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Abstract

Receri trends in parallel computer architecture strongly suggestthe needto improve
the arithmetic intensity (the compute to bandwidth ratio) for greater performance
in time-critical applications, such as interactive 3D graphics. At the sametime,
advancesin stream programming abstraction for graphics processors(GPUs) have
enabledusto useparallel algorithm designmethods for GPU programming. Inspired
by these dewelopmens, this paper exploresthe interactions betweenmultiple data
streamsto improve arithmetic intensity and addressthe input geometry bandwidth
bottleneck for interactive 3D graphicsapplications. We intro ducethe ideaof creating
vertex and transformation streams that represen large point data sets via their
interaction. We discusshow to factor such point datasetsinto a set of sourcevertices
and transformation streamsby identifying the most common translations amongst
vertices. We accomplishthis by identifying peaksin the cross-power spectrum of the
dataset in the Fourier domain. We validate our approac by integrating it with a
view-dependert point rendering systemand show signi cant improvemerts in input

geometry bandwidth requiremerts as well asrendering frame rates.

Key words: Stream programming, arithmetic intensity, geometry instancing,

transformation encading, streaming algorithms




1 Intro duction

The recent ewlution of graphics processingunits (GPUSs) into powerful and
programmable stream processorsis revolutionizing the way we look at the
traditional graphicspipeline. Recen advancesin the dewelopmen of a stream
programming ervironment for GPUs (1) and the useof stream programming
for GPUs (2) have enabled graphics researbers and practitioners alike to
view graphicsoperationsin the context of data parallel semarics. The stream
programming abstraction allows us to considergraphicsprimitiv esas streams
of recordsand graphics operations as kernelsthat operate on suc streams.
This simpleand yet compelling abstraction hasnot only had a powerful impact
on graphics applications, it has also enableda wide variety of applications
from diversedisciplinessud assciertic computing, madine learning, signal
processingcomputer vision, real-time audio, and computational biology to be
mapped on to the GPUs. An important factor behind this successas been
the power of the stream programming abstraction to embody, implicitly or
explicitly, seweral important parallel algorithm designconsiderationssud as
data parallelism, task parallelism, coherenceand latency of memory accesses,

producer-consumetocality, and arithmetic intensity.

As the sizeof a oating-p oint unit on a 90 nm chip has decreasedo almost
0.1%of its area, the challengehas gradually shifted away from trying to ac-
commalate multiple processingunits on a singlechip towards maximizing the
returns from the available bandwidth. In other words, arithmetic is cheapand

bandwidth is the critical problem (3).

This paper presetts a novel method to dramatically enhancethe arithmetic in-



Fig. 1. Rendering with Transformation Streams can dramatically improve the
arithmetic intensity for conventional graphics rendering applications, such as
view-degndent rendering. This image showsthe Troll model rendered with our ap-
proach with 274%improvementin communication bandwidth and 20% improvement
in frame rates.

tensity (the computeto bandwidth ratio) (4), for vertex streamson the GPUs.
The inspiration for our work lies in the ideathat two interacting streamsare
signi cantly more powerful than a single stream. This basic idea has been
around in computer architecture for a while (it wasusedin IBM 7950asearly
as1961(5)) but its applicationsto graphicswere not yet possibledue to lack
of programmatic and hardware support at the graphics processorlevel. The
recent emergenceof instance streamsin modern GPUs (6) has allowed us to
formulate and validate our ideason represeting geometryastwo interacting

streamsof coordinates and transformations.

The main contributions of this paper are:

(1) Interacting Streams: We introducethe idea of interacting vertex and



transformation streamsto encale generalpoint cloud datasetsand dis-
cusshow thesestreamscan be decaled using modern vertex shaders.

(2) Vertex-T ransformation Pools: Wediscusshow to e cien tly build ver-
tex and transformation streamsfrom a pool of paired verticesand trans-
formations.

(3) Transformation Palettes: We outline a method to identify the most
commontransformationsthat can map a setof verticesto itself usingthe
Fast Fourier Transform.

(4) View-dep endent Transformation Streams: We shov how our ap-
proac of using transformation streamscan improve the arithmetic in-

tensity in a view-dependen renderingapplication.

