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ABSTRACT

While data locality and cache performance have been investigated
in great depth by prior research (in the context of both high-end
systems and embedded/mobile systems), one of the important char-
acteristics of prior approaches is that they transform loop and/or
data space (e.g., array layout) as a whole. Unfortunately, such coarse-
grain approaches bring three critical issues. First, they implicitly
assume that all parts of a given array would equally benefit from the
identified data layout transformation. Second, they also assume that
a given loop transformation would have the same locality impact on
an entire data array. Third and more importantly, such coarse-grain
approaches are local by their nature and difficult to achieve globally
optimal executions. Motivated by these drawbacks of existing code
and data space reorganization/optimization techniques, this paper
proposes to determine multiple loop transformation matrices for
each loop nest in the program and multiple data layout transfor-
mations for each array accessed by the program, in an attempt to
exploit data locality at a finer granularity. It leverages bipartite
graph matching and extends the proposed fine-granular integrated
loop-layout strategy to a multicore setting as well. Our experimen-
tal results show that the proposed approach significantly improves
the data locality and outperforms existing schemes — 9.1% aver-
age performance improvement in single-threaded executions and
11.5% average improvement in multi-threaded executions over the
state-of-the-art.

CCS CONCEPTS

« Computer systems organization — Multicore architectures;
« Software and its engineering — Compilers.
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1 INTRODUCTION

Performance of many data-intensive application programs depends
critically on their data access patterns and cache behavior. This is
even more so in emerging multicore and manycore systems with
multi-level cache hierarchies and high costs of last-level cache
(LLC) misses. Observing these, prior researches have extensively
investigated various ways of restructuring data access patterns
to improve cache performance. Among proposed approaches to
this problem are hardware-based prefetching [16], compiler-based
access pattern restructuring [11, 38, 47], various data (memory)
layout optimizations [4, 14, 15, 20, 35, 48], and more recent works
on in-memory [2, 43] and near-data [17, 44] computing.

As far as pure compiler-based strategies are concerned, two dif-
ferent paradigms have been explored in the past to improve data lo-
cality (cache performance): loop restructuring and data layout trans-
formation. In the former, the loop nest is transformed (restructured)
by modifying the execution order of loop iterations. Among popular
loop transformations that have been explored in the past are loop
permutation, iteration space tiling, and loop skewing. In contrast,
data layout transformations take an entirely different approach and
instead of changing the execution order of loop iterations, they
modify the memory layout of data. Examples include converting
row-major layout to column-major layout and data space tiling. The
papers published in compiler literature show reasonable improve-
ments with loop transformations, data layout transformations, and
techniques that combine both [23, 25-27, 38, 42, 50].

One of the important characteristics of these prior approaches is
that they transform loop and/or data space as a whole. For example,
an entire loop nest is transformed using a single loop transformation
matrix (representing change of basis), and similarly, an entire data
array is transformed via a layout transformation. Unfortunately,
such coarse-grain approaches (when used in transforming loop nest
and/or array data) bring three critical issues. First, these approaches
implicitly assume that all parts of a given array would equally
benefit from the identified data layout transformation, which may
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not necessarily be true in practice. In fact, our analysis of different
application programs clearly shows that different portions of an
array can indeed prefer different layout transformations, primarily
because they are accessed by different loop nests in different ways.
For example, while one loop nest can access a given array in a
row-major fashion, another loop can access the same array in a
column-major fashion. Second, these approaches also implicitly
assume that a given loop transformation would have the same
locality impact on an entire array, which again may not necessarily
be true. Third and maybe more importantly, such coarse-grain
approaches are local by their nature. For example, each loop nest is
transformed by considering the locality needs/behavior of that nest
alone. However, in reality, applying a loop transformation imposes
a certain access pattern over all array structures accessed in the
loop nest, and that in turn requires a preferable loop transformation
for other loop nests that access the same array structures. That is,
in a sense, loop nests that access the same set of data arrays (or
portions of arrays) need to be transformed with a global (program
wide) view in mind, which is, unfortunately, missing in many prior
works. Motivated by these drawbacks of existing techniques, this
paper makes the following three main contributions:

o It proposes a novel data locality optimization strategy that em-
ploys both loop nest restructuring and data layout transformation
in a fine-granular fashion. The proposed strategy is built upon
maximum matching in bipartite graphs. It discusses why such
a fine-granular strategy is expected to perform better than its
coarse-granular counterparts.

o It extends the proposed fine-granular integrated loop-layout strat-
egy to amulticore setting, and shows that bipartite graph matching
can be used in a multicore context as well.

o It reports experimental evidence showing the effectiveness of the
proposed strategy using 10 benchmark programs drawn from dif-
ferent sources. The reported results indicate around 9.1% average
savings in execution cycles in single-threaded executions and
11.5% average savings in multi-threaded executions.

