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Motivating Example
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Figure 1: Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S1: tmp[i][j] = 0;

for (int k = 0; k < N; ++k)

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

}

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S3: D[i][j] *= beta;

for (int k = 0; k < N; ++k)

S4: D[i][j] += tmp[i][k] * C[k][j];

}

Listing 1: 2mm kernel source code.

among the processing cores. In other words, the number of parallel
iterations is inversely proportional to the tile size selected. The
best performing variant is the nofuse heuristic, with 1x256x32 and
20x256x32 tile sizes, for the Xeon Platinum and the Xeon Phi, re-
spectively. From the �gure, we can observe that only a tiny fraction
of the space (2/2000 variants) achieve approximately 80 GF/s on
the Xeon Phi. This number increases to 3 points (over the same
2000 variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves 1TF/s
on the Xeon Phi and 0.75TF/s on the Xeon Platinum. In conclusion,
extracting strong performance is a complicated task. Our work,
however, achieves nearly identical performance by only generating
and explicitly evaluating 5 di�erent transformation variants, thus
signi�cantly reducing tuning time. In the following sections, we
introduce and describe methods by which novel and customized
sequences of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to hard-wired
transformation recipes (Sec.4 for a summary of the framework and
approach).

3 BACKGROUND
The polyhedral model operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access rela-
tions are functions of outer loop iterators and program (symbolic)
parameters. Standard restrictions of the polyhedral model, such
as having a single entry and exit point in each loop, use of non-
a�ne expressions, presence of indirect accesses, and side-e�ect free
functions can be relaxed at the cost of more conservative program
analyses [6, 34, 36]. Next, we recap the basic internal abstractions

used by polyhedral compilers: iteration domains, access functions,
dependence polyhedra, and schedule.

Iteration domains capture the dynamic instances of each pro-
gram statement S . An iteration domain D

S
2 Z+ is a polyhedron

de�ned by a systemM Æx � Æ0 constructed from the upper and lower
bounds of each loop iterator. A two-dimensional M-by-N loop nest
with a single statement would be de�ned as {(i, j) : 0  i ^ 0 

j ^ i  M ^ j  N }. The relation between the iteration space
D

S and the data-space of a multi-dimensional array A is repre-
sented with access functions/relations, which associate to each
point Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the relation
F
A
S = {S(i, j) ! C(a1,a2) : a1 = i ^ a2 = j � 1}. Program trans-
formations are modeled as schedule functions that map points in
iteration domains to a multi-dimensional time-space. Each state-
ment instance is assigned a timestamp representing its execution
date. Schedules can be lexicographically compared. For instance,
a statement instance with timestamp h0, 1, 0i executes before any
other statement starting with h1, ⇤, ⇤i (“*” denotes any value). We
use the 2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the linear
transformations occurring (i.e., loop permutation or skewing). The
representation uses 2d+1 time dimensions and d+1 columns (or
input dimensions), where d is the maximum loop depth. We as-
sume the schedule has zero-o�set, and refer to the even rows as
scalar dimensions and the odd ones as linear dimensions. Finally,
each program dependence is represented by one or more polyhedra.
A dependence polyhedron DR,S is constructed from the con-
straints of the iterations domains DR and DS , the access functions
F
A
R and F

A
S on the common array (as equalities), and the relative

execution order of the statements involved. The latter must be
preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving a�ne
schedules [33, 39] which is a single convex space modeling the
valid reordering transformations. The ILP system built integrates
legal constraints for all dependence polyhedra of the original SCoP.
Given a point hxR ,�S i 2 DR,S , the semantics of the original pro-
gram predicate that the statement instance xR executes before
�S . Thus, the transformations �R and �S must preserve the or-
dering condition �R

(xR ) � �S
(�S ), which means that the times-

tamps assigned to them must maintain their relative order. As
we use multi-dimensional schedules of depth 2d+1, the di�erence
between two schedules will be a lexicographic positive vector:
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Figure 1: Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S1: tmp[i][j] = 0;

for (int k = 0; k < N; ++k)

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

}

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S3: D[i][j] *= beta;

for (int k = 0; k < N; ++k)

S4: D[i][j] += tmp[i][k] * C[k][j];

}

Listing 1: 2mm kernel source code.

among the processing cores. In other words, the number of parallel
iterations is inversely proportional to the tile size selected. The
best performing variant is the nofuse heuristic, with 1x256x32 and
20x256x32 tile sizes, for the Xeon Platinum and the Xeon Phi, re-
spectively. From the �gure, we can observe that only a tiny fraction
of the space (2/2000 variants) achieve approximately 80 GF/s on
the Xeon Phi. This number increases to 3 points (over the same
2000 variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves 1TF/s
on the Xeon Phi and 0.75TF/s on the Xeon Platinum. In conclusion,
extracting strong performance is a complicated task. Our work,
however, achieves nearly identical performance by only generating
and explicitly evaluating 5 di�erent transformation variants, thus
signi�cantly reducing tuning time. In the following sections, we
introduce and describe methods by which novel and customized
sequences of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to hard-wired
transformation recipes (Sec.4 for a summary of the framework and
approach).

