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ABSTRACT
This paper introduces hierarchical overlapped tiling, a transformation that applies loop tiling and fusion to conventional
loops. Overlapped tiling is a useful transformation to reduce communication overhead, but it may also generate a
signiﬁcant amount of redundant computation. Hierarchical
overlapped tiling performs overlapped tiling hierarchically
to balance communication overhead and redundant computation, and thus has the potential to provide better performance.
In this paper, we describe the hierarchical overlapped tiling
optimization and its implementation in an OpenCL compiler. We also evaluate the eﬀectiveness of this optimization
using 8 programs that implement diﬀerent forms of stencil
computation. Our results show that hierarchical overlapped
tiling achieves an average 37% speedup over traditional tiling
on a 32-core workstation.

Categories and Subject Descriptors
D.3.4 [Programming Languages]: Processors—Compilers; D.1.3 [Programming Techniques]: Concurrent Programming—Parallel Programming

General Terms
Algorithms, Languages, Performance

Keywords
Loop tiling and fusion, compiler optimization, stencil computation

1. INTRODUCTION
1.1 Overlapped Tiling
Numerous techniques for the tiling of iteration spaces have
been proposed. The goal of tiling is to for improve data locality [27, 28, 1, 2, 24, 9, 22], or contribute to the scheduling
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of parallel computation [26, 29, 6, 10, 30]. A complementary transformation, loop fusion can be used to decrease loop
overhead and enhance locality [17, 20].
In this paper, we discuss transformation by tiling and fusion
of stencil computation. Consider the code in Figure 1-(a).
Although this ﬁgure shows a natural representation of the
computation, the pair of loops may cause unnecessary cache
misses, depending on how they are scheduled. If the loops
are scheduled in the order speciﬁed by the code, the second
loop will incur frequent cache misses. To increase locality,
and also coarsen the granularity of the parallel tasks, the
programmer can tile and fuse the loops, as shown in Figure 1-(b). The resulting code requires an explicit barrier
to guarantee correctness, because of the data dependences
between neighboring tiles of iterations (during iteration t of
the outer loop, j consumes data produced by adjacent tiles
of loop i, namely tiles t−1 and t+1 or just one of them at the
boundaries). Notice that locality would improve if the same
task executes the corresponding i and j tiles in the code of
Figure 1-(b). However, good locality is only possible if array
A can be kept in cache memory when the execution moves
from the ﬁrst to the second loop. If, however, the array A is
larger than the total cache of the processors executing the
loops, the traditional loop fusion and tiling transformation
applied in Figure 1-(b) will not beneﬁt from locality, because
all the iterations of the i loop must complete before the j
loop executes. Besides the diﬃculties for achieving locality
of naive tiling, the parallelization transformation may do a
suboptimal job because of the barrier introduced. On some
architectures, barriers are expensive synchronization operations, and could additionally cause load imbalance. Furthermore, the transformation from Figure 1-(a) to Figure 1-(b)
is not possible in some languages, such as OpenMP and
OpenCL [14], which do not allow global barriers inside data
parallel constructs.
To remove the synchronization and enhance locality, the
code can be transformed into the form shown in Figure 1-(c).
In this case, each iteration of the outer loop t produces all
the data it needs so that its iterations (which correspond to
tiles) are independent from each other. This is achieved because each iteration performs redundant computation. The
result is a code without the BARRIER and with increased
locality.
In the example in Figure 1-(c) loop i produces A[max(0, t ∗
T − 1) : min(N, (t + 1) ∗ T )] in each iteration of the outer

f o r ( i n t k = 0 ; k < K; k++) {
p a r a l l e l f o r ( i n t i = 0 : N−1)
B [ i ] = A[ i −1] + A [ i ] + A [ i + 1 ] ;
swap (A, B) ;
}

p a r a l l e l f o r ( i n t i = 0 : N−1)
A[ i ] = . . . ;
p a r a l l e l f o r ( i n t j = 0 : N−1)
. . . = A[ j −1] + A [ j ] + A[ j + 1 ] ;

(a) Original loops
(a) Code snippet of K consecutive loops in a stencil code
0 : N/T)
i < min (N, ( t +1)∗T ;

Tile t+1

Tile t

i ++)
Loop 0

j < min (N, ( t +1)∗T ;
+ A[ j ] + A[ j + 1 ] ;

j ++)

(b) Traditional tiling and fusion

…

parallel for ( int t =
f o r ( i n t i = t ∗T ;
A[ i ] = . . . ;
BARRIER ;
f o r ( i n t j = t ∗T ;
. . . = A[ j −1]
}

Loop K-2
Loop K-1
i-1
i

p a r a l l e l f o r ( i n t t = 0 : N/T) {
f o r ( i n t i = max ( 0 , t ∗T−1) ;
i < min (N, ( t +1)∗T+1) ; i ++)
A[ i ] = . . . ;
f o r ( i n t j = t ∗T ; j <min (N, ( t +1)∗T) ; j ++)
. . . = A[ j −1] + A[ j ] + A[ j + 1 ] ;
}

(c) Overlapped tiling
Figure 1: A simple tiling example for parallel loops
loop, that is, T + 2 elements, 2 more than the number of
elements of A computed by loop i in Figure 1-(b). In total
the N/T executions of loop i in Figure 1-(c) produce TT+2 ∗
N elements, so this loop performs TT+2 ∗ N − N = 2∗N
T
more iterations than the corresponding loop of Figure 1-(b).
We call the transformation leading to a loop of the form of
Figure 1-(c) overlapped tiling.
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(b) Overlapped tiling
Figure 2: Overlapped tiling of K loops
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Figure 2-(a) shows a code snippet which represents a typical stencil computation. Pairs of consecutive executions of
the inner loop form a pattern similar to that of the two
inner loops in Figure 1-(a). If we apply overlapped tiling
repetitively and fuse all K executions of the inner loop, it is
possible to execute the outer loop without using any barrier.
The number of consecutive loops fused is the depth of the
transformation. In this example, the fusion depth is K. The
total amount of redundant computation usually grows with
the value of depth. Figure 2-(b) shows the area of overlap.
The triangles that bracket each tile represent the redundant
computation.

