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Abstract—Today’s multi-core era places significant demands  To address these challenges, we designed a combined it-
on an optimizing compiler, which must (i) parallelize programs, erative and model-driven scheme for optimization and par-
(i) exploit the memory hierarchy, and (iii) leverage the ever-  gyajization. It relies on an iterative, feedback-direttex-
increasing SIMD capabilities of modern processors. Existing lorati £l fusion/distributi ’ hoi In t oba
model-based heuristics used in compilers are unable to identify p o_ra |0r_1 O_ 0_0p “3'9” |s_r| ution choices. In ur_n,
profitable parallelism/locality trade-offs, and usually lead to sub- fusion/distribution choice drives model-based algorihfor
optimal performance. many other loop transformations, including loop tiling and

To address this problem, we distinguish optimizations for vectorization. Portability of performance is achievednika
which effective model-based heuristics and profitability estimates q iteratively testing different program versions: our et

exist, from those optimizations that require empirical search to . . .
achieve good performance in a portable fashion. Using this, we finds the optimal version on all benchmarks we considered.

have developed a complete automatic framework in which we We obtained improvements ranging fromx lto 8.5x over

focus the empirical search on the set of valid possibilities to per- reference parallelizing compilers using model-basedibécs,

form fusion/code motion, resorting to model-based mechanisms and validated the portability of our approach considering t

for ttt?gttrz\?wl;fgmigorginrgrﬂliWé\(/jeecr:qoginzs?iaotg ?r:ep:frfeedtl:(tail\i/ze?s;g:)f modern multi-core architectures, Intel Dunnington and AMD

n . .

?his approach both iﬁ te%ms of strong performance improvements Shanghai, and a low-power E_:mbedded Intel Atom processor.

and adaptability to the target architecture. The memory hierarchy and interconnect of these multipro-
cessor architectures are completely different (fronediis
vS. point-to-point links); they were chosen to emphasize pe

l. INTRODUCTION formance portability issues and stress the sensitivity wf o

method to the memory hierarchy.

Portability of performance over a broad range of architec- The rest of the paper is organized as follows. Section I
tures is a very difficult task. It requires: (1) to be able t@etails the motivations and problem statement. Section I
apply complex sequences of loop transformations; and (@kalls the fundamental concepts in polyhedral compifatio
to precisely model the interplay of all hardware componen§ection IV details the search space construction, pruning
involved in program execution. Current model-driven optiand traversal strategy. Section V presents the model-based
mization heuristics either rely on a restricted subset & tlyptimization algorithms used in our hybrid strategy. Seci|
possible program transformations, or simply fail to be @hl¢.  evaluates this technique experimentally. Section VI| aises

The polyhedral representation of programs allows to expraglated work, before the conclusion in Section VIIl.
arbitrarily complex sequences of loop transformationse Th
downside of this expressiveness is the extreme difficulty in Il. PROBLEM STATEMENT
selecting a good optimization strategy combining the most . , .
important loop transformations, including loop tiling,sfan, 1€ efficient mapping of a computation kernel to a modern

distribution, interchange, skewing, permutation and tafgf Multi-core architecture requires the synergistic operawf
[16], [26]. It is also hard to capture analytically the compl Many har_dw_are components in the chip. This typically covers
interplay between hardware components, taking into adcodfi€ exploitation of

downstream optimization passes. « thread-level parallelism;

Considering the state-of-the-art tiling and parallelmat < the memory hierarchy, including prefetch units, different
algorithm in the polyhedral model [7], we show that a purely ~ cache levels, memory buses and interconnect; (and)
analytical approach fails to achieve portability of penfance. « all available computational units, including SIMD units.
It is not sufficient since several high-impact factors, unithg Because of the very complex interplay between all these
cache conflicts, memory bandwidth and vectorization, ate mmmponents, translating specific properties on the inpdéeco
taken into account. Tuning a transformation to best fit theich as the number of parallel loop iterations for instamte,
architectural constraints is required, and we wish to ékhilactual performance metrics is a severe challenge. Coirsider
portable performance, trading scalability, locality agdchro- several high-level program transformations which expbse t
nization overhead for any shared memory target. same amount of thread-level parallelism, it is currently ou



of reach toguarantee at compile-timevhich of these leads “’;Op(lji N 1].; N N,**Lij? B {
to the maximal performance. The explanation resides in the R tmplit](j1] = 0;
combined effectiveness of other components, such as the mem s m()l[(ill]:[jo;l] kijA[Ni? 1]+[+‘ﬁ]) T
ory hierarchy and the vector units, which can be signifigantl '
different from one version to another. L AL R

To maximize performance one must carefully tune the trade- T D22 =0
off between the different levels of parallelism and the @sag y fOFD[i(';]Z[JZZ?? +£2t:’p{\‘i; 2]+[+t§]) Qa2
of the local memory components. Maximizing the locality of } ’
data may be detrimental to inner-parallelism, or at leastree

dictory with an efficient, well-aligned inner-loop vectpation. Fig. 1. Original codetmp=A.B, D = C.tmp

On the other hand, driving the optimization towards the most

efficient vectorization may require excessive loop disiiim,

resulting in a poor memory reuse and thus may jeopardiE@eded to implement this partitioning. Note that for this

performance. example and the following, we omit the insertion of pragmas
We characterize the main program transformations a loff OpenMP parallelization and vectorization as well as the

nest optimizer should combine and carefully balance as f&iing of the outer-most loop(s), for the sake of readapilit

lows:

