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Abstract

Graphics Processor Units (GPUs) have emerged as powerful pgnaltegssors in recent
years. Although oating point computations and high level programming laggs are
now available, the ef cient use of the enormous computing power of GRillsegjuires a
signi cant amount of graphics speci ¢ knowledge.

The paper explains how to use GPUs for scienti c computations without grsyspe-
ci ¢ terminology. It offers an algorithmic view on GPUs with comparisons toleaaware
and parallel programming of CPUs. Two typical simulation techniques, namelypgsed
and particle based methods are discussed.

1 Introduction

Three major factors make the development of graphics haedbvased on com-
modity PCs truly outstanding in recent years. First, thenputational powenof
graphics processing units (GPUs) for commodity PC hardwasegrown much
faster than for CPUs. Second, the high performance is alaiktbavery good
cost/performance ratidg~inally, within the last 2-3 years, GPUs have becqre
grammabléeby high level languages.

From an abstract point of view, the GPU igarallel streaming processppar-
ticularly suitable for the fast processing of large arralisus, many researchers
have started utilizing graphics processors to enhancedtiermance of their spe-
ci ¢, in many cases, non-graphics applications and simoiest The special eld
of “General-Purpose computation on GPU (GPGPU)” has edo(gee GPGPU
(2005)), and Owens et al. (2005) offers a survey of this emgrgesearch area.
Although performance gains depend strongly on the appdicabne can say that
speedup factors around 5 against algorithms on the CPU ammonly reported.

Article published in Simulation Modelling Practice and Theory 13:8 (2005) 68I—



Instructions Processor

Operands (Data)

Memory

Fig. 1. Instruction stream processing

Memory
Cache

This introductory paper aims to give an overview on the GRwnfra data pro-
cessing perspective. It presents an abstract view on the &Péksible to anyone
experienced with CPU programming. The focus is on the maiceois that allow
us to determine if a given algorithm or computation can beiehtly performed
on the GPU.

The remainder of this paper is structured as follows. Se@idiscusses conceptual
aspects of GPU programming. Section 3 provides an algoictbmderstanding of
the GPU. Section 4 describes examples of GPU-based siondatand Section
5 discusses developments to be expected in the near futdréhaim impact on
scienti c computation.

2 Programming the GPU

This section presents a short discussion of GPU programniaegsing on the
concept of data-stream programming (Section 2.1) and agr@naming languages
(Section 2.2).

2.1 The Concept of Data Stream Programming on the GPU

Instruction stream programming is the traditional modeddugn CPU program-
ming. Its data model is based on a von-Neumann architeatdrere instructions
and data are stored in the same memory. Instructions retbetdata needed for
execution and potentially, to other instructions in theecat branching. During
processing, the data required for an instruction's exeous loaded into the cache,
if not already present. This model is very exible, but has thsadvantage that the
data-sequence is completely driven by the instructionesecgs yielding inef cient
performance for uniform operations on large data blocks.

In data stream processing, on the other hand, the processst con gured by
the instructions that need to be performed and in the negt stdata-stream is
processed. The execution is performed ef ciently by mangtdeparallel units in
the pipeline. Given suf cient memory bandwidth, and morarttone processing-
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pipeline, the execution is also parallelized in breadth isyridhuting it among sev-
eral pipelines. GPUs currently focus on breadth parattelising Single Instruc-
tion Multiple Data (SIMD) processing units (4 componenttees), and pipeline
arrangements similar to vector processors (16 pipelif&g)they will eventually
have to apply more depth parallelism (pipelining) to redileebandwidth require-
ments.

Data stream processing is advantageous when large dateshlodergo the same
operation, because this allows the memory ef cient stregnaind parallel process-
ing of the data. For a typical example, consider a matrixrixatditionC = A+ B
(assuming proper matrix dimensions). Listing 1 comparediifierent computing
paradigms. The outer two loops ovigr drive the data access in the instruction
processor, but do not have any effect on the nal result. Ttegraative data-stream
approach simply de nes the input and output arrays, anddbg body in aker-
nel, which is the code used to obtain a single resulting data enThis model
gives the processor the freedom to decide on the order oiamadn the outer
loops. This example is stereotypical for general purposeprdations on GPUs
and Section 3 further develops the understanding of lewega@PUs as fast array
processors.