To our knowledge, this is the first work that considers inte-
grated fine-grain loop and data layout optimizations for both single-
threaded and multi-threaded executions. The rest of this paper is
organized as follows. Section 2 gives the mathematical foundation
upon which we build our proposed computation and data layout
transformations. The technical details of our approach are presented
in Section 3, and Section 4 briefly discusses its important aspects. A
detailed experimental evaluation of the proposed approach is given
in Section 5. The prior relevant work is discussed in Section 6 and
the paper is concluded in Section 7 with a summary of our major
observations/results and a brief discussion of the ongoing work.

2 BASICS
In this section, we go over the basics of compiler-based loop and
data layout transformation theory, and introduce the basis of the
linear algebraic formulation upon which our proposed computation
and layout transformation strategies are built.

Our focus is on affine loops where loop bounds and array accesses
(subscript functions) are affine functions of enclosing loop indices
and loop-invariant variables and constants.! Note however that, if

!Note that such loops are frequently found in scientific computing applications as well
as embedded video/image processing applications.

Kandemir and Tang, et al.

(a) for(i,;=2; i;SNy; ij++)
for(i,=iy; i,SN,; i,++)
o X[ +2][i#iy-3] ..

(b for(i’,=2; iI",<N,; ', ++)
for(i’,=2; i",<min(i’;,N;,N,); i',++)
o X[21 2] [0 +7,-3] ..

(c) for(i’,=2; iI";SNy; i, ++)
for(i’,=iy; i',SN,; I'y++)
X[+ ,-3] [14+2]
Figure 1: Code example. a) Original code. b) After loop-
transformation. c) After layout-transformation

there is a non-affine array access, we just omit it (i.e., drop it from
consideration as far as data locality optimization is concerned) and
optimize the remaining references (i.e., we do not drop the entire
loop nest from consideration). Iterations of a loop nest with n loops
in our framework is represented by an iteration space and each
point in this space is denoted by an iteration vector, namely, I=

(i1, iz, - - - ,in)T. Each loop iterator, i (where 1 < ¢ < n) is bounded
by two functions: LB(ic) = f (i1, iz, -, ic,l)T for lower bound and
UB(ic) = (i1, g, - -+ ,ic—1)T for upper bound. An array reference to

an m-dimensional array in such a loop is represented by d=HI+h,
where H is an m X n matrix and & is an m-entry vector.

Consider, as an example, the small code fragment in Figure 1(a).
In this case, we have [ = (i1,i2)T, LB(i1) = 2, BB(i1) = N1, LB(i3) =
1 (1) ,and ki = (2,-3)7.

In this framework, a loop transformation matrix T, which is
essentially an n X n matrix for a loop nest with n loops, transforms
a loop iteration vector Ttol’ =TI. Consequently, an original array

i1, UB(i1) = N2, H =

access HI + I is transformed under this loop transformation T to
HT I’ + h. Figure 1(b) shows the loop-transformed version of

0 1
X 0). We also want to
mention that any loop transformation is constrained by intrinsic
data dependences in the original code, and the new loop bounds
after the transformation are determined using Fourier-Motzkin
Elimination (FME [13]). Similarly, a data layout transformation (or
simply layout transformation), for an m-dimensional array, can be

the original code in Figure 1(a) with T =

represented by an mxm matrix M and the original array access, HI+
f_i, is transformed under such a layout transformation, to M(H. T+ }_1))
= MHT + Mh. Clearly, a layout transformation does not affect loop
bounds; however, array declarations need to be updated to reflect
the new data layout. A layout-transformed version of the original

code in Figure 1(a) with M = ((1) 1) is given in Figure 1(c).

0

3 PROBLEM FORMULATION
3.1 Definitions

Definition 1: Computation Slab: A computation slab (or, slab for
short) is a rectilinear portion of a given iteration space. As an
example, Figure 2(a) illustrates a rectilinear partitioning of the
iteration space of a two-deep loop nest into 9 computation slabs.
Definition 2: Data Tile: A data tile represents a sub-portion
of a multi-dimensional array (data space). Figure 2(b) depicts a
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Figure 2: (a) Iteration space and computation slabs. (b) Data
space the data tiles.

data tile

partitioning of the data space of a three-dimensional array into

data tiles.

For a given loop nest N; and an array Xj, the nth computation
slab is denoted using N; ,, and similarly, the mth data tile is denoted
using X ;», with 1 < n < Ky and 1 £ m < Ky, where Ky and
K represent, respectively, the total number of computation slabs
and number of data tiles. A distinguishing characteristic of our
proposed approach in this work is that each of Nj, (for a given
X;) can be transformed independently, and similarly, each Xj n,
(for a given X) can be transformed independently. It is important
to emphasize that, for a given (N;, X;) pair, N; , may or may not
access Xj,m,, depending on data access pattern exhibited by the loop
nest. We note the following points:

o If N, does not access X ,, it should not have a say in how the
memory layout of X »; should be transformed.

o If both Nj, and Ny v (where i # i’ or n # n’) access X m, both
of them should have a say on how the layout of Xj ;;, should be
transformed.

o If N , accesses both X, and X7, (where j # j’ or m # m’), the
loop transformation chosen for Nj; , should be compatible with
the data layouts chosen for both X n, and X7 .