. thread-level parallelism extraction, to expose coarse- P (o e ey {{
grain parallelism and benefit from the different hardware R tmp[c0][c1]=0;
threads available on the chip(s); T E[)fol([cg”::gi 6 < N c6r)
« loop tiling, to improve the locality of computation and s tnp[c0] [c1] += AlcO][c6] * B[c6][cl];
reduce the number of cache misses; y pafD{ 351f521 =0 tcﬁp[(:of[lclcggf) QL1 c6] (6]
« SIMD-level parallelism extraction, to expose inner loops ’
which can produce efficiently vectorized loops; ‘OLaEfcir:(& SR <Ch_"+)cs++)
Most previous work take a multi-stage, decoupled approach u D[cO] [c6] += tmp[cO][cl-c6] * O cl-c6][c6];
to select optimization: they first identify a transformatito 4

expose thread-level parallelism, then try to apply tilingthe Fig. 2. Minimal communication, maximal fusiomiaus)
resulting code, and finally try to vectorize the final output ’

[20]. [2]. Recent work by Bondhugula et al. [7] integrated Considering a 4-socket Intel Xeon hexa-core 7450 server

the extraction of parallelism and the exposition of tilaldep . . . ) :
N . . 4 cores, Dunnigton microarchitecture), this transfdioma
nests, but it did not take the memory hierarchy into accou ; . .
. . . eads to a 24x speedup over Intel's compiler ICC 11.1 with
when selecting which loops to fuse and to parallelize, an : o : )
oo . . automatic parallelization enabled, wiks1024 using double-
it did not not consider the effect of these transformations . . . .
on SIMD parallelism. As a result of this approach, reuse &oc > " arithmetic.
>V D . . PP Co We now observe that there exist 12 different valid parti-
maximized and parallel tiled code is generated, but this Cﬁgnin s for this proaram. ie. all possible wavs to congbin
lead to sub-optimal performance since maximizing localép 9 program, 1.€., b y

o S . . R S T, U provided R is before T, T is beforeU, and
prohibit the vectorization of inner-loops and increaseheac _’. " . .
interference conflicts. S is beforeU. pyxeon= {{R},{S},{T},{U}} is one, and is

It leads to the key observation that loop fusion and di?—hown n Ftl_gu;e 3'hTh'S_ p?rtltui)nl?g nt?] IOQEer hmm(lj:\nézles
tribution drive the success of subsequent optimizationsh s communication/synchronization, but on the other han 0

as vectorization, tiling or array contractionthe number of us to expose inner parallel Ioops_ fpr all statements_. Thadde
vectorizable or tilable loops is related to the set of stateim to "il.t.?’g.x s;)eet(t:igp overr].the original code, and is the best
which are fused under a common loop. The loop structuP@rHtONING for this machine.

can be seen as resulting frompartitioning of the program

where the statements in the same class of the partition all pa;;i’;oﬁ'(l,i o 0'; 1J-I ) NH'JJ) 1)
share at least one common outer-loop. To illustrate this, we R ftrm[!i] [] 31 ;10; _—
propose to study the performance of different ways to paintit e ofr((k'l =0 K < N ++k'1))
the program, emphasizing the need for a target-specifioguni S pa{for_ (li 1_; 0:+_i 1 _<1N: kIﬂ' Q)B .
of the program partition. Let us consider the example of a parfor (12 20 2 e gy DA
sequence of 2 matrix multiplication®,= A.B.C, as shown in parfor (j2 =0, j2 <N +42)

; T Di2[j2] =0
Figure 1. parfor (12 =0; i2 <N ++2)

We present in Figure 2 the result of a purely model-driven for (k2 = 0; k2 <N ++k2)

e . L . parfor (j2=10; j2 <N ++2)

approach geared towards (1) minimizing communication and U D22 += tmp[i2][k2] * qk2][j2]:
maximizing the data locality for the full program, and (2)

exposing thread-parallelism and tilable loops [7]. This-coFig. 3. Best loop structure for Intel Xeon 7500 with IC8xon

responds to partitioning the program such that all statésen

are in the same clas®maxiuse= {{R,ST,U}}. A complex Considering now a 4-socket AMD Opteron quad-core 8380
sequence of loop transformations that includes skewing server (16 cores, Shanghai microarchitecture), the beast pa



titioning is Popteron = {{R},{T,S},{U}}, and is shown in is covered in Section V-A). Then, on the resulting loop nest a
Figure 4.

parfor (cl =0; cl <N cl++)
parfor (c2 = 0; c2 < N, c2++)
R dcl][c2] =0;
parfor (c1 =0; c1 <N cl++)
for (c3 =0; c3 < N c3++) {
T E[c1][c3] = 0;
parfor (c2 = 0; c2 < N, c2++)
S Ccl][c2] += Alcl][c3] * B[c3][c2];

}
parfor (cl = 0; cl <N cl++)
for (¢3 =10; ¢3 <N, c3++)
parfor (c2 = 0; c2 < N, c2++)
U E[c1][c2] += C[cl][c3] * D[c3][c2];

subsequent sequence of loop transformations is performed t
expose parallel inner-loops with a minimal reuse distamce t
enable efficient vectorization (this is covered in SectieB)Y

It is very hard to predict a profitable program partitioning,
due to the combinatorial of the problem and to the very com-
plex and chaotic interplay of transformations resultingmnir
the selection of a given partition. This interplay is maehin
specific, and to find a profitable partition for a program we
will thus resort to iterative, feedback-directed searcth O
the other hand, profitability of optimizations such as glin
or vectorization are easier to assess, typically becausg th

are generally beneficial if they do not destroy some other
properties of the code, such as thread-level parallelisoat

) o locality. We will thus rely on performance models for their
This partitioning, when used on the Intel Xeon, performggiection.