1.2 Hierarchical Overlapped Tiling
While overlapped tiling removes synchronization and enhances locality, it usually suﬀers from substantial amount
of redundant computation. As the fusion depth increases,
more synchronizations can be removed, but there is also an
increase in the total amount of redundant computation (the
shadowed triangle areas in Figure 2-(b)). Hence, we propose
the use of hierarchical overlapped tiling to balance communication overhead and redundant computation. Figure 3 contrasts overlapped tiling with hierarchical overlapped tiling.
The example assumes 8 consecutive loops executing on a 4way/8-core multicore system where the two cores on each
processor share the last level cache. Figure 3-(a) shows the
result of overlapped tiling across the eight cores while Figure
3-(b) shows the result of applying overlapped tiling hierar-

Local
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(b) 2-level hierarchical overlapped tiling
Figure 3: Comparison of overlapped tiling and hierarchical overlapped tiling on a 4-way/8-core multicore system, where each processor contains 2 cores
on chip that share the last level cache.
chically. In Figure 3-(b), overlapped tiling is ﬁrst applied
across the four processors. Within each processor, pairs of
consecutive loops are fused. This forces a local barrier between each pair of loops (loop0 and loop1 , loop2 and loop3 ,
and so on). This barrier, however, only synchronizes the
two cores on each processor and therefore its cost should
be relatively low. Within each processor, overlapped tiling
is applied to enable the parallel execution of pairs of loops
across the two cores without the need for a barrier. Compared to overlapped tiling, the total amount of redundant
computation (the shadowed triangle areas between diﬀerent processors and the smaller shadowed triangles between
neighboring cores) caused by the 2 levels of tiling is much
smaller. This reduction of the redundant computation is
the main source of the performance beneﬁt of hierarchical
overlapped tiling over plain overlapped tiling.
In this paper we describe the compiler implementation of
the hierarchical overlapped tiling optimization. Automating

the transformation in a compiler simpliﬁes the task of the
programmer during code development and porting. This
paper makes the following contributions:

• The introduction of a new tiling transformation called
hierarchical overlapped tiling.
• The description of its implementation in an OpenCL
compiler with the support of Cetus [12] and the Omega
library [13] for OpenCL programs which implements
the proposed transformation.
• An evaluation of the eﬀect of the techniques on stencil computation. Our experimental results show that
hierarchical overlapped tiling is eﬀective and achieves
signiﬁcant speedups when compared to the traditional
loop fusion and tiling transformation.

The rest of the paper is organized as follows: Section 2
gives a quantitative analysis of overlapped and hierarchical
overlapped tiling; Section 3 describes our compiler implementation; Section 4 discusses the environmental setup for
the experimental evaluation; Section 5 shows our experimental results; Section 6 discusses our related work; Section 7
presents the conclusions.

2. ANALYTICAL MODELING
This section gives a quantitative analysis of overlapped tiling
and hierarchical overlapped tiling.

2.1 Integer Tuple Set and Relation
We use the notion of iteration space to describe and analyze the transformation introduced here. A d-dimensional
integer tuple ⃗x = [x0 , x1 , ..., xd−1 ] is a vector of d integers.
Constraints in the form of equations and inequalities can
be used to describe sets of integer tuples. For example,
the set S0 = {[1, 1], [1, 2], ..., [1, N ]} can be represented as
{[i, j] : i = 1 ∧ 1 ≤ j ≤ N }.
We assume that the arithmetic expressions in the equations
and inequalities are aﬃne and the terms are integers. Logical operators ¬, ∧ and ∨, and the existential and universal
quantiﬁers ∃ and ∀ are also needed to describe the set of
integer tuples. The representations we use are known as
Presburger formulas [15]. In our implementation, these expressions are manipulated using the Omega Library [13].
We also represent integer tuple relations with rules described
by Presburger formulas. For example the relation T =
{[i, j] → [x, y] : i − 1 ≤ x ≤ i ∧ j − 1 ≤ y ≤ j + 1} when
applied to the previous S0 yields the following set:
T (S0 ) = {[x, y] : 0 ≤ x ≤ 1 ∧ 0 ≤ y ≤ N + 1}

2.2

p a r a l l e l f o r ( i n t ⃗i = [i0 , i1 , ..., iD−1 ]
...
}
p a r a l l e l f o r ( i n t ⃗i = [i0 , i1 , ..., iD−1 ]
...
}
...
p a r a l l e l f o r ( i n t ⃗i = [i0 , i1 , ..., iD−1 ]
. . . = A0k [f⃗k0 (⃗i)] ;
. . . = A1k [f⃗k1 (⃗i)] ;
...
L −1 L −1
. . . = Ak k [f⃗k k (⃗i)] ;
0 ⃗
Bk0 [⃗
gk
(i)] = . . . ;
1 ⃗
Bk1 [⃗
gk
(i)] = . . . ;
...
M −1 Mk −1
Bk k [⃗
gk
(⃗i)] = . . . ;
}
...
p a r a l l e l f o r ( i n t ⃗i = [i0 , i1 , ..., iD−1 ]
...
}

T1 ∪ T2 = T, if ∀S, T1 (S) ∪ T2 (S) = T (S)

∈ I0 ) { // loop0
∈ I1 ) { // loop1

∈ Ik ) { // loopk

∈ IK−1 ) { // loopK−1

Figure 4: A sequence of K parallel loops
Without loss of generality, we assume the body of loopk
contains read access to Lk D′ -dimensional arrays A0k , A1k ,
L −1
M −1
..., Ak k
and write access to M arrays Bk0 , Bk1 ,...,Bk k
′
which are also D dimensional. We assume that no A array
overlaps with a B array. To simplify discussion we assume
L −1
A0k = A1k = ... = Ak k
= Ak and Bk0 = Bk1 = ... =
Mk −1
Bk
= Bk . There are Lk references to Ak on the RHS
of the ﬁrst Lk assignment statements in the body of the
L −1
loop: Ak [f⃗k0 (⃗i)], Ak [f⃗k1 (⃗i)], ..., Ak [f⃗k k (⃗i)], with f⃗kl : Z D →
′
Z D , 0 ≤ l < Lk . There are Mk references to elements of Bk
on the LHS of the last Mk statements: Bk [⃗gk0 (⃗i)], Bk [⃗gkm (⃗i)],
′
M −1
..., Bk [⃗gk k (⃗i)], with ⃗gkm : Z D → Z D , 0 ≤ m < Mk .
We compute 3 sets for loopk : Ik , the iteration space; Rk ,
the set of subscripts of Ak ; and Wk the set of subscripts of
Bk :
Lk −1

Rk = {⃗r} =

∪

{[r0 , r1 , ..., rD′ −1 ] : ⃗r = f⃗kl (⃗i) ∧ ⃗i ∈ Ik }

l=0
Mk −1

Wk = {w}
⃗ =

∪

{[w0 , w1 , ..., wD′ −1 ] : w
⃗ = ⃗gkm (⃗i) ∧ ⃗i ∈ Ik }

m=0

We deﬁne Ck for the consuming relation as the relation from
Ik to Rk , Ck (Ik ) = Rk , and Pk for the producing relation,
as the relation from Wk to Ik , Pk (Wk ) = Ik . Ck and Pk
represent the access pattern of the loop body. We use Ck
and Pk to describe the diﬀerent tiling transformations.

