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Message from the Program Chair

Welcome to the 15th International Conference on High Performance Computing (HiPC
2008), held at Bangaluru (formerly called Bangalore), India. Features at this year’s
conference included a single-track program with 46 technical papers selected from
317 submissions, four keynote talks by renowned experts from academia, two tutori-
als from industry, five workshops, a student research symposium, and a user/industry
symposium.

As in recent years, a large number of technical papers were submitted for considera-
tion, covering six topic areas of focus: algorithms, applications, architecture, communi-
cation networks, mobile/sensor computing, and systems software. In reviewing the 317
submissions, we used a two-phase approach as done over the last few years with HiPC.
A first screening pass was made through all papers by the area Vice Chairs to identify
papers that were clearly out of scope for the conference, either because the topic did
not fit the conference or the paper was of a survey nature, without original research
content. After the first pass, the remaining 285 submissions were reviewed, seeking at
least three reviews from Program Committee members. A number of external reviewers
also provided reviews for papers. A total of 978 reviews were obtained for the papers.
For papers with significantly differing opinions among Program Committee members,
e-mail discussions were used to find consensus. Finally 46 papers were selected for
presentation in 8 sessions.

One outstanding paper was selected for the best paper award. Each area Vice Chair
first nominated one or two of the best papers from their area. These papers and their
reviews were studied by the Vice Chairs, who then made their recommendations for
the best paper award. Based on the recommendations from the Vice Chairs, the pa-
per “Scalable Multi-cores with Improved Per-core Performance Using Off-the-Critical
Path Reconfigurable Hardware,” authored by Tameesh Suri and Aneesh Aggarwal, was
selected for the best paper award.

This year’s program featured keynote presentations from four distinguished speak-
ers: Wolfgang Gentzsch on the European distributed supercomputing infrastructure,
David Peleg on networked computers, Mary Wheeler on a computational environment
for subsurface modeling, and Laxmikant Kale on the “the excitement in parallel
computing.”

The quality of the technical program is critically dependent on the efforts of the
Program Committee members in providing reviews for the submitted papers. I thank
the 103 members of this year’s Program Committee. The assignment of papers to mem-
bers of the Program Committee was managed by the area Vice Chairs. I was extremely
fortunate to work with dedicated Vice Chairs. The Vice Chairs were David Bader (Algo-
rithms), Alan Sussman (Applications), David Kaeli and Martin Schulz (Architecture),
José de Souza (Communication Networks), Chen-Khong Tham (Mobile and Sensor
Computing), and Cho-Li Wang (Systems Software). I am very grateful to them for their
hard work in handling the reviewing within their areas and their significant contributions
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at the distributed virtual Program Committee meeting. Each paper’s review recommen-
dations were carefully checked for consistency; in many instances, the Vice Chairs read
the papers themselves when the reviews did not seem sufficient to make a decision.

Throughout the reviewing process, I received a tremendous amount of help and
advice from General Co-chair Manish Parashar, Steering Chair Viktor Prasanna, and
last year’s Program Chair Srinivas Aluru; I am very grateful to them. My thanks also
go to the Publications Chair Sushil Prasad for his outstanding efforts in putting the
proceedings together. Finally, I thank all the authors for their contributions to a high-
quality technical program. I wish all the attendees a very enjoyable and informative
meeting.

December 2008 P. Sadayappan



Message from the General Co-chairs and the Vice
General Co-chairs

On behalf of the organizers of the 15th International Conference on High-Performance
Computing (HiPC), it is our pleasure to present these proceedings and we hope you will
find them exciting and rewarding.

The HiPC call for papers, once again, received an overwhelming response, attracting
317 submissions from 27 countries. P. Sadayappan, the Program Chair, and the Program
Committee worked with remarkable dedication to put together an outstanding technical
program consisting of the 46 papers that appear in these proceedings.

Several events, complementing this strong technical program, made HiPC 2008 a
special and exciting meeting. As in previous years, the HiPC 2008 keynotes were pre-
sented by internationally renowned researchers. HiPC 2008 also featured a full-day
student research symposium prior to the main conference, which consisted of presenta-
tions and posters by students highlighting their research. The conference once again had
an industry and user symposium focused on “High-Performance Computing Technolo-
gies, Applications and Experience,” which ran in parallel to the main track, to bring
together the users and providers of HPC. This symposium and the main conference
came together for a special plenary panel on “Cloud Computing.” There were several
industry and research exhibits complementing the symposium and the conference main
track. The meeting was preceded by a set of tutorials and workshops highlighting new
and emerging aspects of the field.

Arranging an exciting meeting with a high-quality technical program is easy when
one is working with an excellent and dedicated team and can build on the practices and
levels of excellence established by a quality research community. HiPC 2008 would not
have been possible without the tremendous efforts of the many volunteers. We would
like to acknowledge the critical contributions of each one.

We would like to thank P. Sadayappan, Program Chair, and the Program Committee
for their efforts in assembling such an excellent program, and the authors who submitted
the high-quality manuscripts from which that program was selected. We would also
like to thank the presenters of the keynotes, posters and tutorials, the organizers of the
workshops, and all the participants, who completed the program.

We would specially like to thank Viktor Prasanna, Chair of the HiPC Steering Com-
mittee, for his leadership, sage guidance, and untiring dedication, which have been key
to the continued success of the conference. We would also like to welcome our new vol-
unteers to the team - your efforts are critical to the continued success of this conference.
Finally, we would like to gratefully acknowledge our academic and industry sponsors
including IEEE Computer Society, ACM SIGARCH, Infosys, DELL, NetApp, Intel,
HP, IBM, Yahoo!, Cray and Mellanox.

December 2008 Manish Parashar
Ramamurthy Badrinath

Rajendra V. Boppana

Rajeev Muralidhar



Message from the Steering Chair

It is my pleasure to welcome you to the proceedings of the 15th International Con-
ference on High Performance Computing and to Bengaluru, the leading center of IT
activity in India.

My “thank you” goes to many volunteers whose dedicated effort over the past year
has made this conference a successful endeavor. P. Sadayappan, our Program Chair,
has done an outstanding job in putting together an excellent technical program. I am
indebted to him for his thorough evaluation of the submitted manuscripts and his re-
lentless efforts to further improve the quality of the technical program. Manish Parashar
and Ramamurthy Badrinath as General Co-chairs provided the leadership in resolving
numerous meeting-related issues and putting together the overall program including
the workshops and tutorials. They were ably assisted by Rajeev Muralidhar, Vice Gen-
eral Co-chair. The industry track was coordinated by Rama Govindaraju with assistance
from Frank Baetke and Santosh Sreenivasan. We have several continuing as well as new
workshops. These workshops were coordinated by Manimaran Govindarasu. The web-
site was maintained by Yinglong Xia. Animesh Pathak acted as the Production Chair
overseeing various activities related to the Web and creating publicity materials. The
Student Research Symposium was organized by Ashok Srinivasan and Rajeev Thakur.
Rajeev Sivaram assisted us with the tutorials. The local arrangements were handled
by C. Kalyana Krishna and Raghavendra Buddi. Sushil Prasad interfaced with the au-
thors and Springer to bring out the proceedings. Manisha Gajbe and Ashok Srinivasan
handled the publicity for us. Sally Jelinek and Jyothsna Kasthurirengan acted as the
Registration Co-chairs. Ajay Gupta and Thondiyil Venugopalan were in charge of the
meeting finances. Sumam David and Madhusudan Govindaraju administered the stu-
dent scholarships.

I would like to thank all our volunteers for their tireless efforts. The meeting would
not be possible without the enthusiastic effort and commitment of these individuals.

Major financial support for the meeting was provided by several leading IT compa-
nies and multinationals operating in India. I would like to acknowledge the following
individuals and their organizations for their support:

N.R. Narayana Murthy, Infosys
Kris Gopalakrishnan, Infosys
David Ford, NetApp

Siddhartha Nandi, NetApp

B. Rudramuni, Dell India
Ramesh Rajagopalan, Dell India
Reza Rooholamini, Dell

V. Sridhar, Satyam

Prabhakar Raghavan, Yahoo! Inc.
Arun Ramanujapuram, Yahoo! India R&D
Vittal Kini, Intel Research, India
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Biswadeep Chatterjee, Intel Research, India
Venkat Natarajan, Intel Research, India
Manish Gupta, IBM India

Dinkar Sitaram, HP India

Faisal Paul, HP India

Venkat Ramana, Hinditron Infosystems

December 2008 Viktor K. Prasanna
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Extreme Computing on the Distributed European
Infrastructure for Supercomputing
Applications — DEISA

Wolfgang Gentzsch

Distributed European Initiative for Supercomputing Applications,
Duke University, USA

Abstract. Scientists’ dream of accessing any supercomputer in the world, inde-
pendently from time and space, is currently coming true, to perform even larger
and more accurate computer simulations, at their finger tip. Today, high-speed
networks transport data at the speed of light, middleware manages distributed
computing resources in an intelligent manner, portal technology enable secure,
seemless, and remote access to resources, applications, and data, and sophisti-
cated numerical methods approximate the underlying mathematical equations in
a highly accurate way. With the convergence of these core technologies into one
complex service oriented architecture, we see the rise of large compute and data
grids currently being built and deployed by e-Infrastructure initiatives such as
DEISA, EGEE, NAREGI, and TERAGRID.

With the aid of one example, in this keynote presentation, we will elaborate on
the Distributed European Infrastructure for Supercomputing Applications,
DEISA, which recently entered its second phase. We will describe the system ar-
chitecture, called the DEISA Common Production Environment (DCPE) and the
DEISA Extreme Computing Initiative DECI attracting scientists all over
Europe to use the networked supercomputing environment, and we will high-
light a few impressive success stories from scientists who achieved breakthrough
results so far which would not have been possible without such an infrastruc-
ture. Finally, we will summarize main lessons learned and provide some useful
recommendations.

Biography: Wolfgang Gentzsch is Dissemination Advisor for the DEISA Distributed
European Initiative for Supercomputing Applications. He is an adjunct professor of
computer science at Duke University in Durham, and a visiting scientist at RENCI
Renaissance Computing Institute at UNC Chapel Hill, both in North Carolina. From
2005 to 2007, he was the Chairman of the German D-Grid Initiative. Recently, he was
Vice Chair of the e-Infrastructure Reflection Group e-IRG; Area Director of Major
Grid Projects of the OGF Open Grid Forum Steering Group; and he is a member of
the US President’s Council of Advisors for Science and Technology (PCAST-NIT).
Before, he was Managing Director of MCNC Grid and Data Center Services in North
Carolina; Sun’s Senior Director of Grid Computing in Menlo Park, CA; President, CEO,
and CTO of start-up companies Genias and Gridware, and professor of mathematics
and computer science at the University of Applied Sciences in Regensburg, Germany.
Wolfgang Gentzsch studied mathematics and physics at the Technical Universities in
Aachen and Darmstadt, Germany.
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Towards Networked Computers: What Can Be Learned
from Distributed Computing?

David Peleg

Department of Computer Science and Applied Mathematics
The Weizmann Institute of Science, Israel

Abstract. The talk will discuss some key ideas and concepts developed by the
distributed computing community and examine their potential relevance to the
development of networked computers.

Biography: David Peleg received the B.A. degree in 1980 from the Technion, Israel,
and the Ph.D. degree in 1985 from the Weizmann Institute, Israel, in computer science.
He then spent a post-doctoral period at IBM and at Stanford University. In 1988 he
joined the Department of Computer Science and Applied Mathematics at The Weiz-
mann Institute of Science, where he holds the Norman D. Cohen Professorial Chair
of Computer Sciences. His research interests include distributed network algorithms,
fault-tolerant computing, communication network theory, approximation algorithms
and graph theory, and he is the author of a book titled “Distributed Computing: A
Locality-Sensitive Approach,” as well as numerous papers in these areas.
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Computational Environments for Coupling Multiphase
Flow, Transport, and Mechanics in Porous Media

Mary F. Wheeler

Center for Subsurface Modeling
Institute for Computational Engineering and Sciences
The University of Texas at Austin, USA

Abstract. Cost-effective management of remediation of contamination sites and
carbon sequestration in deep saline aquifers is driving development of a new gen-
eration of subsurface simulators. The central challenge is to minimize costs of
cleanup and/or maximize economic benefit from an environment whose proper-
ties are only poorly known and in which a variety of complex chemical and phys-
ical phenomena take place. In order to address this challenge a robust reservoir
simulator comprised of coupled programs that together account for multicompo-
nent, multiscale, multiphase flow and transport through porous media and through
wells and that incorporate uncertainty and include robust solvers is required. The
coupled programs must be able to treat different physical processes occurring si-
multaneously in different parts of the domain, and for computational accuracy
and efficiency, should also accomodate multiple numerical schemes. In addition,
this problem solving environment or framework must have parameter estimation
and optimal control capabilities. We present a “wish list” for simulator capabili-
ties as well as describe the methodology employed in the IPARS software being
developed at The University of Texas at Austin. This work also involves a close
cooperation on middleware for multiphysics couplings and interactive steering
with Parashar at Rutgers University.

Biography: After 24 years at Rice University, Professor Mary Fanett Wheeler, a world-
renowned expert in massive parallel-processing, arrived at The University of Texas in
the Fall of 1995 with a team of 13 interdisciplinary researchers, including two associate
professors, three research scientists, three postdoctoral researchers, and four Ph.D. stu-
dents. Professor Wheeler is not completely new to UT, however, having received a B.S.,
B.A., and M.S. degrees from here before transferring to Rice for her Ph.D. under the
direction of Henry Rachford and Jim Douglas, Jr. Drs. Rachford and Douglas, both of
whom conducted some of the first applied mathematics work in modeling engineering
problems, have greatly influenced her career.

With the oil industry’s strong presence in Houston, she was at the right place at the
right time to advance the leap from theoretical mathematics to practical engineering.
She correctly theorized that parallel algorithms would spur a technological revolution,
offering a multitude of applications in the fields of bioengineering, pharmaceuticals
and population dynamics. Her reputation as a first class researcher has led to several
national posts, including serving on the Board of Mathematical Sciences, on the Ex-
ecutive Committee for the NSF’s Center for Research on Parallel Computation and in

P. Sadayappan et al. (Eds.): HiPC 2008, LNCS 5374, pp. 3/4,]2008.
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the National Academy of Engineering. Housed in the Texas Institute for Computational
and Applied Mathematics (TICAM) on the UT campus, Professor Wheeler has brought
a level of prominence to UT that many believe will bring us into the forefront of applied
mathematics.

As Head of UT’s new Center for Subsurface Modeling (CSM), which operates as
a subsidiary of TICAM, Professor Wheeler and her team focus their computer-based
research on finding solutions for societal and environmental dilemmas using computer
simulations to help with, among other things, effective reservoir management within
the oil and gas industry. Understanding contaminant movement and enhanced oil re-
covery techniques can save billions of dollars in cleanup as well as production over the
next couple of decades. Hazardous waste cleanup is incredibly important to society, she
believes, and is an area of study that has only begun to be explored.