20% slower than the partitioning in Figure 3. To further
emphasize the impact of the partitioning on performance,
we performed a similar analysis on a low-power Intel Atom
230 processor (single-core, 2 hardware threads, Diamtadvi Most internal compiler representations match the indectiv
microarchitecture). For this case, the best found paniitip semantics of imperative programs (syntax tree, call tree,
iS Patom = {{R,T},{SU}}, for a 10% improvement over control-flow graph, SSA). In such reduced representations
Popteron@nd Pyeon @nd a 35x improvement ovepmaxfuse Data  of the dynamic execution trace, a statement of a high-level
locality and vectorization dominates on the Atom, leading fprogram occurs only once, even if it is executed many times
a completely different optimal partitioning. (e.g., when enclosed within a loop). Representing a program

We summarize these results in Figure 5 where for theiethis manner is not convenient for optimizations that need
three architectures, we report the performance improvemenrepresentation granularity at the level of dynastatement
over the original codeirfiprov.), and the performance improve-instancesFor example, transformations like loop interchange,
ment over the partitioning which performs on average the bdugsion or tiling operate on the execution order of statement
on the three machine4driability). instances [37]. In addition, a rich algebraic structuresguired
when building complex compositions of such transforma-
tions [16], enabling efficient search space constructiod an
traversal heuristics [26].

Fig. 4. Best loop structure for AMD Opteron with ICQ@dpteron)

Ill. PROGRAM OPTIMIZATION

Xeon Opteron Atom
Improv. 3.6x 8.3x 31.3x
Variability 20% 11% 14%

Fig. 5. Performance improvement and variability

A. Polyhedral Model

The main p(:{:‘n;(r)]rmancle 'J[cilrferencffe be,twfenh thgse programyy, o polyhedral models a flexible and expressive represen-
Versions 1S mot the explortation of a single hardwaré Congsiq, for loop nests with statically predictable contraivil

p?lr_l entF, bqt thow tpzrzlltillzatlon, VECt(t)rr]'Za_t'.on ;ahnd datm Loop nests amenable to algebraic representation are called
utrization interacted between each other, in other wo static control parts(SCoP) [12], [16], roughly defined as

efficient was the synergistic usage of hardware reSOUrCE&Sset of consecutive statements such that loop bounds and

Hovyever what drives this interac‘;ion f.rom the point of v ieV\f:onditionals involved are affine functions of the surroungdi
of r_ugh-level_program transformations IS th_e loop nest orga loop iterators and global variables (constants that ar@onwhk
zagon resulting rflrofm the program pgrt'mor.ung. q | at compile time). Relaxation of these constraints based on
urh ar])cpr(r)]ac or program ofptlmlz:;l]tlon T,jcoqp es fthfﬁ‘fine over-approximations have been proposed [4]. Our opti
sea:crc of t epr(;)gi_ram stru;:ture rom the ipp |cc';1t|0nmo . mization scheme is compatible with it, but we limit this work
performance-enabling transformations, such as locafity 1, describing the representation and optimization of ragul
provement or vectorization. The first step of our optimizati
process is to compute all valid partiti.onings. (_Jf the program 1) Representing programsPolyhedral program optimiza-
statements, such that a class of this partition correspoqﬂ% is a three stage process. First, the program is analyzed

to a set offusa_lble statementghose will share at Ieas_t ON€, 1 axtract its polyhedral representation, including d o
common loop in the target code. Then, for each valid parfjc . -vo0 204 access pattern

tioning the second step is to apply model-driven optimazi The set of all executed instances of each statement is

fashion. These optimizations result in arbitrary composdt affine inequalities involving the loop iterators and thebglb

of affln_e I_oop_ transf(_)rmanons_ (skewmg,_ |_nterchange, mu"\/ariables. Considering thnm kernel in Figure 1, the iteration
level distribution, fusion, peeling and shifting) to gester a domain ofR is:

loop nest for the class such that (1) first outer loop(s) are
parallel and permutable; (2) data locality is maximizeds(th pr={(i,]) € 72 [0<i<NAO< <N}



DR is a (parametric) integer polyhedron, that is a subset ofl) choose a partition of the program statements, such that
72. The iteration vectorXg is the vector of the surrounding statements inside a given class can share at least one
loop iterators, forR it is (i, j) and takes value imDRg. common loop in the generated code;

Two statements instances arediépendence relatioifi they 2) on each class of this partition, apply a series of
access the same memory cell and at least one of these accesses model-driven affine loop transformations: (1) a tiling-
is a write. Given two statement® and S, a dependence based optimization and parallelization algorithm; (2) a
polyhedrondrs is a subset of the Cartesian product g vectorization-based algorithm.

andDs. Drs contains all pairs of instancégg,Xs) such that  This scheme differs from previous work using iterative

Xs depends orxg, for a given array reference. Hence, for arompilation to search for an affine multidimensional sctedu

optimization to respect the program semantics, it mustrensype], as we do not require anymore to empirically search for

that Xz is executed beforgs, for all pairs (¥g,Xs) € Drs. the full sequence of transformations. Instead, we limit the
To capture all program dependences we build a set €arch to the most performance impacting part, aiming for

dependence polyhedra, one for each pair of array referengesupstantial reduction of the search space size while still

accessing the same array cell (scalars being a particuter Ggreserving the most significant variability between caatéd

of array), thus possibly building several dependence @alyé yersions.

per pair of statements. Theolyhedral dependence graph

a multi-graph with one node per statement, and an edge IV. CONSTRUCTINGVALID PARTITIONINGS

e~% is labeled with a dependence polyhedros, for al Enforcing that statements inside the same class can share

dependence polyhedra. at least one common loop is a high-level abstraction of loop
2) Representing optimization.he second step of pOthe_fusion [ distribution and code motion. If some statements in

dral program optimization is to compute a transformation fo "~ . . S
. ) . iven class were not fusable, then this partitioning would
the program. Such a transformation captures in a single sfe . ha
. equivalent to the one where the statements are distiibute
what may typically correspond to a sequence of several tens g . . .
) this is a case of duplicate in the search space. Our approach
textbook loop transformations [16]. It takes the form of seca to aquarantee to find the most effective partitioning is to
fully crafted affine multidimensional schedule, togethdthw 9 P 9