3 BACKGROUND
The polyhedral model operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access rela-
tions are functions of outer loop iterators and program (symbolic)
parameters. Standard restrictions of the polyhedral model, such
as having a single entry and exit point in each loop, use of non-
a�ne expressions, presence of indirect accesses, and side-e�ect free
functions can be relaxed at the cost of more conservative program
analyses [6, 34, 36]. Next, we recap the basic internal abstractions

used by polyhedral compilers: iteration domains, access functions,
dependence polyhedra, and schedule.

Iteration domains capture the dynamic instances of each pro-
gram statement S . An iteration domain D

S
2 Z+ is a polyhedron

de�ned by a systemM Æx � Æ0 constructed from the upper and lower
bounds of each loop iterator. A two-dimensional M-by-N loop nest
with a single statement would be de�ned as {(i, j) : 0  i ^ 0 

j ^ i  M ^ j  N }. The relation between the iteration space
D

S and the data-space of a multi-dimensional array A is repre-
sented with access functions/relations, which associate to each
point Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the relation
F
A
S = {S(i, j) ! C(a1,a2) : a1 = i ^ a2 = j � 1}. Program trans-
formations are modeled as schedule functions that map points in
iteration domains to a multi-dimensional time-space. Each state-
ment instance is assigned a timestamp representing its execution
date. Schedules can be lexicographically compared. For instance,
a statement instance with timestamp h0, 1, 0i executes before any
other statement starting with h1, ⇤, ⇤i (“*” denotes any value). We
use the 2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the linear
transformations occurring (i.e., loop permutation or skewing). The
representation uses 2d+1 time dimensions and d+1 columns (or
input dimensions), where d is the maximum loop depth. We as-
sume the schedule has zero-o�set, and refer to the even rows as
scalar dimensions and the odd ones as linear dimensions. Finally,
each program dependence is represented by one or more polyhedra.
A dependence polyhedron DR,S is constructed from the con-
straints of the iterations domains DR and DS , the access functions
F
A
R and F

A
S on the common array (as equalities), and the relative

execution order of the statements involved. The latter must be
preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving a�ne
schedules [33, 39] which is a single convex space modeling the
valid reordering transformations. The ILP system built integrates
legal constraints for all dependence polyhedra of the original SCoP.
Given a point hxR ,�S i 2 DR,S , the semantics of the original pro-
gram predicate that the statement instance xR executes before
�S . Thus, the transformations �R and �S must preserve the or-
dering condition �R

(xR ) � �S
(�S ), which means that the times-

tamps assigned to them must maintain their relative order. As
we use multi-dimensional schedules of depth 2d+1, the di�erence
between two schedules will be a lexicographic positive vector:
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Figure 1: Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S1: tmp[i][j] = 0;

for (int k = 0; k < N; ++k)

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

}

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S3: D[i][j] *= beta;

for (int k = 0; k < N; ++k)

S4: D[i][j] += tmp[i][k] * C[k][j];

}

Listing 1: 2mm kernel source code.

among the processing cores. In other words, the number of parallel
iterations is inversely proportional to the tile size selected. The
best performing variant is the nofuse heuristic, with 1x256x32 and
20x256x32 tile sizes, for the Xeon Platinum and the Xeon Phi, re-
spectively. From the �gure, we can observe that only a tiny fraction
of the space (2/2000 variants) achieve approximately 80 GF/s on
the Xeon Phi. This number increases to 3 points (over the same
2000 variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves 1TF/s
on the Xeon Phi and 0.75TF/s on the Xeon Platinum. In conclusion,
extracting strong performance is a complicated task. Our work,
however, achieves nearly identical performance by only generating
and explicitly evaluating 5 di�erent transformation variants, thus
signi�cantly reducing tuning time. In the following sections, we
introduce and describe methods by which novel and customized
sequences of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to hard-wired
transformation recipes (Sec.4 for a summary of the framework and
approach).