Because of the complexity of the problems, Wheeler and her associates must ob-
tain data about the geology, chemistry, and mechanics of a site before they can begin
to construct algorithms to accurately depict a simulation. Hence, the interdisciplinary
nature of the work, which no one individual within a single department could tackle
on his/her own. Yet Professor Wheeler has indeed made great strides toward obtaining
expertise in several disciplines key to the success of parallel computing. Indeed, she
holds joint appointments in the Departments of Petroleum and Geosystems Engineer-
ing, Aerospace Engineering and Engineering Mechanics, and Mathematics. She is also
the first woman to hold an endowed Chair in UT’s College of Engineering (the Ernest
and Virginia Cockrell Chair in Engineering).

Dr. Wheeler’s own research interests include numerical solution of partial differential
systems with application to the modeling of subsurface and surface flows and parallel
computation. Her numerical work includes formulation, analysis and implementation
of finite-difference/finite-element discretization schemes for nonlinear coupled pde’s
as well as domain decomposition iterative solution methods. Her applications include
reservoir engineering and contaminant transport in groundwater and bays and estuar-
ies. Current work has emphasized mixed finite-element methods for modeling reactive
multi-phase flow and transport in a heterogeneous porous media, with the goal of simu-
lating these systems on parallel computing platforms. Dr. Wheeler has published more
than 100 technical papers and edited seven books. She is currently an editor of four
technical journals and managing editor of Computational Geosciences. In 1998 she was
elected to the National Academy of Engineering.



The Excitement in Parallel Computing

Laxmikant Kale

Department of Computer Science
University of Illinois at Urbana-Champaign, USA

Abstract. The almost simultaneous emergence of multicore chips and petascale
computers presents multidimensional challenges and opportunities for parallel
programming. Machines with hundreds of TeraFLOP/S exist now, with at least
one having crossed the 1 PetaFLOP/s rubicon. Many machines have over 100,000
processors. The largest planned machine by NSF will be at University of Illinois
at Urbana-Champaign by early 2011. At the same time, there are already hun-
dreds of supercomputers with over 1,000 processors each. Adding breadth, mul-
ticore processors are starting to get into most desktop computers, and this trend is
expected to continue. This era of parallel computing will have a significant impact
on the society. Science and engineering will make breakthroughs based on com-
putational modeling, while the broader desktop use has the potential to directly
enhance individual productivity and quality of life for everyone. I will review the
current state in parallel computing, and then discuss some of the challenges. In
particular, I will focus on questions such as: What kind of programming models
will prevail? What are some of the required and desired characteristics of such
model/s? My answers are based, in part, on my experience with several applica-
tions ranging from quantum chemistry, biomolecular simulations, simulation of
solid propellant rockets, and computational astronomy.

Biography: Professor Laxmikant (Sanjay) Kale has been working on various aspects of
parallel computing, with a focus on enhancing performance and productivity via adap-
tive runtime systems, and with the belief that only interdisciplinary research involving
multiple CSE and other applications can bring back well-honed abstractions into Com-
puter Science that will have a long-term impact on the state-of-art. His collaborations
include the widely used Gordon-Bell award winning (SC’2002) biomolecular simula-
tion program NAMD, and other collaborations on computational cosmology, quantum
chemistry, rocket simulation, space-time meshes, and other unstructured mesh appli-
cations. He takes pride in his group’s success in distributing and supporting software
embodying his research ideas, including Charm++, Adaptive MPI and the ParFUM
framework. Prof. Kale received the B.Tech degree in Electronics Engineering from
Benares Hindu University, Varanasi, India in 1977, and a M.E. degree in Computer
Science from Indian Institute of Science in Bangalore, India, in 1979. He received a
Ph.D. in computer science in from State University of New York, Stony Brook, in 1985.
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Improving Performance of Digest Caches in
Network Processors

Girish Chandramohan'-* and Govindarajan Ramaswamy?

! Akamai Technologies India Pvt. Ltd.
2 Supercomputer Education and Research Centre,
Indian Institute of Science, Bangalore 560 012, India
gchandra@akamai.com, govind@serc.iisc.ermet.in

Abstract. Digest caches have been proposed as an effective method to
speed up packet classification in network processors. In this paper, we
show that the presence of a large number of small flows and a few large
flows in the Internet has an adverse impact on the performance of these
digest caches. In the Internet, a few large flows transfer a majority of
the packets whereas the contribution of several small flows to the total
number of packets transferred is small. In such a scenario, the LRU
cache replacement policy, which gives maximum priority to the most
recently accessed digest, tends to evict digests belonging to the few large
flows. We propose a new cache management algorithm called Saturating
Priority (SP) which aims at improving the performance of digest caches
in network processors by exploiting the disparity between the number of
flows and the number of packets transferred. Our experimental results
demonstrate that SP performs better than the widely used LRU cache
replacement policy in size constrained caches. Further, we characterize
the misses experienced by flow identifiers in digest caches.

1 Introduction

Network applications such as IP forwarding and packet classification involve
complex lookup operations. These operations have to be performed at wire
speeds and are the bottleneck in achieving faster processing rates in routers [1, |2].
Algorithmic techniques used for packet classification [2, 3] in routers need large
tables and require multiple accesses to main memory. Architectural optimiza-
tions proposed for speeding up this processing involve caching the data structures
used [I, 4, 5] or caching the results of the lookup |6, [7]. Cache based methods
exploit temporal locality observed in Internet packets. Consequently, the effi-
ciency of these schemes is dependent on the access characteristics observed in
real traces from the Internet. A clear understanding of the cache access patterns
is important in order to design a cache management policy for such applications.

Network processors (NPs) |, 19, [10] have emerged as a viable option to im-
plement network processing applications. The generic architecture of a network

* This study was conducted when the first author was at SERC, IISc.
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processor consists of a number of simple in-order cores that perform the data
plane operations [11]. These cores have support for multiple threads aimed at ex-
ploiting packet-level parallelism present in network applications. The cores have
small data and instruction caches to speedup network processing applications.
These caches are of size 2KB to 8KB typically [], (9, [11]].

In digest caching [7], a fixed, smaller length digest is obtained by hashing the
fields used in packet classification. This digest is stored along with the flow class
in a cache. Due to reduced the cache entry sizes, a digest cache of a few kilobytes
is effective in maintaining a higher hit rate than a result cache.

Previous studies propose maintaining the cache entries with the LRU cache
replacement strategy as it performs better than the LFU and probabilistic inser-
tion policies [7]. LRU cache replacement works well in the presence of temporal
locality. Internet flows however exhibit distinct characteristics which may be
used to obtain higher performance from these constrained caches. In the Inter-
net, a large number of flows have a single packet, whereas a small number of
flows have multiple packets and contribute to the majority of the traffic [12].
From a caching perspective, we observe that flows with a single packet do not
exhibit any (temporal) locality and hence it is not beneficial to store such entries
in the digest cache. More importantly, these single packet flows may evict digests
belonging to flows with multiple packets. We propose to exploit this character-
istic of Internet flows to improve the performance of a digest cache by using
a new cache replacement policy called Saturating Priority (SP). Under the SP
cache replacement policy, a new digest entry is inserted in a cache set with the
lowest priority. Its priority increases and reaches the maximum priority as more
accesses are made to it. During cache replacement, the item with the lowest
priority in the set is removed. Such a policy ensures that digests belonging to
single packet flows do not replace multiple packet flow digests. We evaluate the
miss rate with SP and LRU cache replacement policies using real traces collected
from different sites in the Internet. The SP policy outperforms the LRU policy
for all traces and cache sizes considered. For a 512-entry 4-way set associative
cache, it covers 74% of the gap between LRU cache replacement and an oracle
cache replacement policy which places digest entries in the cache only for flows
that contain multiple packets.

Further, we characterize the misses incurred by a LRU managed digest cache
and show that conflict misses are small compared to capacity and cold misses.
This shows that although digest caches can reduce a majority of packet classifi-
cation lookups, the size of the cache has to be substantially increased in order
to reduce the misses to a small fraction.

The rest of the paper is organized as follows. In the next section, we present the
necessary background for digest caches. In Sec. Bl we present the characteristics
of Internet traffic in terms of flow size distribution and describe our Saturating
Priority cache replacement algorithm. Sec. @l deals with the performance results
of the Saturating Priority algorithm. We present the related research proposals
in this area in Sec. Bl Finally we conclude in Sec. Bl
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2 Background

In this study, we consider a packet classification application 3] in which a tuple
consisting of the source IP address and port, destination IP address and port
and the protocol field are used to identify packets belonging to a particular
network flow. This 5 tuple, called the flow identifier, is used to map the packets
of a flow to a particular traffic QoS class. This methodology may also be used
in packet forwarding application where the port on which the packet has to be
forwarded is stored along with the flow identifier. In network address translation
(NAT) application, the digest cache can be used to lookup the address translation
information. A digest cache is a generic method for improving the table lookup
rate, a commonly used operation in network processing applications.

Src IP address Dest IP address Src Port | Dest Port PIrgt Result
S5 3 > 3 Sk —16—>K—16— K s>k —r—
K Flow identifier >{

Fig. 1. Result cache entry for packet classification

In case of packet classification for IPv4, result caching involves storing the 104
bit 5-tuple along with the QoS or forwarding information of size r bits as shown
in Fig.[[l The memory size required to realize such a cache with sufficiently high
hit rate could be large due to the large size of the entries. A recent proposal has
been to use a smaller digest of the 5-tuple instead of the actual values in the
fields |7].

2.1 Operation of a Digest Cache

We now describe the operation of the digest cache which was presented by Chang
et al. [7]. In case of packet classification, a digest cache works by using a hashing
algorithm on the 104-bit 5 tuple to generate a 32-bit hash [. The least significant
s bits are used to index into a set associative cache of 2° sets. The remaining
(32 — s) bits of the hash are used for tag check, after which a cache hit or miss is
known. Each cache block stores the r-bit result which is either the classification
information or the forwarding information, depending on the application, for
which the digest cache is used. Each cache block stores the result of only one tuple
as spatial locality is low in these applications. In case of a miss, the processing
proceeds by using a full classification algorithm. The digest that missed in the
cache replaces another entry in the set using a cache eviction policy that chooses
the victim. Steps involved in accessing a digest cache are shown in Fig. 2

The digest cache acts as a filter, servicing the frequently accessed digests.
Only those packets whose digests miss, go through the slower packet classification

1 NPs such as the IXP2400 and IBM PowerNP have a hash unit which may be used
to compute the digest.
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°

uery
esult

Fig. 2. Accessing an entry in a 4-way set associative digest cache

algorithm. A higher hit rate in the digest cache is critical for higher classification
rates as it decreases the number of packets going through the slower packet
classification step [5].

Each entry in the digest cache consists of a tag of (32 — s) bits and r bits of
classification information. Thus the total size of a digest cache with 2° sets and
k blocks per set (associativity) is

((32—s+41r)x2°xk)
8

Digest Cache Size = bytes (1)
The size of a cache with different number of entries and associativities are shown
in Table[Il Here, we assumed that 1 byte IP lookup or classification information
is stored along with the digest. This is sufficient for various diff serve classes for
which classification has to be performed.

Table 1. Cache sizes for different number of entries and associativities

Entries|4-way assoc.|8-way assoc.
512 | 2112 bytes | 2176 bytes
1024 | 4096 bytes | 4224 bytes
2048 | 7936 bytes | 8192 bytes

The IXP 2400 has 2560 bytes of local memory, a 16 entry content accessible
memory and a hash unit that may be used to implement a digest cache under
software control |8]. The CAM supports LRU replacement. However, we show
that using a different cache replacement policy could improve the performance
of the cache. The local cache in each processing core of an NP is small, around
2KB. In this study, we consider the performance of digest caches in a network
processor environment and consider cache sizes up to 8KB.

3 Improving the Performance of Digest Caches

Li et al., |[6] evaluate digest caches with different associativities, hash functions
and cache management policies. They propose a probabilistic insertion policy



10 G. Chandramohan and G. Ramaswamy

which only partially addresses the problem of the presence of large number of
flows. The benefit of this algorithm is comparable to the LRU replacement policy.
In fact, the probabilistic replacement policy and LFU replacement policies have
a higher miss rate than the LRU cache replacement with two of the edge traces
that they considered. On the other hand, we first study the distribution of flow
lengths in the Internet and their effect on LRU cache replacement. The number
of flows in the Internet, their lengths and rates influences the performance of the
digest cache. We then propose SP cache replacement policy which exploits the
widely observed disparity in flow sizes to find cache entries for replacement.

3.1 Flow Length Distribution in the Internet

An Internet packet flow is considered active from the time it sends the first
packet until it is idle, i.e, it does not send a packet, for 1 second. A similar
definition is used in [12]. Flow length is defined as the number of packets sent
when a flow is active. The traces from [13] that we use in our study are shown in
Table[2l Only Abilene trace has packets that are in both directiondd. However we
show that irrespective of the direction of the flow of packets, there is a disparity
in the flow lengths and the number of packets transferred by these flows.

Table 2. Traces from the Internet used in this study

Trace (Label) Type|Trace Direction|Files
Abilene Indianapolis Abilene Core| Bidirectional 12K-1091235140-1.erf.gz to
router (Abilene) 12K-1091308171-2.erf.gz
National Center for Atmospheric 20031229-223500.gz to
Research (NCAR) 20031229-221000.gz

. S FRG-1133754905-1.tsh.gz to
Front Range Gigapop (FRG) Edge| Unidirectional FRG-1133818534-1.tsh gz
PSC-1145580225-1.tsh.gz to
PSC-1145742328-1.tsh.gz
SDA-1141865872.erf.gz to
SDA-1142027975.erf.gz

Edge| Unidirectional

Pittsburgh Supercomputing
Center (PSC)

San Diego Supercomputer Center
to Abilene connection (SDA)

Edge| Unidirectional

Edge| Unidirectional

For the three traces, Abilene, NCAR and SDA, Fig. [3 shows the cumulative
percentage of flows having packets less than the value on the x-axis. The graph
also shows the cumulative percentage of the packets that are transferred by
these flows. These traces have 3.1 million, 15.4 million and 4.4 million flows
respectively. In NCAR trace, more than 95% of the flows have only a single
packet. Abilene and SDA traces have 58% single packet flows. Fig. B also shows

2 In [12], the authors use a time out of 60 seconds. Even with a time out of 1 second,
there are about 6000 concurrent flows in all our traces. This is more than the number
of entries in the digest cache.