2 Related Work

The graphicscommunity haslong facedthe challengeof interactively exploring
very large 3D graphicsmodelswhile reconcilingthe mutually con icting goals
of scenerealism and interactivity. A crucial bottlened in this has beenthe
input geometry bandwidth. Consequetly, there has been a long history of
work relatedto reduction of the geometrybandwidth to the graphicsprocessor

to achieve greaterinteractivity.

Triangle strips and triangle fans are amongstthe earliest data-structures de-
signedto addressthe input geometry bandwidth bottlened. Although ead
triangle can be speci ed by three vertices,to maximize the use of the avail-
able data bandwidth it is desirableto order the triangles sothat consecutie
triangles sharean edge.Sud orderedsequencesf triangles are referredto as

triangle strips or triangle fans. Using such an ordering, only the incremenal



change of one vertex per triangle needsto be speci ed. These methods re-
quire sendingn + 2 verticesfor n triangles, instead of 3n vertices, potentially

reducingthe input geometryrequiremerts by a factor of three.

Visibilit y-basedculling and level-of-detail-basedenderingreducethe input ge-
ometry by reducingthe number of graphicsprimitiv es.Visibilit y-basedculling
sthemesonly sendthose primitiv esto the graphicsprocessorthat are visible
or potertially visible (7). Level-of-detail-basedrendering schemessend sim-
pler, lower delit y represemations of an object whenewer higher complexity
represemations are deemedunnecessary{ sud as when the object is being
displayed on a small number of pixelsonthe screeror is otherwiseperceptually

lessimportant (8).

Recen improvemerns in sceneacquisition techniques sud as laser scanning
and computer-vision-basedensinghave resultedin a growing collection of 3D
graphics datasetsthat are basedon points. Consequetly, point-based ren-
dering schemes(9; 10, 11; 12 13 14) have ewlved as a viable alternative
to triangle-basedrepresemations. The point primitiv es can be rendered as
spheres(13), points with attributes (Surfels) (12), tangertial disks (Surface
splats) (15; 16, 17; 18, 19), tangertial ellipses(20), quadratic surfaces(21),
higher degree(3 or 4) polynomials (22; 23), using wavelet basis (24), and
octree cells (12; 25; 26). Theseand se\eral other techniquesinvolve transmis-
sion of points and their attributes from the CPU to the GPU ewery frame.
Points can also be rendered without any CPU involvemen by storing the
point geometrydirectly on the graphicscard (17; 18, 27). Temporal coherence
can be exploited by keepingtrack of the visible Surfelsin the frame bu er of

successig frames(28).



In someways, the avor of the approad presetted in this paper is closerto
that of triangle strips and triangle fans, that involve re-orderingthe input list
of primitiv esto succinctly represen them as a single data stream. Howe\er,
it di ers from all previouswork in that it addresseshe geometrybandwidth
bottlenedk by harnessingthe power of multiple interacting streamsof data,
instead of a single stream. Our approad is complememary to, and can aug-
mert, existing shemessud aslevel-of-detail-basedrenderingthat reducethe

number of geometry primitiv esto be rendered.

3 Interacting Streams

Our goalin factoring an input list of verticesinto two interacting streamsof
vertices and transformations is to reducethe input geometry bandwidth re-
guiremerts and improve the arithmetic intensity of the participating streams.
As shown in Figure 2, thesetwo streams{ the vertex streamand the transfor-
mation stream{ can then be combined with ead other on a GPU resulting
in an output stream of verticesthat is a tensor product of the input streams.
Thus,in the bestcase we might be ableto factor n verticesinto two streamsof

P

size’ n ead, thereby reducingthe input bandwidth requiremerts by a factor

of o’ ).

Consideran idealizedgeometryof 16 points shavn by spheresn Figure 3. Let
the four white points comprisethe vertex stream. Then using a set of four
translations asshavn in the gure, onecan generateall the input points. We

include the null translation (0; 0; 0) for completeness.