3.2 CDG: Computation-Data Graph

In this subsection, we introduce the main compiler data structure
our approach employs. Note that this data structure, named CDG,
is internal to the compiler and is user-transparent. A CDG is a
bipartite graph G(Vc, Vy, E, W), where each v4 € V. represents a
computation slab and vy € V; represents a data tile. There is an
edge e € E between vg € V; and vy € Vj if the computation slab
represented by vg (say, Nj ) accesses the data tile represented by
o (say, Xj m), that is, there is at least one loop iteration in Nj
accessing a data element in Xj ,,,. For each edge e = (vq, vq/) € E,
we associate a weight w € W which captures the total number of
references made by the iterations in v to the data elements in vq/.z

Note that, CDG, in its most general form, represents the entire
application program code. In the rest of our discussion, if there is
no confusion, we will use the terms g and N; ,, interchangeably,
and similarly, we will use the terms v and X, interchangeably.

Given a CDG, our goal is to determine, for each N; ., a loop
transformation T; , and, for each Xj »,, a data layout transformation
M m such that the overall data locality of the entire application
program is improved. Figure 3(a) shows a sample CDG where |V| =

2Clearly, this weight represents a compile-time estimation. Our approach also employs
a limited symbolic analysis to compare weights symbolically (if they are not known at
compile-time. Our approach can also use profile information when available.
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Figure 3: Example computation-data graph (CDG).

9, |V4| = 8, and |E| = 13. Let us assume that all edges have the same

weight (so, the weights are not shown explicitly).

Let us discuss how this CDG presents constraints in assigning
loop and data transformation matrices for the nodes in V. and Vj.
We can start, for example, with v.; and determine a loop transfor-
mation matrix for it, say 7;. This loop transformation matrix in turn
imposes a data access pattern on data tiles represented by nodes
v and vg3. More specifically, we need to select data transforma-
tion matrices (M and M3) to improve (transform) that data access
pattern of the data tiles represented by nodes v, and vg3 such that
they become "cache friendly". Now, layout transformation M3 in
turn dictates loop transformations, Ty and T, for computation slabs
represented by nodes v.4 and .5, respectively. Then, T5 dictates My
and Mg, and so on. Such a chained determination of loop and data
transformation matrices is called a flow in the remainder of this
paper. Thus, the goal of the compiler optimization in this work is to
determine a flow on a given CDG that leads to the minimum number
of cache misses, i.e., a flow that maximizes cache performance.

We now summarize the two main difficulties one might face
when determining T; ,, and M (j.m transformation matrices.

e Figure 3(b) shows a scenario where two nodes in V; (v and vy)
access the same node (v3) in V;;. The problem is that the two loop
transformations selected for v; and vz may require different data
transformations for v3. Consequently, it may not be possible to find
a data transformation for v3 that satisfies the loop transformations
preferred by v1 and v,. In the rest of this paper, this type of conflict
is referred to as Loop-to-Data Conflict (LDC).

o Figure 3(c) depicts a scenario where two nodes in Vy;, each with its
own data layout transformations, demand different loop transfor-
mations for the same node in V. As a result, in this case, we may
not be able to find a loop transformation that satisfies both the
data transformations. This type of conflict in called Data-to-Loop
Conflict (DLC) in the remainder of this paper.

Clearly, everything else being equal, we want to determine a flow
on the CDG such that the number of LDCs and DLCs is minimized.
Below, we present two strategies towards this goal — one targeting
single-threaded execution and the other targeting multi-threaded
execution.

3.3 Determining a Flow for Single-Threaded
Execution

Our strategy for determining a flow is based on the concept of
Maximum Weighted Match in a Bipartite Graph. Let us start by the
following definitions:

Definition 3: Matching in a Bipartite Graph: Given a bipartite
graph G(V,, Vg, E, W), a matching is a subset of the edges, say E’,
for which every node belongs to exactly one of the edges. Figure 3(d)
shows a matching for the bipartite graph in Figure 3(a).
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Figure 4: The residual graphs when MWM does not cover all
node at initial step. The nodes being matched in each step
are denoted using white color.

Definition 4: Maximal Matching: A matching (say E’) of a bipar-
tite graph G(Vg, Vy, E, W) is said to be maximal if no other edges in
G(Ve, V4, E,W) can be added to E’. That is, if another edge is added
to E’, E’ would no longer be a matching. Note that, the matching
depicted in Figure 3(d) is not maximal.

Definition 5: Maximum Weight Matching (MWM): Given a bipar-
tite graph G(V¢, Vg, E, W), an MWM is a maximal matching (say E’),
when the total weights of the selected edges (the matched edges) is
maximum. In other words, an MWM is the maximal matching with
the total of the weights of the edges in E’ is maximum. Figure 3(e)
shows an MWM for the bipartite graph in Figure 3(a).