2.2 Programming Languages

For programming the GPU one needs a graphics ApplicatiogrBnoming Inter-
face (API), which understands function calls similar tog@on Listing 1, and a
graphics language for the kernels that are passtxhttKernel

/I instruction stream /I data stream
for(i=0; i<NumRows; i++) setinputArrays( A, B );
for (j=0; j<NumcCols; j++) setOutputArrays( C );
Clillil= AL+BI; loadKernel("return a+b;");
execute( );

Listing 1: Two implementations of the matrix-matrix additi The small lettera; b
used in the kernel program refer to the current elementseofrtiaitriceA; B .
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The two major graphics APIs are OpenGL (2005) and MicrosdirectX (2005).
Implementations of these APIs are available for a varietgiofuages, e.g. C/C++,
Java, Delphi, Fortran, Perl. But both, OpenGL and DirectXeagraphics pro-
gramming and thus one must encapsulate the native API auradity in a library
to make the code look as nicely as in Listing 1.

The kernel programs can be written either in assembly or €Hiigh level lan-
guages, which are preferred. For OpenGL, the OpenGL Shadimguage (GLSL),
for DirectX9 the High Level Shading Language (HLSL) can bedusI'he third lan-
guage Cg (“C for graphics”) can be used with OpenGL and DirgbtiX requires a
compiler to translate the code to the required platform.

Current GPUs contain two programmable stages where keraelb& executed:
the vertexand thefragmentprocessor. Accordingly there are two types of kernel
programs.vertex programsand fragment programs. In array processing vertex
programs typically control the index ranges of the inpuagsrand fragment pro-
grams contain the operations to be executed on the dataa@oént programs are
usually the most important part of the algorithm as in Ligtin In this example, no
vertex program needs to be speci ed because the entiresaarayused.

Recapitulating, one needs several pieces of code to impleamearray operation
on the GPU: the data- ow speci cation written in a common higvel language
using the graphics API, the fragment program for the datgoedation in a graphics
language, and possibly a vertex program for the settingdeEXmanges.

Several projects try to further simplify this procedure. Bt al. (2004); McCool
and Toit (2004); McCormick et al. (2004) describe stream @ogning languages
which extend C to provide simple data-parallel construztaliow using the GPU
as a streaming coprocessor. They abstract and virtualing aspects of the under-
lying graphics hardware so that the programmer does not teegaderstand how
to use the underlying graphics API.

3 An Algorithmic GPU Model

This section discusses basic properties of GPUs which aisigefor the design of
ef cient algorithms on this architecture. It focuses onlgeans that can be solved
by storing data in large arrays and operations that martgptitee array elements.
The ef cient implementation of data structures such askstatrees or hashes are
much more dif cult on GPUs and require a deep insight intodhghitecture. Con-
sequently, only the similarities and differences of CPUs@RtUs as fast data array
processors are discussed. The focus will lie on ef cient ipalation of large arrays

! historically, these programs are often calletex shadeandfragmentor pixel shader
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Table 1
Algorithmic CPU-GPU comparison

Property CPU GPU
native memory , 2D
layout

input arrays

native 1D; higher dimen
sions with offsets

native 1D, 2D or 3D; higher
dimensions with offsets

output arrays

native 1D, higher dimen;:

sions with offsets

native 2D; other dimensions
with offsets

overlap of input

: allowed not allowed
and output regions
gathers arbitrary arbitrary
scatters arbitrary global, regular, or emulated

supported through specula-primitive or no support,
tive execution, but still not should usually be resolved
desirable in loops by subregion processing

dynamic branching

highest precision
number format

double (s52el1l) or long

J
double (s63e15) oat (s23e8)

8 (= 16 pipelines 500
MHz 32 byte (2x oat4) =
PQI? 500=256bit)

2

ideal computa-
tional intensity for
oats

8, (= 3200MHz 16byte
(SSE oat4)= FSB300= 64
bit)

or large array regions which allow parallel processing efdiray elements.