The vertex transformation streamsdiscussedabove are ideal. In practice it



Fig. 2. Stream Interactions: "Vertex Stream' contains the meshvertices, "Transfor-
mation Stream' contains instance transformations that will act on the verticesin the
vertex stream. The two streams are combinal on the GPU and generte the “Tensor

Product Stream' which has the output vertices for rendering.

Fig. 3. The vertex stream has the four white source vertices and the transformation
stream has four translations. Each of the twelve black vertices can be reachal by

applying one of the three non-null translations to the white vertices.

israreto nd sud a perfect mapping betweenvertices and transformations.
Even when we did nd sud mappings,they covered very small sets of ver-
tices. To get larger interaction streamswe decidedto generalizeour inter-
actions betweenvertices and transformations. Instead of insisting that ewery
vertex interacts with every transformation, we allowed somevertex transfor-
mation pairs to not cortribute any vertex to the output stream. This simple
generalizationallowed us to greatly enhancethe scope and size of the ver-
tex transformation streamsthat our approad could idertify. In Figure 4 we

shaw the relationshipsbetweentranslations and verticesof two setsof geome-



tries. A 1 indicatesthat the translation in the row interacts with the vertex
of the column while a 0 indicates non-interaction. Our generalizationallows
us to construct interacting streamsthat can represen the slightly irregular

geometry of Figure 4(b).

We have implemerted stream interaction on current-generation GPUs using
the geometryinstancing featuresof the latest vertex shadermodel (VS 3.0).
Considerthe caseof n verticesin stream 0 and m transformationsin stream
1 as shown in Figure 2. To usethe geometryinstancing feature of (VS 3.0)
we set the frequency of the vertex stream to m and the frequency of the
transformation streamto 1. As shown in Figure 2, the vertex shaderis rst

invoked with VTy. This is followed by V;To, VoTo, and so on. After all the
vertices for the rst transformation(T,) have beenprocessedthe pointer to
vertex stream (stream 0) is reset and the pointer to transformation stream

(stream 1) is incremeried to T, (6).

In our implemertation, we specify the frequencyof the vertex streamto be
the number of transformations in the transformation stream. Since the ge-
ometry instancing only allows us to achieve all-pairs interactions betweenthe
elemens of the two streams,we encale the interaction information between
the transformation and vertex streamsusing tags that we passwith the ele-
merts of eat stream. The transformation stream'stag is just a short integer
which indicates the index of that transformation in its stream. Thus the i*"
transformation's tag has value i. A vertex's tag is an occupancy bit vector
that encalesthe translations that the vertex should interact with. Therefore,
if we usean unsignedintegerasthe tag for a vertex, we canencaleits interac-
tions with up to 32 translations. Figure 5 shows the pseudocode of the vertex

shaderprogram for cheking and implemerting sud interactions. Note that if



(@)

(b)

Fig. 4. Interactions between the vertex stream and the transformation stream are
representel by binary tables. In these vertex-transformation tables, a 1 indicates
interaction between a vertex and a translation and 0 indicatesno interaction. Figure
(a) showsthe table for the idealized point set of Figure 3. Figure (b) showsanother
point setand its vertex-transformation table.

the interaction betweena vertex and a transformation is not supposedto hap-

pen, our code setsthe output vertex to in nit y (in homogenousoordinates)
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and the vertex is then culled away. Unfortunately, the current generation of
GPUs do not support bit-wise integer operations. As a result we had to enu-
late thesebit operationsby using oating-p oint operationsthat wereavailable

to us.

Fig. 5. Pseudo-ode for a Vertex Shaderprogram showshow we usevertex and trans-
formation tagsto determine if a pair of elementsacrossvertex and transformation

streams shouldinteract, and if so how to genegate the output stream vertices.

4 Vertex Transformation Pools

In the previous section we discussedhow we can generatean output stream
of verticesas a tensor product of vertex and transformation streams.We also

discussedhow we can ne-tune (allow or disallow) interactions betweenthe
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two streamsby appropriately tagging the elemens of the two streamsand
using vertex shaderprograms.In this sectionwe shall discusshow to identify

sudh streamsfrom raw input point datasets.