3 The packets were merged according to their timestamp to obtain a proper interleav-
ing of the packets as seen by the router.
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the cumulative percentage of the traffic (in terms of packets) contributed by
flows of different sizes. It can be seen that, irrespective of the direction of the
traces, single packet flows, which are a significant part of the total number of
flows, contribute less than 6% of the packets transferred in Abilene and SDA
traces. In NCAR trace, single packet flows transfer 25% of the total packets.
Less than 0.2% of the flows have more than 1000 packets, but they transfer 52%
of the packets on an average. Thus Internet traffic exhibits the phenomenon of
mass-count disparity [14], i.e. a few important flows transfer a significant number
of packets. From the above observations, we see that a large number of flows in
the Internet have only a single packet. These flows get entries into the digest
cache, but will never be accessed again. Presence of a large number of such flows
has a detrimental effect on the performance of the digest cache as they tend to
evict the digests of few flows that contain a large number of packets.

P EEs -
) -
08 08 / 08 Ve
i ,4 4
06 / 08 e 06 e

167 i05 7050 70000 700000 1o T i 706700070000 700000 16206 i ) 7000 70000700000
Flow length Flow length Flow length

(a) Abilene trace (b) NCAR trace (c) SDA trace

Fig. 3. Disparity in the flow lengths and packets transferred

3.2 A New Replacement Algorithm for Digest Caches

The above observations provide an insight into the functioning of the digest
cache in a network processor. The cache has to service a large number of flows,
but only a small fraction of the flows have multiple packets that are accessed
again. From Fig. Bl we infer that the cache replacement policy of a digest cache
must strive to retain the digests belonging to large flows within the cache while
preventing the single packet flows from occupying entries in the cache.

Given the large number of single packet flows in the Internet and the small
cache size, an LRU managed digest cache may suffer from degraded performance
due to cache pollution. Previous studies using digest caches used LRU cache re-
placement strategy as it performed better than LFU and probabilistic insertion
policies |6, 7). LRU cache management gives preference to the most recently ac-
cessed entry in the set and puts it in the most-recently-used (MRU) location. In
case of network processing applications, the most recently accessed digest usu-
ally belongs to a single packet flow and it will never be accessed again. But such
digests stay in the cache until they are slowly pushed out by the LRU replace-
ment algorithm. This suggests that LRU may not be the best cache management
policy.

In order to overcome this effect, we propose a Saturating Priority cache re-
placement policy that exploits the disparity between the number of flows and
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the residency of the digests in the cache. Each entry in a set has a priority that
increases each time the entry is accessed, until it reaches a maximum value. Fur-
ther accesses to the same entry do not increase its priority. Whenever an entry
with a lower priority is accessed, it swaps its priority with an entry that has the
next higher precedence. A new entry is added to a set with the least priority,
after evicting the item with the lowest priority.

Initial

State
o] sle] 2fe] 2]b] 2ol

Access Stream: d d ea

Fig. 4. Saturating Priority cache replacement policy

Fig.@illustrates the change in priorities of the entries in a 4-way set associative
set. The set initially contains the digests marked a,b,c and d. Their priorities
are also marked in the figure. Here, a larger number signifies a higher priority.
When digest d is accessed two times, it swaps its priority with digests ¢ and b
respectively. It thus has a priority of 3. The priority of digests b and ¢ decrease.
Digest ¢ now has the lowest priority in the set. As a result, the miss caused by
digest e evicts digest ¢ from the cache. The last access in the sequence, access
to digest a, does not increase its priority as it has already got the maximum
priority.

SP cache replacement evicts any entry that was brought into the cache, but is
not subsequently accessed. Entries that are accessed only a few times are likely
to be evicted. Also in a digest cache, entries are accessed a number of times
when the a flow is active, but the accesses stop when the flows end. The cache
replacement policy proactively removes such entries as their priority decreases
rapidly.

SP scheme can be implemented in a d way associative cache by maintaining
two log,(d) bit pointers per cache entry, which point to cache entries with imme-
diately higher and lower priority. When the priority of an element changes, the
pointers in the (at most four) affected cache entries can be updated in parallel.

4 Performance Evaluation

As mentioned in Sec. [[l IP lookup or packet classification is the bottleneck in
achieving higher processing rates in routers [1, 2]. By reducing the miss rate of
digest caches, higher processing rates can be achieved as the packets are pro-
cessed from the cache entries instead of the slower off-chip memory. We therefore
compare the miss rate of SP scheme with that of the widely used LRU scheme.
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In order to understand the maximum improvement in performance of the digest
cache that is possible by preventing the detrimental effect of single packet flows,
we implemented an oracle cache management policy that inserts a digest into
the cache only when it has more than one access in a window of 10,000 accesses
in the future. The cache entries are managed with a LRU policy. We call this
PRED policy as a simple predictor may be able to predict single packet flows
reasonably well.

We consider cache sizes ranging from 2KB to 8KB because as explained in
Sec. [0 these are the typical memory sizes available in network processors to
implement digest caches. 32-bits from the MD5 hash of the flow identifier is
used to obtain the digest. The cache sizes for different configurations are shown
in Table [Tl
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Fig. 5. Normalized misses for a 4-way associative digest cache

For the traces listed in Table[2l Fig.Blshows the percentage of misses with SP
and PRED replacement policies. The misses are normalized wrt. misses incurred
with LRU replacement for 4-way set associative caches. The SP policy performs
better than the LRU cache replacement policy in terms of miss rates for all 4-
way set associative caches. As expected, the PRED cache management policy
has lower miss rate than the other two policies.

Table Bl shows the miss rates for LRU and SP policies for 4-way and 8-way
associative caches. We see that for almost all the configurations, SP replacement
for a 4-way set associative cache has a lower miss rate than LRU replacement for

Table 3. Cache miss rates with SP and LRU policies
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Trace

4 way
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4 way
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32.6%
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20.8%
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32.5%
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49.4%

32.2%
18.2%
42.1%
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6.7%
28.6%
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28.9%

21.3%
6.7%
27.2%
8.1%
25.8%
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a 8-way set associative cache. In SP cache replacement, the maximum priority
that an element can get is equal to its set associativity. An element that attains
higher priority occupies the cache for a longer duration before it is evicted from
the set. As a result, when a flow becomes inactive, it takes longer to be evicted
from the cache. This explains the low reduction in miss rate with SP policy for
caches with higher associativity.
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Fig. 6. Miss rate improvement over LRU replacement for 4-way assoc. caches with SP
and PRED policies

Fig. [0l shows the improvement in miss rate over LRU scheme for 4-way set as-
sociative caches with SP and PRED cache replacement. The NCAR trace shows
18% improvement in miss rate for a 512-entry cache and 8% improvement for a
2048-entry cache. For a 512-entry cache, with the FRG, NCAR and PSC traces,
SP covers more than 74% of the gap between the LRU and PRED cache man-
agement policy. Even for higher cache sizes, SP covers substantial gap between
LRU and PRED replacement. With the PSC trace, SP cache replacement does
not show much improvement with large caches, however the miss rate for this
trace is already low. For a 512-entry cache with the SDA trace, SP replace-
ment policy has a small improvement over LRU replacement policy. But it has
10% improvement over LRU replacement policy for a 2048-entry cache, covering
41% of the gap between LRU and PRED policies. For 512-entry and 1024-entry
caches, SP shows more than 10% miss rate improvement of an average whereas
for a 2048-entry cache, the average improvement is 7.08%.

With a 2048-entry cache, the PSC trace with SP cache replacement shows
a slightly higher miss rate of 8.1% compared to LRU cache replacement with
a miss rate of 7.4%. We observe that with this cache size, the PSC trace has
insignificant capacity misses (refer Fig.[7]). In this case, the SP cache replacement
policy that evicts the most recently accessed digests incurs slightly higher misses
as the digests are removed before their priority can increase. But with smaller
caches such as those seen in NPs, SP policy has lower miss rate than LRU cache
replacement.

We see that the Abilene, NCAR and SDA traces suffer more than 13% miss
rate even for a 2048-entry cache with LRU cache replacement. In order to un-
derstand the reason for this, we classified the misses in a LRU managed cache as
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cold, capacity and conflict misses. Misses due to accesses that were not present
in a window of previous 10,000 accesses are classified as cold misses. We used
this definition of cold misses because when network flows stop, their digests are
evicted from the cache. When a packet with the same digest is seen next, it
is considered a new flow. Accesses to digests that are present in the window
of previous 10,000 accesses but not in a fully associative cache are classified as
capacity misses. Conflict misses are those which occur when a set associative
cache is used instead of a fully associative cache of the same size.
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Fig. 7. Types of misses in digest caches

Conflict misses may be reduced by using a better cache placement and man-
agement policy. From Fig. [l we observe that for a 1024-entry, 4-way set associa-
tive digest cache less than 10% of the misses are due to cache conflicts in case of
Abilene, NCAR and SDA traces. Traces that already have a high hit rate, such
as FRG and PSC, have about 25% conflict misses. This observation shows that
the cold and capacity misses dominate the misses in a digest cache. As expected,
for larger caches, the ratio of capacity misses decreases but the number of cold
misses does not decrease. This is mainly because of the large number of small
flows (refer Fig. B]). As a result, continuously increasing the cache size leads to
small improvements in performance. Instead, it may be worthwhile to use better
algorithmic or data structure caching approaches to improve the hit rate.

5 Related Work

Zhang et al. ﬂﬁ] use traces from different locations in the core and edge of
the Internet to study the characteristics of Internet traffic flows. Disparity in the
flow lengths is shown to be more drastic than the disparity in the rate of the
flows. They also show that there is a correlation between the size of the flow and
its rate. This disparity in the number of packets present in a few flows inspired
us to propose a new cache management scheme for digest caches.

Feitelson ﬂﬂ] proposed metrics to quantify mass-count disparity, a phenomenon
seen in a number of computer applications such as network traffic, job time
distribution in operating systems, file size distribution. In ﬂﬁ], Feitelson et al.
use the same phenomenon to design a filter for identifying and retaining common
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addresses in a direct mapped cache L1 cache of a superscalar processor. Since
a few addresses are accessed a large number of times, the authors show that a
randomly chosen reference to the cache belongs to an address that is accessed
many times.

Mudigonda et al. [4] propose the use of caches for data structures used in
network processing applications as it benefits a large number of such programs.
Similarly, Gopalan et al. [5], propose an intelligent mapping scheme to reduce
conflict misses in IP lookup data structure caches and to enable frequent updates
of the routing table. On the other hand, we exploit the traffic patterns observed
in real traces to improve the effectiveness of small digest caches for packet clas-
sification application. The insight gained from the traffic patterns can also be
applied to data structure caches. We leave this to future work.

Qureshi et al. [16] propose a LRU insertion policy (LIP) for L2 caches in
general purpose processors which, like SP, inserts the cache lines in the least
recently used location in the set instead of the MRU location. Lines are moved
to the MRU location in case they are accessed in the LRU location whereas
the SP policy allows the cache entries to slowly percolate to the MRU position.
LIP is aimed at applications that have a larger working set than the cache size.
For applications that have a cyclic reference pattern, it prevents thrashing of the
cache by retaining some entries in the cache so that they contribute to cache hits.
On the other hand, we observe that the large disparity in the flow sizes in the
internet leads to poor performance of LRU managed result caches in network
applications. In SP, the priorities are managed such that cache replacement
policy can recognize digests belonging to large flows.

6 Conclusions

Digest caches provide an effective mechanism to reduce the number of expen-
sive off-chip lookups. However, they suffer from poor performance due to the
large number of single packet flows in the Internet. We proposed a new cache
replacement policy, called Saturating Priority, that overcomes the detrimental
effects of these flows on the performance of digest caches. This policy performs
better the widely used the LRU cache replacement policy for space constrained
caches. We showed that Saturating Priority covers nearly three fourth of the gap
between the LRU cache replacement and the oracle cache replacement policy,
which places an entry in the cache only when there are multiple packets in the
flow. Further, we showed that the majority of the misses in a digest are cold
misses. This emphasizes the need for algorithmic innovations to improve packet
classification performance.
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Abstract. The unique architecture of the heterogeneous multi-core
Cell processor offers great potential for high performance computing.
It offers features such as high memory bandwidth using DMA, user
managed local stores and SIMD architecture. In this paper, we present
strategies for leveraging these features to develop a high performance
BLAS library. We propose techniques to partition and distribute data
across SPEs for handling DMA efficiently. We show that suitable pre-
processing of data leads to significant performance improvements when
the data is unaligned. In addition, we use a combination of two kernels —
a specialized high performance kernel for the more frequently occurring
cases and a generic kernel for handling boundary cases — to obtain better
performance. Using these techniques for double precision, we obtain up
to 70-80% of peak performance for different memory bandwidth bound
level 1 and 2 routines and up to 80-90% for computation bound level 3
routines.

Keywords: Cell processor, multi-core, Direct Memory Access (DMA),
BLAS, linear algebra.

1 Introduction

The Cell Broadband Engine, also referred to as the Cell processor, is a
multi-core processor jointly developed by Sony, Toshiba and IBM. The Cell
is a radical departure from conventional multi-core architectures — combining
a conventional high-power PowerPC core (PPE) with eight simple Single-
Instruction, Multiple-Data (SIMD) cores, called Synergistic Processing Element
(SPE) in a heterogeneous multi-core offering. It offers extremely high compute-
power on a single chip combined with a power-efficient software-controlled
memory hierarchy. The theoretical peak performance of each SPE for single
precision floating point operations is 25.6 GFLOPS leading to an aggregate
performance of 204.8 GFLOPS for 8 SPEs. The theoretical peak performance for
double precision is 12.8 GFLOPS per SPE and 102.4 GFLOPS aggregate. Each
SPE has 256 KB of Local Store for code and data. An SPE cannot directly access
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the data stored in an off-chip main memory and explicitly issues Direct Memory
Access (DMA) requests to transfer the data between the main memory and its
local store. Access to the external memory is handled via a 25.6 GB/s Rambus
extreme data rate (XDR) memory controller. The PPE, eight SPEs, memory
controller and input/output controllers are connected via the high bandwidth
Element Interconnect Bus (EIB) [9].

Distinctive features of the Cell such as the XDR memory subsystem, coherent
EIB interconnect, SPEs, etc. make it suitable for computation and data
intensive applications. There has been a considerable amount of work that has
demonstrated the computational power of the Cell processor for a variety of
applications, such as dense matrix multiply [16], sparse matrix-vector multiply
[16], fast Fourier transforms [3], sorting [0], ray tracing [4] and many others.

Basic Linear Algebra Subprograms (BLAS) is a widely accepted standard
for linear algebra interface specifications in high-performance computing and
scientific domains, and forms the basis for high quality linear algebra packages
such as LAPACK [I] and LINPACK [5]. BLAS routines [13] are categorized into
three classes — level 1 routines (vector and scalar operations), level 2 routines
(vector-matrix operations) and level 3 routines (matrix-matrix operations).