Let us now discuss why MWM is important in our problem of
determining loop and data transformation matrices for an applica-
tion program code represented by a bipartite graph G(V,, Vy, E, W).
Note that, an MWM provides three nice properties as far as our
data locality optimization problem is concerned. First, since MWM
is a matching, performing code and data transformations (i.e., deter-
mining loop and data layout transformation matrices) based on it
will avoid both LDCs and DLCs. That is, an MWM provides us with
a guideline using which we can determine a flow (as defined earlier)
on the target bipartite graph. Second, among all possible matchings
in the target bipartite graph, MWM is the one that contains the most
number of edges, i.e., it captures most data layout transformation
matrix-loop transformation matrix interactions. This directly fol-
lows from the fact that MWM is maximal. Third, similarly, among
all possible matchings in the target bipartite graph, MWM is the
one that covers most weights, which means it takes into account
the importance of different edges, i.e., the importance of the trans-
formations of the two nodes that connect each important edge. For
example, finding effective loop and data transformations for an
edge with a large weight is more critical than finding effective loop
and data transformations for an edge with a small weight. Note that,
this third property directly follows from the fact that an MWM is a
maximum matching. Overall, these three properties make MWM a
good starting point for determining a flow on the target bipartite
graph. In other words, our approach determines an MWM-induced
flow, an example of which is shown in Figure 3(f).

Algorithm 1 gives the pseudo-code our compiler employs for
determining a flow in a given target bipartite graph. Our algorithm
starts by finding an MWM, denoted as E’, on the bipartite graph?. It

3Note that, an MWM can also be seen as a graph (not just as an edge set) by including
all edges in E’ as well as the nodes that those edges are attached to.
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is known that, the problem of determining an MWM can be solved
by converting it into a flow network and then using an algorithm
to find the maximum flow on it*. In our implementation, we use
the Ford-Fulkerson algorithm [18], to determine the flow on the
generated flow network, though other algorithms such as those
on augmenting paths [22]. Since the details of how to convert a
matching problem into a flow problem are well known, we do not
discuss it here in detail.

Clearly, not every MWM will cover all nodes (a simple example is
shown in Figure 4(a)), yet we need to determine a loop transforma-
tion for each node in V; and a data layout transformation for each
node in V. So, we then remove all edges in E” as well as the nodes to
which they are connected from the bipartite graph and obtain what
can be termed as a Residual Graph. We next find an MWM on this
residual graph and determine (the so-far-undetermined) loop and
data transformations. It is to be noted however that, in determining
a loop and data transformation in the MWM of this residual graph,
we may run into conflicts, an example of which is illustrated in
Figure 4(b). After this step, the newly-determined MWM (say E”")
is removed from the residual graph, obtaining a new residual graph
on which we find a new MWM, and so on. This cycle of (1) find
an MWM on the current residual graph = (2) determine loop and
data layout transformations for the nodes in MWM = (3) remove
MWM from the current residual graph to obtain a new residual graph
continues until we determine transformation (loop/data) matrices
for all nodes in the original (input) bipartite graph.

Consider now Figure 4(c), which illustrates how Algorithm 1
operates on the sample bipartite graph depicted in Figure 4(a). In
this case, the algorithm generates 3 residual graphs to determine
the required loop and data transformation matrices.

3.3.1 Mechanics of Transformation. Let us now go over how we
actually determine the loop and data transformations for a given
MWM (the process is repeated for each and every MWM). Basically,
in a given MWM, we process the edges one by one starting with
the edge with the largest weight. Let us consider, without loss of
generality, an edge e.; 4;, i.e., the edge between nodes V;; and Vy;.
There are four cases to consider at this point:
e Case-1: We have already a determined loop transformation (from
the previous step) for V; but have not determined yet a data
transformation for Vy;. Note that, based on our discussion in

Section 2, an array reference such as HI + h- corresponding
to the edge between V;; and Vy; — is transformed under loop

transformation T and data transformation M to MHT\I" + Mh.
If T has already been determined, we just determine M in this
expression such that the resulting access pattern in MH T +Mh
becomes stride-1 (sequential).

o Case-2: This is the opposite of the previous scenario. In this case,
we already have an M determined for V;; and but do not yet have

a T determined for V,;. So, we determine T in MHT'I” + Mh such
that the resulting access is either stride-1 or is independent of the
innermost loop iterator (after the transformation).”.

“Note that the term “flow” here is clearly different from the term “flow" we have been
using so far — the latter denotes a solution that gives us the loop and data layout
transformation matrices.

51t should be observed that, while a loop transformation can improve both temporal
and spatial locality, a data transformation can improve only spatial locality [25]
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Algorithm 1 MWM-guided computation and data layout transfor-
mations.