3.1 Native Memory Layout

The native memory address space for a CPU is 1D. Due to thentpctechanism,
accessing a data element in direct 1D-neighborhood to teerecently used is
fast. Accessing elements farther away, in sense of the 1iBrais, is slower. Since
higher dimensional arrays are realized by applying adewéssts, the access is not
equally fast in all spacial directions, e.g. after readafiffj ] access t@]i][j + 1] or
afi]j + 2] is fast, while access tafi + 1][j ] is slow.

For GPUs the native memory address space is 2D. Thereforafr2is are native
objects for GPUs and data is commonly organized as a calecti 2D arrays.
Access times are optimal if the 2D distance to the currerdtlion is small, e.qg.
afterali][j ] access ta[i][j +1] andali +1][j ] is equally fast. Other dimensions can

2 in graphics terminology, a native 1D, 2D or 3D array is a 1D, 2D ott@&Rure
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Fig. 3. Memory layout for the GPU (left), CPU (right); dark gray indicdtest access.
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be represented with offsets as for CPUs, but this alwaysdedthe costs of offset
computations. Lefohn et al. (2005) discuss such kind of nmaysp

GPUs also support native 1D and 3D arrays to some extentgbtriations con-
cerning their usage apply. Additionally, 1D arrays lack tast access to vertical
neighbors in 2D, and for 3D the access to neighbors irzttigection is not always

as optimized as fax andy. Therefore, conceptually one can think of GPUs as fast
2D array processors.

3.2 Array Sizes

The sequential execution engine of a CPU can process any aofalata: large ar-

rays, small arrays and single elements. Depending on thhecire 0:5 4 MiB 3)

a certain array size is ideal for performance, but below e large sequential
data collections are better than many distributed smak ofer the GPU a similar
reasoning applies but with much higher factors. The lineedieyond which per-
formance starts to degrade signi cantly is very high§4 MiB). But performance

drops dramatically if only small amounts of data are proegsequentially.

Therefore, ef cient processing always has to specify aireatray or a suf ciently
large region thereof, say at led€i00elements. For 2D arrays the regions are typ-
ically rectangles. In general, a polygon, horizontal andival line segments, or
even a point cloud can also serve as a region, but this is igitlen order less
and less ef cient. The performance of GPUs bene ts signndg from large and
spatially coherent regions. Therefore, one usually opsran rectangular regions,
even if this leads to unnecessary processing of certaineglitsn

Currently each array dimension on all GPUs is restrictedd®6 Therefore, 1D
arrays cannot hold many items. On the other hadd@ 4096 oat 2D array
already consumes4 MiB, such that it is fairly easy to utilize the entire memory of
a graphics cardl28512MiB) with a few 2D arrays.

3 International standard IEC (2000):3ML0®, Mi= 220 and similar for Ki, Gi.
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3.3 Input and Output Regions

On the CPU itis possible to read and write to any array duringgaration. There
are no restrictions on the input and output addresses. $lasnvenient, but over-
lapping input and output regions causes severe cache gymeation problems and
thus can degrade performance.

The computation on the GPU is organized in processing sta@s @volving at

least thousands of elements. During a processing step GRsaim a clear sep-
aration between the input and output regions (with few gemiceptions). This
avoids data synchronization problems and allows masspeigllel processing of
the array elements, and long pipelines. The output arrayaHb operations are
always 2D, while the input arrays may be 1D, 2D or 3D.