BLAS has been tuned and optimized for many platforms to deliver good
performance, e.g. ESSL on IBM pSeries and Blue Gene [11], MKL for Intel [12],
GotoBLAS on a variety of platforms [7], etc. Successful efforts have also been
made towards automatic tuning of linear algebra software (ATLAS) [2] to provide
portable performance across different platforms using empirical techniques. Some
of these portable libraries give good performance when executed on the Cell
PPE. However, given the unique architecture of the Cell processor and the SPE
feature set, specialized code needs to be designed and developed for obtaining
high performance BLAS for the Cell processor. Williams et al. [16], [15] have
discussed optimization strategies for the general matrix-multiply routine on the
Cell processor, obtaining near-peak performance. However, existing literature
and optimization strategies of linear algebra routines on the Cell make simplified
assumptions regarding the alignment, size, etc. of the input data. A BLAS library
needs to address many issues for completeness, such as different alignments of
the input vectors/ matrices, unsuitable vector/ matrix dimension sizes, vector
strides, etc., that can have significant impact on the performance.

In this paper, we discuss the challenges and opportunities involved in
optimizing BLAS for the Cell processor. We focus on the optimization strategies
used for producing the high performance BLAS library that is shipped with the
Cell Software Development Kit (SDK). The library consists of single and double
precision routines ported to the PPE; a selected subset of these routines have
been optimized using the SPEs. The routines conform to the standard BLAS
interface at the PPE level. This effort, of offering a high performance BLAS
library, is the first of its kind for the Cell. We propose techniques to partition
and distribute data across SPEs for handling DMA efficiently. We show that
suitable pre-processing of data leads to significant performance improvements
when the data is unaligned. In addition, we use a combination of two kernels — a
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specialized high performance kernel for the more frequently occurring cases and
a generic kernel for handling boundary cases — to obtain better performance.

The rest of the paper is organized is as follows. In Section P we discuss
the challenges and opportunities that the Cell offers with respect to BLAS. In
Section Bl we discuss the optimization strategies followed by performance results
in Section @l We conclude in Section [B] with a brief discussion of the ongoing and
future planned work.

2 Challenges and Opportunities

On the Cell processor, the memory hierarchy of the PPE is similar to
conventional processors whereas SPEs have a distinctive three-level hierarchy:
(a) 128x128-bit unified SIMD register file, (b) 256 KB of local store memory,
and (c) shared off-chip main memory. Each SPE works only on the code and
data stored in its local store memory and uses DMA transfers to move data
between its local store and the main memory (or the local stores of other SPEs).

These DMA transfers are asynchronous and enable the SPEs to overlap com-
putation with data transfers. Although the theoretical peak memory bandwidth
is 25.6 GB/s, the effective bandwidth obtained may be considerably lower if the
DMA transfers are not setup properly. This can degrade performance of BLAS
routines, particularly level 1 and level 2 routines, which are typically memory
bandwidth bound.

DMA performance is best when both source and destination buffers are 128-
byte (one cache line) aligned and the size of the transfer is a multiple of 128 bytes.
This involves transfer of full cache lines between main memory and local store. If
the source and destination are not 128-byte aligned, then DMA performance is
best when both have the same quadword offset within a cache line. This affects
the data partitioning strategy. Typically, an SPE works on blocks of the input
data by iteratively fetching them from main memory to its local store, performing
required operation on these blocks and finally storing back the computed data
blocks to main memory. Therefore, it is important to partition the input data in
a manner such that the blocks are properly aligned so that their DMA transfers
are efficient.

Transfer of unaligned or scattered data (e.g. vectors with stride greater
than 1) may result in the use of DMA lists. However, direct (contiguous) DMA
transfers generally lead to better bandwidth utilization in comparison to DMA
list accesses as every list element consumes at least 128 bytes worth of bandwidth,
independent of the size of the transfer. To illustrate this, consider a block of size
16z 4+ 12 bytes starting at a 128 byte aligned address. DMA transfers can be
done in units of 1, 2, 4, 8 and multiple of 16 bytes starting at memory addresses
that are 1, 2, 4, 8 and 16 byte aligned, respectively. One way of transferring this
block is to construct a DMA list that has 3 list elements, one each for (1) the 16z
byte aligned part, (2) the 8 byte part and (3) the 4 byte part. As each transfer
consumes 128 bytes worth of bandwidth, there may be close to 128 bytes worth
of bandwidth loss for each transfer. A better strategy is to transfer some extra
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bytes at the tail, making the transfer size a multiple of 16 bytes so that a direct
DMA transfer can be used. When fetching data, the extra fetched bytes can be
discarded by the SPE. However this strategy cannot be used for writing data
back to main memory as it can lead to memory inconsistencies. Hence, DMA
lists need to be used for writing back unaligned data.

Selection of an appropriate block size is also critical for high performance.
Large data block size not only improves DMA efficiency due to larger data
transfers but also results in sufficient computations to hide overlapped DMA
latencies. However, the data block size is limited by 256 KB of SPE local store.

3 Optimization Strategies

Algorithmic and architecture specific optimizations of linear algebra libraries
such as BLAS and LAPACK, have been well studied [TI2I7UT2/T3]. However,
several factors have to be taken into consideration when applying these proven
strategies on the Cell. Besides, new techniques are required for enabling high
performance of routines like BLAS on the Cell, as discussed in Section 2l In this
section we discuss the different strategies used for optimizing BLAS on the Cell.
It should be noted that these strategies are targeted for a single Cell processor,
large data sets, column-major matrices and huge memory pages (16 MB).

3.1 Data Partitioning and Distribution

Data partitioning and distribution are a critical part of designing linear algebra
subprograms on multi-cores. The proposed strategy for data partitioning and
distribution differs across the three categories of the BLAS routines. For the
memory bandwidth bound level | and level 2 routines, data partitioning is carried
out with an objective to get close to the peak memory bandwidth, whereas for
the computation bound level 3 routines the objective is to get close to the peak
computation rate.

BLAS Level 1 Routines: Level 1 routines typically operate on one or two
vectors and produce as output a vector or a scalar. The goal is to partition the
data into equal-sized blocks that can be distributed to the SPEs with each SPE
getting roughly an equal number of blocks. In our strategy, when the output is
a vector, the output or the I/O vector (data that is both read and updated) is
divided by taking into considerations the memory alignment of the blocks such
that they are 128-byte aligned, are multiple of 128 bytes and large enough (16 KB
— the maximum transfer size for a single DMA operation). This ensures that
the DMA writes from local store to main memory can be performed without the
need for DMA lists. These blocks are then divided (almost) equally, among the
SPEs, with each SPE getting a contiguous set of blocks. The other input vector
(if any) is divided with respect to the output or I/O vector, without considering
the memory alignment, such that their blocks have the same range of elements.
In cases where the output is a scalar (e.g. in DDOT), partitioning with memory
alignment considerations can be carried out for any of the vectors.
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When the vector being partitioned does not start or end on a 128-byte
boundary, there may be small parts of the vector at the start (head) and the
end (tail) that do not satisfy the alignment and size criteria mentioned above.
These are handled directly on the PPE.

In the case where access for one or more vectors is strided, the size of each
block is restricted to 2048 elements (the maximum number of DMA transfers
that can be specified in a single DMA list operation).

BLAS Level 2 Routines: Level 2 routines perform matrix-vector operations
and their output can either be a vector or a matrix. The complexity of these rou-
tines is determined by the memory bandwidth requirements for fetching/storing
the matrix. Thus, data partitioning and distribution for these routines is done
keeping in mind efficient DMA considerations for the matrix. The column-major
matrix is divided into rectangular blocks which are distributed among the SPEs.
The SPEs typically operate on one block in an iteration. A block is fetched
using a DMA list where each list element transfers one column of the block. To
improve the efficiency of the DMA, column sizes of the block should be large and
multiples of 128 bytes. The block dimensions are appropriately chosen depending
on the number of vectors used and SPE local store size.

If the output is a vector and there are two vectors — an input and a I/O
vector (e.g. in DGEMV), the I/0O vector is divided into blocks by taking memory
alignment into consideration and distributed to the SPEs, as it is done for level
1 routines. Each SPE fetches an I/O vector block, iteratively fetches the blocks
of the matrix and the input vector required for the computation, carries out
the computation and writes back the I/O vector block to the main memory. If
there is only one I/O vector (e.g. in DTRMV), a block of elements cannot be
updated until all the computations involving it are completed. To resolve this
dependency, a copy of the vector is created and is used as the input vector. The
SPEs can then independently update the blocks of the output vector.

BLAS Level 3 Routines: Level 3 routines perform matrix-matrix operations
and are computationally intensive. Thus, the key consideration in data par-
titioning and distribution for these routines is computational efficiency. The
matrices are partitioned into square blocks (to maximize computations in order
to hide DMA latencies) instead of rectangular blocks (which are more DMA
efficient) as in the case of level 2 routines. The blocking factor of the matrices
is decided based on factors such as SPE local store size and the number of
input and output matrices being operated upon. Another important factor
influencing the blocking factor is that when up to 16 SPEs are used on multi-Cell
processor platforms, such as the IBM BladeCenter, the block size should result in
sufficient computations so that the routine does not become memory bandwidth
bound. Taking all these constraints into consideration, we have determined that
a blocking factor of 64x64 can be used with the given memory constraints and
is sufficient to keep the level 3 routines computation bound, even with 16 SPEs.
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When there are no dependencies in the computation of the output matrix
blocks (e.g. in DGEMM), these blocks are distributed across the SPEs and each
SPE determines at runtime the output matrix block to process. This dynamic
distribution of the blocks ensures a better load balancing across the SPEs. An
SPE fetches an output matrix block, iteratively fetches the input matrices blocks
required for the computation of the output block, carries out the computation
and stores back the computed block to main memory. Since input matrix blocks
are used multiple times in the computation of different output matrix blocks,
the input matrices are reformatted before the computation (see section for
more details) to improve the DMA efficiency for the transfer of these blocks.

In the case where there are dependencies in the computation of the output
matrix blocks, sets of the blocks are distributed across the SPEs such that
the computation across these sets are independent as much as possible. The
order of computation of the blocks within a set is routine specific, e.g. in the
case of TRSM while computing B « A~! . B, where A is a lower triangular
matrix, dependencies exists in the computation of the elements along a column
but there is no dependency among elements in different columns. Therefore the
columnsetd] can be computed independently. Thus for TRSM, the columnsets of
the output matrix are distributed across the SPEs and the blocks are processed
in the top-down order within a columnset. Similar distribution can be used for
other input parameter combinations as well. The SPEs determine at runtime the
sets they should process.

For particular combinations of input parameters, we carry out the complete
computation on the PPE if it is more beneficial — for instance when the
matrix/vector dimensions are so small that SPE launching overheads exceed
computation time.

3.2 Efficient DMA Handling

Efficient DMA is critical for high performance of level 1 and level 2 routines
since they are memory bandwidth bound. Even though level 3 routines are
computation bound, the blocks of the matrices are fetched multiple times.
Therefore, unless careful attention is given to DMA related aspects, especially
alignment related issues, there can be significant performance degradation in the
form of creation of DMA lists, packing /unpacking of data in the SPE local store,
etc. We discuss some of the DMA related optimizations for BLAS in this section.

Pre-Processing of Input Matrices for BLAS Level 3 Routines: Pre-
processing such as data layout transformation, padding, etc. of the input data
[SITZUT7] is useful in improving the efficiency of the underlying DMA operations of
level 3 routines on the Cell. We rearrange the column-major input matrices into
block-layout form, using block size of 64 x64, before performing the operation, so
that the columns of a block are stored contiguously starting at 128-byte aligned

1 A set of blocks along the column of the matrix; columnset ¢ refers to the set of all
the " blocks in each row of the matrix.
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addresses. This pre-processing is done within the scope of current BLAS routine
only. The reformatted matrices are discarded upon completion of the routine.
The advantages of pre-processing are:

— Transfer of Blocks Using Direct DMA: The block columns are not contiguous
in memory, and therefore fetching the blocks requires a DMA list of 64
elements where each list element transfers 64 matrix elements. This DMA list
has to be created every time a block is transferred between main memory and
local store. When a column does not begin at a 128-byte aligned address,
this can lead to significant bandwidth loss. Though this may not impact
performance when few SPEs are in service, it can significantly deteriorate
performance when there are 16 SPEs — pushing the memory bandwidth to its
limits. With pre-processing, each block can be fetched using direct DMA.

— Reduction in the Number of SPE Kernels: Several transformations can be
applied to input matrices during the pre-processing phase itself. These
transformations enhance productivity by reducing the number of different
kernels required for different combinations of input parameters such as
transpose, triangularity (upper or lower), side (left or right), unit or non-
unit triangular, etc. For example, the GEMM operation C = aA”B + 3C
can be performed using the same kernel as the one used for C' = aAB + C
by simply transposing the matrix A during the pre-processing phase. For the
DTRSM routine, we implemented only 2 kernels to cater to 8 different input
parameter combinations by applying such transformations. Similar reductions
in kernel implementations were achieved for other routines.

— Simpler and More Efficient SPE Kernels: The computational kernels on the
SPEs are designed to handle matrix blocks which are properly aligned in the
local store. This leads to design of simpler kernels that make effective use
of the SIMD features of the SPEs without having to realign the vectors/
matrices based on their current alignment offsets. In the absence of pre-
processing, either the vector/ matrix blocks would have to be realigned in
memory before invoking the SPE kernels, leading to performance degradation,
or more complex SPE kernels would have to be designed.

— Reduction in Computation within SPE Kernels: Level 3 routines typically
involve scaling of the input matrices. This scaling is carried out in the pre-
processing stage itself. This eliminates the requirement of scaling being carried
out by the SPE kernel thereby reducing its computation.

— Reduction in Page Faults and Translation Lookaside Buffer (TLB) Misses:
In the absence of pre-processing, adjacent columns may be in different pages
when smaller page sizes are used. Pre-processing can potentially reduce TLB
misses under such circumstances [14].

We do not reformat the output matrices. This is because blocks of these matrices
are typically updated only once (or few times in some cases) after a large number
of computations. Therefore, the cost of fetching blocks of these matrices and
reformatting them on the SPEs is fairly small and does not lead to significant
performance loss.
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Clearly, the suggested pre-processing techniques are feasible only for level
3 routines as level 2 routines have complexity comparable to the memory
bandwidth requirements for fetching/ storing the matrix. However, it is feasible
to similarly pre-process the vectors in case of level 2 routines. For instance, a
strided vector can be pre-processed and copied into contiguous locations so that
parts of the vectors can be fetched using direct DMA instead of DMA lists.

All the pre-processing is carried out using SPEs since the SPEs together
can attain better aggregate memory bandwidth compared to the PPE. The
reformatting of the matrix blocks is independent and therefore lends itself
naturally to parallel operations.