INPUT: a bipartite graph G (Vc, Vg, E, W), where each v4 € V¢ represents a compu-
tation slab and v,/ € Vg represents a data tile

OUTPUT: (computation slab, data tile) pairs that satisfies MWM

: Residual graph is initialized to G

: R(Ve, Vg, EW) « G(Ve, Vg, E, W)

: output «— @

: while V; is not @ or Vy is not @ do

listf(VC’, Vd’) « Ford-FulkersonG

Ve e Ve - Vo and Vg Vg -V,

if check_conflict(output, listf(VC/, V‘;)) then
merge (VC', V‘;) with (V, V), where V; =Vgor VC’ =V,
remove (Vé, VI;) from list_(V;, VL;)

end if .,

output « output U list_(V, V)

: end while

: //identify loop transformation and data layout transformation on each computation

slab and data tile in output

[ I B~ S B O N N s

_om e
L2

Algorithm 2 High-level view of the extension to handle multi-
threaded applications.

INPUT: a bipartite graph G(Vc, Vg, E, W), where each v4 € V. represents a compu-
tation slab and v/ € Vg represents a data tile; number of partitions/cores (p)
OUTPUT: partitioning of computation slabs across cores, and for each core, (compu-

tation slab, data tile) pairs that satisfies MWM
: Partition V¢ into p partitions, Ve, Ve, - - -, Vep, such that

—

2: Y, W;j is minimized, where (a) C(E;;) € V¢; and D(E;;) € Vgj, where C and
D give, respectively, the sets to which the left end and right end of E;;, and (b)
Verl = [Vea| = - - = [Vep | = [Vel/p.

3: for dok from 1 to p

4 initialize any node in V¢ and Vg from the previous partition

5: Call Algorithm 1 (G (Vek, Vik, Ex, Wi ). where Vyp is the set of data tiles
accessed by Vii; Ei is the set of edges that connect Vi and Vgi; and Wy is the
weights attached to the edges in Ex

6: end for

e Case-3: No T and no M have been determined so far (for V;; and
Va;, respectively). In this case, we set either T or M to the identity
matrix and determine the other.

o Case-4: We have already have a T and M determined for V;; and
Va;, respectively. In this case, we do not do anything else (we have
no scope for optimizing this edge; the prior optimizations impose
a layout as well as a loop transformation).

3.4 Determining Flows for Multi-Threaded
Execution

Note that Algorithm 1 described above operates on a single-threaded
code. In this section, we discuss another compiler algorithm, Al-
gorithm 2, that targets multi-threaded application programs. Like
Algorithm 1, Algorithm 2 also works on a bipartite graph-based
representation of the program data access pattern; however, it takes
into account the on-chip cache hierarchy of the target architecture
in assigning computations (actually computation slabs) to cores.
Below, we discuss our approach in two cases — first without de-
pendencies across computation slabs and then with dependencies
across computation slabs.

The core idea behind our approach to determining loop and data
transformations for computation slabs and data tiles, respectively,
in the context of multi-threaded execution is to divide the target
bipartite graph into multiple partitions. More specifically, we di-
vide V; of G(V,, V4, E, W) into p partitions where p is the number
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cores. The main goal of this partitioning is to minimize the number

of edges that cross partition boundaries. In mathematical terms,

suppose that we have p divisions of V¢, namely V¢1, Vea, -+, Vep

such that Ve UV U+~ UV = Ve and Ve; N Ve; = 0 for any i # j.

For a given V;;, we define Vj; as the set of data tiles accessed by

the computation slabs. Clearly, in general, we have Vy; N Vy; # 0.
Now, we want to determine a partitioning such that

ZWz‘j,

is minimized, where (a) C(E;j) € V¢; and D(E;j) € Vg, where C
and D give, respectively, the sets to which the left end and right
end of Ejj, and (b) [Ve1| = [Veal = - -+ = [Vep| = |Ve|/p. While the
first condition ensures that the edge in question crosses partition
boundaries, the second condition ensures load balance. If all the
weights are the same, then it means we are looking for a partitioning

that minimizes

D Wai 0 Vg,

i#j
i.e., one that minimizes the data tile sharing across computation
slabs.

Two different partitionings of the sample CDG in Figure 5(a)
are illustrated in Figures 5(b) and (c). The one in (c), which is the
minimum weight partitioning in this case, is much better than the
one in (b).

Note that, this particular partitioning we are proposing is ori-
ented towards minimizing data tile sharing among computation
slabs. After this partitioning has been performed, we apply Algo-
rithm 1 to each partition (as in captured by the loop in Algorithm 2).
In doing so, the LDC and DLC types of conflicts are resolved, in the
order they are encountered, depending on the processing order of
partitions. For example, we first process a partition and determine
the loop and data layout transformation matrices for the computa-
tion slabs and data tiles in that partition. Then, when we go to the
next partition, if this second partition shares some data tiles with
the previous one, the already-determined data layout matrices (in
processing the first partition) are used to initiate the flow determi-
nation process for this second partition. In this way, each time the
algorithm comes to process a partition, it first performs the initial-
izations dictated by the previously processed partitions. Algorithm
2 gives the pseudo-code for our fine-granular locality optimization
algorithm targeting multi-threaded application programs.