2.3
Note that given a relation R the size and shape of the original
set S and that of R(S) for a relation R can be diﬀerent. The
union ∪ of two relations T1 and T2 is deﬁned as:

Terminology

Consider K consecutive parallel loops loop0 , loop1 , ..., loopK−1 .
Assume that the k-th loop loopk (0 ≤ k < K) has the form
shown Figure 4.

Overlapped Tiling

In this subsection we describe the overlapped tiling loop
transformation.
Performing loop fusion and tiling for a sequence of loops of
the form shown in Figure 4 is equivalent to ﬁnding Q parti-

tions (tiles) Ik0 , Ik1 , ..., IkQ−1 of the iteration space Ik of each
loopk . Similar to the deﬁnition of Rk and Wk discussed in
the last subsection, we deﬁne Rkq as the set of array element
indices of A for tile Ikq , and Wkq to denote the set of array
elements indices of B for tile Ikq . So, we have:
Rkq = Ck (Ikq ),

q
q
q
|IK−2
| = |PK−2 (CK−1 (IK−1
))| = |P (C(IK−1
))|

= |{[i] : q × N/Q − 1 ≤ i < (q + 1) × N/Q + 1}|
q
= N/Q + 2 = |IK−1
|+2

Ikq = Pk (Wkq ) or Wkq = Pk−1 (Ikq )

q
q
q
|IK−3
| = |P (C(IK−2
))| = N/Q + 4 = |IK−2
|+2

Traditional loop fusion and tiling, such as the code shown in
Figure 1-(b), produce orthometric tiles. Since the tiles are
a partition of the iterations space, we have:
Ikq1 ∩ Ikq2 = ϕ,

Next, the previous loops can be tiled using Equation 1 (to
simplify the discussion, the boundaries are ignored):

...
|I0q | = |P (C(I1q ))| = N/Q + 2 × (K − 1) = |I1q | + 2
Therefore:

q1 ̸= q2

q
|Ikq | = |P (C(Ik+1
))| = N/Q + 2 × (K − 1 − k)

∑

Q−1

However, with overlapped tiling the sum of the size of the
tiles Ikq can be larger than the size Ik . We deﬁne the difference as the amount of redundant computation RCk performed by loopk :

RCk = (

q=0

The total amount of redundant computation RC is deﬁned
as the sum of the redundant computation of each loopk :

RCk = |Ik0 | + |Ik1 | + ... + |IkQ−1 | − |Ik | ≥ 0
RC =
In traditional loop fusion and tiling, the tiles of the diﬀerent
loops can be unrelated thanks to the barriers. However,
in overlapped tiling the data read in an iteration tile must
be produced within the same tile to eliminate the need of
synchronization. To simplify the discussion, we assume that
the data ﬂow in the sequence of fused loops loop0 , loop1 , ...
loopK−1 forms a linear chain, which means that Ak+1 = Bk
q
for all k. Under this assumption, it is necessary that Rk+1
⊆
q
Wk in overlapped tiling and to avoid unnecessary work we
q
q
set Rk+1
= Wkq . Hence the corresponding tiles Ik+1
and Ikq
of neighboring loops are related as follows:
q
q
Rk+1
= Ck+1 (Ik+1
) = Pk−1 (Ikq ) = Wkq

⇒

q
q
Ikq = Pk (Wkq ) = Pk (Rk+1
) = Pk (Ck+1 (Ik+1
))

(1)

|Ikq |) − |Ik | = 2 × Q × (K − 1 − k)

K−1
∑

RCk = Q × K × (K − 1)

RC is a monotonic function of the number of tiles Q and the
number of loops to fuse K. According to Equation 2, for the
example shown in Figure 2-(a), we can see the trend: the
amount of redundant computation RC increases with both
Q and K. Although this observation is derived from the
speciﬁc example, it is easy to see that the trend is true in
general. Compared with traditional loop fusion and tiling,
where synchronization is necessary, overlapped tiling saves
the overhead of K − 1 barriers. Suppose the average overhead of each barrier is ts , and the average computation time
for each iteration in the original code is tc , the overhead
diﬀerence between overlapped tiling over traditional tiling
is:
∆Overhead = ts × (K − 1) − tc × RC/Q

Equation 1 shows that the tiles of loopk are determined by
the tiles of loopk+1 . Equation 1 provides the procedure to
perform overlapped tiling: given an arbitrary partition of
tiles for the last loop loopK−1 , the tiles of previous loops
loopk (0 ≤ k < K) can be determined iteratively; then all
the corresponding tiles from the diﬀerent loops are fused to
build the new loop body.
Consider the code in Figure 2-(a) as an example to perform
overlapped tiling. After unrolling, there will be a sequence
of K loops. Since every loopk in Figure 3-(a) is the same,
we have:
I0 = I1 = ... = IK−1 = I = {[i] : 0 ≤ i < N }
C0 = C1 = ... = CK−1 = C = {[i → x] : i − 1 ≤ x ≤ i + 1}
P0 = P1 = ... = PK−1 = P = {[x → i] : i = x}
Initially, we assign the following tiling partition for the last
loopK−1 :
q
IK−1
= {[i] : q × N/Q ≤ i < (q + 1) × N/Q}

which simply evenly partitions the iteration space, IK−1 ,
q
where the size of each tile is |IK−1
| = N/Q.

(2)

k=0

2.4

(3)

Hierarchical Overlapped Tiling

According to the analysis in the last subsection, coarse grain
tiles (and thus small number of tiles) reduce the amount of
redundant computation in overlapped tiling. However, too
few tiles would reduce the amount of parallelism. Similarly,
reducing the number of fused loops also reduces the amount
of redundant computation, but at the expense of the additional synchronization required between loops.
The goal of hierarchical overlapped tiling is to adapt to the
memory hierarchy of the target machine. Consider a multicore system with Np processors, where each processor has
Nc cores sharing the last level cache. It is expected that
the average overhead of synchronization of processors sharing a cache (t′s ) will be signiﬁcantly smaller than that of
synchronizing cores on diﬀerent processors (ts ) that need to
communicate through main memory and/or bus.
ts /t′s ≫ 1

(4)

