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Fig. 1. Declarative Loop Tactics (dark gray box), or simply Loop Tactics, enables easy implementation of
advanced domain-specific optimizations used in DSL compilers, and transparent BLAS invocation into a
general-purpose compiler, by means of a declarative C++ API.

been proven to be e�ective, they are not immediately applicable to general-purpose code, and
their development requires e�ort and expertise in multiple domains [44]. Worse, DSLs are usually
stand-alone solutions with little reusability of transformations and do not compose well enough to
allow the optimization of multi-domain applications [46]. Optimized libraries allow programmers
to build applications from high-performance routines, the use of which, however, is still restricted
to expert users and requires manual e�ort to port legacy code [45].

We propose the idea of loop tactics and its implementation as a framework to express computa-
tional patterns and corresponding transformations declaratively. The idea is illustrated in Figure 1.
By expressing the computational pattern declaratively on a higher-level (polyhedral) representa-
tion, and the transformation to apply in terms of basic-block components, we make it easier to
embed domain-speci�c optimizations directly into a general-purpose compiler that is unaware of
domain-speci�c representation. Furthermore, the pattern matching capability allows the compiler to
recognize program fragments corresponding to highly-optimized vendor routines. Such fragments
can be replaced—transparently for the application—with e�cient library calls whenever available
or automatically transformed otherwise. Loop Tactics combines polyhedral analyses and program
transformations with more conventional compiler construction techniques based on tree rewriting.
It is built on top of the popular isl library [50] and provides a declarative C++ API.

We make the following contributions:
• Loop Tactics, a framework for declaratively expressing computational patterns and a set of
transformations as matcher-builder pairs in the polyhedral model (Section 3).

• Its implementation embedded both into a source-to-source compiler and a general compilation
�ow based on LLVM (Section 4).

• We demonstrate how to use Loop Tactics to perform domain-speci�c optimizations [22, 31],
notably reducing code complexity and footprint compared to manual pattern matching [15]
(Section 5.1 and 5.2).

• We demonstrate how to use Loop Tactics to invoke routines from vendor-optimized libraries
automatically and transparently. If optimized routines are not available for the target or no
patterns are detected, the generated code is on par with Polly [19] and competitive with
Pluto [7]—both of them state-of-the-art polyhedral optimizers (Section 5.3).
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Optimizing multi-domain applications 
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Poor performance, why not DSLs?
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Loop tactics – why are they needed?

• Share domain-specific optimizations

• Optimize multi-domain applications 

• Reduce the need for DSLs

• Transparent use of high-performance 
routines
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Loop tactics in the compilation flow
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Loop tactics in the compilation flow
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Tree-like internal representation 
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int C[1024][1024];
int A[1024][1024];
int B[1024][1024];

void matmul()
{

for (int i = 0; i < 1024; i++)
for (int j = 0; j < 1024; j++)

for (int k = 0; k < 1024; k++)
S1: C[i][j] += A[i][k] * B[k][j];

}

DRPaiQ

BaQd

BaQd

BaQd

Leaf

S1[i,j,k] : 0 <= i <= 1023
0 <= j <= 1023
0 <= k <= 1023 

S1[i,j,k] -> [ i ]

S1[i,j,k] -> [ j ]

S1[i,j,k] -> [ k ]

S1



A 3-step approach to optimization
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int C[1024][1024];
int A[1024][1024];
int B[1024][1024];

void matmul()
{

for (int i = 0; i < 1024; i++)
for (int j = 0; j < 1024; j++)

for (int k = 0; k < 1024; k++)
S1: C[i][j] += A[i][k] * B[k][j];

}

1. Structure
• 3 nested loops

2. Access Patterns
• #Reads >= 3
• Reads to different arrays 
• #Writes >= 1
• Satisfy placeholder [i,j] -> [i,k][k,j]

3. Transformations – GotoBLAS
1. Interchange 
2. Tile loop
3. Tile register 
4. Data-layout



1. Structural matchers
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int C[1024][1024];
int A[1024][1024];
int B[1024][1024];

void matmul()
{

for (int i = 0; i < 1024; i++)
for (int j = 0; j < 1024; j++)

for (int k = 0; k < 1024; k++)
S1: C[i][j] += A[i][k] * B[k][j];

}

/* Captured node */
isl::schedule_node stmt;

/* Structural matcher */
auto matcher = [&]() {

using namespace matchers;
return

band(has3Dimension, isPermutable
leaf(stmt));

}();

Captured node for subsequent opt.



2. Access matchers
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int C[1024][1024];
int A[1024][1024];
int B[1024][1024];

void matmul()
{

for (int i = 0; i < 1024; i++)
for (int j = 0; j < 1024; j++)

for (int k = 0; k < 1024; k++)
S1: C[i][j] += A[i][k] * B[k][j];

}

/* Extract accesses from “stmt”*/
auto _i = placeholder(ctx);
auto _j = placeholder(ctx);
auto _k = placeholder(ctx);
auto _A = arrayPlaceholder();
auto _B = arrayPlaceholder();
auto _C = arrayPlaceholder();

auto psRead = allOf(access(_A, _i, _k),
access(_B, _k, _j),
access(_C, _i, _j));

auto psWrite = allOf(access(_C, _i, _j));

return match(reads, psRead).size() == 1 
&& match(writes, psWrite).size() == 1



3. Transformation builders
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int C[1024][1024];
int A[1024][1024];
int B[1024][1024];

void matmul()
{

for (int i = 0; i < 1024; i++)
for (int j = 0; j < 1024; j++)

for (int k = 0; k < 1024; k++)
S1: C[i][j] += A[i][k] * B[k][j];

}

/* Captured node */
isl::schedule_node node;

/* Tile sizes */
auto sizes = {32, 32, 32};

auto builder =
band([&]() {return tileSchedule(node, sizes); },

band([&]() {return pointSchedule(node, sizes); 
}));

/* Tiled GEMM */
for(int ii=0; i<1024; ii+=32)
for(int jj=0; j<1024; jj+=32)
for(int kk=0; k<1024; kk+=32)
for(int i=ii; i<ii+32; ++i)
for(int j=jj; j<jj+32; ++j)
for(int k=kk; k<kk+32; ++k)

/* matmul */

Code generation

Tile loops

Point loops



Complex builder: The “true” GEMM 
optimization
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// Inter iteration alias-free
// 1st level tiling - Tiles
{
for (int c3 = 0; c3 <= 255; c3 += 1)

// Data layout - packing transformation
for (int c4 = 0; c4 <= 255; c4 += 1)

CopyStmt_0(0, c3, c4);
for (int c2 = 0; c2 <= 3; c2 += 1) {

for (int c3 = 64 * c2; c3 <= 64 * c2 + 63; c3 += 1)
// Data layout - packing transformation
for (int c5 = 0; c5 <= 255; c5 += 1)

