Computational Fluid Dynami
s (CFD) data set was produ
ed atLawren
e Livermore National Labs [21℄. The volume is 
omposed of unsigned 8-bitintegers, and ea
h time step is 1920x2048x2048 voxels or 7.5 GB. The tests onthe CFD data ben
hmark a re
orded intera
tive session with frequent isovalue andviewpoint 
hanges.

Figure 5.6. Ri
htmyer-Meshkov Time Steps 0,45,180,270.



625.2.1 Consolidating A

essBe
ause distributed memory a

ess is slow 
ompared lo
al memory a

ess it isimportant to redu
e the total number of memory a

esses. We have experimentedwith three 
ell interse
tion routines for MIP and isosurfa
e rendering. The �rstroutine a
quires and releases the eight 
orners of ea
h 
ell independently. These
ond routine sorts the eight 
orners so that it does not need to a
quire the sameblo
k more than on
e in one 
ell. If a 
ell straddles a bri
k 
orner, it will need eighta
quires anyway and the sorting adds overhead. Cells on bri
k sides and edgesare analogous. The vast majority of 
ells are interior to the bri
ks, so total a

esstime is 
lose to one eighth that of independent a

ess. The third routine sortsall of the a

esses within the �rst level ma
ro
ells. Table 5.2 shows the averagenumber of a

esses per worker per frame and the average frame rate using threea

ess patterns for the CFD data set. Table 5.3 lists the measured frame rate usingthe three approa
hes for MIP and isosurfa
es renderings of the 2 GB syntheti
Perlin volume. In ea
h test, the frame rate in
rease is inversely proportional tothe de
rease in the number of a

esses, minus the overhead of the bri
k sortingalgorithm. Consolidation does not redu
e the number of misses, so it is moste�e
tive when hits dominate the render time.5.2.2 Lo
al Memory AllotmentDuring initialization, the DataServers allo
ate lo
al memory to use for shareddata. The DIRT MAXDSMMEM environment variable 
ontrols the amount of lo
almemory. With N nodes, ea
h node must allo
ate at least volumesize=N bytes. TheTable 5.2. Consolidated A

ess to Shared Memory on the CFD Data Set.Pattern A

esses Frame Rate[f/s℄A

ess 1 3279000 .1149A

ess 8 453400 .7090A

ess Many 53290 1.686



63Table 5.3. Consolidated A

ess to Shared Memory on the Perlin Volume.Render Method Pattern A

esses Frame Rate[f/s℄MIP A

ess 1 1989000 .741ISO 452700 2.30MIP A

ess 8 238500 2.15ISO 64370 5.98MIP A

ess many 89430 2.72ISO 15320 6.77nodes 
an allo
ate no more than the sum of the installed physi
al memory and the
on�gured swap spa
e, minus the footprint of all a
tive pro
esses. In our 
luster,ea
h node has 1 GB of physi
al memory and 1 GB of swap spa
e, and in one trial1800 MB was the upper limit.With too little memory, the lo
al 
a
he 
annot hold the working set and the
a
he will thrash. Bri
ks 
ompete for spa
e in the 
a
he and 
ause frequentmisses. To �nd out how mu
h of a volume needs to be 
a
hed, we vary theDIRT MAXDSMMEM parameter and measure the frame rate for the four syn-theti
 volumes. Table 5.4 
ontains detailed diagnosti
s for the multishell volume.Figure 5.7 graphs the results of all four syntheti
 volumes.The intera
tivity is poor with restri
ted memory be
ause the miss penaltydominates the frame time. Initially, the frame rate in
reases as the allo
atedmemory in
reases. With memory at roughly 12% of the volume size, hits dominateTable 5.4. Lo
al Memory Allotment Detail for the MultiShell Volume.Allo
ation Lo
al Ca
he Hit Rate Frame Rate[MB℄ [MB℄ [%℄ [f/s℄70.50 4.435 86.89 .963574.00 7.935 96.02 2.710112.0 45.94 97.65 4.137512.0 445.9 99.21 7.6581536 1470 99.43 8.446
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Figure 5.7. Lo
al Memory Allotment and Frame Rate.the frame time, and the frame rate in
rease levels out. Note that even above theinstalled physi
al memory of 1 GB the intera
tivity still improves slightly. Here,virtual memory allows ea
h node to keep a larger number of blo
ks lo
ally, andonly the a
tive ones need take up spa
e in physi
al memory.5.2.3 Stati
 AssignmentWith dynami
 s
heduling, the tile assignments 
hange frequently and ea
hworker must render most of the image over time. With stati
 s
heduling, ea
hworker renders the same set of tiles repeatedly. Data 
oheren
e is better withstati
 assignment be
ause ea
h worker 
onstantly a

esses the same small portionof the data. The draw ba
k is that only render threads on the same node are ableto 
ooperate to render diÆ
ult portions of the image.Table 5.5 
ompares dynami
 and stati
 task assignment for seven time stepsfrom the Ri
htmyer-Meshkov data set. For the �rst time steps, the data 
oheren
e