Based on the above observation, we proceed as follows: ﬁrst,
we perform coarse-grain tiling for processors; then perform
overlapped tiling within the tile that is assigned to each

processor, and generate sub-tiles for each core of the processor. During this 2-level tiling, the parameters for overlapped
tiling are determined separately for each level.
For simplicity, we assume that the total number of tiles,
Q, generated by the plain overlapped tiling discussed in the
previous subsection is equal to the number of cores: Q =
Np × Nc . During the ﬁrst level tiling of the hierarchical
overlapped tiling, only Np tiles are generated, so the total
amount of redundant computation introduced in this level
is:
RC1 = RC(Np , K) = Np × K × (K − 1)
After the ﬁrst level tiling, each processor q is assigned a
q
coarse-grain tile: I0q , I1q , ..., IK−1
(0 ≤ q < Np ). The tile for
each processor is implemented as a sequence of inner-loops,
whose boundaries are deﬁned by the constraints discussed
at the beginning of Section 2.1. Then, overlapped tiling can
be applied within each tile. However, since the sub-tiles are
going to be mapped to cores of the same processor, it is expected that the overhead of synchronization of cores within
the same processor, t′s will be signiﬁcantly smaller than the
synchronization between cores across processors, ts . As a
result, for each tile in the second level of tiling the number
of fused loops (fusion depth) can be smaller. Although this
increases the amount of synchronization, it also reduces the
amount of redundant computation. Suppose the second level of tiling only fuses K ′ consecutive loops each time and
K ′ < K, then the amount of redundant computation for
each processor in the second level tiling would be:
RC2 = RC(Nc , K ′ ) = Nc × K ′ × (K ′ − 1)

(5)

Therefore, the total amount of redundant computation of
2-level overlapped tiling is:
RC ′ = RC1 + Np × RC2
= Np × K × (K − 1) + Np × Nc × K ′ × (K ′ − 1)
Q
=
× K × (K − 1) + Q × K ′ × (K ′ − 1)
Nc
K ′ × (K ′ − 1)
1
= Q × K × (K − 1) × (
+
)
Nc
K × (K − 1)
≈ RC × (1/Nc + (K ′ /K)2 )
Furthermore, additional K/K ′ local synchronization operations are introduced during the second level of tiling. This
adds an extra latency of t′s × K/K ′ . Hence the overhead
diﬀerence between 2-level overlapped tiling and traditional
tiling is:
∆Overhead′ = ts × (K − 1) − t′s × K/K ′ − tc × RC ′ /Q
K
≈ ts × (K − 1) − × ′ −
K
K
t′
= ts × (K − 1 − s × ′ ) −
ts
K
t′s

tc
1
K′ 2
× RC × (
+(
) )
Q
Nc
K
tc
1
K′ 2
× RC × (
+(
) )
Q
Nc
K

As mentioned before, t′s is much smaller than ts (Equation
4). Thus, if K ′ is appropriately chosen, ∆Overhead′ can be
made larger than ∆Overhead as deﬁned in 3, which shows
the potential beneﬁt of hierarchical overlapped tiling.

g l o b a l f l o a t ∗A,
g l o b a l f l o a t ∗B) {
int i = g e t g l o b a l i d (0) ;
B [ i ] = A [ i −1]+A[ i ]+A[ i + 1 ] ;

k e r n e l void k e r n e l (

}

(a) OpenCL kernel code
cl mem mem A , mem B , ∗ p1=&mem A , ∗ p2=&mem B ;
...;
f o r ( i n t k = 0 ; k < K; k++) {
c l S e t K e r n e l A r g ( k e r n e l , 0 , s i z e o f ( cl mem ) , p1 ) ;
c l S e t K e r n e l A r g ( k e r n e l , 1 , s i z e o f ( cl mem ) , p2 ) ;
s i z e t g l o b a l w o r k s i z e [ ] = {N} ;
n e w e v t =( c l e v e n t ∗ ) m a l l o c ( s i z e o f ( c l e v e n t ) ) ;
clEnqueueNDRangeKernel ( queue , k e r n e l , 1 , NULL,
g l o b a l w o r k s i z e , NULL, 1 , e v e n t , n e w e v t ) ;
event = new event ;
swap ( p1 , p2 ) ;
}

(b) OpenCL host code
Figure 5: OpenCL code example

3. IMPLEMENTATION
3.1 OpenCL
An OpenCL program consists of two classes of components:
host code and kernel code. The host code contains the control logic and usually runs on a general purpose processor,
while the kernel code contains most of the computation and
executes on the target device, such as an accelerator. The
host code is a C/C++ program with OpenCL API invocations. The kernel code is written in OpenCL C, which is
a subset of C99 with extensions. OpenCL kernel s resemble C procedures. During execution, the host code compiles
the kernel code. This dynamic runtime compilation makes
OpenCL programs portable across diﬀerent devices.
OpenCL kernels follow the SPMD execution model. The
host code speciﬁes the work item organization of each kernel, where a work item is the unit of scheduling. Work
items are grouped into work groups. The work groups and
the work items within each work group have N dimensions
(N ≤ 3). Each work group is represented by an N -tuple
work group ID (which can be accessed during execution using get_group_id()), and each work item also has an N tuple work item IDs. The functions (get_global_id()) and
(get_local_id()) can be used to access the global or local
work item ID respectively.. The work item ID deﬁnes an
N -dimensional index space. Thus, we can conceive the execution of a sequence of OpenCL kernels as a sequence of
parallel loops. For example, the OpenCL code in Figure 5
is equivalent to the code in Figure 2-(a).

3.2

Implementation Overview

We implemented the hierarchical overlapped tiling optimization to evaluate its eﬀectiveness. A diagram representing our
experimental system is shown in Figure 6. The dashed arrows represent oﬄine data ﬂow while solid arrows represent
runtime data ﬂow. The system contains three major components: a delayed compilation mechanism, an oﬄine analyzer
and the optimizer. The oﬄine analyzer is implemented as
a pass of Cetus [12]. The optimizer is a source-to-source
translator which reads the original kernel code and generates OpenCL code, which is fed to the OpenCL runtime.

Both, the oﬄine analyzer and the optimizer use the Omega
library [13] to perform the integer tuple space computations.
In addition, the analyzer uses the Omega Library to generate loops from the integer tuple sets.
Kernel
Code

Host
Code

Offline
Analyzer

Kernel
Summary

Delayed
Compilation
Mechanism

Optimizer

Transformed
Kernel

Computation
Device

Figure 6: Framework of the automatic transformation tool.