CopyStmt_1(c3, 0, c5);
// 1st level tiling - Points
// Register tiling - Tiles
for (int c3 = 0; c3 <= 63; c3 += 1)

for (int c4 = 0; c4 <= 15; c4 += 1)

...

for (int c5 = 0; c5 <= 255; c5 += 1) {
// Loop Vectorizer Disabled
// Register tiling - Points
{

Stmt12(64 * c2 + 4 * c4, 4 * c3, c5);
Stmt12(64 * c2 + 4 * c4, 4 * c3 + 1, c5);
Stmt12(64 * c2 + 4 * c4, 4 * c3 + 2, c5);
Stmt12(64 * c2 + 4 * c4, 4 * c3 + 3, c5);
Stmt12(64 * c2 + 4 * c4 + 1, 4 * c3, c5);
Stmt12(64 * c2 + 4 * c4 + 1, 4 * c3 + 1, c5);
Stmt12(64 * c2 + 4 * c4 + 1, 4 * c3 + 2, c5);
Stmt12(64 * c2 + 4 * c4 + 1, 4 * c3 + 3, c5);
Stmt12(64 * c2 + 4 * c4 + 2, 4 * c3, c5);
Stmt12(64 * c2 + 4 * c4 + 2, 4 * c3 + 1, c5);
Stmt12(64 * c2 + 4 * c4 + 2, 4 * c3 + 2, c5);
Stmt12(64 * c2 + 4 * c4 + 2, 4 * c3 + 3, c5);
Stmt12(64 * c2 + 4 * c4 + 3, 4 * c3, c5);
Stmt12(64 * c2 + 4 * c4 + 3, 4 * c3 + 1, c5);
Stmt12(64 * c2 + 4 * c4 + 3, 4 * c3 + 2, c5);
Stmt12(64 * c2 + 4 * c4 + 3, 4 * c3 + 3, c5);

}
}

}
}

}

else { /* original code */ }



Application case studies

• Hand-tuned GEMM 
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FXBLAS

A
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D
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B * ( + D * )

• Short-SIMD stencil vectorization
• Transparent library invocation



Application case studies

• Hand-tuned GEMM 
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• Short-SIMD stencil vectorization
• Transparent library invocation



How pattern matching is done today? Custom 
pattern matching (i.e., Polly)
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bool ScheduleTreeOptimizer::isMatrMultPattern(isl::schedule_node Node,
const Dependences *D,
MatMulInfoTy &MMI) {

auto PartialSchedule = isl::manage(
isl_schedule_node_band_get_partial_schedule_union_map(Node.get()));

Node = Node.child(0);
auto LeafType = isl_schedule_node_get_type(Node.get());
Node = Node.parent();
if (LeafType != isl_schedule_node_leaf ||

isl_schedule_node_band_n_member(Node.get()) < 3 ||
Node.get_schedule_depth() != 0 ||
isl_union_map_n_map(PartialSchedule.get()) != 1)
return false;

auto NewPartialSchedule = isl::map::from_union_map(PartialSchedule);
if (containsMatrMult(NewPartialSchedule, D, MMI))

return true;
return false;

}

static bool containsMatrMult(isl::map PartialSchedule, const Dependences *D,
MatMulInfoTy &MMI) {

auto InputDimsId = PartialSchedule.get_tuple_id(isl::dim::in);
auto *Stmt = static_cast<ScopStmt *>(InputDimsId.get_user());
if (Stmt->size() <= 1)

return false;
auto Accesses = getAccessesInOrder(*Stmt);
for (auto *MemA = Accesses.end() - 1; MemA != Accesses.begin(); MemA--) {

auto *MemAccessPtr = *MemA;
if (!MemAccessPtr->isLatestArrayKind())

continue;
if (!MemAccessPtr->isWrite())

return false;
auto AccMap = MemAccessPtr->getLatestAccessRelation();
if (!isMatMulOperandAcc(Stmt->getDomain(), AccMap, MMI.i, MMI.j))

return false;
MMI.WriteToC = MemAccessPtr;
break;

}
if (!containsOnlyMatMulDep(PartialSchedule, D, MMI.k))

return false;
if (!MMI.WriteToC || !containsOnlyMatrMultAcc(PartialSchedule, MMI))

return false;
if (!MMI.A || !MMI.B || !MMI.ReadFromC)

return false;
return true;

}
static bool isMatMulOperandAcc(isl::set Domain, isl::map AccMap, int
&FirstPos,

int &SecondPos) {

// More Code 

int FirstDims[] = {0, 0, 1, 1, 2, 2};
int SecondDims[] = {1, 2, 2, 0, 0, 1};
for (int i = 0; i < 6; i += 1) {

auto PossibleMatMul =
Universe.equate(isl::dim::in, FirstDims[i], isl::dim::out, 0)
.equate(isl::dim::in, SecondDims[i], isl::dim::out, 1);

AccMap = AccMap.intersect_domain(Domain);
PossibleMatMul = PossibleMatMul.intersect_domain(Domain);

// More Code
}

static bool containsOnlyMatMulDep(isl::map Schedule, const Dependences *D,
int &Pos) {

isl::union_map Dep = D->getDependences(Dependences::TYPE_RAW);
isl::union_map Red = D->getDependences(Dependences::TYPE_RED);
if (Red)

Dep = Dep.unite(Red);
auto DomainSpace = Schedule.get_space().domain();
auto Space = DomainSpace.map_from_domain_and_range(DomainSpace);
auto Deltas = Dep.extract_map(Space).deltas();
int DeltasDimNum = Deltas.dim(isl::dim::set);
for (int i = 0; i < DeltasDimNum; i++) {

auto Val = Deltas.plain_get_val_if_fixed(isl::dim::set, i);
Pos = Pos < 0 && Val.is_one() ? i : Pos;
if (Val.is_nan() || !(Val.is_zero() || (i == Pos && Val.is_one())))

return false;
}
if (DeltasDimNum == 0 || Pos < 0)

return false;
return true;

}

Complex code !!

Optimization is still missing !!



Custom pattern matching  - observations

• Too much code

• Does not scale

• What about new patterns?

• Can we do custom pattern matching in a more generic way?

15



Pattern matching with loop tactics
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auto psRead =
allOf(access(_C, _i, _j), access(_A, _i, _k), access(_B, _k, _j));

auto readMatches = match(reads, psRead);
auto psWrite = allOf(access(_C, _i, _j));
auto writeMatches = match(writes, psWrite);
/* Additional checks */

for(int i = 0; i < 1024; ++i)
for(int j = 0; j < 1024; ++j)
for(int k = 0; k < 1024; ++k)
C[i][j] += A[i][k] * B[k][j]

Structural matchers

Access matchers

Transform !!