Considera model with n points, p;, 0 i < n. For any pair of points p, and p; ,
0 i;] < n, consideratransformation that mapsp; to g; . In generalthereare
anin nite number of sud transformations. Therefore,let usrestrict oursehes
to the set of translations. Let translation t; be specied astj = g p.
For n points, we canidentify n? sud transformations. Now, for most real-life
datasetswe have obsened that out of thesen? transformationsonly m << n2
are unique. We discusssomereasonsfor this transformation spacecoherence
and give a method to identify sud unique transformationsin Section5. Now
considera large vertex transformation table whosecolumnsare n verticesand
whoserows arethe m uniquetransformations. The (i; j ) elemen of this table
is a booleanvalue which is setto 1i t + g = p« for somek < n. That is, if
the i translation mapsthe j ™ vertex to someother vertex in the input data,
we ag this asan interaction we permit. Otherwise we setthe (i; j ) ertry's

booleanvalueto O. If t; + g = p«, we say that point 5, coverspoint p.

In orderto getlarge vertex and transformation streams,our goalisto nd the
largest rectangle in the vertex-transformation matrix (after reordering rows
and columns)sud that the fraction of onesin it is higherthan somethreshold
( )- We refer to sudh a maximal reorderedrectangle as a vertex transforma-
tion pool. Large valuesof tend to return very small vertex-transformation
pools whereassmall values of result in too many non-interacting vertex-
transformation pairs which will later require culling. We have obsened that

= 0:5 reconcilesthesegoalswell. Identi cation of the vertex transformation

pools is an iterativ e process.After we nd a vertex transformation pool, we
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zero-outits ertries in the vertex transformation table, and repeat the process

to get the next-best vertex transformation pool.

4.1 Finding the First Vertex Transformation Pool

At rst glance,the problem of nding good vertex transformation pools re-
senblesthe edge-maximizingoipartite clique problem (29; 30), wherethe rows
are one side of the graph, the columnsare the other, and there is an edgebe-
tweeni andj if the (i;j)" ertry's booleanvalueis 1. However, our problem
is di erent becausewe would also like to include someO ertries in the pool
aslong as it allows us to increasethe overall fraction of 1's in the pool. A
polynomial-time optimal solution to this problem seemsunlikely, sowe have

useda greedyheuristic.

We rst nd the vertex g, that hasthe most 1-valuesin its column. Let the
number of transformationsfor g; be k. We next restrict oursehesto the k rows
for which the column for g, hasa 1. We then sort all the verticesby the sum
of 1-valuesthey have in thesek rows and processthem in the decreasingorder
of their sums.For eat vertex p;, we determine the number of verticesit can
cover that werepreviously not covered.If the number of newly coveredvertices
is greater than a threshold, we include p; in the pool. In all our experimens
we have set the thresholdto be 25%of the value of k for the current pool. We
have obsened that this givesus vertex-transformation pools with the fraction

of onesin the pool, 0:5.

It turns out that there can be redundarnt coverageamongstthe verticesin a

pool. Thus, it is possiblethat ti + p, = tio+ pjo = py. This is wasteful in that

13



we might end up processingthe samevertex multiple times. We handle this
by not courting sud previously coveredverticesin our questto maximizethe

sizeof our vertex transformation pools.

4.2 Updating for SubsquentPools

After identifying a vertex transformation pool we update the vertex transfor-
mation table to discard the covered vertices. Sincewe prioritize the vertices
basedon the number of their 1-ertries, the number of verticesthat a givenver-
tex coversis actually its importancelevel for inclusionin future pools. For eath
vertex px that our identi ed pool covers, we decreasdhe weights of all other
verticesthat could cover px. Thus, for ead coveredvertex py we set all those
(i; j ) ertries in the vertex transformation table to O, for which ti+ g, = pc. We

cando this updating e cien tly if ead vertex maintains a list of all other ver-

of these covered vertices px; must have the reversetranslation ( t) in its
own translation lists. Therefore,we can decreasehe importance of those cov-
eredvertices by one by just resetting the appropriate elemerts in the vertex

transformation table.