65Table 5.5. Dynami
 verse Stati
 Assignment for CFD Time Steps.Dynami
 Stati
Time Step A

esses Hit Rate Frame Rate Hit Rate Frame Rate[%℄ [f/s℄ [%℄ [f/s℄0 22200 99.94 6.691 99.95 4.87745 31270 99.83 4.224 99.92 3.68390 38160 99.77 3.352 99.92 3.161135 41940 99.68 2.759 99.90 2.659180 51760 99.61 2.095 99.89 2.244225 56090 99.56 1.784 99.88 2.101270 53580 99.48 1.686 99.84 2.088gains do not outweigh the load imbalan
e penalties. For the 
omplex time steps,the extra hits 
ompensate for the uneven workload.5.2.4 Data GranularityChanging the data granularity demonstrates another tradeo�. Small bri
kstake less time to transmit, waste less spa
e by better 
onforming to a surfa
e,and de
rease 
ompetition for lo
al 
a
he spa
e. On the other hand, large bri
ksbetter amortize the transfer initiation laten
y and tend to improve the hit rate byservi
ing multiple a

esses with a single transfer. The best granularity balan
es the
ompeting fa
tors, and is likely to be data dependent. To test this we bri
k a 1 GBshell data set and the 7.5 GB Ri
htmyer-Meshkov data set and vary the level threebri
k sele
tion to 
hange the network transfer data granularity.Table 5.6 shows the results. With both datasets, the hit rate and the misspenalty 
limb with in
reased granularity. In these tests, eight page bri
ks to onetop-level bri
k is fastest.5.2.5 Demand Paged MemoryWe 
an use a DataServer mmap 
lass to render by demand paging data fromdisk rather than from the network. The mmap() system 
all requires page-alignedaddresses. To use it, the distributed volume 
lasses 
an round the level three bri
k



66Table 5.6. Frame Rate and Data Granularity.Level 3 Setting Blo
k Size Hit Rate Miss Penalty Frame Rate[KB℄ [%℄ [�s℄ [f/s℄1 GB x 16-bit Shell1 3.38 98.71 390.7 11.692 27.0 99.60 1077 14.573 91.1 99.80 2905 13.374 216 99.88 6922 11.117.5 GB x 8-bit Ri
htmyer-Meshkov1 4 98.72 587.0 1.6072 32 99.48 1411 1.6863 108 99.64 3972 1.309size up and pad to the nearest 4 KB1. Padding bloats the bri
k �les and in
reasesblo
k transfer time so it is not normally used.We rebri
k the syntheti
 shell volume and 
ompare the DataServer dire
t 
lasswith the DataServer mmap 
lass. Table 5.7 shows that memory mapping is fasterfor small volumes but slower for large volumes. This agrees with the result of therandom a

ess DataServer 
omparison in subse
tion 3.3.2 and the explanation isthe same; on
e the operating system is for
ed to page data to disk, network missesare faster. Memory mapping may be faster for small volumes, but repli
ation isfaster still.1Bri
k starting addresses are always aligned, but bri
ks are not normally padded.Table 5.7. Network and Demand Paged Memory Comparison.Data Size Network Frame Rate Memory Map Frame Rate[GB℄ [f/s℄ [f/s℄.25 19.22 22.30.5 17.13 21.941 14.59 20.282 12.18 5.0304 9.729 1.780



675.2.6 Asso
iativityThe dire
t mapped DataServer has the advantage of low overhead in 
omparisonwith the asso
iative DataServer, but it has the potential to thrash when a workerneeds several bri
ks that happen to align to the same slot. Asso
iativity in
reasesthe hit rate by providing alternate pla
ements for ea
h fet
hed bri
k. It alsoin
reases the hit time be
ause it needs to sear
h several lo
ations and it has tokeep time stamps. Table 5.8 shows the measured hit rate, hit time, and frame ratefor dire
t mapped and 4, 8, 12, and 16 way asso
iative 
a
hes on the CFD data set.We �nd that even this large volume has a working set that �ts within the 
a
hewithout thrashing.When the volume grows to the point where the working set is too large for thelo
al memory on the nodes, thrashing be
omes more of a problem. Asso
iativity
an in
rease the frame rate here by in
reasing the number of hits. To examine thispossibility we test the multishell volume and vary the allo
ated memory per node.Table 5.9 lists the measured frame rate for �ve di�erent asso
iative set sizes and�ve lo
ally allo
ated memory sizes.The results show that with limited memory, asso
iativity improves intera
tivity.With 512 MB per node, and a six way asso
iative 
a
he, only 4% of the hits 
omefrom the extra slots. The asso
iative slots are used more heavily when the lo
almemory spa
e is small. With 70.5 MB per node 81% of the hits 
ome from theextra slots. In this 
ase, fewer misses pay for the longer hit time.Table 5.8. Asso
iativity Test on the CFD Data.DataServer Hit Rate T Hit Frame Rate[%℄ [�s℄ [f/s℄Dire
t 99.48 6.857 1.686Asso
, 4x 99.60 11.55 1.521Asso
, 8x 99.63 13.17 1.443Asso
, 12x 99.63 14.01 1.361Asso
, 16x 99.65 15.48 1.286