/* Captured node */
isl::schedule_node stmt;

/* Structural matcher */
auto matcher = [&]() {

using namespace matchers;
return

band(has3Dimension, isPermutable
leaf(stmt));

}();



How good are loop tactics: GEMM
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Fig. 4. Performance obtained for double and single-precision operands. The GEMM tactic produces the same
binary code as a hand-tuned, Polly’s custom transformation.

Polly’s transformation - 410 LOC

Loop Tactics - 234 LOC

Detection Interchange
Macro-kernel Micro-kernel

Fig. 5. The GEMM tactic reduces the compiler code footprint by almost a factor of 2 compared to the Polly’s
custom transformation.

with E = (⇥,+) of the form C ! � ⇥C + � ⇥A ⇥ B, where A, B, and C are square matrices and �
and � are constants set to 1 as in [15]. We use the compilation strings Clang -O3 -march=native
-mllvm -polly -ffp-contract=fast -ffast-math and Clang -O3 -march=native -polly
-mllvm -polly-enable-matchers-optimization -ffp-contract=fast -ffast-math for the
original Polly and the modi�ed one, respectively. Identical binaries imply the same performance
as shown in Figure 4 that presents the results for a single-threaded implementation using double
and single-precision operands on the Intel machine. Each plot shows the achieved GFLOP/s on
the �-axis versus the matrix dimensions on the x-axis. Both Loop Tactics and the Polly’s custom
transformation achieved non-negligible speedups compared with Clang -O3 -march=native
(Clang - no detection). However, the combination of matchers and builders is able to reduce the
compiler code footprint by a factor of almost 2, see Figure 5. In addition, it is now possible for
compiler developers to add highly customized optimizations within a short time frame of weeks
instead of months as for ad-hoc pattern matching [15]. Finally, as fast compilation time is important,
we evaluate the overhead introduced by Loop Tactics. To do so we compare the compilation time
of our custom Polly with the original version, both compiled in Release mode. The original version
takes 0.354 seconds while Loop Tactics 0.362 seconds, which correspond to only a 2% increase.
Loop Tactics introduces a negligible compile-time overhead.

5.2 Short-SIMD Stencil Vectorization
Stencils represent an important class of computation patterns used in many scienti�c domains [42,
47]. As they typically involve accesses tomultiple adjacent array elements alongmultiple dimensions
inside nested loops with (mostly) static control �ow, they �t the polyhedral model.

, Vol. 1, No. 1, Article . Publication date: January 2020.



How good are loop tactics: GEMM
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Fig. 4. Performance obtained for double and single-precision operands. The GEMM tactic produces the same
binary code as a hand-tuned, Polly’s custom transformation.

Fig. 5. The GEMM tactic reduces the compiler code footprint by almost a factor of 2 compared to the Polly’s
custom transformation.

a tensor contraction with E = (×,+) of the form C → α ×C + β ×A × B, where A, B, and C are
square matrices and α and β are constants set to 1 as in Reference [15]. We use the compila-
tion strings Clang -O3 -march=native -mllvm -polly -ffp-contract=fast -ffast-math
and Clang -O3 -march=native -polly -mllvm -polly-enable-matchers-optimization
-ffp-contract=fast -ffast-math for the original Polly and the modi!ed one, respectively.
Identical binaries imply the same performance as shown in Figure 4, which presents the results
for a single-threaded implementation using double and single-precision operands on the Intel ma-
chine. Each plot shows the achieved GFLOP/s on the y-axis versus the matrix dimensions on the
x-axis. Both Loop Tactics and the Polly’s custom transformation achieved non-negligible speedups
compared with Clang -O3 -march=native (Clang - no detection). However, the combination of
matchers and builders is able to reduce the compiler code footprint by a factor of almost 2 (see
Figure 5). In addition, it is now possible for compiler developers to add highly customized opti-
mizations within a short time frame of weeks instead of months as for ad hoc pattern matching [15].
Finally, as fast compilation time is important, we evaluate the overhead introduced by Loop Tac-
tics. To do so, we compare the compilation time of our custom Polly with the original version, both
compiled in Release mode. The original version takes 0.354 seconds, while Loop Tactics takes 0.362
seconds, which correspond to only a 2% increase. Loop Tactics introduces a negligible compile-time
overhead.

5.2 Short-SIMD Stencil Vectorization
Stencils represent an important class of computation patterns used in many scienti!c domains
[42, 47]. As they typically involve accesses to multiple adjacent array elements along multiple
dimensions inside nested loops with (mostly) static control "ow, they !t the polyhedral model.

ACM Transactions on Architecture and Code Optimization, Vol. 16, No. 4, Article 55. Publication date: December 2019.

Declarative Loop Tactics for Domain-Specific Optimization 11

200 1000 2000
0

10

20

30

40

50

60

70

25x

Matrix dimension

G
FL

O
P/
se
c

Double precision

Loop tactics Polly
Clang - no detection Theoretical peak

200 1000 2000
0
10
20
30
40
50
60
70
80
90
100
110
120
130
140
150

42x

Matrix dimension

G
FL

O
P/
se
c

Single precision

Loop tactics Polly
Clang - no detection Theoretical peak
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binary code as a hand-tuned, Polly’s custom transformation.
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Loop Tactics - 234 LOC
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Fig. 5. The GEMM tactic reduces the compiler code footprint by almost a factor of 2 compared to the Polly’s
custom transformation.

with E = (⇥,+) of the form C ! � ⇥C + � ⇥A ⇥ B, where A, B, and C are square matrices and �
and � are constants set to 1 as in [15]. We use the compilation strings Clang -O3 -march=native
-mllvm -polly -ffp-contract=fast -ffast-math and Clang -O3 -march=native -polly
-mllvm -polly-enable-matchers-optimization -ffp-contract=fast -ffast-math for the
original Polly and the modi�ed one, respectively. Identical binaries imply the same performance
as shown in Figure 4 that presents the results for a single-threaded implementation using double
and single-precision operands on the Intel machine. Each plot shows the achieved GFLOP/s on
the �-axis versus the matrix dimensions on the x-axis. Both Loop Tactics and the Polly’s custom
transformation achieved non-negligible speedups compared with Clang -O3 -march=native
(Clang - no detection). However, the combination of matchers and builders is able to reduce the
compiler code footprint by a factor of almost 2, see Figure 5. In addition, it is now possible for
compiler developers to add highly customized optimizations within a short time frame of weeks
instead of months as for ad-hoc pattern matching [15]. Finally, as fast compilation time is important,
we evaluate the overhead introduced by Loop Tactics. To do so we compare the compilation time
of our custom Polly with the original version, both compiled in Release mode. The original version
takes 0.354 seconds while Loop Tactics 0.362 seconds, which correspond to only a 2% increase.
Loop Tactics introduces a negligible compile-time overhead.