4.3 Deciding the Numkber of Pools

To shav how the number of pools a ects the overall performanceof this al-
gorithm, we have plotted the e ect of the number of pools againstthe vertex

coverageand the nal rendering time for the Stanford's David in Figure 6.
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(a) (b) (c)
Fig. 6. Tradeo s between the number of pools, vertex coverage, and rendering time
for Stanford's David model. Figure (a) showsthe vertex coverage and gure (b)
showsthe rendering time as we increase the number of pools. Figure (c) showsthe
changesof the size of each vertex transformation pool, which is the product of the

numkber of translations and the number of verticesin each pool.

As we increasethe number of vertex transformation pools, they can cover
more vertices, but the overall rendering performancedrops. There are two
reasonsfor this. First, using additional blocks incurs the overhead of using
drawCall( ). We have obsened that using too many drawCall( )s makes
the applications CPU bound. Second,as we identify more pools, the size of
eat pool, which is the product of the translations and the vertices in it,
gets smaller. For small pools, the overhead of using instancing for drawing
outweighsthe benet of transferring lessdata to the GPU. Basedon these
considerations,we decidedto selectonly the rst two pools for our results.
The verticesthat are not coveredby thesetwo pools are renderedwithout any

geometryinstancing using corvertional rendering.
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5 Transformation Palettes

We havethusfar discussecdow to identify maximally-sizedvertex-transformation
pools and how to convert them into interacting vertex and transformation
streams.In this sectionwe discusshow to iderntify the most commontransfor-
mations amongstvertices. As we discussecdearlier in Section4, if we consider
a model with n points, p;, 0 i < n and restrict ourselesto translations, it
is possibleto get n? transformations amongstall pairs of points. In the worst
case,eath of thesen? transformations can be unique and we will not be able
to bene t from a transformation-basedcoding of the input data. Fortunately,
real data does have plenty of suth coherencedue to se\eral factors { input
data symmetries,coherencen procedural or simulation data generation, co-
herencedue to acquisition device characteristics, and even coherencedue to
guartization algorithms. In a number of real-life datasets, we obsene that
certain local geometriesmay appearin the samecon guration in another part
of the model. Thesesymmetriesare obvious for architectural CAD (repeated
doors, windows, furniture), medanical CAD (repeatedsub-asserlies, bolts,
cylinders), molecularCAD (repeatedamino acids, nucleicacids,alpha helices,
beta sheets),and terrain layouts for games(trees, grass, o wers). Our algo-
rithm can easily detect sudh symmetriesin the transformation space.What
is more interesting, howewer, is that for se\eral casessud repeated patterns
might not even be visually obvious. We have obsened that a large fraction
of 3D point geometryrepreseting real-life datasetsfrom 3D scannerscan be
e cien tly expressedn this way. In Figure 7 we shov oneexampleof a frequert

translation our algorithm discoveredin the Stanford's David model.

The problem of nding the set of two point pairs which specify the same
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Fig. 7. An exampleof frequently occurring common translations of verticesidenti e d
by our algorithm in Stanford's David model. If we quantize the David model on a
128 grid to 15K quantized points we nd the translation (62; 6; 5) ocurring

1261times as shown.

translation t can be reducedfrom 3SUM problem. The 3SUM problem can be
solved by a simple O(n?) algorithm (31) and recent advancespresein a sub-
guadratic randomizedalgorithm (32). Usinga nite precisionmodel, a 3SUM
hard problem can be solved in O(nlogn) time using the FFT (Fast Fourier
Transform) (33). Herewe usedthe FFT to nd the commontranslations e -

ciertly.

We explain our method in the simpli ed one-dimensionatase.For a point set
P = fpo;p1;p2;iipny 10, 0 P M, we can think of a polynomial A(x)
wherethe exponert of eat term is the coordinate of ead point, and we can
think of another polynomial B (x) where the exponert of ead term is the

negative value of the exponert of A(x).
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8
W _ % 1,ifi2P
A(x) = ax',wherea = (1)
i=0
_é 0, otherwise
8
N ' % 1,ifi2P
B(x)= ax ', wherea = (2)
i=0
§ 0, otherwise