. . . : . . exhaustively evaluate all of them. In order to reduce to its
(optional) iteration domain or array subscript transfatiovzs. inimum the time of the empirical search. it is thus needed
In this work, a given loop nest optimization is defined b P '

a multidimensional affine schedule. Given a statengnie o prevent the emergence of duplicates in the search space.

use an affine form on the outer loop iteratdigsand program asOvCetg?mO;Tetr)uirllgizd, :ng;scsrlvzngiz a:;f VE:iIir(;]aJt?]ratC?sncem'
parametersi. It is written g9 p ( :

semantics-preserving) partitionings of the program. Tieae

-

Xs this goal we leverage the expressiveness of the polyhedral
OS(?S) =Ts| A representation, and its capability to compute arbitraghbéing
1 transformation for fusion. We first provide the broadest- def

whereTs is a matrix of non-negative integer constants. Mufhition for fusion of statements in the polyhedral model in
tidimensional dates can be seen as logical clocks: the firggction IV-A, before discussing the search space congiruct
dimension corresponds to days (most significant), next ofg&!l valid partitionings in Section IV-B.

is hours (less significant), the third to minutes, and so on.

Note that every static control program has a multidimeraionA. Fusion and fusability of statements

affine schedule [13], and that any loop transformation can bein the polyhedral model, loop fusion is characterized by

representedsin th_eh polyhedral representation [37]. the fine-grain interleaving of statement instances [6]. Two
We note®? thei'" row of Ts. A row is anaffine hyperplane statements are fully distributed if the range of the timesta
on Ds. For Swith ms outer loop iterators we note: associated to their instances never overlap. Syntagtichis

results in distinct loops to traverse the iteration domaise
may define fusion as the negation of the distribution cioteri
That is,t$ is the coefficient attached to the scalar. For such case we say that two statemétS are fused under
Multidimensional polyhedral tiling is applied by modifygn at least one common loop if there exists at least one pair of
the iteration domain of the statements to be tiled, in comjuniterations for whichR is scheduled befor§, and another pair
tion with further modifications o [16]. of iterations for whichS is scheduled beforR. This is stated
Finally, syntactic code is generated back from the polyaledin Definition 1.
representation on which the optimization has been applied.  Definition 1 (Fusion of two statementsiven two state-
use the state-of-the art code generatoro©G [3] to perform mentsR S. They are fused at schedule leyelf, Yk {1...p},
this task. there exists at least two pairs of executed instanges and
xR, X< such that:

OR(%R) < OF(Xs) AOR(XS) < OR(%R)

P =[171t5 ... to 5]

B. Combined Iterative and Model-Driven Optimization

We organize the optimization and automatic parallelizatio
of a loop nest as an iterative, feedback-directed searath Ea But for fusion to have a performance impact, a stronger
iteration of the search is further decomposed into two stageriterion is preferred to guarantee that at moststances are



not finely interleaved. In general, computing the exact set ¢fdR = 0, idS= 1, idT = 1, idY = 2}. This is notedf =
interleaved instances requires complex techniques. Hmwe‘(O 11 2)
this precision is not necessary to the success of our ogimiz We explicitly force f to exhibit important structural prop-
tion algorithm, we thus allow for a lack of precision to prese erties of the transformed loop nest:
an easily computable test for fusability based oneatimate 1) jf f; — f; then the statemenisand j share (at least) 1
of the number of instances that are not finely interleavedl [25 common loop;

Definition 2 (Fusablllty) Given two Statementﬁ,s such 2) if ﬁ < ]?J then the Statemenisandj do not share any
thatR is surrounded wa |OOpS, ands by dS |00pS. They are common |00p, and is executed before_
fusable at schedule leved if, Yk € {1...p}, there exist two

. : 3 However, intuitively, several choices fof represent the
semantics-preserving schedu@S and ©g such that:

same statement interleaving: for example, the transformed

(i) vke{l,....p} |GE(6)—@E(6)| <c code is invariant to translation of all coefficients, or by
R 4s multiplication of all coefficients by a non-negative comdta
(ii) ZGEJ >0, Zefi >0 Consider the following example, for three statemd®itS and
i = T:
f=(0 2 2

Condition (i) ensures that the number of iterations that are
peeled from the loops is not greater thenit implies the This ordering defines tha® and T are fused together, and
remaining iterations oR and Swill be fused under a common that R is not and is executed befo@and T. An equivalent
loop! Condition (ii) ensures that the schedule révhas non- description is:

null values for the coefficients attached to the loop itesato fr= (o 1 1)

that is, (i) ensures tha®R and©¢ are not constant schedules, . _

This condition is required to guarantee th@ﬁ and @S We observe that the number of duplicates using such a

represent a loop interleaving stateméarstancesn the target 'ePresentation grows exponentially with the sizefofAs a
code, and not simply a statement interleaving. major concern is to prevent duplicates in the space, we use an

internal encoding for this problem such that the resultipace

The only restriction on© coefficients is6; j € N. Thus ¢ > — Sandl
Fontalns one and exactly one point per distinct partitignin

this definition takes into account any composition of loo
interchange, skewing, multidimensional shifting, peglend 25]. ) )
distribution that is required to fuse the statements under a! "€ Seéarch space is modeled as a convex set of candidate
common outer loop (possibly with prologue and epilogue). part_|t|0|_1|ngs, defined with affine mequa_\lmes. Th_e_re _&masal