68Table 5.9. Frame Rate vs. Asso
iativity and Allo
ated Memory.DataServer Allo
ated Memory[MB℄70.5 74 112 512 1536Dire
t .9677 2.764 4.216 7.656 8.492Asso
, 1x .9476 2.701 4.087 7.203 7.958Asso
, 2x 1.488 3.232 4.248 7.982 8.161Asso
, 4x 1.562 3.294 4.146 8.062 8.050Asso
, 6x 1.598 3.223 4.047 8.147 8.1735.2.7 Dynami
 BehaviorThe frame rate of the renderer is inversely related to the amount of remote datafet
hed by the render threads. Measuring the frame rate and the data traÆ
 makesthe relationship 
learer. Figure 5.8 shows the re
orded data traÆ
 and frame rateover an intera
tive session on the CFD data set using one render thread per node.The bottom panel shows the rendered image at �ve frames during the session.The next to bottom panel reprodu
es the isovalue and viewpoint 
hanges that o

urover the session. The entire volume is in view for the �rst half of the test, and inthe last half of the test the view is zoomed in on a small portion of the volume.The se
ond panel from the top shows the amount of data that ea
h node a
quiresover the network at ea
h frame. With the entire volume in view, every 
hange inviewpoint or isosurfa
e 
auses the data traÆ
 to spike and then de
ay. When onlya small portion is in view, the data transfer is minimal.The top panel 
ontains two graphs, one showing the measured frame rate, andthe other showing the frame rate that would o

ur if no time was spent transferringdata. Note that in the measured frame rate plot, for the �rst half of the test, everyspike in data traÆ
 
auses a sharp drop in the frame rate, followed by a gradualin
rease. Here, ea
h 
hange requires the DataServer to 
a
he a di�erent portion ofthe data, and obtaining the data over the network redu
es the frame rate. Overseveral frames, the workers obtain the entire working set, and the frame rate returnsto normal. When the view is zoomed in, the workers 
an easily 
a
he the visible
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Figure 5.8. Data TraÆ
 and Frame Rate.data, and the speed of the rendering engine, in
luding hit time to the DataServer,determines the frame rate, rather than the 
a
he behavior.The loaded frame rate graph was re
orded by repeating ea
h frame twenty times,and then plotting every twentieth frame. This plot demonstrates the renderingspeed assuming a perfe
t 
a
he. In this test the average frame rate is 1.392 framesper se
ond with �lled 
a
hes and 1.241 frames per se
ond without. The dynami
behavior then depends upon the degree to whi
h the 
a
hes are �lled, whi
h in turndepends heavily upon the rate and pattern of user intera
tion. In this test timespent obtaining data over the network slowed the renderer by 10.85%.



705.2.8 S
alingWhen lo
al memory 
ontains the working set, network performan
e is not anissue, and the renderer exhibits the same s
aling that it does with repli
ated data.Network laten
y and the number of pixel tasks determine the shape of the s
aling
urve. Hit times to distributed shared memory are slower than normal memorya