Let C(x) be the polynomial represeting the multiplication of polynomials
A(x) and B(x). The exponert of ead term in C(x) can be interpreted asthe
translation betweentwo points in P, and the coe cien t of that term indicates
the frequencyof occurrenceof the translation. In other words, ¢; is the number
of points in P which can be translated from other points in P by translation

M _
C(x) = GX' (3)

i= M

The multiplication of two polynomials can be computedin O(nlgn) time by
cornverting polynomials into point-value representationsusing the FFT, and
then creating the coe cien t represetation of the multiplication of two point-

value polynomialsusingthe inverseFFT (33). BecauseB (X) is the transposed
imageof A(x), the FFT of C(x) canbe computedby transposingthe multipli-

cation of the FFT of A(x) by the complexconjugate of the FFT of A(x). For
3D points, we use3D FFT with the samealgorithm as for the 1D case.We
note that this is sameas computing the cross-wer spectrum in the Fourier

domain, a technique widely usedfor imageregistration (34).

We have implemerted our method using FFTW padkage (35) for computing
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the FFT and the inverseFFT, and testedthis on se\eral 3D datasets.We are
currently using FFTW sincewe are dealing with quartized valuesof points
that is guided by the precision necessaryfor the view-dependert rendering
application discussedn the next section.After 3D FFT stage,we idertify the
most commontransformations and label them as the transformation palette.
We currertly identify the most common 256 translations and use them in
building the vertex-transformation tables and interacting streamsof vertices

and transformations.

6 View-dep endent Rendering with Transformation Streams

View-dependert rendering has introduced the conceptof rendering di erent
regions of a sceneat varying detail basedon their perceptual signi cance.
Our view-dependern renderingalgorithm is similar to the onesgenerallyused
for triangle meshes(8) and points. We rst build a binary hierarchy over
the input points by following a principal-componert-analysis (PCA)-based
partitioning (36). The PCA of a set of n points in a 3D spacegives us the
mean , an orthogonal frame f, and the standard deviation of the data.
Theterms and are 3D vectorsand we referto their i-th componert as '
and ' respectively, where ' I'if i > j. The framef consistsof three 3D

vectorswith the i-th vector referredto asf'.

The distortion of a partitioning is de ned asthe sum of the distancesof the
points from the partition's mean (36). In our partitioning sdhemewe reduce
this distortion by using k-meansclustering with k = 2. We initialize the two
starting means(centers) for the k-meansalgorithm by doing a PCA over the

1 1
points and choosing ,+ —>fjand , gfr} asthe initial guessesThis is a

1
p
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Fig. 8. View Dependent Rendering. The entire tree is a complete binary tree. Red

nodeswere cut in view-degndentmanner. Node'A' can be expandal into two nodes,
'B' and 'C' for the ne details.

reasonableassumptionsincethe data variesmaximally alongf pl The k-means
clustering algorithm then iterates over the twin stepsof partitioning the point

set accordingto the proximity of ead point to the two meansand then up-

dating the two meansaccordingto this partitioning. (37) usea geometricway

to separatethe point set for their point-based simpli cation hierarchy. They
separatealong the principal direction fpl with the separating plane passing
through the mean ,. Their approad is equivalert to the rst iteration of
our clustering scheme.Subsequenhiterations then successigly reducethe dis-
tortion. We stop iterating when the di erence in the distortion betweentwo
successig iteration is lessthan 10 7 or whenthe number of iterations is more

than 30, whichewver happensearlier.

Next, for eat node in the binary tree we carry out the stepsmentioned ear-
lier in the paper { we identify the most commontransformations appropriate
for that node, we build vertex-transformation pools, and identify the trans-
formation vertex streams.At the end of this pre-processingstep we store the

transformation vertex streamswith ead node in the binary hierarchy.