There are current restrictions concerning the maximal remol input 32) and
output @) arrays which can be involved simultaneously in a procegsstep. But
both numbers are likely to rise signi cantly in the near ftgu

3.4 Data Flow

Given several input and output arrays, the steps of an #hgorare mainly a com-
bination of two different types of data ow:

Gather: After specifying the output regions, each element of thgwoutegion
is computed by combining the information from various posi$ of the input
arrays.

Scatter: Having speci ed an input region, each element of the inpgiae de-
termines both the position and the value of a correspondingub element. In
general, the same output value may be written to severdigosior to none.

If several values are written to the same output positionga walue may
either replace the old one or all values may be accumulated.

In the rst case the output region is clearly structured draihput elements maybe
chaotically distributed, in the second case it is vice veBssh types of data ow
are often used simultaneously.

For CPUs there are no restrictions from which positions inrpet arrays the data
is gathered, and to which positions in the output arrays scettered. For GPUs
there are also no restriction on the gathering, but scagas highly restricted.
There are four options for scattering:

Global static scatter, i.e. the same index offset is applied to all output positions
Point cloud scatter, i.e. each output location is processed individually, idahg
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possible discards and overwrites of output values. Praagss$ point clouds is
signi cantly slower than the processing of rectangularoeg.

Scatter reformulated as gather, i.e. a gather operation is performed which pro-
duces the same result as the scatter. This technique cénasediwith multiple
output positions per output value, but for an ef cient gatbperation the scatter
must have almost the same form for all input positions. Igi¢bk offsets of the
output positions to the corresponding input position agedame for all input
positions.

Sorted scatter, i.e. initially, data is not scattered but rather the outpagifion is
appended to the output value and the items are sorted angaalithe output
position in a subsequent step. To reduce sorting requirenaesmall bound on
the maximal offset of the output position to the correspogdnput position is
helpful.

Hence, gather operations are exploited widely on GPUs,enthié above scatter
emulations must be applied when complex scatters cannetideal in algorithms.
On the other hand it is sometimes advantageous to use glalialscatters instead
of gathers (see Section 4.1).

3.5 Conditionals

Within the loop body the CPU may always execute element degpeniftelse
branches or even nested loops. This often deterioratesrpehce and whenever
possible one should move the conditionals before the londgassibly code dif-
ferent loop bodies for different subsets of the processgidme

The same strategy should be applied more aggressively fois@@ecause the re-
sulting gains are higher. Formally GPUs also allow to usetramty conditional
constructs in loop bodies, but high costs are associatdddyitamic branches
they are not spatially coherent. Quickly oscillating biaes in a loop prohibit the
pure parallel SIMD processing of the array elements. Tloeeefideally the same
operations should be applied to all elements of the inpubresg The problem lies
only with the dynamic branching, i.e. when different codexecuted depending
on a condition, e.g. conditional assignments with the tgr@aoperator?: or un-
rollable loops, i.e. loops with a xed number of iteratioase not a problem.

3.6 Number Formats and Operations

CPUs natively support integer and oat operations of différprecision. GPUs
currently have no integer formats and offer xed point angtmg point numbers
of different precision. Major representations are 8 bitdygoint numbers and s23e8
single oat. Besides the scalar values, GPUs also have naégtors of up to 4
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components, e.g. oat2, oat4. Basically all standard matla¢gical operations (e.qg.
+-*/, sin, atan, log, sqrt, pow) are available and most ohthean be executed
directly on these native vectors. Therefore, they shoulaldael when the input data
suggests such a grouping, but it is not necessary to formtitat entire code in
oat4 operations, e.g. GPUs can process a scalar and a oesttead of a oat4
operation (co-issue).