Use of Pool of Buffers for Double Buffering: For double buffering statically
assigning buffers for all the matrices may not leave enough space in the SPE local
store for code and other data structures. However not all the buffers are required
at all times. Therefore, in our optimization strategy, we use a pool of buffers from
which buffers are fetched and returned back as and when required.

Reuse of DMA Lists: When DMA lists are used for data transfers, creation
of the lists is an additional overhead. In the case of I/O data, lists are created
both while fetching and storing the data. In our implementation, we minimize
the overhead of creating the lists by retaining the list created while fetching the
data and reusing it while storing it back.

3.3 Two-Kernel Approach for Level 3 Routines

Highly optimized and specialized SPE kernels are a key component of high
performance BLAS routines, especially level 3 routines. We adopt a two-kernel
strategy where a set of two kernels is developed for each required combination —
a 04x 64 kernel (kernels optimized for blocks of 64x64 elements) and a generic
kernel which can process blocks of any dimension which is a multiple of 16
elements and is 16-byte aligned. As mentioned in Section Bl the matrices are
partitioned into blocks of 64x64 elements and typically a matrix would have a
larger fraction of 64x64 blocks as compared to border blocks which may not be
of dimension 64 x64. If the dimension of a matrix is not a multiple of 64, zeros are
padded along that dimension to make it a multiple of 16. This approach limits
the maximum number of padded rows or columns to 15 in the worst case and at
the same time ensures that the performance of the generic kernel is acceptable
because it can still perform SIMD operations. The generic kernels typically show
a degradation of less than 10% in comparison to the 64x 64 kernel performance,
as shown in Fig.

The use of two-kernel approach places significant demand on the memory
requirements in the SPE local store. This is also the case when kernels such as
GEMM are reused for performing other level 3 operations. However, not all the
kernels are required at all times. We use SPE overlays [10] to share the same
region of local store memory across multiple kernels. Since one kernel routine
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is used for most computations (e.g. GEMM in level 3 routines), the amortized
overheads of dynamic code reloading are small.

3.4 Efficient Use of Memory

BLAS routines allocate memory internally for pre-processing and rearranging
input matrices/ vectors at runtime. There are overheads associated with
allocation of memory and accessing it for the first time due to page faults and
TLB misses. To minimize this overhead across multiple BLAS calls, a small
portion of memory, called swap space, can be allocated by the user (using
environment variables) and retained across multiple calls of the BLAS routines.
The swap space is allocated using huge pages. If the internal memory required by
the BLAS routine is less than the size of the swap space, the routine uses the swap
space else it allocates fresh memory. This leads to considerable improvement in
the performance of the BLAS routines when the input data size is small, as

shown for DGEMM in Fig.

4 Performance Results

In this section, we report the performance of the BLAS routines obtained with
our optimizations. The performance is profiled on IBM Cell Blade (QS22 with
8 GB RAM, Fedora 7, Cell SDK 3.0) with enhanced Double Precision pipeline
using GCC 32-bit compiler. Huge pages are used by default. For level 1 and 2
routines, the performance is reported in units of GigaBytes per second (GB/s)
since they are memory bandwidth bound and for level 3 routines the performance
is reported in units of GigaFlops (GFLOPS).

Figure shows the performance results for level 1 routines — IDAMAX,
DSCAL, DCOPY, DDOT and DAXPY for ideal input data combinations (i.e.
when the starting addresses are 128-byte aligned, stride is 1, dimensions are
an exact multiple of their block sizes). We achieve performance in the range
of 70-85% of the peak performance (25.6 GB/s) depending on the routine —
routines that largely perform unidirectional transfers (e.g. IDAMAX, DDOT)
are observed to perform better than the routines that perform transfers in both
directions. For level 1 routines, the performance for non-ideal cases, e.g. when
vectors are not 128-byte aligned, is almost the same and hence not reported.

Figure[L(d)]compares the performance of level 2 routines - DGEMV, DTRMV
and DTRSV for ideal input cases (i.e. when data is 128-byte aligned, dimensions
are an exact multiple of their block sizes and vector strides are 1). We achieve
performance in the range of 75-80% of the peak performance (25.6 GB/s) for
level 2 routines. Performance for non-ideal cases (i.e., when data is not properly
aligned, leading dimensions are not suitable multiples and vector strides are
not 1) is expected to be worse for level 2 routines. Figure compares the
performance of the DGEMYV routine for ideal and non-ideal cases. Performance
degrades by about 30% for the unaligned cases. As these routines are memory
bandwidth-bound, it is not possible to pre-process the matrix for efficient DMA
for unaligned matrices.
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For level 1 and level 2 routines, performance is reported using 4 SPEs. This
is because, typically 4 SPEs are enough to exhaust the memory bandwidth and
we do not observe significant performance improvement using more SPEs.

Figure shows the performance results of level 3 routines — DGEMM,
DSYMM, DSYRK, DTRSM and DTRMM for ideal input combinations (i.e.
when matrix starting addresses are 128-byte aligned and dimensions are multi-
ples of 64). We achieve up to 80-90% of the peak performance (102.4 GFLOPS).
Figure compares the performance of DGEMM and DTRSM routines for
ideal and non-ideal cases. For the non-ideal cases, the leading dimension is made
not to be a multiple of 128 bytes. The performance difference for the non-ideal
case is mostly within 10% of the ideal case, demonstrating to a large extent that
the pre-processing restricts the performance loss for the non-ideal cases.

We performed additional experiments to determine the performance impact of
pre-processing. We found that for ideal cases (described above), the performance
with and without pre-processing is comparable, whereas for non-ideal cases, per-
formance degrades by more than 20% when the matrices are not pre-processed.
The drop in performance is attributed to the pre-processing required in aligning
the fetched blocks and/ or performing matrix related operation (e.g. transpose)
before invoking the SPE kernel, and the overhead associated in using DMA lists.

In Fig. we compare the performance of SGEMM and DGEMM for ideal
input combinations to give an idea of the difference in the performance of the
single and double precision routines. It is observed that the performance of the
single precision routines shows trends similar to the double precision routines.

5 Conclusions and Future Work

We have discussed the strategies used for optimizing and implementing the BLAS
library on the Cell. Our experimental results for double precision show that
the performance of level 1 routines is up to 70-85% of the theoretical peak
(25.6 GB/s) for both ideal and non-ideal input combinations. The performance
of level 2 routines is up to 75-80% of the theoretical peak (25.6 GB/s) for ideal
input combinations. The performance of level 3 routines is up to 80-90% of the
theoretical peak (102.4 GFLOPS) for ideal input combinations with less than
10% degradation in performance for non-ideal input combinations. These results
show the effectiveness of our proposed strategies in producing a high performance
BLAS library on the Cell.

The BLAS routines discussed in this paper have been optimized for a single
Cell processor, large size data sets and huge memory pages. There is scope
for optimizing these routines to optimally handle special input cases, normal
memory pages and for multi-processor Cell platforms.
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Abstract. Multicore systems are becoming ubiquituous in scientific
computing. As performance libraries are adapted to such systems, the
difficulty to extract the best performance out of them is quite high. In-
deed, performance libraries such as Intel’s MKL, while performing very
well on unicore architectures, see their behaviour degrade when used on
multicore systems. Moreover, even multicore systems show wide differ-
ences among each other (presence of shared caches, memory bandwidth,
etc.) We propose a systematic method to improve the parallel execution
of matrix multiplication, through the study of the behavior of unicore
DGEMM kernels in MKL, as well as various other criteria. We show that
our fine-tuning can out-perform Intel’s parallel DGEMM of MKL, with
performance gains sometimes up to a factor of two.

Keywords: BLAS, multicore, cache coherency.

1 Introduction

Dense linear algebra, being the first of Berkeley’s seven dwarfs [I], is an impor-
tant part of the scientific programmer’s toolbox. BLAS (Basic Linear Algebra
Subroutines), and in particular its third level, DGEMM (double general matrix
multiplication), are widely used, in particular within dense or banded solvers.
It is then no surprise that decades have been spent studying and improving
this particular set of subroutines. Over time, theoretical complexity has been
improved, while at the same time architecture-conscious algorithms for both
sequential and parallel computations have emerged (cf for example Cannon’s
algorithm [2], Fox’s algorithms [4], or more recently SRUMMA [7] and [3]).

There are some reservation to be asserted, however. First, numerous papers
focused on the square matrix multiplication case, and not the truly general one.
This is particularly damaging because for example the block version of the LU
decomposition relies heavily on rank-k updates which are products of an (N x k)
matrix by a (k x N) matrix with k, typically between 10 and 100, being much
smaller than N (typically several thousands); [9] studies this matter extensively.
Unfortunately, dealing with these rectangular matrices requires specific strategies
fairly different from the standard, easier, square case.

Second, most of the algorithms proposed have a fairly high level view of the
target architecture and their underlying model is much too coarse to get the
best performance — in terms of gigaflops — of the recent architectures. More

P. Sadayappan et al. (Eds.): HiPC 2008, LNCS 5374, pp. 30-FI] 2008.
© Springer-Verlag Berlin Heidelberg 2008
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precisely, most of the practical algorithms relies on matrix blocking and spread-
ing the block computations across the processors. However fine tuning (choos-
ing the right block size) is still mandatory to get peak performance. This fine
tuning process is fairly complex because many constraints have to be simulta-
neously taken into account: uniprocessor/core performance, including both ILP
and locality optimization, has to be optimized, coherency traffic/data exchange
between cores has to be minimized and finally the overhead of scheduling the
block computations must remain low. In particular, a systematic methodology
has to be developed to take into account all of these factors which might have
major impact on overall performance. It should be noted that the simpler case
of optimizing unicore performance of a matrix multiplication requires a fairly
complex methodology (relying on experimental architectural characterization,
cf. ATLASI[IO]) to reach good performance.

In this paper, we try to develop a parallelization strategy for taking into ac-
count all of the architectural constraints of recent multicore architectures. Our
contributions are twofold. First we experimentally analyze in detail all of the
key factors impacting performance on two rather different multicore architec-
tures (Itanium Montecito and Woodcrest). Second, summarizing our experimen-
tal study, we propose a parallelization strategy and shows its efficiency with
respect to the well known MKL libraries.

This paper is structured as follows: section 2] describes a motivating example
showing the difficulty in selecting the right block sizes, as well as our experi-
mental framework. Section [3] presents experimental analysis of various blocking
strategies. Section [ presents our parallelization methodology and compares the
resulting codes with Intel’s parallel implementation of MKL.

2 DMotivating Example

Experimental Setup
All the experiments shown in this paper have been carried out on the following
architectures:

— A dual-socket Xeon Woodcrest (5130) board with dual-core processors,
2GHz CPU (32GFLOPS 4 cores peak performance), and 533 MHz FSB
(i.e. = 8.6 GB/s). Each dual-core processor has a 4 MB L2-cache shared by
two cores. This machine will be denoted by “x86” in the remaining of this
paper.

— A 4-way SMP node, equipped with dual-core Itanium 2 Montecito proces-
sors (with HyperThreading Technology deactivate(ﬂ), with 1.6 GHz CPU
(51.2 GFLOPS 8 cores peak performance). Each core has a private 12MB
L3-cache, 256 kB L2-cache and 667 MHz FSB (i.e., ~ 10.6 GB/s). This ma-
chine will be denoted as “ia64” in the remaining of this paper.

Y HTT is mainly useful when dealing with I/O-bound programs, much less with
compute-bound ones. Limited testing showed no improvement by using HT'T in our
computations, while increasing risks of cache-thrashing.
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ICC v10.0 and MKL v10.0 were used to make our benchmarks. Two versions
of MKL were used: MKL Parallel denotes the orginal parallel version provided
by Intel, MKL Unicore (or Sequential) refers to the MKL specially tuned for
unicore/sequential use. The operating system is Linux in both cases, with a
2.6.18 kernel.

It should be noted that the MKL Sequential was used as a “black box”. It is a
very high performance library, on both x86 and IA64 architectures. It shows ex-
tremely good results on monocore systems. Thus, aside from the parallel strategy
we describe in section H] a fair amount of tiling, copying and so forth is being
performed by the MKL sequential functions. For the remaining of the paper,
we will compare our parallelized version of DGEMM based on Sequential MKL
kernels with MKL Parallel.

All of the arrays are stored following the “row major” organization, as we
used C for our programs. Although the original BLAS library is implemented in
FORTRAN, all matrices are stored in a unidimensional array. Experiments show
no significant differences between row- and column-major storage strategies in
the MKL/BLAS library.

Instead of using OpenMP or directly POSIX threads, we used a performant
M:N threading library, Microthread, which was developed internally, and served
as a basis for MPC’s [8] OpenMP runtime. It relies on a fork-join approach as
OpenMP does, but allows for more flexibility — for example by permitting us to
chose to which processor we want to assign a given sub-DGEMM), while reducing
thread handling complexity inherent to classic POSIX threads. Moreover, thread
creation and destruction overheads are kept minimal. However, in terms of per-
formance, the gain offered by Microthread over a solution based on OpenMP
remains limited: between 5 and 10% when block computations are small and
less than 5% when blocks are large. However, on truly small kernels, where the
amount of data makes it difficult to find enough ILP per core, the overhead of
Microthread becomes too large (just like any OpenMP runtime). Of course, this
is a case where parallelizing a task might prove less beneficial than running a
sequential job.

Notations/General Principles of Our Parallelization

For the remainder of this paper, we will look at the simplest form of DGEMM,
which performs the following task : Cn, n, = AN, N, X Bn,,n,. We denote N B;
the number of blocks resulting from the partitionning of i-th dimension.

Our parallelization strategy relies on a standard decomposition of the three
matrices in blocks ([4, [7]). All of the block computation on a unicore are per-
formed using the MKL library which achieves very good performance on a uni-
core when the blocks fit in the cache. It should be noted that the blocks resulting
from our decomposition are not necessarily square (they can have arbitrary rect-
angular shape) and second our parallelization strategy is not limited to having
a number of block computation exactly equal to the number of available cores.
We allow to have much more block computations than cores, i.e. overloading of
cores is used.
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A Simple Performance Test

Figure [1l describes performance variations of various partitionning strategies for
a simple parallel Cny v = An,10 X Bio,n: the X axis (resp. Y axis) refers to
the number of blocks (N Bs) along the third dimension (resp. the first dimension
(NBy)). Instead of showing absolute performance numbers, relative performance
(with respect to the best performance) is displayed: the whiter areas corresponds
to best partitionning strategies (i.e. white means between 95 % and 100 % of the
best performance), while the darker areas identify poor choices of partitionning
parameters.

In the upper three plots displayed, the size of the matrices
are such that they entirely fit in the L2 (resp. L3) cache of the x86 (resp. ia64).
Now for these three cases, the white area is much narrower: only one or two
partitionning strategies achieve top performance.