3.3 Delayed Compilation Mechanism
In our framework, each OpenCL kernel execution (or instance) is seen as a parallel loop. This view combines information from the host code (the iteration space) and the
OpenCL kernel code (the body of the loop). The framework
applies overlapped tiling or hierarchical overlapped tiling to
a sequence of kernel invocations. To fully automate the process, two problems must be solved: 1) The dynamic compilation unit in OpenCL is kernel, but overlapped tiling fuses
across kernel boundaries. Therefore, some form of global
analysis is needed. 2) The optimal value of the transformation parameters usually depend on the iteration space, which
is the work size of an OpenCL kernel. However, in OpenCL
the work size is speciﬁed by the host code, and sometimes
the values of the work size can only be resolved after compiling the kernel code. In order to solve these two problems, we
designed and implemented a delayed compilation mechanism. It postpones the compilation process (which should be
done in clBuildProgram() in the standard OpenCL APIs)
of the kernel code until a suﬃcient number of kernels have
been created and enqueued by the host code. In order to
enable the reuse of the standard compilation process, our
delayed compilation mechanism is implemented as wrapper
functions.
Our delayed compilation mechanism works as follows: when
the host code invokes clEnqueueNDRangeKernel() to push
a kernel instance into the command queue, the kernel instance is actually held within a pending_kernel object in
the pending queue. Each pending kernel carries with it the
work size and arguments speciﬁed by the host code. The
kernel will not be compiled until:
1. a synchronization point is found during execution of
the host code; this usually means that the results of
the pending kernels are needed to continue execution,
or
2. the number of pending pending kernels exceeds a given
threshold.
Each time the compilation process is triggered, the optimizer will be invoked to select some kernels from the pending
queue to apply the appropriate transformation. After compilation, the transformed kernel generated by the optimizer

is executed. This way, the transformation is transparent to
the programmer.

3.4

Offline Analyzer

As mentioned before, the consuming relation Ck and producing relation Pk represent the access pattern of loopk . Since
we view each OpenCL kernel as a parallel loop, we can also
use consuming and producing relations to represent the access pattern of the kernel code (the body of the loop). Computing consuming and producing relations requires traversing the syntax tree of the kernel code to collect every global
memory reference, which might be an expensive operation.
If symbolic variables are allowed in the constraints of integer tuple relations, it is possible to compute the consuming
and producing relations of each kernel oﬄine to reduce the
overhead of the online compilation.
The algorithm to compute consuming and producing relations makes use of symbolic range propagation [7]. This
produces a conservative approximation to the range of possible values of every variable used to compute array ranges.
The output of the oﬄine analyzer is the summary for each
Kernelk , which contains the consuming relation CkA or producing relation PkA of every global array A accessed by the
kernel body.

3.5 Optimizer
When the compilation process is triggered by the delayed
compilation mechanism, the optimizer tries to apply the
overlapped tiling transformation on the pending kernels. OpenCL programs can be conﬁgured for in-order execution or outof-order execution. In in-order execution mode, kernels are
executed in the same order that they are enqueued, while
in out-of-order execution mode, the scheduler of OpenCL
runtime is free to reorder kernels as long as the partial order speciﬁed by the programmer is respected. Fusion can be
applied to a sequence of loops if the runtime is conﬁgured
for in-order execution or to the topological sort of a partial
order if the runtime is conﬁgured for out-of-order execution.
The optimizer uses the producing/consuming relations discussed in Section 2 to represent the dependence of kernel
instances. The discussion in Section 2 only considers the situation when all the data consumed by a loop are produced
by its predecessor. However, many programs do not conform to this simpliﬁcation. We say that there is a producerconsumer relation between two kernels X and Y : if and
only if kernel X is an ancestor of kernel Y (in terms of the
partial execution order enforced by event objects) and the
elements produced by kernel X are consumed by kernel Y .
We say that X is Y ’s producer and Y is X’s consumer. The
goal is to guarantee that for each tile, the producer kernel
produces all the data (array elements) that the consumer
kernel needs. According to the code in Figure 5, kernel
instances Kernel0 , Kernel2 , ..., Kernel2n , ... read mem_A
and write mem_B, while Kernel1 , Kernel3 , ..., Kernel2n+1 ,
... read mem_B and write mem_A. Hence the producers of
Kernelk include Kernelk−2n ∀n ≤ k/2. This is denoted as
P roducer(k) = {k − 2n|∀n = 1, 2, ..., ⌊k/2⌋}.
We can represent producing/consuming relations in terms
of data dependences. If we view the OpenCL code in Figure
5 to be equivalent to a doubly nested loop like in Figure 2-

(a), there are read-after-write dependences from iterations
(k − 2n + 1, i) and (k − 2n + 1, i ± 1) to iterations (k, i),
n = 1, 2, ..., ⌊k/2⌋. So the dependence vectors are (2n − 1, 0)
and (2n − 1, ±1), which correspond to be direction vectors
(<, =) and (<, ∗). With the distance vectors or direction
vectors, loop transformations can be performed as described
in [3] On the other hand, the dependence vectors can be
computed through producing/consuming relations of kernel
instances.
Although we could use the dependence information, what
we need for the transformation is only the data ﬂow between
kernels, which can be naturally represented by producing/consuming relations. Thus, the analysis in the optimizer
uses the producing/consuming relations instead of data dependences.

3.5.1 Tiling Algorithm
To apply the overlapped tiling optimization to the sequence
of kernels, we ﬁrst compute the symbolic tiles for each kernel,
and then the actual size of the tiles is determined.
Input: Consuming and producing relations Ck and Pk
for each Kernelk
Output: T ilek for each Kernelk
Initialization: T ilek = ∅, for each Kernelk
KernelK−1 = the last kernel in a topological order;
Kernel0 = the first kernel in the same topological order;
T ileK−1 = {[id0 , ..., idD−1 ] : s0 ≤ id0 < s0 + len0 ∧
... ∧ sD−1 ≤ idD−1 < sD−1 + lenD−1 };
for(each Kernelk in KernelK−1 , .., Kernel0
in reversed topological order)
for(each array A that is an argument read by Kernelk )
for(each Kernelk′ which is an ancestor of Kernelk )
T ilek′ = T ilek′ ∪ PkA′ (CkA (T ilek ));

Figure 7: Algorithm for symbolic tiling
Symbolic Tiling. Figure 7 shows a simpliﬁed algorithm
for tiling. We assume a collection of K kernels (kernel0 ,
kernel1 , ..., kernelK−1 ). The basic idea of this algorithm is,
starting from the last kernel in topological order (kernelK−1 ),
traverse backwards the consumer-producer chain to determine all the data that must be computed inside each tile,
so that no inter-tile communication or synchronization is
needed.
T ilek is a set of integer tuples where each element represents
a work item ID in the resulting tile for Kernelk . At the beginning, the tile for the start kernel T ileK−1 is initialized
with {[id0 , ..., idD−1 ] : s0 ≤ id0 < s0 + len0 ∧ ... ∧ sD−1 ≤
idD−1 < sD−1 + lenD−1 } in which si and leni are variables
whose values will be determined later. We assume without
loss of generality that the work items for KernelK−1 are
organized into D-dimensional objects. The output of this
algorithm is the symbolic tile T ilek for each kernel, which
contains symbol variable si and leni in the constraints. The
symbolic tiling algorithm can be used by the plain overlapped tiling and the hierarchical overlapped tiling, since
it requires neither the work size nor the tile boundaries as
input.
Determining Tile Size. With the symbolic tile for each
kernel, we can estimate the memory footprint of each tile.
For each global array A, a superset of the elements read (RA )

or written (WA ) within a tile can be computed as follows:
RA =

K−1
∪

CkA (T ilek ),

WA =

k=0

K−1
∪

PkA

−1

(T ilek )

k=0

1
If we only count global
∑ array elements , the size of memory
footprint is F P = A |RA ∪ WA |. F P is a function of the
tile length (len), the number of kernels to fuse (K) and the
work size of KernelK−1 (IK−1 ). Given K and IK−1 , the tile
size can be determined by ﬁnding a value of len that satisﬁes
the constraint below, to guarantee that the footprint of each
tile ﬁts in cache:

F P = F P (len, K, IK−1 ) < Ef f Cache
Ef f Cache is the eﬀective size of the target level of cache.
For plain overlapped tiling, Ef f Cache is set to be a fraction of the shared last level cache on each processor; for the
second level of hierarchical overlapped tiling, IK−1 should
be the tile size generated by the higher level tiling and
Ef f Cache is determined by the size of the private cache
(L1 or L2). For other architecture such as GPUs, Ef f Cache
is determined by the size of the local storage.
Determining the Loop Fusion Depth K. The discussion in the last subsection assumes that the number of kernels to fuse (K) is known. As discussed in Subsection 2.3,
the amount of redundant computation introduced by plain
overlapped tiling (Equation 5) and hierarchical overlapped
tiling is a function of the loop fusion depth K. We provide
two ways to specify the value of K: (1) the programmer
speciﬁes the value of K as an input parameter; (2) the value
of K can be determined based on the performance feedback
obtained using training inputs.
When using the second method for plain overlapped tiling,
we deﬁne ∆RC(k) = RC(k) − RC(k − 1), which is the redundant computation increment when adding Kernelk for
fusion. We ﬁnd that usually ∆RC(k) is a monotonically
nondecreasing function, e.g., for the code in Figure 2-(a)
discussed in Subsection 2.3, ∆RC(k) = 2 × Q × (k − 1).
Thus, in order to obtain the maximum ∆Overhead (Equation 3) of overlapped tiling over traditional tiling, we should
stop adding new kernels when the following become true:
tc × ∆RC(k)/Q ≥ ts

or

∆RC(k)/Q ≥ ts /tc

(6)

In the above inequality, ts is platform dependent, while tc
is application dependent. We assume that it is possible to
proﬁle the value of ts /tc with a representative input data.
Then, for adaptive tuning, the optimizer keeps adding new
kernels from the pending queue to be transformed until inequality 6 becomes true; at that point, the number of kernels
added is the desired value of K.
For hierarchical overlapped tiling, tuning must be done for
1
Our current implementation only considers the global
memory space, since the main data structures of the programs we evaluated are in global memory space. However,
to be accurate, objects in the local memory space such as local memory objects and stack variables should also be taken
into account.

each level of tiling to determine K and K ′ separately, with
diﬀerent average cost of synchronization (ts or t′s ).
Create Thread-local Buﬀers. For some architectures
such as GPGPUs, diﬀerent OpenCL address spaces __global,
__local and __private are mapped to physical storages
with diﬀerent speeds. Thus, it is beneﬁcial for performance
to create thread-local buﬀers and promote working data into faster storages. For multicore platforms with transparent
caches, the diﬀerent OpenCL address spaces are all mapped
to main memory and therefore the use of these address spaces does not impact performance. However, since diﬀerent
tiles compute redundantly some of the array elements, the
data for each tile must be privatized for correctness.
For each work item we create a local buﬀer for each array
A of size |RA ∪ WA |, so that the thread-local buﬀers are
large enough to hold every element of the array base A accessed by each tile. In our implementation, we only create
buﬀers of regular shape, e.g., for 2D data we always create
a rectangular area for the thread local buﬀer which covers every element accessed by the work item. This strategy
simpliﬁes the loop boundary control and array element index
translation of the generated code, but can introduce more
redundant computation when the dependences are irregular.

We evaluate the eﬃciency of the proposed transformation
on an SMP workstation with 4 Intel Xeon L7555 processors
running at 1.87GHz. Each processor has 8 cores, sharing
a 24MB uniﬁed L3 cache on chip. Each core contains a
256KB private L2 cache and 32KB L1 D-cache. SMT is
disabled for each core, so there is one hardware thread per
core. After transformation, the OpenCL code is compiled
using an experimental OpenCL compiler from Intel Labs.

4.2

3.6 Other Implementation Issues
In order to avoid recompilation by our delayed compilation
mechanism, we implemented a cache to hold previous compilation results. Each compilation result (compiled code of
transformed kernel) is indexed by the sequence of kernel
names, and the value of the tiling-related arguments of each
kernel. An argument is tiling-related only if it is involved
in any constraints of the consuming or producing relation
of the kernel of which it is an argument. For instance, the
argument A in Figure 5 is not tiling-related. Thanks to the
compilation cache, if the same sequence of kernels occurs
more than once during execution, previous compilation results can be accessed to avoid recompilation. For OpenCL
programs with stable repetition units, such as stencil code,
the total number of compilation passes can be reduced to 1
or 2: one for the steady state, the other for the epilog if it
exists. If the OpenCL program does not have a stable repetition pattern, the total compilation time could increase.
But if the OpenCL programs run on a heterogeneous platform with multiple computation devices, it is possible to
overlap the transformation and compilation with the kernel
execution.
For stencil programs which iteratively execute the same kernel, delayed compilation has an eﬀect similar to loop unrolling, which may results in code explosion and hurt instruction locality (and hence dramatically increase instruction
cache misses) when the fusion depth is large. To avoid code
explosion, our implementation includes a pattern matchingbased ”re-rolling” pass where the generated code only contains two loops: an outer loop, whose iteration count is the
number of loops being fused, and an inner loop, with a variable number of iterations that depends on the value of the
induction variable of the outer loop.

4. EVALUATION ENVIRONMENT
4.1 Target platform

Benchmarks

For the evaluation we use 8 benchmarks: 1D/2D/3D-Jacobi,
PathFinder, Poisson, Biharmonic, HotSpot and Cell. The
ﬁrst 3 benchmarks (1D/2D/3D-Jacobi) are Jacobi iterations
for synthetic linear systems; PathFinder uses dynamic programming to ﬁnd a minimum weighted path; Poisson is a
numerical solver of the poisson equation, calculating the
Laplace operator [5] over a 2D grid with the 5-point stencil. Biharmonic is the numerical PDE solver calculating the
Biharmonic operator [5] over a 2D grid with a 13-point stencil. HotSpot implements a chip temperature estimation
model[11]. Cell [4] is a 3D game of life. For each application,
the operation in the body of the stencil loop is implemented
as an OpenCL kernel. The inputs of the benchmarks are
listed in Table 1.