In scienti c computations GPUs usually operate on oats @hiare four times
larger than the previously used 8 bit xed point numbers;sttive bandwidth re-
guirement has quadrupled. This leads to a similar situatsoon the CPU, that more
operations can be executed in the chip than the memory bysroaigle data for in
one clock cycle. Thus current GPUs requirecanputational intensitpf approxi-
matively 8, i.e. 8 operations must be performed on each eatfrom memory to
keep the processing power and the memory bandwidth in balanc

3.7 Summary

GPUs are fast 2D array processors. They concentrate on th#epgrocessing

of the array elements and therefore require a relativelyelaegion (e.g. 32x32
elements) in each processing step. During the processépgtisé corresponding
input and output regions must be distinct. The data ow isnanily controlled by

gathering arbitrary elements of other input arrays whike seattering of output
values must be realized with other methods. Concerning tpesaall standard
mathematical functions are available but conditionalsughbe avoided inside of
loops. Table 1 also presents a summary of the main properties

4 Scienti c Computations on the GPU

Data in scienti c computations is often represented inysrand large data regions
undergo the same operations. The GPU is optimized for sumtepsing and can
therefore speedup the solution of various problems. Twalaospatial discretiza-

tion methods for differential equations are discussed,atagrids and particles.

4.1 Grids

Grids discretize a continuous domain by introducing a nunobeliscrete control
nodes in the domain. In these locations the nodes typicaflyasent the value of
the continuous function (Finite Differences), or the imt@gf this function in the
surrounding Voronoi cell (Finite Volumes), or the integoathis function weighted
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by a basis function of this node (Finite Elements). In anyedhe collection of the
nodal values forms a nodal vectér= (V,)i2, , wherel is some enumeration of the
nodes. This vector is the discrete representation of théreeyus function in the
domain.

On the GPU the nodal vectdf is stored in the native 2D or 3D arrays. Given a cer-
tain node one often requires access to its spatial neighdmes For unstructured
grids this is cumbersome on GPUs and the reader is referiddlroet al. (2003);
Krueger and Westermann (2003) for possible arrangemeatsiylhamic adaptive
grids see Lefohn et al. (2005). But for tensor grids the sibaat very convenient.
If the nodal vectoV of a d-dimensional tensor grid is stored indadimensional
array, then the spatial neighborhood relations are predervthe array. For ex-
ample, the nodal vectdv¥ of a 257 257 grid discretizing[0; 1] can be stored
in v[257][257] such that the node valy€ | ) is stored inv[i][j ]. In most GPU ap-
plications the tensor grid is even xed with node positiqus= j=w;y = i=h).
Note that irrespective of how the vectors are stored, theyalways treated as one
dimensional structures in the following linear algebraragiens.

When numerically solving a differential equation, the désimation procedures of-
ten result in explicit (e.gX "** = AX" + F™M) or implicit schemes (e.cAX "*! =
X"+ F") with some matrixA = (Aj; )ij 21 . Because the matrix usually also de-
pends on some data (e4(X";F")) there are two main computing tasks: the
assembly of the matrix and the matrix vector product. Themabty of the ma-
trix often involves differential or even integral quargsi and non-linear mappings.
For the implementation on the GPU the required operatioasat so important
since all of the standard mathematical functions are availd he main question is
which types of data ow (gathers, scatters) are involvede Tatrix vector product
is used to demonstrate the different data ow types.

A matrix vector product can be formulated as a series of gathe series of scatter
operations. Considering the gathers rst, the matrix vegi@duct is a series of
gathers in form of inner products between the matrix rowstaad/ector:

0 1

X
AV = A V . @ A;VA Ai = (Ajj)j21  (matrix row)
izl i21

The fragment program implements the inner prodDLJgI Ai; V. Recall that the
outer loop ovet is implicit, see Section 2.1. This executes fast on the GRbeif
node values required to compute the new elenidin); are spatially (in the grid)
close toV,. Commonly, band matrices are encountered which ful Il thisgerty.
A matrix band is de ned as the vectbr
AkZ: (Ai k;i) k21l:

21

4 illegal matrix entries, e.gA 1.0, are set to zero
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For example in 2D, if for all 2 | the computation of the eleme(AV); requires
V; and its 8 spatial neighbors, then the matrix @agsnds. The gathers in the matrix
vector product can be executed in parallel very ef cientiythey only access 2D
neighbor values of the current input value, which is very fase Section 3.1).