ess so distributing the data slows the renderer down. On small volumes that
an be repli
ated, we have measured that using the distributed shared memoryslows the renderer down by as mu
h as 60%. Therefore, it takes more pro
essors torea
h the frame rate limit. Figure 5.9 graphs the ray tra
er's performan
e on the2 GB multishell volume as the number of pro
essors is in
reased.When the working set is too large for lo
al memory, adding workers 
an some-times yield superlinear s
aling. For instan
e, with an 8 GB data set, it takes atleast eight 
luster nodes to render the data, unless we take the performan
e hitof memory mapping from disk. Adding nodes divides the data into smaller pie
es,whi
h leaves more spa
e for the lo
al 
a
he. Larger 
a
hes hold more of the working
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71set, qui
kly in
reasing the hit rate and the frame rate. On
e the lo
al 
a
he holdsthe working set, s
aling returns to sublinearity.In 
ontrast to the bene�
ial e�e
t of in
reasing the number of nodes, in
reasingthe number of render threads per node in
reases 
ontention for the data. Withlimited lo
al memory, this 
an 
ause thrashing. Two threads per node 
an rendera 2 GB shell volume using 70.5 MB of allo
ated memory at 0.88 frames per se
ond.Be
ause a single thread redu
es 
ontention, one thread per node will render thesame s
ene at 1.4 frames per se
ond. Contention is less of an issue with morememory, so the se
ond thread normally in
reases the frame rate.5.2.9 Communi
ation and Computation ComparisonFor a more 
on
rete understanding of the impa
t of transmitting data overthe network, we measure the time spent by the program performing 
omputationand 
ommuni
ation duties with a distributed volume. For this test we use timestep 225 of the Ri
htmyer-Meshkov data. In this parti
ular test ea
h frame takesjust under one se
ond to render. The render threads spend on average 69.15 mswaiting for assignments from the supervisor, 920.6 ms ray tra
ing, and 68.21 ms
ommuni
ating 
ontrol data with the supervisor. In other words, 87% of the timeis spent rendering, 6.5% of the time is spent 
ommuni
ating with the supervisorand roughly the same amount of time is spent waiting for work.The ray tra
ing time is mu
h higher than that spent in the sphere
ake test ofsubse
tion 4.2.3 partially be
ause of the extra time spent managing the distributedshared memory. In fa
t 46% of the rendering time is spent a

essing the data, halfof whi
h is time spent in 
a
he hits and half in 
a
he misses. On average ea
h threadspends 216.6 ms a

essing 
a
hed data, and 210.6 ms fet
hing remote data. Themiss time is dependent upon the network bandwidth, the round trip time and theservi
e time on the remote blo
k serving nodes. The hit time makes a parti
ularlyattra
tive 
hoi
e for optimization be
ause it is entirely independent of the network,and might be improved with small program modi�
ations.



725.2.10 Ar
hite
ture ComparisonFinally, we 
ompare the distributed renderer to *-Ray on time step 270 of theRi
htmyer-Meshkov data set. On the 
luster, we sele
t the parameters that werefound to yield the highest intera
tivity for this volume: ma
ro
ell 
onsolidateda

ess to blo
ks, dire
t mapped 
a
hing, and 32 KB blo
ks. Although stati
assignment is faster on this data set, we use dynami
 tile assignment on bothma
hines and hold all additional render settings 
onstant. Figure 5.10 shows there
orded frame rates on the 
luster with one and two threads per node and on theSGI. The average frame rates over the session are 1.08, 1.69, and 4.69 frames perse
ond for the single thread, dual thread and super
omputer tests, respe
tively.With equal number of pro
essors then the 
luster is roughly one quarter the speedof the SGI, and with two pro
essors per node, the 
luster is roughly one-third thespeed.More exa
tly, the relative performan
e varies with the degree to whi
h the
luster 
an keep its 
a
hes �lled. In the �rst half of the test, with the entire volume
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73in view, the distributed renderer struggles to keep the 
a
he loaded, and 
onsistentlypays the miss penalty. The e�e
t is parti
ularly deleterious around frames 200 and250 where the viewpoint is qui
kly rotating around the volume. At these pointsthe isosurfa
e is seen on an edge, and most of the image is empty. The distributed
a
hes are not able to �ll qui
kly enough to take advantage of this situation. TheSGI does not su�er from this problem. With the entire volume in view, the SGIaverages 5.71 frames per se
ond, and the 
luster averages 1.46 frames per se
ondwith two threads per node. In this portion of the test, the 
luster is 
losest to theSGI at frame 158, where it lags by 3 frames per se
ond. It lags the most at frame188, where it is 10 frames per se
ond slower. When the entire volume is in view,
a
he loading makes the distributed renderer run at between one tenth and onethird the speed of the SGI.When the viewpoint is zoomed in on a small portion of the data, the frame rateis 
ompute bound and the 
luster program 
losely follows *-Ray. In the se
ondhalf of the test, the SGI averages 4.17 frames per se
ond, and the 
luster averages2.58 frames per se
ond with two threads per node. The relative performan
e ismore 
onsistent with a fo
used view. Here the 
luster stays between 1.89 and1.27 frames per se
ond slower than the SGI. When the 
a
hes are �lled, the 
lusterruns 
onsistently at 60% of the SGI's frame rate.