1D-Jacobi
2D-Jacobi
3D-Jacobi
PathFinder
Poisson
Biharmonic
HotSpot
Cell

Data
Dimension
1
2
3
1
2
2
2
3

Problem
Size
64K
256x256
64x64x64
100K
256x256
256x256
512x512
60x60x60

Points
of Stencil
3
9
27
3
5
13
9
27

Table 1: Benchmarks

For some stencil programs, such as Jacobi, the number of
steps of the outer loop depends on a convergence test. This
requires a synchronization between kernel code and host
code that prevents loop fusion. To enable the overlapped
and hierarchical overlapped tiling optimizations we modiﬁed
the code so that the convergence test (and as result the synchronization) only occurs every 1024 iterations. The total
iterations number for the benchmarks without convergence
test is 16,384.
We use pthread_setaffinity_np() to set the appropriate
aﬃnity for each worker thread to guarantee that the threads
executing the sub-tiles within the same tile communicate
through a shared cache for hierarchical overlapped tiling.

5.

EXPERIMENTAL EVALUATION

In this Section, we present our experimental results. Section 5.1 presents the main results, Section 5.2 discusses parameter sensitivity, and Section 5.3 discusses compilation
overhead.

5.1

Performance Overview

Figure 8 shows the performance speedup of traditional tiling,
overlapped tiling and hierarchical overlapped tiling relative
to the original OpenCL code. Since OpenCL only supports 2 levels of work item organization, a 2-level hierarchical
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In Figure 9, lines a, b and c show the speedup of traditional
tiling, overlapped tiling, and 2-level hierarchical overlapped
tiling over the original OpenCL code, respectively. In addition, we manually modiﬁed the overlapped tiling code to
remove the redundant computation (hence, there are race
conditions and the results of the executed code are not guaranteed to be correct), and its performance is shown by Line
d. OpenCL standard does not support a global barrier across
work item groups, which is required for traditional tiling
(See Figure 1-(b)); thus, the barriers used for traditional
tiling (Line a in Figure 9) are barriers that we implemented
with low level primitives. However, overlapped tiling and
2-level hierarchical overlapped tiling only require synchro-
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5.2 Parameter Sensitivity
Loop Fusion Depth for the First Level of Tiling. Figure 9 shows the performance of overlapped and hierarchical
overlapped tiling as the value of the loop fusion depth K
changes. For overlapped tiling, there is only one value of
K; for 2-level hierarchical overlapped tiling, K is the loop
fusion depth for the ﬁrst level of tiling, while K ′ is the value of loop fusion depth for the second level of tiling (K ′ is
kept constant at 2 for the experiments in Figure 9). As discussed in Subsection 2.3 and 2.4, K, determines the amount
of redundant computation introduced by overlapped and hierarchical overlapped tiling, and thus the overall speedup
over traditional tiling.

Speedup over original OpenCL code
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Figure 8: Speedup of traditional tiling, overlapped
tiling and hierarchical overlapped tiling over the original openCL code.
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overlapped tiling is used for each benchmark. For overlapped tiling and hierarchical overlapped tiling, the ﬁgure
shows the speedup for the best value of the loop fusion
depth K, as shown in Table 2 (and discussed in the next
Section). In general, the performance of hierarchical overlapped tiling is always better than that of plain overlapped
tiling, and overlapped tiling is always better than that of
traditional tiling, with the exception of Cell and 3D-Jacobi.
For Cell and 3D-Jacobi, the performance curves of the three
tiling transformations are very similar. The reason is that
their main data structure is 3-dimensional and the amount
of redundant computation grows quartically with the fusion
depth K. Therefore, there are not many opportunities for
overlapped tiling and hierarchical overlapped tiling. In our
experiments, overlapped tiling and the 2-level hierarchical
overlapped tiling achieves an average speedup of 18% and
37% over traditional tiling, respectively.
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Fusion Depth (K)

(h) Cell

Figure 9: Evaluating the performance overlapped
tiling and hierarchical overlapped tiling by scaling
fusion depth K.

nization within the work item groups, which is supported
by the OpenCL standard. The discrepancy between overlapped tiling and Line d shows the overhead of the redundant
computation introduced by overlapped tiling; the diﬀerence
between traditional tiling and Line d shows the synchronization overhead saved by fusing the kernels. In Figure 9 we
can see that Line d typically grows as the loop fusion depth

K increases. This is because the number of syncrhonization
operations removed grows with the depth. If we do not count
the cost of the redundant computation introduced, the performance beneﬁt is always positive (if RC = 0, ∆Overhead
in Equation 3 always increases when K increases). In fact,
Line d deﬁnes the upper bound of performance for overlapped and hierarchical overlapped tiling.

Table 2: Loop Fusion depth K determined by the
adaptive mechanism.
may be required to ﬁnd the optimal fusion depth K ′ for the
second level of hierarchical overlapped tiling. However, the
performance impact of the second level tiling is signiﬁcantly
smaller than that of the ﬁrst level tiling. For instance, when
K ′ is set to 2, the average performance loss is less than 5%
compared to the best K ′ .
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When comparing hierarchical overlapped tiling versus overlapped tiling the plots in Figure 9 show that hierarchical
overlapped tiling performs better as the value of loop fusion depth K increases (the only exception occurs with the
3D benchmarks where all 3 tiling mechanisms behave the
same), because the growth rate of redundant computation
is lower for hierarchical overlapped tiling than for plain overlapped tiling. Hierarchical overlapped tiling is less sensitive
to the value of K than overlapped tiling because, as mentioned above, the beneﬁcial region of hierarchical tiling is
larger than that of overlapped tiling.
The adaptive fusion mechanism described in Subsection 3.5
uses inequality 6 and the value of ts /tc proﬁled with a smaller input set to determine the choice of the loop fusion
depth K value. Our results show that the optimal values
for K found using the adaptive mechanism are the same as
the ones found using the empirical search in Figure 9, and
shown in Table 2.
Loop Fusion Depth for the Second Level of Tiling.
Compared to the loop fusion depth K for the ﬁrst level tiling
of hierarchical overlapped tiling, the tuning of loop fusion
depth K ′ for the second level tiling is more involved. This is
partially because the performance of the second level tiling
depends on the ﬁrst level of tiling. Figure 10 shows the
performance of hierarchical overlapped tiling for 1D-Jacobi
and PathFinder with diﬀerent pairs of K and K ′ . We can see
that K ′ = 2 is the best choice for PathFinder; but there is no
obvious optimal value for 1D-Jacobi. Thus, manual tuning
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For the two 1D benchmarks (1D-Jacobi and PathFinder),
both plain overlapped tiling and hierarchical overlapped tiling
can achieve signiﬁcant speedup over traditional tiling, because the growth rate of redundant computation for overlapped tiling is low. For the 2D benchmarks (2D-Jacobi,
Poisson, Biharmonic and HotSpot) the growth rate of the redundant computation is higher than for the 1D benchmarks.
Thus, the interval of beneﬁt (the values of fusion depth K for
which lines b or c are above line a) of the 2D benchmarks is smaller than that of the 1D benchmarks for both, overlapped
and hierarchical overlapped tiling. The ﬁgure also shows
that the interval of beneﬁt of hierarchical overlapped tiling
is always bigger than that of plain overlapped tiling. Within the 2D benchmarks, Biharmonic shows the least speedup
with overlapped tiling over traditional tiling. This is because
the stencil of Biharmonic depends on 13 neighboring points
versus 9 for 2D-Jacobi, 5 for Poisson, and 5 for Hotspot
(see Table 1). As a result, the redundant computation of
Biharmonic grows faster than that of the other 2D benchmarks. However, hierarchical overlapped tiling still achieves
speedup over traditional tiling. Since the input data of Cell
and 3D-Jacobi are 3-dimensional, the amount of redundant
computation increases so fast that there is no opportunity
for overlapped tiling.