Similar to the other vectors, bands are stored-démensional arrays on the GPU.
When the matrix is represented in this form the assembly afiiieix is also easy.
One de nes the arrays as output arrays and executes a kehine assembles the
bands of the matrix in the problem speci ¢ manner.

If the matrix vector product requires slow accesses to &fae away from the
current input value, a reformulation in terms of global istatatters (see Section
3.4) is advantageous:

X
AV= T A V :; X Y o= X Y Tk(X) = Xiek
k

Here, denotes the component-wise multiplication, and the glstatlc scatter is
represented by the index translatibn This version needs two processing steps.
The rst step computes the component-wise multiplicationdll matrix bands in

a fragment program. The second step executes the sum ovegsthlés from the
rst step in a new fragment program, and a vertex programqueré the index
translations. So the slow access to distant values negesstre former gather
formulation, is replaced by a series of cheap index traiosiat But because the
translations are global this scatter reformulation is @gplicable to band matrices
or at least matrices with local band structure. See Bolz €280D3); Krueger and
Westermann (2003) for totally unstructured sparse mairice

Unfortunately, there is one more complicating factor conicey linear algebra op-
erations on GPUs. Because of the very low computational sitierthe matrix vec-
tor product cannot exploit the high parallel processing @owf GPUs (see Section
3.6) and thus performs very bad. The solution to this probethe intermingling
of the assembly of the matrix with the matrix vector prodddie matrix should
almostneverbe assembled completely on the GPU. Only few expensivemaer
diate results should be generated. Then, instead of eregcite totally inef cient
pure matrix vector product, it is combined with the assendddp which nishes
the generation of the matrix on-the- y before each prodiitis increases the op-
eration count but the few intermediate results decreaseahdwidth requirements
and thus dramatically gain performance. Rumpf and StrzodR8Y5) give more
details on this technique.
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Fig. 4. Data storage concept for particle systems (left) and two depth-asaparts of a
complex boundary representation of a statue (right).

4.2 Particles

Besides grid-based approaches, particles are often usmalitatons, in particular
in Computational Fluid Dynamics (CFD). In general, the p&tan a particle sys-
tem can be uncoupled, statically or dynamically coupledrt®ig with uncoupled
particles, only the particle motion needs to be computed.

Since the GPU's native memory layout is 2D (see Section thé)data for a single
particle is naturally stored at a unique 2D array positioeareral arrays (see Fig-
ure 4, left). Given the positioR", the velocityy', some forcd=" and the time-step
width in time-stepn a particle with masa is traced

="+ ¥ =¥+ F'=m:

Because input and output regions are distinct on GPUs (sé®®$8c3) two arrays
for the data of two consecutive time-staps + 1 are needed, and a ip- op algo-
rithm which exchanges the role of input and output. The alfosmula describes
rst order motion. Applying higher precision integratioppssibly more than two
data arrays have to be used in a ring-buffer like manner. Metails can be found
in Kipfer et al. (2004) and Kolb et al. (2004).

Correct treatment of boundaries is very important for pkrtimotion. One can
represent the boundary using simple primitives paranmgdrby a set of static
variables. Alternatively, more complex shaped boundaréasbe described using
several 2D distance-maps from different perspectivesKgpee 4 right and Kolb
et al. (2004)). Each distance map represents a speci cquodif the boundary as
z-distance values w.r.t. a 2D-plane in an appropriate looafdinate system. Of
course, this approach is restricted in the sense, that tocedavities may cause an
erroneous boundary representation.

In uncoupled systems the forcE$€ may be dynamically computed, time-varying
and attracting or repelling point-forces, or static andogld3D-force- elds stored
in 3D arrays. In coupled systems the foré&sdepend on the position of other a-
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priori speci ed particles (static coupling), or all pats in a certain neighborhood
(dynamic coupling).