In the lower three plots displayed, the size of the matrices
exceed the L2 (resp. L3) cache size of the x86 (resp. ia64). For these three cases,
the white areas are fairly large, meaning that many partitionning strategies
allow to reach close to the best performance. Now which is much more difficult
to predict is the shape of the white area and why the shapes are so different
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Fig.1. Figure (resp. Fig. [I(c)): the size of the matrices is such that they
fit entirely within the L2 (resp. L3) cache of the x86 (resp. ia64). For figures fig.

(resp. Fig. 11(f)]), the size of the matrices is such that they exceed the L2 (resp.
L3) cache of the x86 (resp. ia64).



34 S. Zuckerman, M. Pérache, and W. Jalby

between x86 and ia64. Furthermore, it is a bit surprising that the NB; and
N B3 parameters do not have a similar effect on the ia64.

Our Approach

Our goal is to develop a strategy allowing to identify quickly what are good

choices for the block values NBi, NBy and NBj3. By “good” we mean within

10% of the best performance achievable when varying arbitrarily block sizes.
To achieve that goal, 3 subproblems have to be carefully taken into account:

1. The block computation running on a unicore must be close to top speed. If
the block is too small, there is not enough ILP to get the best performance
of the unicore, loop overhead becomes the main reason for slowdowns. If
the block exceeds the L2/L3 cache size, the blocking method used by MKL
might not be adequate.

2. The number of blocks must be carefully chosen first to achieve a good load
balancing and second to keep a low parallelization overhead.

3. The scheduling of block computations to different cores might induce co-
herency traffic between the cores. For example if a row of C is spread across
several cores, each core will write part of the row, some cache lines being
shared between two cores (cf Section 3.1).

Finally, it is important to note that we are aiming at the best 10 % as far as
performance is concerned, which is symbolized by white or light-grey colors on
all our figures.

3 DGEMM Performance Analysis
3.1 Limiting Cache Coherency Traffic

The amount of coherency traffic will depend how blocks are allocated to different
cores. We will use two opposite strategies: Write Columns versus Write Rows.

In the Write Columns scheme, every core is computing and writing into differ-
ent sets of columns of the result matrix C. In this scheme, the A matrix will be
read by all cores while each core will read different sets of B columns. Since C'
is stored row-wise, some cachelines (containing C' values) can be shared by dif-
ferent cores leading to coherency traffic. The resulting performance, depending
on various blocking strategies are shown in figure and

In the Write Rows strategy, every core is computing and writing into different
sets of rows of the result C' matrix. In this scheme, the B matrix will be read
by all cores while each will read different sets of rows of the A matrix. In this
case, very few cachelines of C' are shared between different cores. The resulting
performance, depending on various blocking strategies are shown in figure [3(b)|
and

The two strategies are illustrated in figure and

Although best performance between the two strategies is comparable, one
(the Write Columns one) produces a much narrower area of good values for
the good block values. On the other hand, the Write Rows strategy gives us an
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Fig.3. A,k X Bg,n blocking with a Write Rows strategy

advantage: the “good” areas encompass the ones in the Write Columns strategy,
but are much larger, hence allowing for a bigger blocking factor without hurting
performance.

This behavior is clearly due to false-sharing of cachelines: when using the
Write Columns strategy, one creates many “frontiers” where a set of cache lines
may be shared between two cores. By ensuring that a single core writes for the
longest possible time in a same set of rows in C', we reduce these “frontiers” to a
minimum. This works because we are in a row-major setup; the strategy would
give inverse results in a column-major one.

3.2 DGEMM Analysis

In this section, we will study three extreme cases of matrix multiplication of
rectangular matrices, which allows us to uncover most of the key problems in
matrix multiplication parallelization. A large set of experiments were carried out.
Only the most impressive ones are shown and analyzed. Moreover, we observed a
continuous performance behavior when varying parameters such as for example k
(where k is the number of columns of A). More precisely, a performance behavior
for k = 20 can be easily interpolated from the behavior of £ = 10 and k = 30.
Performance counters were not used for this parallel analysis, because effi-
cient tools that give correct and fine measurements in a multicore environment
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are almost inexistant. You can find good sequential measurement tools such as
Perfmon or Intel VTune. Of course, the sequential behavior of a given kernel
can help to fine-tune its parallel counterpart (for example, a kernel that already
saturates the main memory bandwidth is going to be trouble in parallel). But
nothing can be said about cache coherency, and additional bus contention due
to several cores trying to write to main memory, for example. However, we do
use performance counters while evaluating unicore performance (cf. section [)).

Both the Ay i X By and Ay, X By n kernels (studied below) behave well in
a sequential, unicore environment: performance counters tell us that there is no
bandwidth shortage, nor real performance issues.

3.3 Performance Analysis of Cnx = AN,k X Bg,k(Fig. H)

Since k is small, the only opportunity for parallelization lies in partitioning along
the first dimension. Each core has its own copy of B, and only relevant rows of
A are read. Moreover, writing to C' is done row-wise, which prevents most false-
sharing from occurring. In figure (x86 4 cores) the three matrices fit within
the cache and minimizing the partitioning on A i.e. NB; = 4 or 8 is a fairly good
strategy. On the other hand, in fig. when we exceed the cache size, larger
partitioning degrees of A are required. In figure where the three arrays fit
again in cache, a minimum number of blocks of A is a very good strategy.

100%

64 o
32 32 95%
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28 28 85%
» “ |
20 20 40 70%
16 16 32 65%
60%
12 12 24 55%
50%
8 o 8 a 16
4 2 4 2 8 x
1 2 3 4 5 6 7 8 9 1 1 2 3 456 7 8 9 1 1 2 3 4 5 6 7 8 0 1 o
0 0000 0O0O0GO0O0OGO 00 0 00O0O0GO0TGO0STU o 0000 0O0O0TO0OD
k 0 3 o NE3 0

(a) x86 2 x 2-core (b) x86 2 X 2-core (c) ia64 4 x 2-core Agooo,k X Bk k
A2000,k X B,k A6000,k X B,k

Fig.4. Figures (resp. | (c))) present performance variations of the primitive

Cn,k = ANk X Bix on x86 (resp. ia64). The Y axis refers to the number of horizontal
blocks used for partitioning A and B, while the X axis refers to different values of k.
For each value of k, performance numbers have been normalized with respect to the
best performance number obtained for this value of k. For Figure (resp. Fig[A(c)),
the size of the matrices is such that they fit entirely within the L2 (resp. L3) cache of
the x86 (resp. ia64) while for Fig the size of the matrices exceed the L2 x86 cache
size.

3.4 Performance Analysis of Cx,n = Ak, X Bg,n(Fig. B)

This is the symmetrical counterpart of the previous case. In theory, it should
behave exactly the same way, but in practice, there is a huge performance gap.
Several factors explain this. The first one is that the performance behaviour of the
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architectures. Data sets fit in the x86 cache (fig. [5(a)) while data sets in fig. [5(b)|
exceed its cache size. Fig. presents results on ia64 with a data set fitting in L3.

0%

unicore block MKL kernel By, . x Cy, n is fairly different from the performance of
the unicore block kernel (B x Ck. ;). Second, generating blocks means dividing
in a column-wise manner, which is prone to provoke false-sharing.

3.5 Performance Analysis of Cny, v = AN,k X B~ (Fig. )

Here we have a combination between the two previous cases, rendering perfor-
mance prediction difficult at best. However, there is a clear trend to see: when
the sub-matrices fit in cache, there is only one good partitionning strategy, i.e.
dividing according to the number of cores. On the contrary, for matrices larger

than cache size (see figures [T(d)} [[(e)] and [T(f)) higher degrees of partitionning
are required.

3.6 A Quick Summary of These Experiments

First, basic block performance is essential. Second, as long as we are performing
DGEMMs where (sub-)matrices fit in L2 or L3 cache, there is no need to go
further than divide the work according to the number of cores available. How-
ever, as soon as we are on the verge of getting out of cache, it is important to
increase the blocking degree so as to fit in cache once again, with a good se-
quential computation kernel. So far, all our experiments have shown that this
in-cache/out-of-cache strategy (see next section) is sufficient to get good results.

4 A Strategy to Fine-Tune Matrix Multiplication

Methodology for Fine-Tuning DGEMM Parallelization
The major difficulty in the parallelization strategy is in fact the right choice
of block sizes (i.e. partitioning of the matrices). Let us first introduce a few
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notations. Our focus is the parallelization of the computation of Cn, n, =
AN,.N» X BN, N;. The number of blocks along the first dimension Nj (resp.
N, N3) will be denoted N By (resp. NBa, N Bs). The corresponding block sizes
will be denoted Bj, Bs, Bs, in fact B; = N;/NB;, i € {1,2,3}.

The first step of the method consists in first benchmarking unicore perfor-
mance of the basic blocks multiplication. This will give us constraints on the
block sizes of the form B < B; < B (and the similar ones for By and
Bs), meaning that if By satisfies such inequalities, we are within 10 % of the
peak performance of a unicore matrix multiply. This step requires systematic
benchmarking and integrates most of the particularities of the underlying uni-
core architecture and of the library used for unicore computations. This step is
done once for all for a given unicore architecture. The results are stored in a
database and used in a later step of our strategy. It should be noted that not only
GFLOPS performance numbers are stored in this database but also bandwidth
consumption between the various cache levels (this is obtained by measuring
cache misses using hardware counters).

The second step consists in exhaustively searching all of the partitionings such
that:

1. The resulting block sizes satisfy the unicore good performance constraints

2. The sum of the sizes of the three blocks (corresponding to an elementary
block computation) is less than a quarter of the last level cache size B1Bs +
B1Bs+ ByBs < C'S/4. Aiming at using only a quarter of the available cache
size, allows us to be on the safe side (i.e. being sure that the three blocks
remain in cache) and second results still in good cache miss ratio due to the
large size of L2 and L3 caches

3. The quantity NBy x NBy x NBjg is a multiple of the number of cores (to
insure perfect load balancing). If N By x N By X N B is less than the number
of available cores, the number of cores used is reduced accordingly to still
match the load balancing constraint

Then in third step, all of the solutions are lexicographically sorted according
to the values of NBy, NBs N Bs. This sort aims at taking into account the fact
that from the parallelization point of view the three dimensions are far from
being equivalent:

— partitioning along the first dimension induces a simple parallel construct
(DOALL type) with minimal overhead and the induced partitioning on ma-
trix C' is row-wise and does not induce false-sharing

— partitioning along the third dimension induces also a simple parallel con-
struct with minimal overhead but the induced partitioning on the C' matrix
is column-wise and will generate false-sharing of cache lines

— partitioning along the second dimension is more complex because it requires
synchronization to accumulate the results. In our parallelization strategy, we
chose to perform the block computations in parallel, each core accumulating
in a different temporary array. Once all of the blocks have been computed,
a single core sums up all of the temporary arrays into the final C' block.
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Fig. 6. Intel’s parallel MKL/DGEMM versus our own parallelization

Therefore, the final solution picked up is the one corresponding with the min-
imum N By value, then the minimum N Bjs value; this corresponds to a lexico-
graphic sort of the solutions. However, in order to minimize cache thrashing,
it is important that each thread is given “contiguous” blocks: for each block of
lines in A, a given thread which has not reached its maximum number of tasks
is given a certain amount of “contiguous” blocks in B.

Very convincing results were obtained using our parallelization strategy (see
fig. [6). The most impressive ones relate to the Cny v = An i X By, n case, where
operands do not fit in cache. This is due to the fact that MKL uses a constant
strategy of minimizing the number of blocks used (the number of blocks MKL
uses is exactly equal to the number of cores). When operands fit in cache, this
strategy works fairly well (except in Cy nv = Ak X Bg,n) but performs poorly
when operands do no longer fit in cache. Although these experiments show how
much gain can be obtained with a good parallel strategy, the results are far from
reaching peak performance. On the Cn ny = An 1 X By, v case, there are almost
ten times more memory writes than memory reads — i.e., even though there is
enough ILP to exploit per core here, writing the results back to memory is tried
all at once by all the cores, hence saturating the memory bus.

Comparison with Related Work

ATLAS. ATLAS [10] is a powerful “auto-tuned” library, i.e. upon installa-
tion, it performs various measurements (such as determining cache latencies
and throughput) in order to choose the best computation kernel adapted to the
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underlying system. These kernels are either already supplied by expert program-
mers for a given architecture, or code generated when the underlying system is
unknown. ATLAS relies mainly on a good blocking strategy which mixes hand-
tuned kernels as well as automatically-generated code at install-time to produce
a highly optimized BLAS library. It can also be built into multithreaded library.
However, first the number of cores thus supported is fixed, and can never be in-
creased at run-time: one must recompile the whole library each time the number
of cores change. Second, ATLAS cannot take easily advantage of already existing
DGEMM libraries: it requires very specific kernels.

GotoBLAS. On the opposite side, the GotoBLAS [5, [6] provide a highly hand-
tuned BLAS library, with computation kernels programmed directly in assembly
language, and very efficient sequential performance as a result. However, these
kernels work only on very specific systems (those for which the kernels exist),
and do not exactly respect the BLAS semantics (contrary to ATLAS and Intel
MKL). Thus, although the changes to one’s code are minimal, one can not simply
“swap” BLAS libraries with GotoBLAS.

Our approach. It differs from ATLAS and GotoBLAS in different ways. AT-
LAS and GotoBLAS are above all a work to take advantage of sequential perfor-
mance. They provide hand-tuned and automatically-tuned BLAS libraries, with
an emphasis on blocking. Our approach aims parallel performance only, relying
on good sequential BLAS routines. More precisely, our blocking strategy focuses
only on parallel performance, with parallel criteria in mind, i.e. sequential ones,
as well as memory contention, false-sharing risks, etc. We could take the kernels
provided by ATLAS or (with some code modifications) GotoBLAS. Although
ATLAS does provides a way to get multi-thread BLAS, this number must be
fixed at compile-time, while our method scales with the number of cores.