At run time we maintain an activelist of nodesrepreseting a cut in this binary
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Fig. 9. Expansion of a node. Consider the node A in Figure 8. We compute how
many pixels the bounding box of the node A occupies when it is projected to the

window and useit to decide whetherto split to its children B and C or not.

hierardhy as shown in Figure 8. The points from the active nodes comprise
a level of detail appropriate to a given view. We mergesibling nodesif they
project to a screen-spacareabelow a thresholdand split a parert nodeinto its
children if the projected screen-spacareais too large. We usethe resolution
of the projected screen-spacareaof a node to guide the quartization of the
vertices in that node. Thus if a node projects onto a screen-spacerea no
larger than 1%3 1%3 pixels, a 7-bit vertex quantization along eat of x;y;
and z axessu ces. While renderingwe transform these7-bit quartized values
usingthe , f, and valuesfor the node to locate them in the appropriate

3-space.

For ead frame we sequetially visit ead of the active nodes and decide
whether for the given view parametersit will be appropriate to render it
directly, or mergeit with its siblings, or re ne it to its children. Once an

appropriate level of detail for a node has been nalized, we use the vertex
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transformation streamsassaiated with that node to render the points con-

tained in that node.

7 Results

We have validated the results of our approad to e cien tly identify and use
interacting streams of vertex and transformation data on a number of 3D
graphics models. We have run our experimerts on a 1.6 GHz Pertium IV
Windows PC with 2 GB RAM with a NVIDIA GeForce 6800 Ultra AGP
graphics card. We have used the geometry instancing hardware feature in
vertex shader 3.0 model and used DrawlndexedPrimitive( ) command in

DirectX 9.0 API.

We have comparedour results along two dimensionsof performance{ the
improvemert in CPU-GPU communication bandwidth and the improvemert
in the frame rates. We have measuredthe frame rates under a constart GPU
memory usagemodel. In this model we allocatea xed amourt of memoryon
the GPU for rendering using our transformation streamsmethod and using

the convertional point rendering method.

Let us assumethere are n verticesand m translations in a vertex transforma-
tion pool andf is the fraction of the verticesthat are actually displayed from
the pool (the fraction of unique vertices covered by the pool without redun-
dancy). Then, the pool coversf n m vertices.Assumewe needA, bytesfor
a vertex and A bytes for a translation in our transformation streamsmodel,
and A, bytes for a vertex in the traditional point renderingmodel. Our trans-

formation streamsmodel will thereforeuse(n A, + m A,) bytes instead
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of the traditional model's(f n m A,) bytes.

In our experimerts A, = 26,A; = 12,and A, = 8. Here A, is the sum of the
bytes for indexing (2 bytes), the number of bytes for a vertex coordinates (8
bytes), and the number of bytes for vertex tagging (16 bytes). A, is the sum of
the number of bytes for translation coordinates (8 bytes) and the number of
bytes for translation tagging (4 bytes). SHORTdata type is the most compact
represemation we can usein DirectX to represem vertices and translations,
even though we only needed3 shorts (6 bytes). For a fair comparisonbetween
our transformation streamsmodel and the traditional model, we did not ex-
ploit the extra short for tagging purposes.The reasonwe needso mary bytes
for tagging purposesis becausethe current-generation GPUs do not support
bit-operations for integersin vertex shaders.Therefore, in our experimerts
we limited ourselesto four oating-p oint tags per vertex. In ead 4-byte
oating-p oint tag we used 22 bits of the martissa as a xed-p oint integer.
This allowed us to represen up to 88 translations in a vertex-transformation
pool. We decidedto limit oursehesto four oating-p oint vertex tags because
of two reasonsFirst, increasingthe number of oats costsmorein bandwidth
to the vertex shader.Second,using more than four oats required usto dif-
ferertiate amongstmultiple inputs to the vertex shader,thereby adding one
more conditional branch in addition to the oneshown in Figure 5. If in future
we are allowed to pass32-bit unsignedintegersdirectly to vertex shaderswe
can save 4 bytes for A, while at the sametime increasethe number of trans-
lations coveredto 96. In Section 3, we had proposedusing 16-bit translation
tags. The reasonwhy we instead usetwo shorts (8 bytes) in our implemerta-
tion is that we currertly passthe remainderand the quotient for the modulo

operation in the vertex shader(Figure 5) to reducethe number of o or and
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Fig. 10. Communication bandwidth improvement for CPU-GPU transmission for

transformation streams model compared to traditional point rendering.

divide operations.