5.2 Short-SIMD Stencil Vectorization
Stencils represent an important class of computation patterns used in many scienti�c domains [42,
47]. As they typically involve accesses tomultiple adjacent array elements alongmultiple dimensions
inside nested loops with (mostly) static control �ow, they �t the polyhedral model.
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Problem with stencil vectorization
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for(int i = 0; i < T; ++i)
for(int j = 0; j < W - 1; ++j) 
A[i][j] = B[i][j-1] + B[i][j] + B[i][j+1];

movaps B(..), %xmm1
movaps 4+B(..), %xmm2
movaps 8+B(..), %xmm3
;; Register state here
addps %xmm1, %xmm2
addps %xmm2, %xmm3 

Memory Content 

A B C D;001

B C D E;002

C D E F;003

A B C D E F G + .....B

+    ...

+   ...

+  

+  



Solution - DLT for stencils 
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Solution - DLT for stencils 
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A B C D;MM1

B C D E;MM2

C D E F;MM3

A B C D E F G H IB

+    ...

+   ...

A G M 6 B H N 7 CBBDLT I O 8 D

J K L M .....

.....

A G M 6;MM1

B H N 7;MM2

C I O 8;MM3

+    ...

+    ...

+  

+  

+  

+  

A B C D;001

B C D E;002

C D E F;003

A B C D E F G + ,B

+    ...

+   ...

- . / 0 .....

+  

+  



Stencils with loop tactics

22

3-pt 1D 5-pt 2D 9-pt 2D 7-pt 3D
0

10

20

30

40

50

0%

+50%

+23%

+11%

G
FL

O
P/

se
c

Ref DLT

Fig. 6: Speedup for the Jacobi kernels. Ref is the auto
vectorized version without data layout transformation. DLT
is the layout transformed auto-vectorized version.

vectorize our transformed code as done in [3]. To evaluate
the quality of our transformation, we apply the DLT on four
variants of the Jacobi kernel—a three-point single-dimensional
stencil, a five-point “star”, a nine-point “box” two dimensional
stencils, and a seven-point three dimensional one. While build-
ing our tactic we consider L, the number of vector lanes, equal
to 8 to exploit the highest vector instruction set available on
our machine (AVX2). Nevertheless, L is just a parameter and
can be tuned to address wider or narrower vector extension.
We compile with the Intel C compiler ICC v19.0 with the
-O3 -xHost options. We compare the layout transformed
ICC auto-vectorized version generated by our compilation flow
with a reference auto-vectorized (no layout transformed) code.
We assume the original program is tiled such that all the
references nicely fit in the L1 cache, as done in [3]. The
speedups for single precision operands are shown in Figure 6.
The auto-vectorized data-layout transformed code improves
upon the reference code in all cases. Performance gains are
due to the reduction in unaligned loads in the innermost loop.
For the 3-pt stencil, the speedup is minimal. Even though the
number of unaligned loads is slightly reduced for 1D stencils,
the overhead of a small number of additional loads is well
hidden by modern CPU architectures. However, the 5-pt, the
9-pt 2D and the 7-pt 3D stencils obtain speedups of 50%,
23% and 11% respectively, due to a significant reduction in
unaligned loads and a reduced register pressure.

The assembly snippet in Listing 13 shows two innermost
loop computations for a 3-pt stencil. The computation with the
data-layout transformed array (A DLT) shows less memory
loads compared with the original computation.

C. Transparent BLAS Optimization
Until now, we have demonstrated how loop tactics can

be used to perform domain-specific optimizations, expressing
patterns in a declarative way and using a set of builders
that can be composed together to perform domain-specific

/* Original computation */
vmovups A(,%rdx,4), %ymm7
vmovups 32+A(,%rdx,4), %ymm11
vaddps 4+A(,%rdx,4), %ymm7, %ymm8
vaddps 36+A(,%rdx,4), %ymm11, %ymm12
vaddps 8+A(,%rdx,4), %ymm8, %ymm9
vaddps 40+A(,%rdx,4), %ymm12, %ymm13
vmulps %ymm9, %ymm5, %ymm10
vmulps %ymm13, %ymm5, %ymm14
vmovups %ymm10, 4+B(,%rdx,4)
vmovups %ymm14, 36+B(,%rdx,4)
/* More code */

/* Computation after data-layout transformation */
vmovups 32+A DLT(,%rdx,4), %ymm7
vmovups 64+A DLT(,%rdx,4), %ymm11
vmovups 96+A DLT(,%rdx,4), %ymm15
vaddps A DLT(,%rdx,4), %ymm7, %ymm4
vaddps %ymm11, %ymm7, %ymm8
vaddps %ymm11, %ymm4, %ymm5
vaddps %ymm15, %ymm8, %ymm9
vmulps %ymm5, %ymm3, %ymm6
vmulps %ymm9, %ymm3, %ymm10
vmovups %ymm6, 4+B_DLT(,%rdx,4)
vmovups %ymm10, 36+B_DLT(,%rdx,4)
/* More code */

Listing 13: Comparison between the original computation
and the one after data-layout transformation. DLT effectively
reduces loads from A reference.

optimizations. Higher performance can be sometimes achieved
by using vendor-optimized libraries. Today, the burden of
using such libraries is left on the programmer, who needs
to inspect the code, identify possible code regions that can
be accelerated and rewrite the code to make use of such
libraries. Loop tactics avoids such manual effort proving a way
to automatically and transparently call routines from vendor-
optimized libraries by performing a compiler transformation.
In this use case we target GPUs, demonstrating that matchers
and builders can be reusable and allow transformations to be
portable across targets. Same concepts remain applicable to
any target that provides highly optimized library. Once more,
we consider a tensor contraction with E = (⇥,+) of the
following form C ! ↵ ⇥ C + � ⇥ A ⇥ B where A, B,
and C are square matrices and ↵ and � are constants. Since
the pattern remains the same, we use exactly the matcher
presented in Listing 6. The builder (Listing 14) simply wraps
the detected subtree with a mark node carrying the description
of the pattern such that, during code generation, we can call
the correct BLAS function. BLAS parameters (i.e., value of
↵ and �) are automatically collected by loop tactics. Data
transfers to and from device are still handled by Polly but can
be replaced and handled in our framework. We run gemm,
2mm and 3mm from Polybench 3.2 and target a Volta V100
GPU with Tensor Cores, notably challenging to program, to
achieve the largest speed-up using the LLVM infrastructure3.

