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Abstract. The focus on throughput and large data volumes separatesriafion
Retrieval (IR) from scientific computing, since for IR it igt@cal to process large
amounts of data efficiently, a task which the GPU currentlgsiaot excel at. Only
recently has the IR community begun to explore the postdsjiand an implemen-
tation of a search engine for the GPU was published recemtpril 2009. This
paper analyzes how GPUs can be improved to better suit stgd data volume
applications. Current graphics cards have a bottlenecrdety the transfer of data
between the host and the GPU. One approach to resolve thisraak is to in-
clude the host memory as part of the GPUsS memory hierar@mctBnarks from
NVIDIA ION, 9800m and GTX 240 are included. Several suggestifor future
GPU features are also prensented.

Introduction

While the GPU is gaining interest in the HPC community, atheme more reluctant to
embrace the GPU as a computational device. The field of Irdtom Retrieval is a field
with large data volumes and computationally lighter agglans than traditional HPC.
For this reason the GPU has not yet gained the status as d saitgputational platform.
However, the WestLab3 research group at the New York Uniyenas recently created
a fully functional search engine [5] on the GPU with improyeatformance. While a
search engine often contains complex ranking schemes hadaalculations, it is still a
application bound by the large data volumes stored in a kéadex.

Handling large data volumes on the GPU is not trivial on auri®@PUs. A data
copy must be performed before the application can starttlamdesults from the GPU
must be copied back to the host after the completed calon&tMWhen handling large
data volumes this can cause critical delays which seriongbair the GPUs ability to
compete with CPU-only implementations. By introducind fiifeaming capabilities, the
GPU might be able to remove most of these delays and effigitnathdle large data
volumes.

This paper will suggest improvements that can be made tolematore GPUs to
efficiently support large data volumes, and ease the dewelapprocess of such applica-
tions. The NVIDIA Tesla Architecture and the NVIDIA CUDA pgoamming extension
will be used as the representative of current GPUs. Morelddtenodels and further
references can be found in [3].

1The authors would like to thank NVIDIA for the donations oétgraphic cards benchmarked in this study.
This work was done while the first author was a master studedTBU.



1. GPU performance char acteristics

While the GPU allows general-purpose calculations to béopmed, it is not a fully
general-purpose processor, and thus has a bias towardsgggppocessing. This bias has
made the architectural designers make certain tradeoffsregard to performance to
create the optimal GPU for what NVIDIA considers to be its maiarkets. This section
will shed light on some of these performance charactesistic

1.1. Host to device transfers and GPU global memory

When using a GPU for computations, it usually requires daiaput and in most cases
produce output data. These data must be copied to and fro@Rhbks memory, since the
GPU is unable to access the host memory while performingdlmilations. This copy
operation can be costly in many applications, especiallg&ta intensive calculations.
NVIDIA Tesla GPUs have two levels of memory hierarchy [4].€Tlarge storage
capacity is provided by the global memory which is currenfito gigabytes. When data
is copied from the host memory onto the GPU, it is copied ihte memory. An access
to this memory is slowed down by a latency between 400 and B@®& cycles [2], and
is thus not able to fulfill the role as high bandwidth memony.ifiprove performance,
global memory allows memory access to adjacent addressesgmuped together into
one read or write operation. This approach is called coateszad and write operations.

Paging and Direct Memory Access

Modern operating systems allow programs to use more merhanythysically available
though the use of pagin@]. Paging allows memory to be automatically swapped out
to a hard-drive when it is not needed, and thereby freeingiphlymemory for other
uses while still maintaining the integrity of the virtual mery. The main drawback with
this technique is that only the operating system knows tlaetdocation of a memory
segment since it may be moved around due to memory swappisgubations where an
exact memory location is needed, page-locking can be udesd.i§ mostly used when
using Direct Memory Access (DMA), since DMA allows memonyp@ss to be handled
by a DMA handler instead of the CPU.