4 DISCUSSION

In this section, we go over a couple of important aspects of our
proposed approach. First, our approach is quite general and is ap-
plicable to any loop nest that is analyzable by the compiler. As
stated earlier, if there are unanalyzable references in the loop nest
being optimized, our approach simply omits them during locality
optimization®, and focuses on the remaining references. Second,
while our approach increases both the compilation time and code
size a bit (as will be reported in the next section), considering the
significant execution time improvements it brings, we believe such
increases are acceptable in many execution environments. Third, to
determine the edge weights, our approach uses extensive compiler

®Note, however, that such references are treated conservatively when computing data
and control dependencies.
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Figure 5: Two different potential partitionings of a given CDG.

analysis and symbolic analysis (to compare compile-time unknown
variables). We want to emphasize that our approach is built in a mod-
ular fashion and can easily accommodate a more accurate weight
estimator should one be available in the future. Fourth, since our
approach is mainly built upon carrying over the constraints (loop
transformations and layout transformations) determined in the past
to the future (it is a greedy heuristic), it may, in some cases, end up
in a situation where it is unable to transform, for example, a compu-
tation slab (because of conflicting layout constraints) or a data tile
(because of conflicting computation transformations). In such cases,
it does not perform any transformation for the conflicting case, i.e.,
it uses identity transformation. Fifth, although our compiler-based
approach is applicable to any application program, in this study, we
present results with 10 programs chosen from various sources. In se-
lecting these benchmarks, we paid special attention to ensuring that
(i) for each benchmark, both single-threaded and multi-threaded
versions are available and (ii) they are representative in terms of
variety of data access and data reuse patterns (e.g., sequential vs.
stride and regular vs. irregular accesses). Finally, since our approach
is built in a modular fashion in LLVM, it can be easily integrated
with existing (and potentially future) optimizations in LLVM. A
detailed study of such inter-optimization interactions, however, is
postponed to a future study.

5 EXPERIMENTAL EVALUATION
5.1 Setup

In our evaluations, we used an Intel Broadwell processor core i5
clocked at 2.7GHz. Note that this processor is frequently employed
in mobile and embedded settings. Its last-level cache (L3) has a
capacity of 6MB, and it has 8 cores, each running 1 thread.

We implemented our approach in the LLVM 9.0.0 [32] compila-
tion tool-set and tested its effectiveness using 10 applications using
their single-threaded and also multi-threaded versions. In the case
of single-threaded applications, our approach increased the aver-
age compilation time (over the baseline defined below) by about
25% and, in the case of multi-threaded applications, the average
increase in compilation time was about 36%. Also, the average code
size increases were 22% and 28% in the cases of single-threaded and
multi-threaded application programs, respectively.

Below, we present the results from single-threaded programs and
multi-threaded programs separately. Table 1 lists our application
programs, their dataset sizes, the last-level cache misses of their

Table 1: List of applications.

Application |Dataset |[LLC Exec Time (sec)|Exec Time (sec)
’ Size (MB) | Misses (%) | [single-core] [multi-core]
blob 366.1 28.1 4.21 0.68

canny 1,021.40 |37.2 7.87 1.29

facesim [7] |582.3 19.3 3.91 0.62

x264 [7] 596.4 22.6 2.28 0.43

radix [51] 1,193.30  |38.7 6.11 1.24

raytrace [51] |338.1 18.9 2.81 0.77

volrend [51] |785.2 31.5 5.83 1.12

swim [5] 672.4 24.6 524 0.96

imagick [5] |888.2 27.3 4.8 0.82

kdtree [5] 1,202.40 |36.6 9.17 1.66

original versions, and their execution times (the multi-threaded
results are collected using 8 cores [1 thread/core]). blob and canny
are two locally-maintained application programs, based on algo-
rithms discussed in [8] and [36], respectively. The first one is an
implementation of the Canny edge detection algorithm, whereas
the second one is a blob detection program, which tries to detect
regions in an image that differ in various properties, compared to
surrounding regions. The remaining eight application programs are
from three different benchmark suites [5, 7, 51]. We selected these
applications such that our suite has diversity of (i) dataset sizes, (ii)
data access/reuse patterns, and (iii) last-level cache performance.
Note that, the results presented in Table 1 are collected with the
Intel machine described above, and to put pressure on cache hierar-
chy, we increased the dataset sizes of the application programs in
our experimental suite. As can be noted from this table, as far as
cache behavior is concerned, our applications exhibit great variety,
with LLC misses ranging from 18.9% to 38.7%. Note also that, all
these values shown in the table are collected using the original
applications with the conventional data locality optimization. More
specifically, these applications have been optimized (even in their
default versions in our setup) with all major data locality optimiza-
tions such as loop permutation and loop tiling’, and all low-level
parallelism optimizations such as SIMD/vectorization. The reported
performance improvements presented below are normalized with
respect to these (already locality-optimized) baseline versions.