3 BACKGROUND
The polyhedral model operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access rela-
tions are functions of outer loop iterators and program (symbolic)
parameters. Standard restrictions of the polyhedral model, such
as having a single entry and exit point in each loop, use of non-
a�ne expressions, presence of indirect accesses, and side-e�ect free
functions can be relaxed at the cost of more conservative program
analyses [6, 34, 36]. Next, we recap the basic internal abstractions

used by polyhedral compilers: iteration domains, access functions,
dependence polyhedra, and schedule.

Iteration domains capture the dynamic instances of each pro-
gram statement S . An iteration domain D

S
2 Z+ is a polyhedron

de�ned by a systemM Æx � Æ0 constructed from the upper and lower
bounds of each loop iterator. A two-dimensional M-by-N loop nest
with a single statement would be de�ned as {(i, j) : 0  i ^ 0 

j ^ i  M ^ j  N }. The relation between the iteration space
D

S and the data-space of a multi-dimensional array A is repre-
sented with access functions/relations, which associate to each
point Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the relation
F
A
S = {S(i, j) ! C(a1,a2) : a1 = i ^ a2 = j � 1}. Program trans-
formations are modeled as schedule functions that map points in
iteration domains to a multi-dimensional time-space. Each state-
ment instance is assigned a timestamp representing its execution
date. Schedules can be lexicographically compared. For instance,
a statement instance with timestamp h0, 1, 0i executes before any
other statement starting with h1, ⇤, ⇤i (“*” denotes any value). We
use the 2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the linear
transformations occurring (i.e., loop permutation or skewing). The
representation uses 2d+1 time dimensions and d+1 columns (or
input dimensions), where d is the maximum loop depth. We as-
sume the schedule has zero-o�set, and refer to the even rows as
scalar dimensions and the odd ones as linear dimensions. Finally,
each program dependence is represented by one or more polyhedra.
A dependence polyhedron DR,S is constructed from the con-
straints of the iterations domains DR and DS , the access functions
F
A
R and F

A
S on the common array (as equalities), and the relative

execution order of the statements involved. The latter must be
preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving a�ne
schedules [33, 39] which is a single convex space modeling the
valid reordering transformations. The ILP system built integrates
legal constraints for all dependence polyhedra of the original SCoP.
Given a point hxR ,�S i 2 DR,S , the semantics of the original pro-
gram predicate that the statement instance xR executes before
�S . Thus, the transformations �R and �S must preserve the or-
dering condition �R

(xR ) � �S
(�S ), which means that the times-

tamps assigned to them must maintain their relative order. As
we use multi-dimensional schedules of depth 2d+1, the di�erence
between two schedules will be a lexicographic positive vector:

• Our work:
• Achieves almost the same 

performance (214 GFLOP/s)
• By evaluating only five variants
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How to achieve this? Objective Functions

Objective Functions:

1. Outer Parallelism (OP) 
2. Inner Parallelism (IP)
3. Outer Parallelism Inner Reuse 

(OPIR)
4. Stride Optimization (SO)

Stride Optimization:
for (int i = 0; i < NI; i++)

for (int j = 0; j < NJ; j++)
for (int k = 0; k < NK; k++) {

C[i][j] = 0; // reuse

A[i][k] = 0; // vectorization

B[k][j] = 0; // penalty

}

Source: https://pliss2019.github.io/albert_cohen_slides.pdf
Source: Martin Kong, and Louis-Noël Pouchet. "Model-driven transformations for multi-and many-core CPUs." Proceedings of the 40th ACM SIGPLAN Conference on Programming Language Design and Implementation. 2019.
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Figure 1. Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

// S1 and S2 are distributed as

// a by-product of the selected objectives.

// S1 /* ... */

for (int j = 0; j < N; ++j) // vectorizable

for (int k = 0; k < N; ++k) // reuse

for (int i = 0; i < N; ++i) // parallel

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

Listing 1. 2mm kernel source code.

nofuse heuristic, with 1x256x32 and 20x256x32 tile sizes, for
the Xeon Platinum and the Xeon Phi, respectively. From the
�gure, we can observe that only a tiny fraction of the space
(2/2000 variants) achieve approximately 80 GF/s on the Xeon
Phi. This number increases to 3 points (over the same 2000
variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves
1TF/s on the Xeon Phi and 0.75TF/s on the Xeon Platinum.
In conclusion, extracting strong performance is a compli-
cated task. Our work, however, achieves nearly identical
performance by only generating and explicitly evaluating 5
di�erent transformation variants, thus signi�cantly reduc-
ing tuning time. In the following sections, we introduce and
describe methods by which novel and customized sequences
of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to
hard-wired transformation recipes (Sec.4 for a summary of
the framework and approach).