Data transfers to GPU

All copy operations between host memory and device memori@IDIA GPUs re-
quires the use of DMA. Since most memory locations are not DAd&essible, there
are two techniques which can be used. The first solution itot@ sl data which will
be used on the GPU in page-locked memory locations. Thistialmays feasible since
page-locked memory locations are a scarce resource. Taeaytion is to copy the data
to a page-locked memory location before copying it to the GPtis approach requires
an extra memory copy which can be costly. When to use whichetwo techniques
depends on the usage of the data. For data which will be caofied to the GPU it may
be best to use dedicated page-locked memory, while for dioreeopy one may just as
well use the second technique [4].

In CUDA, both techniques is supported automatically basedtich type of mem-
ory location that is given to the copy-instruction [2]. Byfalelt, a pageable memory lo-
cation is given when using the standard C/C++ command maliot if such a memory
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Figure 1. Host-device bandwidths for NVIDIA ION, 9300m, and GTX 280

location is given to the copy instruction in CUDA, it will cgphe data to a page-locked
memory location before copying it to the GPU. To allocate gegglmcked memory lo-

cation CUDA provides a method cudaMallocHost. Which of the techniques to use
may wary from application to application, but the measuraddwith when using the
techniques in a simple test-case on the NVIDIA ION, 9300m@diX 280 can be seen
in Figure 1.

1.2. Data Access

In large data volume applications, the data may be too lardi¢ in memory and hard-
drives must be used. This means that any data which shoulddzeraust be read into
main memory before it can be used. If this should be done oGP, it is even more
cumbersome, since it must first be read into memory, befdarglwepied onto the mem-
ory of the GPU. The results calculated at the GPU must als@pied back to the host-
memory if it is to be used further by the CPU.

Modern hard-drives are considered to be the bottleneckyépplication operating
over large datasets. The highest transfer rate12 foundiktaimedread for a hard-drive
was 171MB/s13 which is fairly low considering the memory thardth of the new Intel
Core i7 processorl4 which is 25.6GB/s. The bandwidth of ttatesfers to and from the
GPU which was found to be close to 6GB/s [4].

This time required can be expressed as a function of the drard-atencyL 1p,
sizeS, and hard-drive bandwidtBy p of the data transfer as given in Equation 1:

S
T=Lup+o— @)
BHp



This equation describes the simplest form of data accessevthe data is stored
uncompressed on a single disk. Once read, it is stored Wjiracthe location where it
will be used.

2. Compression and GPU off-loading

A search engine [1] can be considered to focus on High-ThrpugComputation (HTC)
rather than a High-Performance Computation, as long asthady of a single query is
below a certain threshold. This query-latency is the timefthe query is given until it is
answered. There are many components of this latency, ametti@val of the index-entry
is one of them.

To reduce the impact of the hard-drive transfer rate, on@isartompression thereby
reducing the size of transferred data. This compressiarcesthe time required to trans-
fer the data, but introduces a computational step which diexthe data and copies it
over to the final memory location.

The new equation for the time required to access the entrgtwthkes into account
the time Ccomp required by the added computational step len@dmpression ratio
Rcomp is given in Equation 2:

Reomp
Bup

T=Lup+S-( + Ccomp) 2

By offloading the decompression to the GPU, the CPU is freetfopm other tasks,
and the overall throughput of the system may increase euee iime required to fetch
an index-entry may increase.

2.1. Data copy hiding

Current GPUs are incapable of reading directly from the tainde, and the hard-drive
is unable to write to the GPUs memory. However, it is possiblperform most of the

transfer to the GPU parallel with the transfer from the hdrigte to system RAM. This

is done by dividing the transfer into n parts, and start cogy part to the GPU asyn-
chronously as soon as it is read from the hard-drive. By dngdke right size to parti-

tion the transfer into, the extra time needed to copy datedxPU would only be equal
to the time needed to copy the final part.

The operation of copying of the result to the host-memory isexcumbersome to
remove, since it will be used by other parts of the system,i@nlifespan may not be
known. It is therefore best to free its memory location on@RlJ and instead maintain
it in host-memory which is more cost-efficient.