3Original: clang -O3 -march=native -mllvm -polly -mllvm -polly-target=gpu
Our flow: clang -O3 -march=native -polly -mllvm -polly-enable-matchers-
optimization -mllvm -polly-target=gpu

9
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/* Original computation */
vmovups A(,%rdx,4)}, %ymm7
vmovups 32+A(,%rdx,4)}, %ymm11
vaddps 4+A(,%rdx,4)}, %ymm7, %ymm8
vaddps 36+A(,%rdx,4)}, %ymm11, %ymm12
vaddps 8+A(,%rdx,4)}, %ymm8, %ymm9
vaddps 40+A(,%rdx,4)}, %ymm12, %ymm13
vmulps %ymm9, %ymm5, %ymm10
vmulps %ymm13, %ymm5, %ymm14
vmovups %ymm10, 4+B(,%rdx,4)
vmovups %ymm14, 36+B(,%rdx,4)
/* More code */

/* Computation after data-layout transformation */
vmovups 32+A_DLT(,%rdx,4)}, %ymm7
vmovups 64+A_DLT(,%rdx,4)}, %ymm11
vmovups 96+A_DLT(,%rdx,4)}, %ymm15
vaddps A_DLT(,%rdx,4)}, %ymm7, %ymm4
vaddps %ymm11, %ymm7, %ymm8
vaddps %ymm11, %ymm4, %ymm5
vaddps %ymm15, %ymm8, %ymm9
vmulps %ymm5, %ymm3, %ymm6
vmulps %ymm9, %ymm3, %ymm10
vmovups %ymm6, 4+B_DLT(,%rdx,4)
vmovups %ymm10, 36+B_DLT(,%rdx,4)
/* More code */

for(int i = 0; i < 24; ++i)
B[i] = (A[i-1] + A[i] + A[i+1])
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Fig. 8. Loop Tactics outperforms Polly and it is comparable with Pluto for double-precision operands (average
of 5 runs) by matching library calls: (top) calling IBM ESSL on Power 9 with a theoretical peak of 30.4 GFLOP/s;
(bo�om) calling MKL on Intel i7-7700 CPU with a theoretical peak of 57.6 GFLOP/s.

regression is obtained by calling the level-2 BLAS GEMV in gemver. Figure 9 (right) further illustrates
the performance achieved using GPU tensor cores, which are usable through vendor libraries
and currently inaccessible to Polly. For matrices of size 8192, we achieve 88.8 TFLOP/s, 79% of
the theoretical peak of 112.7 TFLOP/s. Manually using tensor cores requires the programmer
to guarantee the following conditions: (1) only GEMM pattern supports tensor cores execution;
(2) the matrix dimensions should be multiple of eight; (3) math mode in cuBLAS should be set
to CUBLAS_TENSOR_OP_MATH; (4) input data type should �t in half-precision �oating point. Loop
Tactics hides all this complexity and requires the user to only check (4), and whenever possible
Loop Tactics will use tensor cores. Speci�cally, condition (1) is ensured by the matcher (Listing 13)
and condition (3) is implemented by Loop Tactics’ runtime library. If (2) does not hold, Loop Tactics
will automatically fall back to not using tensor cores.

6 LOOP TACTICS SYNTAX
The syntax using the extended Backus-Naur form for matchers and builders is shown in Figure 10.
Matchers and builders are designed to replicate the node type-based structure of the schedule tree in

, Vol. 1, No. 1, Article . Publication date: January 2020.
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Fig. 8. Loop Tactics outperforms Polly and it is comparable with Pluto for double-precision operands (average
of 5 runs) by matching library calls: (top) calling IBM ESSL on Power 9 with a theoretical peak of 30.4 GFLOP/s;
(bo�om) calling MKL on Intel i7-7700 CPU with a theoretical peak of 57.6 GFLOP/s.

regression is obtained by calling the level-2 BLAS GEMV in gemver. Figure 9 (right) further illustrates
the performance achieved using GPU tensor cores, which are usable through vendor libraries
and currently inaccessible to Polly. For matrices of size 8192, we achieve 88.8 TFLOP/s, 79% of
the theoretical peak of 112.7 TFLOP/s. Manually using tensor cores requires the programmer
to guarantee the following conditions: (1) only GEMM pattern supports tensor cores execution;
(2) the matrix dimensions should be multiple of eight; (3) math mode in cuBLAS should be set
to CUBLAS_TENSOR_OP_MATH; (4) input data type should �t in half-precision �oating point. Loop
Tactics hides all this complexity and requires the user to only check (4), and whenever possible
Loop Tactics will use tensor cores. Speci�cally, condition (1) is ensured by the matcher (Listing 13)
and condition (3) is implemented by Loop Tactics’ runtime library. If (2) does not hold, Loop Tactics
will automatically fall back to not using tensor cores.

6 LOOP TACTICS SYNTAX
The syntax using the extended Backus-Naur form for matchers and builders is shown in Figure 10.
Matchers and builders are designed to replicate the node type-based structure of the schedule tree in

, Vol. 1, No. 1, Article . Publication date: January 2020.
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Fig. 8. Loop Tactics outperforms Polly and it is comparable with Pluto for double-precision operands (average
of 5 runs) by matching library calls: (top) calling IBM ESSL on Power 9 with a theoretical peak of 30.4 GFLOP/s;
(bo�om) calling MKL on Intel i7-7700 CPU with a theoretical peak of 57.6 GFLOP/s.

regression is obtained by calling the level-2 BLAS GEMV in gemver. Figure 9 (right) further illustrates
the performance achieved using GPU tensor cores, which are usable through vendor libraries
and currently inaccessible to Polly. For matrices of size 8192, we achieve 88.8 TFLOP/s, 79% of
the theoretical peak of 112.7 TFLOP/s. Manually using tensor cores requires the programmer
to guarantee the following conditions: (1) only GEMM pattern supports tensor cores execution;
(2) the matrix dimensions should be multiple of eight; (3) math mode in cuBLAS should be set
to CUBLAS_TENSOR_OP_MATH; (4) input data type should �t in half-precision �oating point. Loop
Tactics hides all this complexity and requires the user to only check (4), and whenever possible
Loop Tactics will use tensor cores. Speci�cally, condition (1) is ensured by the matcher (Listing 13)
and condition (3) is implemented by Loop Tactics’ runtime library. If (2) does not hold, Loop Tactics
will automatically fall back to not using tensor cores.