CHAPTER 6CONCLUSIONS AND FUTURE WORKWe have shown that it is possible to visualize multi-Gigabyte volumetri
 datasetsintera
tively using 
lusters. We use the ray tra
ing algorithm, whi
h is well knownfor produ
ing a

urate, high quality images. The algorithm is inherently parallel,whi
h makes it a natural 
hoi
e for large parallel 
omputer systems. The advantagegained in using a 
luster is primarily an e
onomi
 one. A 
luster is signi�
antlyless expensive than an equivalent tightly 
oupled parallel ma
hine, and so the newprogram should make intera
tive visualization of large datasets more available.When programming for a 
luster environment the immediate problem is to �nd away to join the separate pro
esses that make up the parallel program. Our programuses Legion, a minimalist 
ommuni
ations library built on top of TCP. The library's
apabilities are modular yet eÆ
ient; ea
h feature is optional, and 
an be omittedto redu
e overhead. In head-to-head tests Legion is somewhat slower than rawso
ket 
alls, faster than MPICH, and roughly equal to LAM-MPI. Legion supportsmultithreaded 
luster appli
ations that are parallel both within and between nodes.Asyn
hronous message handling in Legion helps to free 
omputational threads from
ommuni
ation delays.The ray tra
ing program was derived from *-Ray, whi
h runs on shared memoryparallel ma
hines. To 
reate the new program, we identi�ed all of the dependen
iesbetween fun
tional units in *-Ray, and used Legion to transmit them over thenetwork. The distributed program is 
apable of intera
tively rendering s
enes
ontaining two million polygons at two frames per se
ond by repli
ating the s
enedatabase in ea
h node's memory. Tests show that it is not un
ommon for 80% of therendering time to be spent in 
omputation. When the program is 
ompute-bound



75the frame rate is roughly equal to that of *-Ray. For less demanding s
enesthe network performan
e be
omes the bottlene
k, and the eventual frame ratelimitation depends upon the number of tiles in the image. A shared memorysuper
omputer does not su�er from the same limitation, but with tens of pro
essingelements instead of hundreds, both programs produ
e similar frame rates. We haveobserved sustained frame rates of up to 60 frames per se
ond, on 512x512 images,but more typi
ally obtain between 1 and 20 frames per se
ond.S
ienti�
 data sets are growing with the ability of 
omputers to generate them.Cluster-based visualization of large volumes is problemati
 for three reasons. First,32-bit PC's 
annot a

ess more than 4 Gigabytes of memory, so some large s
ienti�
data sets 
an not be repli
ated onto lo
al memory. Se
ond, pro
essors have noautomati
 means to a

ess the memory within remote nodes. Third, the network
onne
tion between nodes is signi�
antly slower than memory a

ess within a node.We use Legion's distributed shared memory to make the aggregate memory spa
eavailable to every rendering thread. This is an obje
t-based DSM, whi
h makesthe 32-bit address limit irrelevant. The largest database that we have tested isan 8 Gigabyte data set whi
h renders at between 0.5 and 8 frames per se
ond.Ca
hing is the key to over
oming the slower network a

ess time. By eliminatingunne
essary and redundant a

esses to the data, we obtain hit rates of greater than95% most of the time. In the �nal 
omparison, the 
luster renders multi-Gigabytedata sets at roughly one third the rate of a super
omputer that 
osts ten times asmu
h.The 
luster-based renderer does have important disadvantages. The networkdetermined frame rate limitations have been dis
ussed in detail. Another disad-vantage is that the super
omputer's shared memory hardware makes it easier tomodify the program. For instan
e, in the new program auxiliary displays, whi
hlet the user 
ontrol parti
ular obje
ts within the s
ene, need to have their state
hanges en
oded into the FrameState stru
ture. In the original program the userinterfa
e 
lasses and the obje
t 
lasses 
ould simply refer to ea
h through a pointer.The same is true of any 
hanges to the user interfa
e of the program as a whole.



76The user dire
tly intera
ts with the supervisor node and the me
hanism by whi
hthe supervisor intera
ts with the workers has to be programmed. Another exampleis that our obje
t-based DSM requires that shared data items are indexed, andthat a

esses to the data have to be guarded by a
quire and release operations.These a

ess semanti
s make it nontrivial for an appli
ation programmer to usethe distributed shared memory. This is in 
ontrast to the SGI's hardware sharedmemory system, whi
h lets the programmer treat the shared obje
ts exa
tly likethe rest of the 
ontents of the memory. The 
onsequen
e is that rendered shapeshave to be made DSM-aware to be shared, and so far only volumetri
 data has beenmodi�ed to work in this system.The trends that motivated this resear
h are likely to 
ontinue. Computersare be
oming 
heaper and faster, and the 
onne
tions between 
omputers aregetting qui
ker. However, pro
essor speeds are improving faster than networkrates are. Loosely 
oupled parallel ma
hines, in
luding 
lusters, the grid, andrelated te
hnologies, are be
oming more prevalent as a result of these trends.We have shown that network speed is already suÆ
ient for intera
tive rendering.Subse
tions 4.2.3 and 5.2.9 show that network a