The above data concept can be easily extended to staticalpled systems using
the gathering technique. The demonstration NVIDIA (200%)vss the principal
approach using simple linear springs.

In dynamically coupled systems usually thanearest neighbor problem has to be
solved. Parallel sorting algorithms can be utilized to imeah sorted scatter ap-
proach (see Section 3.4). Algorithmically, parallel sugtis not optimal due to its
runtime complexity, but only these kind of algorithms carused on GPUs. Kipfer
et al. (2004) use the bitonic merge sort for global partiolisg combined with a
space subdivision technique to approximatively detedt@esparticle collisions .

Applying this technique to more complex coupling schemeatiser dif cult, e.g.
Smoothed Particle Hydrodynamics (SPiHpdels uids based on particle motions
and applies forces to ensure the Navier-Stokes equatiees@sgold and Mon-
aghan (1977)). Here, the neighborhood may include severalried particles and
approximative neighborhood detection causes problemsdiscontinuous forces
over time. Miller et al. (2003) discusses a cache optimized CPU implemtient
allowing interactive SPH simulations up to a few thousandigas using a space
subdivision technique. Kolb (2005) gives a concept of impating dynamic cou-
pled particle systems on the GPU without sorting. The ke ideio accumulate
force contributions of single particles described by thédSfuations in 3D ar-
rays, which represent a spacial discretization. The riegulorces are modeled as
accumulations of 3D “foot-prints” of the particles.

Using GPUs for particle simulation performs well for unctagbparticle systems.
Up to 1 Mi particles can be interactively simulated and readeThe high compu-
tational costs for keeping track of the spatial neighbodhfwy dynamic coupling
reduces the interactivity signi cantly.

5 Future Developments

The recent trends in increasing processing power are eeghextontinue as GPUs
continue to drive ever improving graphics for games. A Igvge of this progress
has been improvements in control ow for the vertex and fregtrprograms in the
GPUs, including features such as predication, loops anggu recent change
in the graphics pipeline that improves program exibiligytheuni ed shader ar-

chitectureused in Microsoft's XBox360 GPU. This architecture uni es attwas

separate physical GPU resources in the vertex and fragmegitagns and creates

5 not all neighboring particles are detected

679



a single large resource for both types of operations. Foulsition this can result
in potentially better performance as most computationgparrmed in the frag-
ment program and the vertex program is often idle. Anothaiuie of the XBox360
GPU is a scatter write. This instruction allows the progranwtite to several dy-
namically computed addresses in the video memory with@utaktrictions seen in
current GPUs. Similar functionality is to be expected irufetGPUs for PCs.

As kernel programs have become more common place in GPUcapiphs the

length of these programs has grown. At the same time the nuafilmeitputs that

can be written to memory in parallel has not increased aslisagtuture games
will tend to have more instructions per fragment and curesrt future GPUs will

take advantage of this increased arithmetic intensity byeiasing the number of
instructions that can be executed in parallel on the GPUIpekcycle. Recent PC
graphics chips have 16 pipelines while the XBox360 GPU has 48.

Future APIs will look towards an increasing focus on staddad oating point
behavior by using the IEEE standard for 32 bit oats. Thislwitsure that simu-
lation results from GPUs closer match to those computed bys<CPuUring recent
years different generations of GPUs have had varying progiaes and the rapid
change in these variations has made it dif cult for users o the underlying
capabilities of any particular hardware. This has lead tésAiRoving towards re-
quiring the hardware to provide virtualization of hardwagsources and allowing
the API to present the programmer with a programming modsl s unlimited
resources in terms of instructions and registers.

Modern games are using a form of lighting know as High DynaRacge (HDR),
which typically uses oating point precision to represeight in a scene. As this
becomes common place in most games, GPUs will start to chiédwggprevious
focus on low precision number formats such as 8 bit per cHamtkincreasingly
start to optimize for higher precision such as 32 bit oatpgnt. This change in
focus will also improve performance for simulation and caaion using GPUSs.
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