5.2 Main Results

5.2.1 Single-Threaded Execution Results. The percentage reduc-
tions in last-level cache (L3) misses and execution times (both with

"For each loop nest in each benchmark, we experimented with different tile sizes and
used the one that performed the best among all.
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Figure 6: The percentage reductions in last-level cache (L3)
misses and execution times with single-threaded executions.
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Figure 7: The percentage reductions in last-level cache (L3)
misses and execution times with multi-threaded executions.

respect to the original application executions) are plotted in Fig-
ure 6, in the case of single-threaded executions. It can be observed
from these results that our proposed compiler approach brings
cache miss reductions ranging between 22.8% and 39.1% (averaging
29.6%) and total execution time reductions ranging between 3.9%
and 16.7% (averaging on 9.1%). We believe that a 9.1% average exe-
cution time improvement is significant, considering the fact that,
as explained before, the original codes had already heavily been
optimized for data locality.

5.2.2  Multi-Threaded Execution Results. The results with the multi-
threaded executions are plotted in Figure 7. It can be observed
that, on average, our proposed compiler support improves LLC
misses and execution times by 34.4% and 11.5%, respectively. It is
to be noted that, compared to the single-threaded executions, these
improvements are higher, primarily because the original programs
exhibit poorer locality in the multi-threaded case due to the loss
of some locality as a result of partitioning iteration spaces across
multiple cores (leading to discontinuity in stride-1 accesses to data).

5.2.3 Application and Optimization Statistics. We next give some
statistics explaining the operation of the proposed compiler support.
The second, third and fourth columns of Table 2 give the bipartite
graph parameters for each of our applications in the default setting
used: the number of computation slab nodes (|V;|), the number
of data tile nodes (|Vy]), and the number of edges (|E|). The next
two columns of the same table give the number of the two types
of conflicts discussed earlier: LDC and DLC. The numbers listed
in these columns give the absolute numbers of LDC and DLC our
compiler experienced, and the percentage values within parentheses
indicate the fractions of them that our compiler has successfully
resolved without compromising any locality — meaning that, in case
of LDC, the two loop transformation matrices were found to be
the same and in case of DLC, the two data layout transformation
matrices we found to be the same.

One can make two main observations from these results. First,
the total number of conflicts (|JLDC|+|DLC]|) is quite small for each
benchmark, considering the bipartite graph sizes. Second and more
importantly, in an overwhelming majority of the cases where a
conflict occurs, the compiler was able to find a transformation (loop
or data) that resolves the conflict. More specifically, on average,
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Table 2: Bipartite graph parameters for each application.

[Application[[Vc[ [[VA[ J[E] [ILDC] [IDLC] |
blob 4,124(3,428 (4,099,751 |266484 (72.2%)[317321 (69%)

canny 8,802(6,636 (11,602,518 638138 (87.3%) | 241479 (91.4%)
facesim 5,556(3,890 7,861,264 |338034 (71.2%)|221972 (75.7%)
X264 6,074(4,844 (9,120,961 592862 (59.5%) |438536 (53.9%)
radix 8,488(7,006 (12,082,724 | 604136 (89.4%) | 739269 (93.2%)
raytrace 3,996(3,276(2,356,361 65978 (72.6%) |84289 (68.2%)

volrend 6,896(5,194 (9,968,951 |328975 (88.1%) |278383 (87.5%)
swim 4,924(4,138 (4,908,898 88360 (64.4%) [95743 (68.2%)

imagick 7,33815,822|10,253,241|461396 (55.2%) | 429991 (58.6%)
kdtree 8,988 6,964 (8,388,865 [293610 (90.5%) [ 362085 (96.2%)

=02 =24 =4-6 =68 =8-10 =10-12
Figure 8: Results of single-core execution.

about 75% (resp. 76.2%) of the LDC type (resp. DLC type) of conflicts
got resolved without sacrificing any data locality. In the remaining
cases, the transformation matrices involved in the conflict were
not the same, and our compiler selected one of them randomly,
resulting in some loss in data locality.

5.3 Sensitivity Analysis

The main sensitivity analysis we perform is to change the numbers
of computation slabs and data tiles. Recall that the default numbers
used in our experiments so far are given in Table 2. Figures 8 and 9
plot the percentage improvements in execution time for single-core
and multi-core executions, respectively, when the numbers of com-
putation slabs and data tiles are modified. Note that these graphs
plot the geometric mean values across all applications tested. In
these plots, 1x refers to the default numbers, whereas nx refers to
the case where the computation slab or data tile count is set of n
times of the original count. In both these graphs, the x-axis and
y-axis capture, respectively, the normalized number of computation
slabs and the number of data tiles. The z-axis, on the other hand,
captures the percentage improvement in execution time over the
original execution. The main observation from these results is that,
as the number of slabs or tiles is increased, our savings also increase.
However, the savings saturate with very large slab/tile counts, pri-
marily because most of the transformation matrices representing
increasingly small parts of iteration and data spaces become very
similar (as a result, any further partitioning does not help).