ess time is only a small fra
tionof our program's running time. Be
ause the network is not the primary bottlene
k,the faster growth of 
omputing te
hnology will not make our te
hniques irrelevantfor some years to 
ome. On the 
ontrary, we believe that it will be
ome even moreimportant to �nd ways to use loosely knit systems eÆ
iently. In the same way thatmodern memory hierar
hies bridge the gap between pro
essor speed and memorya

ess time, te
hniques like our use of asyn
hronous message handling and lo
aldata 
a
hing will be
ome more important in the future.Faster networks, faster pro
essors, and larger lo
al memory spa
es will allowmore 
omplex s
enes to be rendered more realisti
ally at higher rates in the nearfuture. It may be possible to in
rease the performan
e of the program withoutwaiting for faster hardware, through various optimizations. A faster renderingengine is desirable not only be
ause it 
an be used to improve image quality, but



77also be
ause it will take fewer nodes to attain the same frame rates, lowering the
ost of intera
tive rendering.This thesis has presented an analysis of the program, obtained from performinga series of ben
hmarks. Additional tests 
an better determine exa
tly what partsneed to be improved. For instan
e, our program uses TCP instead of the UserDatagram Proto
ol (UDP) be
ause TCP ensures reliable transport. An analysisof the number of dropped pa
kets on the network would show to what extent thereliability enfor
ement overhead is ne
essary. Also, the render threads spend asigni�
ant amount of time waiting for tasks and data. A more exa
t a

ounting ofthe program should point out how best to minimize the wait time. Lastly, CPUstatisti
s 
ould be obtained to determine how eÆ
iently the program is a

essingthe memory hierar
hy, whi
h might lead to the development of faster a

elerationstru
tures.Be
ause the network layer is fundamental to the fun
tioning of the ray tra
er,it makes sense to optimize it even though it is not the primary bottlene
k. So
ketoperations involve 
ontext swit
h overhead when the network system 
alls trapto system spa
e. A user spa
e network layer like VIA [6℄ might yield some im-provement. Compression 
ould improve bandwidth utilization, espe
ially for largeshared data bri
ks. A fast 
ompression routine with a high 
ompression ratio, 
ouldsigni�
antly redu
e the bri
k miss time, as long as the de
ompression time is lessthan the time saved transmitting a smaller stream. One approa
h would be to makethe DataServer keep 
ompressed 
opies of the resident blo
ks, and allow requestingDataServers to de
ompress blo
ks on the 
y.As 64-bit PCs be
ome available it may make sense to repla
e the DataServerwith a page-based distributed shared memory. A 64-bit page-based shared memorywill not be limited to 4 Gigabytes, and bri
k hit time may be redu
ed by usingthe virtual memory hardware to dete
t shared memory a

ess. More than half ofour bri
k a

ess time is spent in dete
ting these hits, so this has a great potentialfor in
reasing the overall frame rate. A page-based shared memory will also makethe appli
ation programmers job easier, be
ause the a
quire and release semanti
s



78will be removed, and so distributed shapes will not have to be made DSM-aware inorder to work.As we in
rease the realism of our images by tra
ing more rays, we will 
ertainlyneed additional optimization. Computation time is our primary bottlene
k, andadditional levels of parallelism may yield better performan
e. By exploiting thesimultaneous multithreading and instru
tion-level parallelism provided by the IntelXeon pro
essors of our 
luster, we hope to a

elerate the 
omputational phase ofray tra
ing. There is a good 
han
e that we might also improve the frame rate byusing a more highly spe
ialized 
ompiler. Initial indi
ations on whether the nativeIntel 
ompiler will produ
e faster 
ode than the gnu 
ompiler are in
on
lusive.In another dire
tion, we 
ould try to exploit the graphi
s 
ards in our 
luster,starting with the algorithm proposed by Pur
ell et al. [30℄. The diÆ
ult part willbe eÆ
iently 
ontrolling the 
ow of data throughout the 
luster between nodes,pro
essors, memory, and the graphi
s hardware.We found that the render threads spend a signi�
ant portion of the renderingtime waiting. It will be produ
tive to investigate te
hniques to keep the ray tra
ingthreads busy as often as possible. In addition to trying a more advan
ed lo
altask queue, we plan to experiment with preferred bias task allo
ation strategiesthat 
ombine the bene�ts of stati
 and dynami
 task assignment strategies. Datadistribution 
auses additional wait time. Ray reordering may signi�
antly redu
ethe miss penalty. Prefet
hing te
hniques, whi
h aim to request missing data beforeit is needed, 
ould be 
ombined with ray traversal reordering, whi
h makes the raypro
ess 
a
hed data �rst. Both of these 
ould be 
ombined with the ability to pla
estalled rays on hold in favor of rays that are ready to be pro
essed.The need for additional features and better rendering quality is tantamount tothe need for faster rendering. As the program stands it is a traditionalWhitted styleray tra
er. Fast global illumination and Cook e�e
ts may be added. Additionally,realisti
 s
enes require larger s
ene data bases, and at the moment only MIP andisosurfa
e volume rendering 
an utilize the distributed shared memory. In the shortterm we plan to extend the ray tra
er to handle time varying volume data sets. We