5 Conclusion

Although matrix multiplication seems to be a solved problem at first, it is clear
that in the parallel case and for shared memory systems, a large amount of work
remains to be done to get peak performance. It is not enough to use a good
and efficient unicore library. Special care has to be taken to take into account
behavior of such libraries which are far from being uniform when varying matrix
sizes. To get the best out of the MKL in our case, it was necessary to make
various trade-offs between data locality, false-sharing avoidance, load-balancing,
sequential kernel selection (to get the best sub-DGEMMs cases when distributing
tasks) and memory bus contention. This has enabled us to get as much as twice
the performance offered by the MKL parallelized by Intel in the best case, in a
systematic manner. The methodology we propose is fairly systematic and can
be easily automated. However it should be noted that for some specific (small)
matrix sizes, the performance obtained is far from peak, due probably to a lack
of performance of a unicore version. Further work include improving such cases
by generating better unicore kernels then developing a fully automated version
of the library and dealing with ccNUMA aspects for larger multicore systems.
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Abstract. Program performance is tightly linked to the assembly code,
this is even more emphasized on EPIC architectures. Assessing precisely
quality of compiled code is essential to deliver high performance. The
most important step is to build a comprehensive summary for end-user
and extract manageable information. In this paper, we present our first
prototype called MAQAOAdvisor, a key MAQAO(Modular Assembly
Quality Optimizer) module that drives the optimization process through
assembly code analysis and performance evaluation. It performs compre-
hensive profiling, hot-loop and hot-spot detection, fast evaluation and
guides local optimizations. An originality of MAQAOAdvisor is to de-
port part of optimizations from the driver to a post-compiler evaluation
stage. It is based on static analysis and dynamic profile of assembly code.
It feeds information back to help end-user detect and understand per-
formance problems. It proposes optimization recommendations to guide
a user to perform the best transformations to get the best performance.

1 Introduction

The quest for performance leads to an ever increasing processor complexity. Sim-
ilarly compilers are following the same trend with deeper optimization chains
involving numerous sets of techniques. As a result code performance is becom-
ing more and more complex to guarantee, it is sensitive to butterfly effects and
difficult to assess without extensive tuning and experiments. The Three funda-
mental points for code optimization are to detect, understand and fix potential
performance problems. Nowadays this issue is mostly tackled by using hardware
counters and dynamic profiling. An array of tools is used to handle these three
stages of performance tuning. Consequently, tuning is a time consuming task,
burdensome with a poor productivity. Therefore, a modern approach is much
needed, to address the complexity of the task in order to support the multidi-
mensional aspect of performance and complemented existing methods.

We propose an approach which allows us to find the best orientation to guide
a user to perform the best transformations to get the best performance. Under-
standing of how and why the compiler bottleneck occurs, through the feed-back
of more information, helps us to execute the code much faster.

P. Sadayappan et al. (Eds.): HiPC 2008, LNCS 5374, pp. 42[56] 2008.
© Springer-Verlag Berlin Heidelberg 2008
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Fig. 1. Adding a stage is a way to cut through the cost of evaluation (by preventing
useless execution) as well as to limit the number of evaluations (by preventing the
iterative process to apply useless optimizations)

The novelty of our approach is:

1-The optimization part: Which is transferred from the driver to a post-compiler
evaluation stage. Being after the compilation phase allows us a precise diagnostic
of compiler optimization successes and/or failures, or if due to some obscure com-
piler decision, the resulting code contains under-performing patterns. Assembly
level is the natural place to observe performance, because it is close enough to
the hardware and it is possible to check the job done by the compiler. The idea
is to enrich the performance ecosystem with a new actor in a collaborative way
with the compiler.

2-The assembly code analysis: Our approach gives the first decision about the
code quality and which transformation should be applied to improve the quality
of assembly code and by consequence it’s performance. The use of both static
analysis and dynamic profiling within a single framework seems to provide a
great amount of flexibility for designers to try out new optimization patterns. By
combining static and dynamic analysis, we centralize all low level performance
and build correlations.

3-The modification of iterative compilation process: As depicted in Figure [I]
our system includes an extra stage between the compiler and the execution.
Our approach is located between a model-driven optimization and with ma-
chine learning optimization without training. The advantage of this method is
to have less N executions than the original iterative compilation so, we speed-up
the execution time of the search engine. The driver keeps track of the different
transformations to apply next. It reads a list of transformations that it needs
to examine together with the range of their parameters. With the original ap-
proach, we have only the feedback with the execution time or a few hardware
counters. In our approach, we can have more detailed information on the assem-
bly code with an expert system which is in charge of collecting information from
an inner-view perspective in contrast with execution time or hardware counters
which provide an outer-view. Furthermore, the feed-back provided to the com-
piler is richer than simple raw cycle counts. This feed-back contains the set of
pre-selected transformations than the expert system supposed to be relevant.
In this paper, we present our first prototype called MAQAOAdvisor which is
used to provide a live tuning guide capable of improving performance and/or code
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quality that is not caught by existing tools. It aims to simplify the understanding
of the compiler optimizations. To answer the question: is it possible to learn a
decision rule that select the parameters involved in loop (application) optimiza-
tion efficiency ?. We build a summary that defines an abstract representation of
loops(application) in order to capture the parameters influencing performance.

MAQAOAdvisor advocates a new approach which can be combined with tra-
ditional iterative compilation. This module is characterized by a finer granularity
and a richer feed-back. It alleviates the cost of iterative compilation and enlarges
the spectrum of candidate codes for optimization.

MAQAOAdvisor, a key MAQAO module drives the optimization process
through assembly code analysis and performance evaluation. It is fully imple-
mented in MAQAO (information is presented to the user in a hierarchical manner
in a GUT application) MAQAOIT] is a tool which allows the analysis, the ma-
nipulation and the optimization of assembly code generated by the compiler.
MAQAO tries to identify the optimizations done (or not) by the compiler. De-
veloping MAQAOAdvisor as an expert system seems to be a suitable answer as
the other generic methods that are not adapted to the highly specific problem
of code optimization. It implements a set of rules to help end-user to detect and
understand performance problems and make optimization recommendations to
guide a user to perform the best transformations to get the best performance.

This paper is organized as follows: Section 2 details MAQAOAdvisor overall
design. Section 3 illustrates MAQAOAdvisor outputs. Section 4 details the guided
optimization. Section 5 presents related work. And we conclude in Section 6.

2  Overall Design of MAQAOAdyvisor

Gathering data and statistics is necessary for a performance tool, but it remains
only a preliminary stage. The most important step is to build a comprehen-
sive summary for end-user and extract manageable information. MAQAOAd-
visor acts as an expert system to drive user attention within the performance
landscape. Providing an expert system to help the user to deal with complex ar-
chitecture was done by CRAY’s AutoTasking Expert [2]. It was focused on par-
allelization issue and was neither as extensible nor as sophisticated as MAQAQO’s
performance module. MAQAQOAdvisor is built over a set of rules and metrics:

2.1 Performance Rules

Relying on static as well as dynamic information, MAQAOAdvisor implements a
set of rules to help end-user to detect and understand performance problem. All
rules are written with the support of MAQAO API which allows manipulating
MAQAQO internal program representation and quickly writing compact rules.
Rules can be sorted in three categories:

Transformations Rules: Once assembly code parsing data are stored, the
application of the transformations rules will format and gather them according
to some conditions in a data table. We detailed four transformations rules:
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Issue cost per iteration, jointly with cycle cost, this metric allows to evaluate
the cost of data dependences for the loop. A large gap induced by data depen-
dency hints that the loop should be unrolled more aggressively or targeted by
other techniques to increase the available parallelism.

Clycle cost per iteration, is expressed as a function of the number of iterations,
for non-pipelined loop it is simply in the form of: a x N where N is the number
of iterations. This static cycle evaluation is a reference point to estimate the
effectiveness of dynamic performance.

Theoretical cycle bounds per iteration, estimate the data dependency weight
in the critical path. This metric[3] indicates if the loop is computationally or
memory-wise bound. Knowing whether a loop is computationally or memory-
wise bound is a powerful indicator of the kind of optimization techniques to use.
Typically computationally bound loops imply that lots of cycles are available to
tolerate memory latency problems.

Pipeline loop, where the cost function is: a X N 4+ b. N being the number of
iterations, a the cost per iteration and b the filling-up/draining pipeline cost.

Deduction Rules: From the data table of transformation rules, other rules are
deduced to help the end-user to (1) detect and understand the performance prob-
lem, (2) search effective optimizations, (3) understand optimization failures and
obscure compiler decision and to propose code transformations. The deduction
rules can be sorted in three categories:

High Level Rules, add semantic to assembly code loop structures. Based on
heuristic they are able to compute unrolling factor, degree of versioning, inlin-
ing, presence of tail code and report suspicious pipeline depth. These rules also
evaluate cost of data dependencies, compute the gap with bound of optimality
or hint for vectorization opportunities. Some rules are also dedicated to estimate
the purpose of loop versioning. The main cost of loop versioning is the intro-
duction of (a limited) decision tree overhead to select the relevant version, and
code size expansion. Several optimizations bring an improvement large enough
to overcome this additional cost, but when the gain is questionable, versioning
should be turned off.

Code Pattern Rules, are dedicated to rules based on known bad code patterns.
For instance on Itanium 2, in some cases the couple of setf/getf instructions
are used to convert values from the general purpose to the floating point reg-
ister file. These conversions are costly and in some cases available. Therefore it
is valuable to report presence of such patterns. Additionally some rules based
on pattern matching evaluate if loops are performing memcpy or memset. With
MAQAOPROFILE, we can have the number of iterations. Also, in MAQAO, we
have a summary about some specific functions. For example, the insert of memcpy
is interesting when the number of iterations is greater than 1000. In this case, a
message is reported advising to modify the source code and insert a library call.
Additionally spill/£ill operations are detected, as well as memory operations
prone to bank conflicts. On the source level, MAQAOAdvisor also detects if a
code is badly written and proposes some high level transformations.
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Low Level Rules, address performance problems due to some architecture spec-
ifications. For instance in Itanium architecture, it can be: branch buffer saturation
with 1 cycle long loop body (i.e. one branch to process every cycle). Hardware
can not sustains the branch throughput and this leads to some extra stall cycles
of the pipeline. Other architecture specific problems like register pressure, or
lack of prefetch instruction in a loop with memory operations, and so on.

Additional Rules: MAQAOAdvisor is a library of high level rules which can be
extended according to user needs. Users can easily extend the MAQAOAdvisor
by writing their own rules.

2.2 Hierarchical Reporting Approach

The needs of the end-user differ, depending on which level, the decision is going
to be made: is it to chose between two compilers? To select different compilation
flags for the whole application? To tune specifically a given loop? Being aware
of this, MAQAOAdvisor organizes information hierarchically. Each level of the
hierarchy is suitable for a given level of decision to be taken: complete loop
characterization, loop performance analysis, function or whole code analysis.

At the first level, the instructions are coalesced per family (e.g. integer arith-
metics, load instructions) and counted on a per basic block basis.

The second level, which is already an abstraction layer, only reports loops
where some important performance features are detected, thus filters out a large
amount of non-essential data. Additionally results are reported in a user-friendly
way. This level summarizes the tables of:

(i) selected instruction counts and built-in metrics are displayed which require
some knowledge to be interpreted but they represent the exact and complete
input of what MAQAO is going to process in the upper stages. However the goal
is to detail instructions that have been determined as being of special interest.

(#4) instruction count enriched by built-in metrics : Cycle cost per iteration, is-
sue cost per iteration and theoretical cycle bounds per iteration. Together counts
and metrics are exploited by MAQAOAdvisor rules which process results gath-
ered during application execution (instrumentation, hardware counters, cycle
counts).

(#4) versioning summary for each hot loop. The idea is to perform a study of
different versions based on the number of iterations, to decide which is the best
version for each interval of iterations, to classify the versions as function of the
number of iterations, and choose for each interval of iterations the best one in
order to improve parallelism in the original code or in the new optimized code
(very interesting to improve the compositional versioning[]).

The third and forth level, respectively, for each routine and the whole code, a
report counting the number of detected performance issues. Reading these tables
is quick and was designed to facilitate comparison.

The fifth level summarizes different optimizations. When MAQAOAdvisor
orients user to generate different versions of each hot loop, MAQAO has the
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possibility to perform a global study (static analysis, profiling) for all versions
at the same time. This automatic process is the "mode project” in MAQAO.

The sizth level, gives a comparison between different transformations, i.e. for
the same code, compiled with different compiler flags; it is possible to do a
paired comparison (graphical or tabular). One can perform this comparison for
each level (1 to 4) or generate a comparison report.

The seventh level, performs code comparison, i.e. for the same code, compiled
with different compilers; here also it is possible to do a paired comparison.

3 MAQAOAdvisor Outputs

Based on the static and dynamic results at all levels, MAQAOAdvisor sorts
functions, loops and projects by their respective weight.

3.1 MAQAOAdvisor Modes

MAQAOAdvisor results are displayed in the MAQAO interface or in a report
by using the batch mode. MAQAOAdvisor rules and those written by users, can
be applied automatically to a large set of files in batch or interactive mode.

3.2 Static Analysis Results

As an analyzer, MAQAO’s static module extracts the entire code structure.
The structure is expressed through a set of graphs. These graphs are simple yet
powerful to analyze a code. Several types of static analysis are also displayed
in MAQAOAdvisor. It provides a diagnosis of selected functions, loops or basic
blocks like the number of instructions and the information about inner loops.

Call Graph (CG): By selecting one function in CG, MAQAOAdvisor gives all
its loops static/dynamic information.

Control Flow Graph (CFG): Represents the predecessor/successor relation
among basic blocks and facilitates to display MAQAOAdvisor results for one
selected loop (see Figure 2] (a)).

Data Dependency Graph (DDG): Computing the DDG is a key issue to
(1) determine critical path latency in a basic block, (2) perform instructions
re-scheduling or any code manipulation technique, (3) allow an accurate under-
standing of dynamic performance hazards, (4) determine the shortest depen-
dency that corresponds to the overlapping bottleneck (see Figure 2 (b)).

Versioning: If the user chooses one loop and click on versioning button, MAQAQO
provides a new window with a summary of the versions of this loop generated
by the compiler. If he had performed an instrumentation before, and he clicks
on graph versioning, MAQAQOAdvisor provides the distribution of loop iteration
count for each version. This information helps us to decide which optimization
and version is the best. At this level, MAQAOAdvisor can also give a guiding
report to do better optimization.
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(a) MAQAOAdvisor displays analysis. (b) Data Dependence graph

Fig.2. SPECFP 2000 benchmark. (a) 178.galgel: close inspection of the loop loop
b1-20. In front of each loop of the source code, (i) gives access to the information
computed by the MAQAOAdvisor concerning this loop. (b) 187.facerec: DDG of hot
loop in gaborRoutine. User can choose RAW, RAW, WAR, WAW or intra dependence.
It can also visualize them at the same time.

Static Statistics: are the representation of transformations rules detailed in
section 2Tl and they can be displayed in the MAQAO interface.

3.3 Dynamic Analysis Results

MAQAO proceeds to code instrumentation automatically[5]. It measures the real
application behavior with minimal disturbance. An interesting side effect of our
instrumentation is its very low run-time overhead. Profiling information is used
to build an execution summary, they can be transparently accessed by end-user
or used by MAQAOAdvisor.