To ensure that two statements are fusable, we resort Qtivating factors. The set of possible partitionings of a

building a Parametric Integer Program [12] which contairfs s Program is extremely large (in the order of‘#@ossibilities
ficient constraints for the existence of a semantics-premgr (O 14 elements [31], with a super-exponential growth), levhi

multidimensional schedule [14], [25], in conjunction withe the space complexity of our convex set hardly depends on the

constraints given by Definition 2. If this program has a dotut card_inali_ty of_the set. Also, removin_g a subset of _unwan_ted
then the two statements are fusable. partitionings is made tractable as it involves adding affine

constraint(s) to the space, in contrast to other represensa
that would require enumerating all elements for eliminatio
B. Modeling program partitionings Finally, the issue of efficiently scanning a search space rep
Our objective is to model a search space which contaif@sented as a well-formed polytope has been addressed [27],
all possible partitionings of a program, such that statemef26], and these techniques apply directly.
in the same class can be fused under a common outer loop.
In addition, we also require the class identifier to refle@ thc. Pruning for semantics preservation
order in which classes are executed, to model code motiony o\ ious research on building a convex search space of
A general framework for this purpose has been developgga) affine schedules highlighted the benefits of integeati
by Pouchet [25] in the context of multi-level partitioningsSyq |egality criterion directly into the search space, iegd
However in the context of the present work we limit ourselvetg orders of magnitude smaller search spaces [27], [26F Thi
to the modeling of fusable statements at the outer 100p leYgl .\jsica| to allow any iterative search method to focus on
only, a restriction of the general case. relevant candidates only.

. Returning to themm example of Figure 3. The partitioning 14 remove all non-valid partitionings, we prune the space of
'S Popteron= {{R},{T,S},{Q}}. We represent this partitioning 5, partitionings that does not allow to verify Definition @rf
using a vector representing tlmtement_lnterleavmgtt the _all statements in the same class. Technically, we use an algo
outer-most loop level. To reason about it, one may assoCigifm which iterates on possible partitionings and elirtésa
an identifierid® to each statemer$ such that their ordering all invalid candidates, based on a graph representatioheof t
encodes exactly the ordering and fusion information for trﬁeroblem [25]. To improve the speed of this algorithm, we also
outer loop level. Using this notation, one gets pteronthal |eyerage some critical properties of fusability. The aitjon

1 _ _ , iterates on possible partitionings starting from the sesalsize

To ensure this statement holds true in all cases, furthertreonts to

preprocess the iteration domains are needed [25]. They argedntiere for [OF the Classesl of the partition, leveraging that a SUpmt_‘
the sake of clarity and does not impact the applicability ¢ trefinition. unfusable set is not fusable. We also leverage a reduction of



the problem of the transitivity of fusability to the comptite is independent to all previously computed sets, and so dh unt
of the existence of pairwise compatible loop permutationall dependences have been satisfied. If at a given loop level i
as defined in [25]. In practice this algorithm proved to bis not possible to find legal hyperplanes for all statemehts,
very fast, and for instance computing all semantics-présgr statements are split [6], resulting in a loop distributidrihas
interleavings at the first dimension takes less th&ns&cond level. Note that by construction of valid partitioningsshian

for the benchmarkudcmp, pruning the set from about 3 not occur at the outer-most loop level.

possible partitionings to the remaining 20 valid ones. 2) Static cost modelThere are infinitely many hyperplanes
that may satisfy the legality criterion (1). An approachttha
V. MODEL-DRIVEN OPTIMIZATIONS has proved to be simple, practical, and powerful has been

Given a partitioning of the program statements, the secolft find those directions that have the shortest dependence
step is to perform aggressive, model-driven optimizatibag COmMponents along them [6]. For polyhedral code, the distanc
respect this partitioning. We first discuss the computatidtetween dependent iterations can always be bounded by an
of a sequence of loop transformations that implements tAine function of the global parameters, represented as a
partitioning, and produce tiled parallel code when possibl dimensional vecton.

Section V-A. We then present in Section V-B our approach for UA+w> @S(Ys) _ @chz (Xe)  (Xr,Xs) € DRrs )

model-driven vectorization in the polyhedral model.
poly ueNPweN

A. Tiling hyperplanes The legality and bounding function constraints from (1) and

The first model-driven optimization we consider applieg2) are recast through the affine form of the Farkas Lemma
individually on each class of the partition, a polyhedrzil13] such that the only u_nknowns_ left are the coefﬁme_nt@@f
transformation which implements the fusion of statemeias 2nd those of the bounding function, namelyw. Coordinates
a possibly complex composition of multi-dimensional jin of .the. bounding _funcuon are then u;eq as the minimization
fusion, skewing, interchange, shifting, and peeling. kriswn OPiective to obtain the unknown coefficients @j.
as the Tiling Hyperplanes method [6]3 _[7], that wesstrict to minimize, (U,w,...tg;,...) 3)
operate locally on classes of the partition

Tiling (or blocking) is a crucial loop transformation forpa ~ The resulting transformation is a complex composition of
allelism and locality. The tiling hyperplane method congsut multidimensional loop fusion, distribution, interchang&ew-
an affine multidimensional schedule such that parallel soopng, shifting and peeling. For each class in a partitionesav
are brought to the outer levels, and loops with dependen@$gls are achieved through this cost model: (1) maximizing
are pushed inside [6], [7]; at the same time, the number edarse-grained parallelism, (2) minimizing communicatod
dimensions that can be tiled are maximized. This techniguefiequency of synchronization, and (3) maximizing loca[y.
applied locally on each class, hence maximizing paraltehs Because outer permutable bands have been exposed, multidi-
the class level without disturbing the outer level partitigy. mensional tiling can be applied on them.