6 LOOP TACTICS SYNTAX
The syntax using the extended Backus-Naur form for matchers and builders is shown in Figure 10.
Matchers and builders are designed to replicate the node type-based structure of the schedule tree in

, Vol. 1, No. 1, Article . Publication date: January 2020.
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Fig. 8. Loop Tactics outperforms Polly and it is comparable with Pluto for double-precision operands (average
of 5 runs) by matching library calls: (top) calling IBM ESSL on Power 9 with a theoretical peak of 30.4 GFLOP/s;
(bo�om) calling MKL on Intel i7-7700 CPU with a theoretical peak of 57.6 GFLOP/s.

regression is obtained by calling the level-2 BLAS GEMV in gemver. Figure 9 (right) further illustrates
the performance achieved using GPU tensor cores, which are usable through vendor libraries
and currently inaccessible to Polly. For matrices of size 8192, we achieve 88.8 TFLOP/s, 79% of
the theoretical peak of 112.7 TFLOP/s. Manually using tensor cores requires the programmer
to guarantee the following conditions: (1) only GEMM pattern supports tensor cores execution;
(2) the matrix dimensions should be multiple of eight; (3) math mode in cuBLAS should be set
to CUBLAS_TENSOR_OP_MATH; (4) input data type should �t in half-precision �oating point. Loop
Tactics hides all this complexity and requires the user to only check (4), and whenever possible
Loop Tactics will use tensor cores. Speci�cally, condition (1) is ensured by the matcher (Listing 13)
and condition (3) is implemented by Loop Tactics’ runtime library. If (2) does not hold, Loop Tactics
will automatically fall back to not using tensor cores.

6 LOOP TACTICS SYNTAX
The syntax using the extended Backus-Naur form for matchers and builders is shown in Figure 10.
Matchers and builders are designed to replicate the node type-based structure of the schedule tree in

, Vol. 1, No. 1, Article . Publication date: January 2020.
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Fig. 8. Loop Tactics outperforms Polly and it is comparable with Pluto for double-precision operands (average
of 5 runs) by matching library calls: (top) calling IBM ESSL on Power 9 with a theoretical peak of 30.4 GFLOP/s;
(bo�om) calling MKL on Intel i7-7700 CPU with a theoretical peak of 57.6 GFLOP/s.

regression is obtained by calling the level-2 BLAS GEMV in gemver. Figure 9 (right) further illustrates
the performance achieved using GPU tensor cores, which are usable through vendor libraries
and currently inaccessible to Polly. For matrices of size 8192, we achieve 88.8 TFLOP/s, 79% of
the theoretical peak of 112.7 TFLOP/s. Manually using tensor cores requires the programmer
to guarantee the following conditions: (1) only GEMM pattern supports tensor cores execution;
(2) the matrix dimensions should be multiple of eight; (3) math mode in cuBLAS should be set
to CUBLAS_TENSOR_OP_MATH; (4) input data type should �t in half-precision �oating point. Loop
Tactics hides all this complexity and requires the user to only check (4), and whenever possible
Loop Tactics will use tensor cores. Speci�cally, condition (1) is ensured by the matcher (Listing 13)
and condition (3) is implemented by Loop Tactics’ runtime library. If (2) does not hold, Loop Tactics
will automatically fall back to not using tensor cores.

6 LOOP TACTICS SYNTAX
The syntax using the extended Backus-Naur form for matchers and builders is shown in Figure 10.
Matchers and builders are designed to replicate the node type-based structure of the schedule tree in

, Vol. 1, No. 1, Article . Publication date: January 2020.
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Fig. 9. Performance achieved for single-precision operands, average of five runs; (le�) Loop Tactics produces
speedups over original Polly by calling CuBLAS on a Volta V100 GPU with a single-precision theoretical peak
of 15.7 TFLOP/s; (right) if lower-precision is acceptable during computation (i.e., 16-bit) Loop Tactics enables
the user to transparently exploit tensor cores for GEMM.

and condition (3) is implemented by Loop Tactics’ runtime library. If (2) does not hold, Loop Tactics
will automatically fall back to not using tensor cores.

6 LOOP TACTICS SYNTAX
The syntax using the extended Backus-Naur form for matchers and builders is shown in Figure 10.
Matchers and builders are designed to replicate the node type-based structure of the schedule tree in
a declarative way. Matchers take a callback and/or a reference to an schedule_node object as optional
leading arguments. A callback allows �ne-grained control over the matching procedure, whereas a
reference will point to the matched node. Builders take either the node kind-speci�c parameter
as their leading argument, or a callback that can produce them. Both matchers and builders take
a call to another matcher or builder as remaining arguments, respectively. An exception is made
for “leaf” and “anyTree”. Matchers and builders walk the schedule tree using replaceDFSPreorder
| replaceDFSPostorder | replaceBFS. The traversal functions take three arguments: a node from
where the traversal should start, a matcher to verify whether the subtree rooted at the current node
matches, and a builder that rebuilds the subtree in case of a match. We allow multiple matches.
Matchers can use “AnyTree” to capture any subtree, whereas builders can use “subtree” to rebuild
any subtree. The syntax for de�ning an access relation matcher is a function call that takes an
optional array placeholder, followed by a list of dimension placeholders. The position of the latter
is speci�ed by a “dim” call or is inferred from their position in the argument list, see Figure 10. A
union of relations can be matched against a list of matchers using “match” and “allOf” or “anyOf”
as combiners. “�ndAndReplace” �nds and replaces a given pattern in a union of relations. The
candidate pattern and the replacement are built via the “replace” function call.

7 RELATEDWORK
Optimizers with automatic scheduling. Years of research in automatic compilation lead to sophis-

ticated general-purpose optimizers such as Pluto [8], Polly [21] and, GRAPHITE [36]. Despite being
fully automatic, therefore increasing productivity, general-purpose optimizers don’t always obtain
the best performance for commonly recurrent kernels. Suboptimal performance is in most cases,

, Vol. 1, No. 1, Article . Publication date: November 2019.
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are detected by composing together elementary matchers and elementary matchers that are reused
not only across targets but also across kernels. For example, the gemm pattern is expressed as two
elementary matchers as shown in Listing 13 where gemmInit detects an initialization statement
while gemmCore detects the GEMM core statement. The exact same matchers are reused for other
two kernels (2mm and 3mm). Moreover, just changing the access matchers callbacks (hasGemmPat-
tern) is enough to capture other patterns with the same tree structure (i.e., syrk). Similarly, the
same matcher for level-2 BLAS GEMV is reused for gemver, gesummv, bicg, and mvt. Each matcher
is assigned a priority that implements its !ring policy. Matchers for level-3 BLAS are assigned the
same priority, which is higher than those for level-2. Among matchers with the same priority, the
!ring policy is decided by the user.

Listing 13. Matchers can be reused and composed together. The GEMM pa!ern can be expressed as a com-
position of two elementary matchers (gemmCore and gemmInit). Changing the access relation matcher call-
back hasGemmPa!ern with hasSyrkPa!ern is enough to reuse the same matchers to capture other pa!erns
with the same tree structure (i.e., syrk). hasSyrkPa!ern can be easily derived as shown in Listing 6.