Togiveyoua avor of our results,our approad achievedn = 150,m = 88 (the
limit due to four oats discussedabove), and f = 0:32 for Stanford's David
model. Figure 10 shavsthe data transmissiongainsfrom usingtransformation
streamsaswe increasethe number of nodesin the hierardy. We useda 8-lewel
hierardhy for view-dependern rendering. The gainsshown include the overhead
of sendingsingletonverticesthat our transformation streamsmodel could not

cover.

For comparisonof frame rates betweenthe transformation streamsmodel and
the traditional point renderingmodel, weuseda xed amourt of GPU memory.
Let Apoois be the amourt of data usedby the vertex transformation pools in
the transformation streamsmodel. For both modelswe draw A o015 @amourt of

data from GPU vertex bu ers and the rest from corvertional memory
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Fig. 11. Coverageof vertices by transformation streams model whenusing two vertex

transformation pools.

Our method currerntly processegieometrywithout appearanceattributes. An
easyway to draw models with appearanceattributes using our method is
to usetexturing. The use of texturing results in only a 10% overhead with
our method. Visual results of our approad are shown in Figure 12, 13, 14.
We have achieved 200%to 500%improvemert in commnunication bandwidth
to the GPU and 17%to 32% improvemert in frame rates. The left and the
certer columnsof Figures12, 13, 14 shaw the convertional renderingand the
rendering by Transformation Streams, respectively. As showvn in Figure 11,
two vertex transformation pools can cover about 80% of all the vertices. The

right column of Figures 12, 13, 14 shaws the rendering of the verticescovered

by the vertex-transformation pools.
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(a) Convertional (b) TS (c) Coverageby pools

1.69M Verts 1.69M Verts 1.37M Verts
20.3FPS 24.3FPS N/A
12.92MB 3.45MB 997KB

Fig. 12. The left image showsthe conventional rendering, the center image shows
the rendering by transformation streams and the right image showsthe vertices
covered by the vertex-transformation pools for the Troll model. We report the numkber
of vertices rendering, the frame rates achievel, and the per-frame communication
bandwidth required for the conventional approach and our approach.

8 Conclusions and Future Work

We have proposeda novel method for represeting 3D point data usinginter-
acting streamsof verticesand transformations. We have validated this method

for acceleratingcorvertional view-dependert renderingapplicationsfor points.

Although our method adieves a factor of two to v e improvemert in the
communication requiremerts to the GPU, our frame rates do not improve by
a similar factor. As the graphics community engagesn image synthesis for

ewver larger 3D point datasetsand asthe gap between processingspeedsand
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(a) Convertional (b) TS (c) Coverageby pools

1.17M Verts 1.17M Verts 878K Verts
29.8FPS 35.0FPS N/A
8.90MB 2.92MB 712KB

Fig. 13. The result of rendering Stanford's David. The numbers havethe samemean-

ing as Figure 12.

memory accesdimes grows ever wider, the impact of our method on graphics

rendering performanceshould rise even further.

One of the important considerationsin our method is the spacerequired to
encale the boolean interaction matrix. Recert advancesin e ciently com-
pressingboolean matrices (38) are relevant to sud encalings and suggesta
fruitful direction for future researt. At presen the GPU programmability
and the geometry instancing framework o er limited exibilit y in exploring
sophisticated boolean interaction matrix compressiontechniques. Still, sud
compressiontechniques could greatly assistin remote visualization applica-

tions.

We hope that our approat of transformation streamswill provide a road-
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(a) Convertional (b) TS (c) Coverageby pools

1.02M Verts 1.02M Verts 926K Verts
32.9FPS 43.4FPS N/A
7.75MB 1.25MB 565KB

Fig. 14. The result of rendering XYZ RGB's Manuscript. The numbers have the

same meaning as Figure 12.

map for future researt into how one can use multiple interacting streams
in the stream-programmingabstraction to map other problems of interest
on the GPUs. Our current results appear promising for combining stream
programming abstractions with traditional procedural graphics approades.
We believe theseare rst stepstowards more generalcombinations of multiple

data streamsfor processinggeometry appearance,and physical simulations.
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