1) Legality of tiling: Tiling along a set of dimensions is 3) Profitability of the transformation:The profitability of
legal if it is legal to proceed in fixed block sizes along thosthe Tiling Hyperplane method is complex to assess in its
dimensions: this requires dependences to not be backwggrheral formulation, as it is characterized by the profiitgbi
along those dimensions, thus avoiding a dependence paftoop fusion and the impact on subsequent vectorizatiam. O
going out of and coming back into a tile. This conditiontechnique has removed the profitability estimate of ouiepl
also known as forward communication only, makes it legélision/distribution, since we empirically evaluate allspible
to execute the tile atomically. It is summarized in Definit® choices. In addition, we rely on a second stage dedicated to

Definition 3 (Legality of Tiling): expose inner loops which are good vectorization candidates

So the problem of the profitability of the Tiling Hyperplane

O (%) ~OF (%) > O, (xw,Xs) € Prs (@) s reduced to the effectiveness of maximizing data locatity
Equation (1) must hold true for all dependences and &lgiven class, while outer-parallelism and vectorizablepto
dimensionsd to be tiled [18], [29], [6]. Selecting schedulesare made independent to the problem. Technically, one ghoul
such that each dimension is independent with respect to @dnsider the profitability of multi-level statement inta/ings
others allows for a more efficient tiling. Rectangular orselo to guarantee that each possible loop structure is evaluated
to rectangular blocks are achieved when possible, avoidifigder to find the best one, trading parallelism and locality
complex loop bounds in the case of arbitrarily shaped tiledt each loop level. However, focusing only on the outer-
We resort to augmenting the constraints, level-by-levéih w level carries the most important changes in parallelism and
orthogonality constraints [6]. communication possibilities. In our optimization alghbrit, we

The algorithm proceeds by computing the schedule level Bfjose to systematically apply the tiling hyperplane metthood
level, from the outermost to the innermost. At each level, @ach class of the partition.
set of legal hyperplanes is computed for the considered-stat 4) Applying tiling on a transformed loop nesfiling a
ments, according to the cost model defined in Section V-Agermutable loop nest is profitable in particular when there i
Dependences satisfied by these hyperplanes are removed,rande of data elements within the execution of a tile. Anothe
another set is computed for the next level such that the new sgterion to take into account is to preserve enough itenati



at the inner-most loop level to allow for a profitable steadysuch that: (1) the loop can be moved to the inner-most positio
state for vector operations within the execution of a tilewr O — via a sequence of loop interchanges — while preserving
extremely simple algorithm to determine the tiling of a loophe semantics; and (2) moving this loop to the inner-most

nest proceeds as follows: position does not remove thread-level parallelism. We then
1) compute the order of magnitude of data reuse in the logpmpute for each loop in the set of candidates, a cost metric
nest; based on the maximal distance (in memory) between data
2) compute the depth of the loop nest; elements accessed by two consecutive iterations of this loo
3) if there isO(N) reuse within a loop, and the loop nest34], considering all statements enclosed in this loop. The
depth is greater than 1 then tile the loop nest. algorithm then moves to the next loop level, until all caraded

To achieve maximal performance it is expected that tunid@PS for vectorization have been annotated with the cost
the tile sizes can provide improvement, however the probleRftric. Loops with the best metric are then sunk inwardséo th
of computing the best tile sizes for a loop nest is beyond tiHa€r-most position, with a sequence of permutations cepitu
scope of this paper. In our experiments tile sizes are cosaputVithin the polyhedral representation. The tiling hypenga

such that data accessed by each tile roughly fits in the fethod guarantees that this sinking operation is alwaye:leg
cache. this seamless coordination of the two methods is a key benefit

of a polyhedral compilation framework. Note that because
B. Vectorization of parametric and possibly.non—ma'\tching loop bo.unds, this
_ __ transformation may result in additional prolog/epilog eod
On modern, SIMD-capable architectures vectorization iSsgrrounding the loops. This is handled seamlessly in the-pol
key for performance. The acceleration factor is a conjencti heqral representation but would have posed a major challeng
of several elements including, but not limited to, the nundfe 14 standard transformation frameworks.
elements packed in a vector and the throughput of the vecton) profitability: Combining the approach of Trifunovic et
units. Making the most of SIMD units requires to succeed iy ith the tiling hyperplane method leads to a very robust
the two following categories of optimizations: algorithm: it identifies the most profitable vectorizatidtea
1) high-level transformations, to expose parallel inngfative in most cases.
loops with maximally-aligned, minimally-strided ac- Because we do not alter the general code structure (no sub-
cesses, which are good candidates for vectorization; sequent distribution or parallelism removal), the profitgbis
2) low-level transformations, to deal with hardware corpnly connected to sinking inwards a parallel loop that asces
straints such as realignment, vector packing or vectghta in a more contiguous fashion. When our algorithm fails at
instruction selection. exposing the most profitable inner-most loop, the chosep loo
In our framework we rely on the back-end compiler tgs extremely likely to be a better candidate for vectormati
producevectorizedcode. A major challenge for productionthan the one it replaces.
compilers is to detect and possibly transform the code to
expose good vectorizable loops. They are geared towards the VI. EXPERIMENTAL RESULTS

common case, and must provide extremely fast compilation ) o o
time. Hence they lack the precision and expressiveness ofl N€ automatic optimization and parallelization process ha

the polyhedral framework, implementing instead approtémaP€€n implemented in¢CC, thePolyhedral Compiler Collec-

techniques. A consequence is that such compilers usudlly fiPn. @ complete source-to-source polyhedral compiler based

at computing a restructuring loop transformation to expod& available free softvzvare such as @G, CLAN, CANDL,