2.2. Memory Mapped Files

The last approach which can be considered is to use Memonryp&thpiles which is
specified in POSIX [20] through mmap(). This is a techniquécvitreates a memory
pointer to a Virtual Memory location in which the file is magpén this way, the file
can be accessed as if it were residing in the memory, and skeofaactually supplying
the data is left to the operating system. By choosing thisaggh, the programmer can
utilize efficient
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Figure 2. Memory mapped vs. parallel data transfers
2.3. Preliminary Performance Analysis

To determine if either of the two proposed improvementsgdapy hiding and memory
mapped files) would give improved performance over the kagicoach, a test case was
developed. By measuring the time each of the three appreaskdo read data of various
sizes from file and make it accessible on the GPU, an indicaticthe performance gain
by the improved approaches could then be found. In Figurbespeedup of the two
improvements with regard to the simple approach is giverodescan see, the memory
mapped files obtains much better performance than the etberfgproaches. The hiding
of data copy approach does not achieve noticeable speetligsmight be due to an
added cost of initializing multiple file reads and data cepie

3. Expanding the memory hierarchy on next-generation GPUs

This section describes how the memory hierarchy of futuchitecture should be ex-
panded to improve the usability for developers of large datame application. In this
context, a number of suggestions for minor changes to tHa Aeshitecture and CUDA
are also provided.

3.1. Expanding the Memory Hierarchy

The current Tesla Architecture allows the GPU to have its oedicated memory or
using a part of the host memory as device memory. Any datahniki¢co be used by
the GPU must be copied into device memory before a kerneltialined. Any results
from the kernel must be copied back to host memory after di@trhese requirements
forces any CUDA application to contain three steps; dagato device, execution and
data-copy from device.

When transferring large amounts of data between the hostevide memory, it
may be beneficial to start computations before all the dalecisted on the GPU. The



current Tesla Architecture allows this to be done by usingashs, where both the data
transfers and computations are divided into batches whielparformed in an overlap-
ping manner, thus hiding some of the data transfer cost. Mevnitializing multiple
kernels is costly.

Direct host-memory access

Allowing the kernel to directly access the host-memory reesothe need for host to
device transfers in most cases. Syntactically this woulsitnéar to accessing any other
memory location on the GPU, but it would have a higher costiims of lower bandwidth
and higher latencies. It would therefore be up to the dewltpreduce the number of
accesses to host-memory to a minimum by pre-fetching détedievice memory such
as global or shared memory.

For an application with large volumes of data, this posiybtb access the host-
memory directly would remove the need to divide the caléofainto several kernel
executions when the data exceeds the size of device memadtty.thé direct-access
approach, the kernel can simply fetch more data into thecdeaemory, while discarding
used data without the need to return control to the CPU.

The dedicated GPU memory on the current high-end NVIDIA sasdasignificantly
faster compared to the low-end NVIDIA ION system which usieleoDDR2s and also
a less powerfull CPU than typcially found on high-end PChiwéparate graphics cards.
Not surprisingly, the higher-end cards are therefore ciiydaster, despite the shared
CPU-GPU RAM for the ION. This was seen in Figure 1 where the &BR with dedi-
cated memory outperformed the 9300m and ION which use loeahony.

Customizing Memory Hierarchy

When allowing direct access to the host-memory from thedeinpractically adds an-
other level to the GPUs memory hierarchy. This added laykchange the usage of the
device-memory since it would allow for more data accessepadt Through the added
layer of GPU memory, the need for large device memory loaatiwill be more indi-
vidual. One can thus envision a more customizable deviceaneon the GPU to tune
the size to the individual needs. Since the GDDR memory us&PUs is more expen-
sive than DDR memory used for local memory, this custormizetif memory hierarchy
would allow for more cost-efficient installations. It mayalallow the GPU access to
more memory when computing.

Combining Dedicated and Shared Memory

If enabling customizations of the memory hierarchy is nessfble, there is another ap-
proach which seems easier to implement since most aspestiedhexists in current
GPUs. By allowing the GPU to use both dedicated and local nmgasdevice memory,
but dividing them into two distinct levels in the memory tdgshy, the same effect can
almost be achieved. It would, however, require that the CBU laas write permissions
to the host-memory used as device-memory, and that all daitthwthe GPU will use is
stored in this memory location.