79anti
ipate a minor extension to the software to make it use several DataServersin a single program. Ea
h time step will be given its own DataServer, and theprogram will swit
h between time steps every few frames. We also plan to bring indire
t volume rendering modules from *-Ray. This will in
rease both the amountof pro
essing on and the number of a

esses to the data. Finally, we plan to extendthe program to distribute large polygonal data sets.In 
on
lusion, we have found that lower 
ost 
lusters of PCs are suÆ
ient forintera
tively ray tra
ing multi-Gigabyte datasets. The degree to whi
h a moreexpensive shared memory super
omputing platform performs better on the sametask has been studied. The results of this study should be useful to anyoneattempting to fully exploit the performan
e of either 
lass of parallel ma
hine.



APPENDIX ALEGION APPLICATION INTERFACEFile logger.h 
ontrols Legion's statisti
s gathering and log �le 
reation utilities./* Programs that use Legion have to 
all this to 
reate log files. */void start_logger(
har *
wd, int rank, int numthreads=L_MAX_THREADS);void 
lose_logger();/* alog is for normal operational messages of the appli
ation. *//* Use it with C++ stream stile -> "alog(<<"Hello World"<<endl);". *//* Changing "#if 0" to "#if 1" turns on all of the alog 
alls. */#if 0#define alog(PIPE) \{\pthread_mutex_lo
k(&iolo
k);\*mymsgs PIPE;\pthread_mutex_unlo
k(&iolo
k);\}#else#define alog(PIPE) {}#endif/* alog_t is for normal, messages from the appli
ation's threads. */#define alog_t(x, PIPE).../* elog is for abnormal error messages. *//* This should not be turned off. */



81#define elog(PIPE)...#define elog_t(x, PIPE).../* llog is for normal operational messages inside the Legion./* This should usually be turned off. */#define llog(PIPE)...#define llog_t(x, PIPE).../* Un
ommenting "#define DOSTATS" makes the 
ommuni
ator and the *//* dataserver re
ord detailed statisti
s during the run, and *//* print them out in the log files when the program terminates. */// #define DOSTATS#ifdef DOSTATS/* These are ma
ros whi
h 
an be used to 
olle
t stats. *//* Counts and in
rement. */#define 
ountit(a) {a++;}#define 
ountem(a,d) {a+=d;}/* Start a timestamp. */#define timestamps(t0).../* Finish a timestamp. */#define timestampe(t0, te)...#else#define 
ountit(a) {}#define 
ountem(a, d) {}#define timestamps(t0) {}#define timestampe(t0, te) {}#endif



82File 
ommuni
ator.h de�nes Legion's 
entral 
ommuni
ator 
lass, whi
h 
ontrolsall network transmissions between nodes./* Classes that 
ontain a message handling method sub
lass this. */
lass 
allee {publi
:virtual int handlemessage(int so
k, int othernode, int MSGID) = 0;};/* Message handling methods and fun
tion take a so
ket id, a *//* sending node id, and a message type id, then pro
ess the data *//* stream, and return a su

ess indi
ation. */typedef \int (
allee::* 
allee_method) (int so
k, int othernode, int MSGID);typedef \int (
allee_fun
tion) (int so
k, int othernode, int MSGID);/* The 
ommuni
ator 
lass dire
ts network traffi
. */
lass 
ommuni
ator : publi
 Runnable {private:#ifdef DOSTATSdouble sele
ts;double sends;double re
vs;double bytes_sent;double bytes_re
vd;double 
omm_time;double el_time;#endif



83publi
:/* The 
onstru
tor takes: list of nodes, rank of this node, *//* number of nodes to use, and TCP port to 
onne
t to. */
ommuni
ator(
har *nodelistfile,int myrank,int numnodes,int port=PORT);/* The destru
tor prints stats to the log file and 
leans up. */virtual ~
ommuni
ator();/* Call this to 
onne
t this 
ommuni
ators before 
alling run. */int initweb();/* Call this to begin asyn
hronous handling of inbound data. */virtual void run();/* Spawn a 
ommand that 
an 
reate an appli
ation with a *//* 
ommuni
ator on the rest of the nodes in the 
luster. */int rspawn(
har *
wd,
har *
ommand,
har *args,
har *nodelist=0,int port=-1,int numnodes=-1,int numthreads=0);/* Parse the rspawn supplied 
ommand line args and return a *//* pointer to exe
utable's args. */stati
 int parse_args(int *arg
, 
har ***argv,
har **_
wd,
har **_nodelist, int *_port,