the best candidate for the inner-most loops, or may even fajlPLIB and FoLvLis.” Specifically, the search space con-

to detect parallel inner-loops because of the complexity gfuction has been implemented in thetiSEE optimizer and

the surrounding tile loop bounds. Moreover, they use géneri'€ transformations for tiling and parallelization are gured

purpose heuristics which may produce unvectorized codawH® the RUTO optimizer. In the generated programs, par-

dealing with arbitrary parametric loop bounds and arrapasc @/l€lization is obtained by marking transformed loops with

alignments. QpenMP pragmas. In addition, when complllng with ICC
Our approach to vectorization leverages recent analytidgjra-tile parallel loops are moved to the innermost positi

modeling results by Trifunovic et al. [34]. We take advamtag?"d marked with vdep pragmas to facilitate compiler auto-

of the polyhedral representation to aggressively resiract Vectorization, when possible.
the code, to expose vectorizable inner loops. High-level

transformatiops and analytical _modeling is performed in & Experimental setup

Very expressive framework, W.h'le deferring to the back—end We experimented on two high-end machines, representative
compiler the task of performing low-level transformations

In addition we b th mpiler’s hiah-level ontimizati of modern multi-core computing facilities: a 4-socket Inte
a on we bypass the compliers nigh-ievel optimiaatl .. core Xeon E7450 (Dunnington) a#t@&Hz with 64GB
stage by marking loops witkpr agma vect or and#pragma

i vdep, when applicable of memory (24 cores, 24 hardware threads) and a 4-socket
1) The Algorithm: Our algorithm proceeds Ievel-by-leveI,ANID quad-core Opteron 8380 (Shanghai) ab®GHz (16

from the outer-most |09p level to the inne_r'mOSt' For eachz peta version of PocC is available on request, a public selésplanned
loop at that level, candidates for vectorization are comgutin May.



#loops #stmts #refs | #deps #part. #valid Variability Pb. Size
2mm 6 4 8 12 75 12 v 1024x1024
3mm 9 6 12 19 4683 128 v 1024x1024
adi 11 8 36 188 545835 1 1024x1024
atax 4 4 10 12 75 16 v 8000x8000
bicg 3 4 10 10 75 26 v 8000x8000
correl 5 6 12 14 4683 176 v 500x500
covar 7 7 13 26 47293 96 v 500x500
doitgen 5 3 7 8 13 4 128x128x128
gemm 3 2 6 6 3 2 1024x1024
gemver 7 4 19 13 75 8 v 8000x8000
gesummv 2 5 15 17 541 44 v 8000x8000
gramschmidt 6 7 17 34 47293 1 512x512
jacobi-2d 5 2 8 14 3 1 20x1024x1024
lu 4 2 7 10 3 1 1024x1024
ludecmp 9 15 40 188 107 20 v 1024x1024
seidel 3 1 10 27 1 1 20x1024x1024

Fig. 6. Summary of the optimization process

cores, 16 hardware threads) with ®B of memory. We also our experiments, the full optimization process for all graed
experimented on a potentially upcoming representativewsf | benchmarks took less than one hour on the slowest machine.
cost computing platforms, a 1-socket Atom 230 processor Hitis time is totally dominated by the execution time of each
1.6GHz with 1GB of memory (1 core, 2 hardware threads).candidate, had we used a smaller/larger dataset sizes the
All systems were running Linux 2.6.x. We used IC@ptimization time would have decreased/increased.

11.1 with the options-fast -parallel -opennp referred 1) Performance improvementVe report in Figure 7 the

to as icc-par and GCC 4.3.3 with options @3 -nsse3 performance improvement of our technique when compared to
- f opennp asgcc. For the Atom we usednar ch=prescott the native production compiler with aggressive optimizati
-ntune=pentium -funrol |l -1 oops as additional GCC flags, flags enabled used as the baseline (performance improve-
those are reported as giving the best performance for thigent = 1). To study in a fair fashion the benefit of our

processor. methods, we particularly study two specific partitionings:
We consider 16 benchmarks, typical from compute-intensive. maxfusewhich corresponds to applying the tiling hyper-
sequences of algebra operatiofram, 3mm, atax, bicg, gemm, plane method on the full program instead of locally to

gemver, gesummy, are (sequences) of linear algebra opera- each class of the partition;

tions, on vectors and matricesvar andcorrel are covariance « smartfuse which corresponds to a partitioning where
and correlation computations for use in Principal Componen  statements that do not share any data reuse are put in
Analysis (sources: StatLibjdi, 2d-jacobi andseidel are sten- different classes. This is considered as the state-of-the-
cil computations. Finallyoitgen, gramschmidt, lu andludcmp art [6].

are solver and manipulation algorithms operating on medtic 1o further emphasis the benefits of our approach, we
All these benchmarks are part of the PolyBenchs test suifgort the performance improvement of smart fusion when

[24] and are freely available for download. used without our complementary step for vectorization
(pl ut o- snart f use), and with it pocc- smart f use). The best
B. Summary of experiments performance improvement found by our combined approach is

Figure 6 presents the main characteristics of our benchm&fPorted ini terative. , .
suite. We report, for each benchmark, some information onWe_obtaln solid pgrformance improvements over the native
the considered SCoPH¢ops the number of loops#stmts the ;:ompller, above gh In avera?e better for bXeon ;nﬁS&
number of statementsirefs the number of array references O OPteron. For the case of Atom, we observed that GCC
#deps the number of dependences). We report also the numi@fS in many situations to exhibit both coarse-grain and
of possible (including invalid) partitionings agpart., and flne—gram parallelism in the input code, this leads to very
the number of semantics-preserving partitionings #vatid {arge improvements by our framework: up to>30or matrix

highlight the pruning factor coming from our algorithm. wdnultiplications. o _
also check the columwariability each time we observed a For most benchmarks, smart fusion is performing better than