Evaluation. Figure 8 compares the achieved GFLOP/s for double-precision operands using Loop
Tactics, an original Polly version (git commit 592b2406) and the Pluto source-to-source compiler
(git commit f62d61b8). We compare with the out-of-the-box optimizations available in Polly and
Pluto. Besides, for BLAS kernels (gemm to mvt), where Loop Tactics invokes highly optimized rou-
tines, we use the Pluto compiler to explore di"erent fusion heuristics and tile sizes. Speci!cally, for
each selected benchmark, we generate several variants for each tile size and fusion heuristic avail-
able in Pluto (maximum fusion, no fusion, and smart fusion). The set of tile sizes chosen are powers
of two and non-powers of two. We choose an interval from 1 up to one-fourth of the problem size,
including non-powers of two sizes for every two powers of two tile sizes [27]. For each benchmark,
the explored space consists of more than 3K variants; we report the best founded (Pluto best). The
optimized code generated by Pluto is lowered to binary using native compilers. We use XLC 16.1
for the Power architecture and ICC v19.0 for the Intel one. The compilation strings are xlc -O4
-qhot -qarch=pwr9 -qtune=auto -qsimd=auto and icc -O3 -march=native for XLC and
ICC, respectively.

Results for the Power 9 are shown on top; results for the Intel i7-7700 CPU are shown at the bot-
tom. For Power 9, Loop Tactics’ performance exceeds or is comparable to that of Polly and Pluto.
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Listing 6. Schedule tree and access relation matcher for a tensor contraction C → α ×C + β ×A × B. Call-
back functions is3D and isPermutable to test node properties are also shown. Simply changing one line in
the access relation matcher callback (hasGemmPa!ern) is enough to capture other pa!erns (i.e., syrk). See
Section 5.3 for more details.

Speci!cally, the builder for the macro-kernel reported in Listing 7 on the left performs L2-cache
tiling and interchanges the newly created point loops. Tiling is applied using Loop Tactics’ func-
tions tileSchedule and pointSchedule, whereas loop interchange uses swapDims. After apply-
ing the !rst builder, we de!ne and apply the second builder to create the micro-kernel loops by
tiling the point loops such that they !t into vector registers and fully unroll the new innermost one
to simplify subsequent vectorization. Loop unrolling is performed using the Loop Tactics’ function
unrollAll. Finally, we perform the packing transformation expressed as a matcher-builder pair by
relying on the existing data-layout infrastructure available in the polyhedral optimizer (Listing 7,
right-hand part).

Listing 7. Macro-kernel builder (le") performs tiling and loop permutation for L2-cache locality. Micro-
kernel builder (right) performs further tiling and unrolling to enable vectorization.

Evaluation. To evaluate the quality of our implementation, we hash the binaries generated
by our custom Polly, with Loop Tactics embedded, with an original version containing the cus-
tom transformation (git: commit 592b2406) and compare them for strict equality. We consider
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Fig. 6: Speedup for the Jacobi kernels. Ref is the auto
vectorized version without data layout transformation. DLT
is the layout transformed auto-vectorized version.

vectorize our transformed code as done in [3]. To evaluate
the quality of our transformation, we apply the DLT on four
variants of the Jacobi kernel—a three-point single-dimensional
stencil, a five-point “star”, a nine-point “box” two dimensional
stencils, and a seven-point three dimensional one. While build-
ing our tactic we consider L, the number of vector lanes, equal
to 8 to exploit the highest vector instruction set available on
our machine (AVX2). Nevertheless, L is just a parameter and
can be tuned to address wider or narrower vector extension.
We compile with the Intel C compiler ICC v19.0 with the
-O3 -xHost options. We compare the layout transformed
ICC auto-vectorized version generated by our compilation flow
with a reference auto-vectorized (no layout transformed) code.
We assume the original program is tiled such that all the
references nicely fit in the L1 cache, as done in [3]. The
speedups for single precision operands are shown in Figure 6.
The auto-vectorized data-layout transformed code improves
upon the reference code in all cases. Performance gains are
due to the reduction in unaligned loads in the innermost loop.
For the 3-pt stencil, the speedup is minimal. Even though the
number of unaligned loads is slightly reduced for 1D stencils,
the overhead of a small number of additional loads is well
hidden by modern CPU architectures. However, the 5-pt, the
9-pt 2D and the 7-pt 3D stencils obtain speedups of 50%,
23% and 11% respectively, due to a significant reduction in
unaligned loads and a reduced register pressure.

The assembly snippet in Listing 13 shows two innermost
loop computations for a 3-pt stencil. The computation with the
data-layout transformed array (A DLT) shows less memory
loads compared with the original computation.

C. Transparent BLAS Optimization
Until now, we have demonstrated how loop tactics can

be used to perform domain-specific optimizations, expressing
patterns in a declarative way and using a set of builders
that can be composed together to perform domain-specific

/* Original computation */
vmovups A(,%rdx,4), %ymm7
vmovups 32+A(,%rdx,4), %ymm11
vaddps 4+A(,%rdx,4), %ymm7, %ymm8
vaddps 36+A(,%rdx,4), %ymm11, %ymm12
vaddps 8+A(,%rdx,4), %ymm8, %ymm9
vaddps 40+A(,%rdx,4), %ymm12, %ymm13
vmulps %ymm9, %ymm5, %ymm10
vmulps %ymm13, %ymm5, %ymm14
vmovups %ymm10, 4+B(,%rdx,4)
vmovups %ymm14, 36+B(,%rdx,4)
/* More code */

/* Computation after data-layout transformation */
vmovups 32+A DLT(,%rdx,4), %ymm7
vmovups 64+A DLT(,%rdx,4), %ymm11
vmovups 96+A DLT(,%rdx,4), %ymm15
vaddps A DLT(,%rdx,4), %ymm7, %ymm4
vaddps %ymm11, %ymm7, %ymm8
vaddps %ymm11, %ymm4, %ymm5
vaddps %ymm15, %ymm8, %ymm9
vmulps %ymm5, %ymm3, %ymm6
vmulps %ymm9, %ymm3, %ymm10
vmovups %ymm6, 4+B_DLT(,%rdx,4)
vmovups %ymm10, 36+B_DLT(,%rdx,4)
/* More code */

Listing 13: Comparison between the original computation
and the one after data-layout transformation. DLT effectively
reduces loads from A reference.

optimizations. Higher performance can be sometimes achieved
by using vendor-optimized libraries. Today, the burden of
using such libraries is left on the programmer, who needs
to inspect the code, identify possible code regions that can
be accelerated and rewrite the code to make use of such
libraries. Loop tactics avoids such manual effort proving a way
to automatically and transparently call routines from vendor-
optimized libraries by performing a compiler transformation.
In this use case we target GPUs, demonstrating that matchers
and builders can be reusable and allow transformations to be
portable across targets. Same concepts remain applicable to
any target that provides highly optimized library. Once more,
we consider a tensor contraction with E = (⇥,+) of the
following form C ! ↵ ⇥ C + � ⇥ A ⇥ B where A, B,
and C are square matrices and ↵ and � are constants. Since
the pattern remains the same, we use exactly the matcher
presented in Listing 6. The builder (Listing 14) simply wraps
the detected subtree with a mark node carrying the description
of the pattern such that, during code generation, we can call
the correct BLAS function. BLAS parameters (i.e., value of
↵ and �) are automatically collected by loop tactics. Data
transfers to and from device are still handled by Polly but can
be replaced and handled in our framework. We run gemm,
2mm and 3mm from Polybench 3.2 and target a Volta V100
GPU with Tensor Cores, notably challenging to program, to
achieve the largest speed-up using the LLVM infrastructure3.