3.4 Combining Static/Dynamic Analysis
Example of static/dynamic results:

Prefetch impact: By applying prefetch transformation rules, MAQAOAdvisor
detects if a loop containing load or store instructions does not contain prefetch.
It warns and advocates for first checking the source code (to consider if data
streams are manipulated) and if necessary to use prefetch intrinsics. Intrinsics
force the compiler to generate prefetch instructions. This prefetch warning is not
emitted in the case of loop tail code, because loop tail codes have only a limited
number of iterations. In such a case, the lack of prefetch instruction makes sense.

Value Profiling Results: Time profiling is of limited help for such a fine granular-
ity, but value profiling leads to numerous optimizations. For instance, it is the
key metric for code specialization. Additionally, extracting some characteristics
of address streams is useful to prevent bank conflicts, aliasing problems or to
detect the prefetch distances. Prefetch distances could theoretically be computed
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off-line with an assembly code analysis. However, it remains easier and safer to
rely on dynamic traces, since for instance on Itanium architecture some opti-
mizations allow a single prefetch instruction to retrieve several data streams.

Summary Analysis: By comparing static and dynamic analysis, MAQAQOAdvisor
detects the value undecidable by a pure static scheme and gives more information
to take the best decision.

4 Guided Optimization

MAQAOAdvisor helps end-user to navigate through his code and isolate the
particularly important or suspicious pieces of code. For these isolated pieces
which are the hot loops, MAQAOAdvisor provides as many guidances as possible
to help the decision making process. This ”guided-profile” allows to understand
the compiler optimizations and guides to improve code quality and performance.
As detailed in Figure B, MAQAOAdvisor is designed as a set of interlinked levels
each of them being loosely coupled to the others. User can take decisions at the
end of each level. The best decision is taken at the end of the process.

4.1 Awutomatic Hot Loops Selection

In this stage, we must find the hot loops to be optimized. MAQAOPROFILE[5]
allows us to give a precise weight to all executed loops, therefore underscoring

New source codes Compiler

A
5 1 5 1

Flags Source Code

Assembly code
Versions

13 12
Hardware Counters R2
~ v

| Simple Optimizations Decisions |

| Simple Optimizations Decisions |

[ I |
I Second Decisions

Fig.3. MAQAOAdvisor Process
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hotspots. Correlating this information provides the relevant metrics: (1) Identi-
fying the hotpath at run-time which passes through the whole program where
the application spends the most of its time is a key for understanding applica-
tion behavior. (2) Monitoring trip count is very rewarding, by default most of
compiler optimizations target asymptotic performance. Knowing that a loop is
subjected to a limited number of iterations allows us to choose the optimizations
that characterized by a cold-start cost.

4.2 First Decisions

Based on static analysis, MAQAOAdvisor takes first deductions of compiler op-
timizations and proposes to:

i) Add "pragma” to avoid (1) the register pressure in order to avoid the spill /fill,
2) the check instructions (that mean compiler had take a bad optimizations),
3) and to inform the user that lot of calls can decrease performance.

ii) Improve code quality in order to improve performance. Code quality de-
pends of the first ratio R1 (issue/bound). It evaluates the matching between
static bounds[3] and observed performance. If it is equal to one, then the func-
tion/loop is removed from the list of optimization candidates. Otherwise, candi-
dates are evaluated according to several factors: value profiling is used to detect
stability.

(
(
(
(

If we have just one version with R1 < 1.2 and there is no problem of spill
/fill, check instructions and functions calls, MAQAOAdvisor decides that is the
best one and the process can be stopped here.

If R1 > 1.3, we generate the first guided optimization. It combines the static
and dynamic analysis of the original version of each hot loop. Then it allows
user to apply the first optimization for the hot loops in source or assembly
level to improve code quality and the performance. For example, it can propose
optimization on source level, like software pipelining, unrolling, add prefetch.

At this level, applying different transformations for several hot loops in as-
sembly or source level, implies the generation of several versions of code. The
analysis of these versions allows to find the best version or what kind of trans-
formations user must take, to have the best performance at the second level of
the MAQAOAdvisor. 1t is possible that the compiler may not improve the code
quality, so MAQAOAdvisor orients user to the second decisions.

4.3 Second Decisions

Once at this level, we are sure that we can improve the performance more than
the previous level. To find the trade-off between quality and performance it is
interesting to calculate the second ratio R2.
R2 = gfg%; where: ¢o(IN) = number of cycles executed for N iterations.
c1(N) = A1.N + By, where A; is the static cycles of the body, B is static
cycles spent in overheads and N is the number of iterations of the loop.
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If the compiler unrolls the original loop and generates a remainder loop, the
formula of ¢y is: ¢1(N) = A1.N+Bi+a;1.(N mod UF)+b; where a; and by are the
parameters of the loop corresponding to remainder iterations and (N mod UF))
is the remainder iterations and UF is the unrolling factor. This ratio answers
the question: Does the static code represent a good dynamic behavior?

To take a decision to what we do, MAQAOAdvisor combines the information
like R1 and R2 values of one or more versions for each hot loop:

Simple Optimizations decisions: MAQAOAdvisor follows this path for the
good R2 value (R2 < 3) and decides to guide user to:

Combining best versions in the same source code, where R1 < 1.2. It is a high
level optimization. To achieve a trade-off between code quality and performance,
MAQAOAdvisor combines for each hot loop and their best versions: (1) the un-
rolling factors, (2) the loop and code size, (3) R1 and R2. All this process is auto-
matic. This information is given to a solver that finds the trade-off. Rescheduling,
where R1 > 1.2. A generation of the DDG of the loop can help us to reschedule
the assembly instructions in order to improve the code quality. We choose the
version that corresponds to the small R2.

Compositional loop specialization, we can also apply a low level optimization.
It’s indepent of the R2 value and it can complete and give more performance than
the two first optimizations. Knowing the number of iterations, this technique[4]
can generate and combine sequentially several versions at the assembly level.
We can get best performance with this technique because we improve the best
versions using the MAQAOAdvisor decisions.

Complex Optimizations decisions: If we have a bad R2 value (R2 > 3),
MAQAOAdvisor guides user to use hardware counters. An interesting advantage,
the hardware counters are implemented in MAQAO. Executing a simple script
in MAQAO, MAQAOAdvisor combines the hardware counters and MAQAO
results to guide user to take a decision. For example to solve the cache misses,
MAQAOAdvisor can propose one of the decisions:

Memory reuse, by modifying the stride of the loop or aggregating the data.
Optimization cache, taking a copy of data or a blocking cache decrease the
TLB.
Recovery of Data access latencies, by adding a pragma in source code or mod-
ify the prefetch distance in assembly code. This modification is still in progress
in the compositional approach implemented in MAQAO.

4.4 Optimization Results

In this section, we evaluate our proposed technique. We consider three bench-
marks: CX3D application, a JACOBI code, and a benchmark from the
SPECFEFP2000.

Experiments were run on a BULL Itanium 2 Novascale system, 1.6GHz, 3SMB
of L3. On the software side, codes were compiled using Intel ICC/IFORT 9.1.
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CX3D: CX3D is an application used to simulate Czochralski crystal growth a
method applied in the silicon-wafer production. It covers the convection processes
occurring in a rotating cylindrical crucible filled with liquid melt.

Based on hardware counters technique, we count the cycles, instructions and
nop retired as well as back_end_bubble_all stall cycles, we remark that back_end
_bubble_all stall cycles are the most important (more than 50%). To know the
reason of this stall, we must analyze the subevents. The BE_L1D_FPU_BUBBLE
dominates (86.21%). To know the reason of this stall, we must observe two
events where BE_LL1D_FPU_BUBBLE_L1D takes 99.54%. To have more preci-
sion, we observe different sub-events for this event. The cause in this level is
that the compiler had a problem to load integer variables from L1D in one cy-
cles (BE_LL1ID_FPU_BUBBLE_L1D_DCURCIR takes 51%). Arriving at this level,
we do not have more precise information and we must take another approach to
understand the problem.

But if we use our process, we are sure that we take less time than trying to
understand the hardware counters results in order to identify the problem and
then give a solution. With our approach, firstly we can just base on static analysis
giving the first diagnostic. Combining static and dynamic analysis, our system
can give a precise diagnostic and a precise solution to improve performance. For
example, for this loop, one of the suggestions is the memory access aliasing. Our
aliasing memory module proves that we have an aliasing problem. After that a
precise solution proposed by our system is ” you must apply an interchange”. The
process is organized as follows: first a fine grain profiling is done to get accurate
hot functions and for the hot functions we give the accurate hot spots. Then
the most time consuming inner loops are optimized according to their static and
dynamic analyses of our method.

1 - MAQAOPROFILE Information:

(i) Hot functions: the time attributed to the highest routine (velo) is 70.12 %.
(ii) Hot loops: to isolate the most time consuming loops. The hot loop which is
at the source line 787. Other loops have been omitted for sake of clarity.

2 - Optimization sequence: Based on MAQAOAdvisor process, we try to im-
prove code quality in order to improve performance. Our approach is applied
to loop id 75. Before applying different transformations and relying only on
the combination of static and dynamic information, MAQAOAdvisor (i) collects
compiler optimization information applied to this loop , (ii) proposes different
solutions (unrolling, prefetching and interchange) for this loop. Generating these
versions and the summary of the static information, the GLPK solver indicates
that the interchange transformation is better. The gain is 60% and R1 becomes
1 (good code quality). To prove our approach, we have also applied profiling
for these transformations. We have remarked that there is a correspondence
between solver solution or proposition and dynamic results. That proves, it is
not necessary to execute different versions in order to find the best execution
time corresponding to the best transformations. But just with the useful static
information, we can find the best transformations.
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Fig.5. CPU cycles for different compositional versioning: (a) loop 23 (source line) in
relax_jacobi, (b) loop 2655 (source line) of 173.applu

JACOBI: Jacobi code solves the Helmholtz equation on a regular mesh, using
an iterative Jacobi method with over-relaxation. The first level of our approach
demonstrates that Jacobi contains one important hot loop (source line 2655).
This level allows us to generate some versions of this loop using pragma. Intro-
ducing all guided-profile important information to the GLPK[L(] solver, it finds
a trade-off and decides the version unroll 6 is the best one (see Figure @l ). For
the best version, we have applied different transformations. See Figure [Bl(a).

173.APPLU: It is a benchmark from SPECFP2000 which leads to the per-
formance evaluation of the solver for five coupled parabolic/elliptic partial dif-
ferential equations. The same process of jacobi was applied for this benchmark
and the best version is the version unroll 6. Accurate results of compositional
versioning are provided in Figure Bl(b).

5 Related Work

Very few tools focus at providing user with transformation code advices for per-
formance tuning. Tools such as foresys [6] or FORGExplorer [7] propose code
analyses as well as code transformations but no techniques to identify the tun-
ing transformation to use. Vtune[l12] is mainly a profiling tool. Its usage is so
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widespread that an API gets standardized to describe their access. CAHTIg]
shares the same goal as Vtune: ”discover performance-improvement opportuni-
ties often not considered by a compiler, either due to its conservative approach
or because it is not up-to-date with the latest processor technology”. CAHT
also formalized the search of tuning advices and so builds an easily extensible
system based on case-based reasoning (CBR). The solution proposed by CAHT
is not precise when there are no similar cases because it must ignore some char-
acteristics to provide a solution. We propose to extend the MAQAOAdvisor to
incorporate the case-based reasoning but just for similar case. With each new
case and the use of an expert system, we are sure we will enrich the knowledge
base with very precise cases. In addition to the combination between the CBR
and expert system, we will propose precise solutions.

ATOM [11] and Pin [I5] instrument assembly codes (or even binary for Pin)
in a way that when specific instructions are executed, they are caught and user
defined instrumentation routines are executed. While being very useful Atom and
Pin are more oriented toward prospective architecture simulation than code per-
formance analysis. EEL[J] belongs to the same categories of tools. This C++ li-
brary allows editing a binary and adding code fragment on edges of disassembled
application CFG. Therefore it can be used as a foundation for an analysis tool
but does not provide performance analysis by itself. Currently EEL is available
on SPARC processors. Vista [13], is an interesting cross-over between compiler
and performance tool. Plugged with its own compiler, Vista allows to interac-
tively test and configure compilation phases for code fragment. Everything is
done in a very visual way. While being conceptually close to MAQAO, Vista
remains more a compiler project than a performance analyzer.

Shark [I4] offers a comprehensive interface for performance problems. Like
MAQAQ, it is located at the assembly level for its analyzes, displays source code
as well as profiling information. As most of Apple’s software the GUI is extremely
well designed. However Shark lacks instrumentation and value profiling. Code
structures are not displayed and the Performance Oracle advices are currently
limited to very few messages: alignment, unrolling or altivec (vectorization).
Additionally as most of Apple’s software it is very proprietary and does not offer
open-source scripting language or standard database. Nevertheless it remains
an advanced interface, with an extensive support of dynamic behavior and it
underlines the need to think performance software beyond gprof.

6 Conclusion

MAQAOQ is a tool that centralizes performance information and merges them
within a representation of the assembly code. MAQAOQO also provides several
views on the internal representation of an input program that the user can
navigate through. MAQAOAdvisor module drives the optimization process by
providing support through assembly code analysis and performance evaluation.
It explores the possibility to let a user interact with program analysis and opens
new ways of exploring, modifying and optimizing assembly and source code.
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Taking advantage of precise profiling information, our system is able to select
the most suitable optimizations among a list defined by the user (Deep Jam,
..) or using directives (unroll, software pipelining, prefetch,...). A trustable
API to drive exactly the sequence of optimizations through the compiler would
be useful to unleash the potential of our (any) feed-back approach.

Our goal is to improve MAQAOAdvisor to a real expert system. The idea is
to present a prototype which is a design expert system for MAQAO incorporat-
ing case-based reasoning. The case-based reasoning is the method in which we
create a knowledge base. If you have a new application, the system searches a
domain dependent case-base for a similar case:

(i) If there is one, the system uses it to propose solutions to improve performance
and/or code quality with minimum user interaction. To do this we must analyze
the application and identify its characteristics and its context.

(ii) When there is no similar case, instead ignoring certain characteristics (the
case of case-based reasoning), we can leave it to the user or an intelligent system.
With each new case and the use of an expert system, we are sure we will en-
rich the knowledge base with very precise cases. In addition to the combination
between the CBR and expert system, we will propose precise solutions.

As a compiler construction tool, our framework can be useful to compare
different compilers. For instance, it is easy to track regressions between two
versions of a compiler or to have an accurate picture of compilation flag impact.

The main goal is to export MAQAO to different VLIW compilers. The im-
plementation of Trimedia architecture is still in progress. The assembly code
generated by Trimedia is very similar to Itanium 2 and we implement an inter-
face in MAQAO in order avoid writing another MAQAO specific to Trimedia.

In the future, MAQAO will include improving optimization module by adding
new optimization techniques, based on powerful mathematical models.
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