1D-Jacobi
2D-Jacobi
3D-Jacobi
PathFinder
Poisson
Biharmonic
HotSpot
Cell

Hierarchical
Overlapped Tiling
K = 64
K = 16
K=2
K = 64
K = 16
K=8
K = 16
K=2

Overlapped Tiling
K = 32
K=8
K=2
K = 32
K=8
K=4
K=4
K=1

1st level Fusion Depth (K)

(b) PathFinder

Figure 10: Fusion depth K ′ for the second level of
hierarchical overlapped tiling.
Input Size. Figure 11 shows the speedup of hierarchical
overlapped tiling over plain overlapped tiling for the diﬀerent
benchmarks, as the input size increases. The speedups are
computed using the best value of K. The ﬁgure shows that
hierarchical overlapped tiling performs better than overlapped
tiling for the 2D-benchmarks. It also shows, that the performance diﬀerence between hierarchical overlapped tiling and
plain overlapped tiling becomes smaller as the input data
size increases. This is because since the total number of
worker threads remains constant, the tile size is determined
by the input data size. With smaller tiles, the redundant
computation has a higher impact; thus, overlapped tiling is
less eﬃcient, while hierarchical overlapped has more opportunities to reduce the overheads introduced by the redundant computation. With larger tiles, the redundant computation has less impact, and as a result, there is less diﬀerence
between overlapped and hierarchical overlapped tiling. For
the 3D benchmarks 3D-Jacobi and Cell, since the amount of redundant computation grows so fast, the optimal K
for both plain overlapped tiling and hierarchical overlapped
tiling is less than 2, so there is no obvious performance discrepancies between the two schemes.

5.3

Compilation Overhead

Since our tool transforms OpenCL kernel code at runtime,
the overheads introduced need to be considered. The over-

1D-Jacobi 2D-Jacobi 3D-Jacobi PathFinder Poisson Biharmonic HotSpot
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Cell

Figure 11: Speedup of hierarchical overlapped tiling
over plain overlapped tiling with diﬀerent input
sizes. The horizontal axis is the input size for each
benchmark.

Compile time over original program

head consists of two parts: The OpenCL runtime that transforms the kernel code and the execution of the Omega Library. The compilation cache described in Subsection 3.6
can help reduce both parts of the runtime overhead: if the
sequence of kernels selected for optimization are the same as
a previous sequence, no compilation needs to be done. For
the benchmarks used in this paper, the OpenCL runtime
compilation needs to be invoked at most twice, one for the
steady state and another for the epilog. Figure 12 shows
the compilation times of overlapped tiling and hierarchical
overlapped tiling, normalized to the compilation time of the
original program. On average, overlapped tiling requires
37% more compilation time, while hierarchical overlapped
tiling costs about 60% more.
3
2.5

Overlapped Tiling
2-level Hierarchical Overlapped Tiling

2
1.5
1
0.5

implemented in this paper is fully automated and transparent to OpenCL programs. The most important diﬀerence
between our work and existing work is the hierarchical overlapped tiling transformation proposed in this paper. The
overhead of redundant computation is the main drawback
of the overlapped tiling approach; by applying overlapped
tiling hierarchically, we can decrease this overhead.
Bondhugula et al. design and implement Pluto [8], which
can automatically transform loops for parallelism and locality based on the polyhedral model. Their transformation techniques includes only traditional tiling; overlaps between tiles are not considered. Tang et al. implemented the
Pochoir compiler [25], which automates a trapezoidal decomposition for stencil code. However, their decomposition
algorithm does not consider overlap, either.
Other publications that discuss how to take advantage of the
hierarchy of the hardware include Liu et al. [19], that proposed a cache hierarchy-aware tile scheduling technique to
maximize data reuse; and Leung et al. [18] that implement a
C-to-CUDA compiler which performs hierarchical decomposition for multiple GPUs. The techniques presented in these
papers are orthogonal to our proposed transformation. In
fact, their techniques and ours could be combined.

7.

CONCLUSION

In this paper, we propose a new transformation, hierarchical overlapped tiling. By creating hierarchical overlapping
tiles, we reduce communication overhead among tiles while
introducing smaller amount of redundant computation compared to plain overlapped tiling. We implemented the proposed transformations for OpenCL programs. Experimental
results show that on average overlapped tiling and hierarchical overlapped tiling achieves 18% and 37% speedup over
traditional tiling, respectively.

0

Figure 12: Compile time for overlapped tiling and
hierarchical overlapped tiling, normalized to the
compile time of the original OpenCL code.

6. RELATED WORK
Loop tiling is a traditional but eﬀective optimization for
performance. Numerous optimizations based on the tiling
of iteration spaces have been proposed for improving data
locality [27, 28, 1, 2, 24, 9, 22], or exploiting parallelism [26,
29, 6, 10, 30].
The closest work to our overlapped tiling is that of Krishnamoorthy et al.[16]. Their approach uses the polyhedral
model of computation and manipulates regular data dependencies. Other works such as Ripeanu et al. [23] and Meng
et al. [21] describe performance models to predict the optimal amount of redundant computation for stencil computation in a grid environment with message passing or for
GPUs, respectively. However, no fully automated tool for
overlapped tiling is discussed in these papers. Our work uses producer/consumer relations to represent dependence of
kernel instances, and the transformation tool designed and
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