3Original: clang -O3 -march=native -mllvm -polly -mllvm -polly-target=gpu
Our flow: clang -O3 -march=native -polly -mllvm -polly-enable-matchers-
optimization -mllvm -polly-target=gpu
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Figure 3: Performance obtained for double and single precision operands. The GEMM tactic matches the perfor-
mance of a hand-tuned manually matched implementation.

Evaluation. To evaluate the quality of our transformation
we embed our framework in Polly and compare the perfor-
mance with the manually matched implementation already
available in Polly1. Each measurement in this section is the
corresponding arithmetic mean of 200 runs. We consider a
tensor contraction with E = (⇥,+) of the following form
C ! � ⇥C + � ⇥A⇥B whereA, B, andC are square matrices
and � and � are constants set to 1 as in [7]. The compilation
strings used are shown in footnote2 for the original Polly,
the modi�ed one and Clang without optimizer, respectively.
Figure 3 presents the results for a single-threaded implemen-
tation using double and single precision operands. Each plot
shows the achieved GFLOP/s on the y-axis versus the matri-
ces dimension on the x-axis. As can be seen from Figure 3,
we reach the same hand-tuned optimization level as the man-
ually matched implementation in Polly but the combination
of matcher and builder requires a few tens of lines whereas
Polly’s implementation needs several hundred lines.

4.2 Short-SIMD Stencil Vectorization
Stencils represent an important class of computation pattern
used in many scienti�c domains [19, 23]. As they typically
involve accesses to multiple adjacent array elements along
multiple dimensions inside nested loops with (mostly) static
control �ow, they �t the polyhedral model.
1commit 592b2406a535291a6a02158325e2988bd3ded4f9
2Clang -O3 -march=native -mllvm -polly -mllvm -polly-target-latency-
vector-fma=6 -mllvm -polly-target-throughput-vector-fma=2 -�p-
contract=fast -�ast-math
Clang -O3 -march=native -polly -mllvm -polly-enable-matchers-
optimization -mllvm -polly-target-latency-vector-fma=6 -mllvm -polly-
target-throughput-vector-fma=2 -�p-contract=fast -�ast-math
Clang -O3 -march=native -�p-contract=fast -�ast-math

band(capturedBand,
and_(not_(hasDescendant(band(anyTree()))),

isLastCoincident),
anyTree());

Listing 9: Tree matcher for DLT transformation.

Unfortunately, polyhedral compilation based on a�ne
scheduling is often counter-productive for stencils. Direct
attempts to minimize dependence distances lead to serial-
ization of computation, or complex control �ow overhead,
or both, making the transformed code slower than the origi-
nal [28, 32]. Several techniques, more or less closely related
to the polyhedral compilation, address speci�cally stencil
parallelization and vectorization [9]. Since these techniques
are often not adapted to non-stencil cases, you have to �rst
�nd the stencil-like part of the program and then apply the
transformation. Let us illustrate how an e�ective technique
to remove stream alignment con�icts through a data-layout
transformation [12] can be expressed in our framework.

Candidate Loops. The data-layout transformation (DLT)
technique [12] applies only to vectorizable innermost loops
with no loop-carried dependencies. In schedule tree nomen-
clature, we should start by �nding all band nodes that don’t
have other band nodes as children and that have the last
coincidence �ag set (assuming coincidence was computed
based on all dependencies). This is shown in Listing 9.

If the band is permutable, it does not matter whether the
coincident �ag is set for the last dimension or any other
dimensions of the band members since the loops can be triv-
ially permuted. This extension to the original technique and
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Fig. 9. Performance achieved for single-precision operands, average of five runs; (le�) Loop Tactics produces
speedups over original Polly by calling CuBLAS on a Volta V100 GPU with a single-precision theoretical peak
of 15.7 TFLOP/s; (right) if lower-precision is acceptable during computation (i.e., 16-bit) Loop Tactics enables
the user to transparently exploit tensor cores for GEMM.

and condition (3) is implemented by Loop Tactics’ runtime library. If (2) does not hold, Loop Tactics
will automatically fall back to not using tensor cores.

6 LOOP TACTICS SYNTAX
The syntax using the extended Backus-Naur form for matchers and builders is shown in Figure 10.
Matchers and builders are designed to replicate the node type-based structure of the schedule tree in
a declarative way. Matchers take a callback and/or a reference to an schedule_node object as optional
leading arguments. A callback allows �ne-grained control over the matching procedure, whereas a
reference will point to the matched node. Builders take either the node kind-speci�c parameter
as their leading argument, or a callback that can produce them. Both matchers and builders take
a call to another matcher or builder as remaining arguments, respectively. An exception is made
for “leaf” and “anyTree”. Matchers and builders walk the schedule tree using replaceDFSPreorder
| replaceDFSPostorder | replaceBFS. The traversal functions take three arguments: a node from
where the traversal should start, a matcher to verify whether the subtree rooted at the current node
matches, and a builder that rebuilds the subtree in case of a match. We allow multiple matches.
Matchers can use “AnyTree” to capture any subtree, whereas builders can use “subtree” to rebuild
any subtree. The syntax for de�ning an access relation matcher is a function call that takes an
optional array placeholder, followed by a list of dimension placeholders. The position of the latter
is speci�ed by a “dim” call or is inferred from their position in the argument list, see Figure 10. A
union of relations can be matched against a list of matchers using “match” and “allOf” or “anyOf”
as combiners. “�ndAndReplace” �nds and replaces a given pattern in a union of relations. The
candidate pattern and the replacement are built via the “replace” function call.

7 RELATED WORK
Optimizers with automatic scheduling. Years of research in automatic compilation lead to sophis-

ticated general-purpose optimizers such as Pluto [8], Polly [21] and, GRAPHITE [36]. Despite being
fully automatic, therefore increasing productivity, general-purpose optimizers don’t always obtain
the best performance for commonly recurrent kernels. Suboptimal performance is in most cases,
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