5% or more difference between the best versions found fg}aximal fusion, showing the importance of controlling the

a platform and its execution on the other platforms, this f@cgel dprgssure and thDOSir?g enougfh innelﬁr]-.p?riallell l?(OpShA
emphasize the requirement for a tuning of the partitioni odel-driven approach such as maxfuse which looks for the

selection. Finally, we also report the dataset size we used inimization of synchronizations and maximization of |bia
the benchmarksPp. Size) Is still likely to provide a performance improvement over

general-purpose heuristics implemented in production-com
. . piler, as shown in Figure 7. Such examples are shown for the
C. Detailed performance evaluation benchmarks where there is only one possible partitionimgg t
The time to compute the space, pick a candidate arduivalent to applying maxfuse to the full program. However
compute a full transformation is negligible with respect tempirical search is needed for 9 out of 16 benchmarks to
the compilation and execution time of the tested versioms. éxhibit the best performance, for a benefit of up to @ver



Performance Improvement - Intel Xeon 7450 (24 threads) Performance Improvement - AMD Opteron 8380 (16 threads) Performance Improvement - Intel Atom 230 (2 threads)
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Fig. 7. Performance improvement of (a) state-of-the-art snoafof without dedicated vectorization stageut o- smart f use); (b) two specific partitionings
of our search space: maximal fusion and smart fusion, both vetlicdted vectorization stagpotc- maxf use andpocc-smart f use); and (c) the best found
partitioning after empirical searcht(er ati ve). Baseline isl CC -fast -paral | el -opennp for Xeon and OpteronGCC - 3 - nsse3 - mar ch=prescot t
-ntune=pentium -funroll-1oops for Atom.

smart fusion. ing, whatever the specifics of the program, compiler and
2) Performance portability:Beyond absolute performancearchitecture.

improvement, another motivating factor for iterative séiten

of partitionings is performance portability. Because af-si VII. RELATED WORK

nificant differences in design, in particular in SIMD units’ Traditional work on loop fusion [20], [22], [23], [30]
performance and pgche behawor, gtransformatlon _ha_s_toapg restricted in their ability to find complex partitiongg
tuned for a specific machine. This leads to a S|gn|f|carﬁ1i5 is mainly due to the lack of a powerful representation

va_rllatl_o”n In perf?]r_mance a;]crosg ter_ted fra8m(;workf. _ for dependences and transformations. Hence, non-polgthedr
o lllustrate t IS, WE ShOW In Hgure the relative perélpproaches typically study fusion in isolation from other
formance normalized with respect tec-par on Opteron of

for th d hi h . transformations. Megiddo and Sarkar [23] proposed a way
,ge(;m’e_r' olrt ‘ero?] and Opteron ar(; |tectu:jes..T € vgrsmFB perform fusion for an existing parallel program by group-
index is plotted on the axis, 1 is max-fuse and 8 Is rn""X'maing components in a way that parallelism is not disturbed.

distribution. Decoupling parallelization and fusion clearly misses sa&ve
gemver - Performance Variability interesting solutions that would have been captured if¢gell

ol ' yeon vas0 — 1 fusion choices were itself cast into their framework. Date
X Opteron 8380 ¢ al. [11], [10] studied fusion for data-parallelization,tfmnly in

combination with shifting. In contrast to all of these warksr
search space can enable fusion in the presence of all pabihed
transformations.

Several heuristics for loop fusion and tiling have been
proposed [36], [28]. Yet those heuristics fail to capture th
heavy interplay between loop transformations, back-ertd op
mizations performed by the compiler, and components of the
target architecture.

The polyhedral model creates many more opportunities for
Fig. 8. Performance variability fogemver the construction of loop nest optimizers and parallelizog-
pilers. It is currently being integrated in production calers,

For Xeon, the best version is 4, which corresponds to tlllrédUdmg GCC and IBM_XL' __ .
partitioning (0,0, 1, 2). It performs 10% better than version 2, Bondhugula et al. designed Pluto, the first integrated fusio

which corresponds to the partitioniri@,0,0,1). Interestingly, anq tling heuristic based on the pplyhedral model [6], [.7]’
for Opteron, version 4 performs 20% slower than version ZWhICh subsumes a _Iarge S?t.Of add|t.|onall loop transformatlo
The trade-off between coarse-grain parallelization ared v mter.c'hange, skewing, shifting). It inherits the flexﬂylof
torization is very difficult to capture, as it also dependstioz the tiling hyperplan_e method [18], .[17]. to b_w_ld_c_omplex
capability of the back-end compiler to perform vectoriaati sequences of enz_ablmg and communication-minimizing trans
One has to capture the interplay between distinct optinaizat fortma_uo?s. Desgmla t.rtwedwealfgests.es_oI Its ttgrget—mgﬂea;ﬁnd
passes, something missing in present day compilers. Mergo P 'rlr_]t'z‘i 'OC? mf(? el, it does identify interesting par )
accurate profitability models have to be relied upon, ani th pcailty trade-ofrs. :
design remains a major challenge for compiler designeg Powerful semi-automatic polyhedral frameworks have been

08t /
06 I/}
0.4Y

02 | 4 :

Performance Improvement / icc-par

Version Index

Tuning the trade-off between fusion and distribution is esigned as _building bIOCk.S for compiler construction or
relevant technique to address the performance portalstitie. auto-tuned) library generation systems [19], 3], [164].[

Our technique is able to autqmatically adapt.to the t_a_rget‘Graphite development branch: http://gcc.gnu.org/wilai@iite, and now
framework, and successfully discovers the optimal partiti in GCC 4.5.
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