84int *_numnodes, int *_myrank,int *_numthreads);/* Classes 
all this to register their handlers. */int register_msgs(int MSGID, 
allee *&
, 
allee_method m);int register_msgs(int MSGID, 
allee_fun
tion *f);/* Thread safe sends and re
eives of one or more data buffers. */int send_msg (
onst int MSGID, 
onst int otherrank,
onst size_t size1=0, void *message1=0,
onst size_t size2=0, void *message2=0);int re
v_buff (
onst int so
k, void *buffer, 
onst size_t size);int send_buffs(int so
k, stru
t iove
 *ve
t, int 
ount);int re
v_buffs(int so
k, stru
t iove
 *ve
t, int 
ount);/* A

essors. */inline int Myrank() 
onst {return myrank;}inline int Numnodes() 
onst {return numnodes;}int so
k(
onst int i) 
onst; /* Get so
ket for node i. *//* Create distributed barriers. */legion_barrier* register_barrier(int barrier_id,int numnodes, int *nodeset);/* Create distributed shared memory spa
e. */dataserver* register_dataserver(int blksize,unsigned int rs_size,unsigned int l
_size,int asso
=1, int dtype=1,int align=1);};



85File dataserver.h de�nes the interfa
e to the distributed shared memory 
lasses.
lass dataserver : publi
 
allee {prote
ted:/* Control of the shared blo
ks. */datum **
a
he;int blksize;int rs_size;int l
_size;#ifdef DOSTATSdouble a

esses;double hits;double used_asso
;double fill_asso
;double misses;double retries;double me;double other;double my_time;double have_time;double miss_time;#endifpubli
:/* 
ommuni
ator::register_dataserver() 
alls this. */dataserver(
ommuni
ator *
omm,int blksize, int rs_size, int l
_size,int asso
=1, /* Asso
iativity. */int align=0); /* Enable starting address alignment. */



86/* The destru
tor prints stats to the log file and 
leans up. */~dataserver();/* Register this with the 
ommuni
ator. */virtual int handlemessage(int so
k, int othernode, int MSGID)=0;/* Adds data to the resident set without syn
hronization. */int add_data(void *address, int key);/* A
quire and release read only data. */virtual void* get_data(int /*key*/, int &/*areturn*/){};virtual void release_data(int /*key*/, int /*areturn*/){};/* A
quire and release writable data. */virtual void* get_data_to_write(int key, int &areturn){return get_data(key,areturn);};virtual void release_written_data(int key, int areturn){release_data(key,areturn);};/* How many non lo
al blo
ks 
an I 
a
he? */inline int LC_size() 
onst {return l
_size;};/* How many lo
al blo
ks do I have? */inline int RS_size() 
onst {return rs_size;};/* How many blo
ks are in the entire shared memory? */inline int Blo
ks() 
onst { return rs_size * numnodes; };};



APPENDIX BSHARED RENDERING STATE
lass S
eneState {publi
:int use_bv; //type of a

el. stru
tureint grid
ellsize; //a parameter for grid a

elerationdouble light_radius; //diameter of area light sour
esdouble bvs
ale; //soft shadow s
ale fa
torbool no_aa; //a

umulation buffer antialiasingbool ben
h; //ben
hmark the s
enebool logframes; //re
ord sessionint nworkers; //number of nodesint nthreads; //number of render threads per nodedouble jitter_vals[1000℄; //offsets for antialiasingdouble jitter_valsb[1000℄;};
lass FrameState {publi
:Point eye; //
ameraPoint lookat;Ve
tor up;double fov;double xoffset; //for alpha buffer antialiasingdouble yoffset;



88double animtime; //time stamp for animated obje
tsint xres; //s
reen resolutionint yres;int xtilesize; //pixel tile dimensionsint ytilesize;int shadow_mode; //the sele
ted shadow algorithmint maxdepth; //the maximum ray depthint numPlaneDpys; //number of aux. plane displaysint numVolumeDpys; //number of aux. volume displaysfloat base_threshold; //a refra
tion 
oeffi
ientbool do_jitter; //enable jittered antialiasingbool stereo; //enable stereo renderingbool animate; //enable animated obje
tsbool hotspots; //enable hotspot diagnosti
 viewbool ambient_ha
k; //enable a lighting modebool reuse_tasks; //enable stati
 task assignmentbool show_tasks; //enable show tasksbool show_owner; //enable show shared vol. dataArray1<PlaneDpyVals*> pDpys; //spa
e for aux. display dataArray1<VolumeDpyVals*> vDpys;};
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