5.4 Comparison against Related Work

As has been mentioned above, the baseline codes that we used in
our experimentation have already been aggressively optimized for
data locality. Consequently, we believe that the average savings
achieved by our proposed approach (9.1% in single-threaded exe-
cution and 11.5% in multi-threaded execution) are significant. We
also compared our approach against an alternate approach that
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Figure 9: Results of multi-core execution.

Reduction in Execution
Time (%)

Figure 10: The percentage execution time reduction brought
by our approach over the prior work.

uses both loop and data transformations. This approach has been
implemented based on the algorithm presented in [23], but addi-
tionally, it also uses iteration space tiling (again, the tile sizes have
been determined via experimentation) for locality optimization.
The results plotted in Figure 10 show the execution time improve-
ments for single-threaded and multi-threaded versions, brought by
our approach over the approach in [23]. It can be observed that,
the average improvements (GeoMean) brought by our proposed
approach are 7.7% and 9.8% for single-threaded and multi-threaded
applications, respectively. These results emphasize, in our opinion,
the importance of fine-grained loop and data layout optimization,
as opposed to determining only a single computation transforma-
tion matrix for each loop nest and a single layout transformation
matrix for each data array.

6 RELATED WORK

Data locality optimizations. The compiler literature has sub-
stantial prior works focusing on optimization techniques that tar-
get improve the cache performance. Representative works can be
broadly divided into two bodies: code (access pattern) restructuring
[9, 11, 24, 28-31, 33, 34, 38, 45-47, 49] and/or data layout reorgani-
zation [12, 37, 40]. A data cache organization called dual data cache
is proposed by Gonzalez et al. to manage spatial and temporal lo-
cality independently [19]. Wolf and Lam [49] proposed unimodular
transformations and tiling to leverage temporal and spatial reuse for
data locality. Chatterjee et al. [10] explored nonlinear array layout
functions as a means of improving the locality of reference. Ding
et al. [15] presented compiler techniques that reduce the number
of on-chip hops for an off-chip request. Such an approach reduces
the queuing delays for the off-chip requests, thereby increasing
the performance. Piccoli et al. [41] proposed compiler and runtime
support for dynamically memory page migration to improve data
locality on NUMA architectures. Our work is different from these
prior efforts as we focus on a finer granularity instead of treating
the entire loop body as a whole. As a result, our approach is able to
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leverage the opportunities that different portions of an array prefer
different layouts. Furthermore, our approach considers the global
optimization of array layout, which is different from prior works
optimizing loop body locally.

Near data computing. Another widely adopted approach to re-
ducing the data access latency is near-data computing (NDC). Ac-
tually, the concept of NDC is not new and can be traced back to
1970s. Recently, due to the florescent of new memory technologies
such as 3D-stacked memory and non-volatile memory, NDC gain a
momentum [1-3, 6, 21, 39, 53]. Xu et al. [52] proposed processing-
in-memory (PIM) architectures for deep learning algorithms to
execute simple operations near the operands. Zhang et al. [53]
proposed a 2.5D based PIM architecture named TOP-PIM. They
showed significant energy savings and performance improvements
when executing certain workloads closer to the memory. Com-
pared to these prior efforts, our proposed approach focuses on
fine-granular data locality optimization and is orthogonal to most
near-data computing optimizations. If needed, our approach can be
easily combined with near-data computing optimizations to further
improve the data access performance, hence improving the overall
application performance.

7 CONCLUDING AND FUTURE WORK

While prior research works have substantially optimized data lo-
cality and cache performance in the context of both high-end sys-
tems and embedded/mobile systems, to our knowledge, all existing
works that consider both computation restructuring (loop transfor-
mations) and data restructuring (layout optimizations) determine
one loop transformation for each loop nest and one data layout
transformation for each multi-dimensional data array. The main ab-
straction our compiler employs is both loop nest restructuring and
data layout transformation in a fine-granular manner. The proposed
compiler leverages the maximum matching in bipartite graphs to
automatically determine the granularity for both single-threaded
and multi-threaded applications. The experimental results are col-
lected using both single-threaded and multi-threaded versions of
10 benchmark programs. The results indicate that the proposed
compiler achieves 9.1% average time reduction in single-threaded
executions and 11.5% average time reduction in multi-threaded
executions.

Our ongoing work includes (i) exploring interactions between
our proposal and other data locality optimizations in more detail;
(ii) studying interactions between different code parallelization
strategies and our approach; and (iii) extending our approach to
take advantage of emerging hardware accelerators in state-of-the-
art multicore/manycore systems including GPUs.
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