Caching Problems

When using either of the two suggested approaches for kaneelss to host-memory,
there will be issues with CPU caching that must be resohiadeghe data stored in the
host-memory may not be the valid version due to cache angeldlarite-back. These
problems are assumed solvable in our study.

Zero-Copy in CUDA 2.2

The Zero-Copyfeature was recently introduced in CUDA w@a14.2. Its main purpose is
to allow the user to do, to some extent, what is suggestedsrséttion. By allowing the
user to access page-locked memory from the GPU, the needpgrarior to and after
kernel execution can be eliminated. However, page-lockechany is a scarce resource,
so the developer may still be required to do extra copy ojmersiif there is extensive
memory usage on the host.

3.2. Additional Improvements

Using CUDA to develop large data volume applications can berabersome process.
To increase the usability of CUDA for such applications, wesent a number of im-
provements aimed at simplifying the development proced®aable more compact and
understandable code.

Caching

While caching is currently not supported for normal data omrent Tesla Architecture,
there is still a way to have the GPU handle caching. By clajntiirat the data is a texture,
the GPU seizes control of the data access and caches thes@aahe Texture-memory.
One thing that must be noted is that by marking the data astaréit is read-only
since there is no write-back on the caching. If cached daakered the result when
accessing the data is undefined. While this limitation isceeptable in many situations,
there are applications for which this does notimpose a prablTo use data as a texture,
it is only necessary to instruct the GPU to treat the data agtare. Any data may be
handled in this manner. However, the syntax for doing so doésesemble the normal
way to handle data access, and it may be confusing to useefbherCUDA should
include functionality to enable caching for data withouerencing textures since this
may easily be implemented as a syntactic sugar without aeseéibns to hardware.

Extended Host-Device Synchronization

The CPU and GPU have different objectives and will thereforinue to have different
characteristics. To utilize the computational systemmally, calculations should be
performed on the processor that gives the best overall pedioce of the system. This
would in many cases require rapid changes between CPU andc@lPllations and data
exchange between them. With CUDA, as it is now, this can oalgitme by stopping the
kernel each time the CPU should perform a calculation tre@RU depends on. While
this is a solution that enables interaction between CPU aAd,& is a cumbersome
process which complicates the development process. Artsetigtion would be to allow

halting the CUDA kernels by synchronizing with the CPU. listivay, there would

be a more intuitive interaction between host and devices Thh be solved by either



actually implementing synchronization in the architeetur by adding the functionality
as syntactic sugar which hides the process of dividing di@tinto multiple kernels.
To efficiently implement the second approach, the cost éfliding a kernel must be
reduced so that rapid control changes between GPU and CPbt@dfect performance
in to large extent. An possibility here is to implement it gatactical sugar first to see if
the developers will use it, and if so implement it in hardwaye approach like this will
be less costly as hardware changes are more expensive

3.2.1. Allow File Access

Both search engines and many other applications requige ata volumes which are
stored on disk. In the current CUDA environment, the GPU ocaaicess files directly.
The CPU must thus regain control and access the file, and t@pgata to the GPU
before restarting the kernel. Enabling file access from tR& @irectly can be difficult,
as it would require handling 10 between the GPU and the diske@sier approach could
be implemented if local memory access is enabled as dedcwib8ection 3.1. This
approach is to use memory-mapped files, which enables filesadcom the GPU by
masking the file as a memory location, and giving this memacgtion to the GPU. By
doing so, the operating system ensures that the data in ¢his ficcessible to the GPU
trough the virtual memory address that the file is mapped to.

4. Conclusion and Future Work

This paper took a close look at the current NVIDIA GPUs andhfed out the need for
certain features which would improve performance for ladg&a volume applications.
By including the host-memory in the memory hierarchy of tHelG like seen on the

low-end NVIDIA ION, new ways to access data during calculas can be developed.
Other benefits which reduce the complex code of large datam®lapplications have
also been suggested. Further reflections on how likely tfezgares are to be realized,
and what work lies ahead in the process of providing thegderfesican be found in [3].
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