3 Background
The polyhedralmodel operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access
relations are functions of outer loop iterators and program
(symbolic) parameters. Standard restrictions of the polyhe-
dral model, such as having a single entry and exit point in
each loop, use of non-a�ne expressions, presence of indirect
accesses, and side-e�ect free functions can be relaxed at the
cost of more conservative program analyses [6, 34, 36]. Next,
we recap the basic internal abstractions used by polyhedral
compilers: iteration domains, access functions, dependence
polyhedra, and schedule.

Iteration domains capture the dynamic instances of each
program statement S . An iteration domain D

S
2 Z+ is a

polyhedron de�ned by a system M Æx � Æ0 constructed from
the upper and lower bounds of each loop iterator. A two-
dimensional M-by-N loop nest with a single statement would
be de�ned as {(i, j) : 0  i ^ 0  j ^ i  M ^ j  N }.
The relation between the iteration space DS and the data-
space of a multi-dimensional array A is represented with
access functions/relations, which associate to each point
Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the
relation F

A
S = {S(i, j) ! C(a1,a2) : a1 = i ^a2 = j � 1}. Pro-

gram transformations are modeled as schedule functions
that map points in iteration domains to a multi-dimensional
time-space. Each statement instance is assigned a timestamp
representing its execution date. Schedules can be lexico-
graphically compared. For instance, a statement instance
with timestamp h0, 1, 0i executes before any other statement
starting with h1, ⇤, ⇤i (“*” denotes any value). We use the
2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the
linear transformations occurring (i.e., loop permutation or
skewing). The representation uses 2d+1 time dimensions
and d+1 columns (or input dimensions), where d is the max-
imum loop depth. We assume the schedule has zero-o�set,
and refer to the even rows as scalar dimensions and the odd
ones as linear dimensions. Finally, each program dependence
is represented by one or more polyhedra. A dependence
polyhedron DR,S is constructed from the constraints of
the iterations domains DR and D

S , the access functions FAR
and FAS on the common array (as equalities), and the relative
execution order of the statements involved. The latter must
be preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving
a�ne schedules [33, 39] which is a single convex space mod-
eling the valid reordering transformations. The ILP system
built integrates legal constraints for all dependence poly-
hedra of the original SCoP. Given a point hxR ,�S i 2 DR,S ,
the semantics of the original program predicate that the
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Figure 1. Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).
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// a by-product of the selected objectives.

// S1 /* ... */

for (int i = 0; i < N; ++i) // parallel

for (int k = 0; k < N; ++k) // reuse

for (int j = 0; j < N; ++j) // vectorizable

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

Listing 1. 2mm kernel source code.

nofuse heuristic, with 1x256x32 and 20x256x32 tile sizes, for
the Xeon Platinum and the Xeon Phi, respectively. From the
�gure, we can observe that only a tiny fraction of the space
(2/2000 variants) achieve approximately 80 GF/s on the Xeon
Phi. This number increases to 3 points (over the same 2000
variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves
1TF/s on the Xeon Phi and 0.75TF/s on the Xeon Platinum.
In conclusion, extracting strong performance is a compli-
cated task. Our work, however, achieves nearly identical
performance by only generating and explicitly evaluating 5
di�erent transformation variants, thus signi�cantly reduc-
ing tuning time. In the following sections, we introduce and
describe methods by which novel and customized sequences
of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to
hard-wired transformation recipes (Sec.4 for a summary of
the framework and approach).

3 Background
The polyhedralmodel operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access
relations are functions of outer loop iterators and program
(symbolic) parameters. Standard restrictions of the polyhe-
dral model, such as having a single entry and exit point in
each loop, use of non-a�ne expressions, presence of indirect
accesses, and side-e�ect free functions can be relaxed at the
cost of more conservative program analyses [6, 34, 36]. Next,
we recap the basic internal abstractions used by polyhedral
compilers: iteration domains, access functions, dependence
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Iteration domains capture the dynamic instances of each
program statement S . An iteration domain D
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polyhedron de�ned by a system M Æx � Æ0 constructed from
the upper and lower bounds of each loop iterator. A two-
dimensional M-by-N loop nest with a single statement would
be de�ned as {(i, j) : 0  i ^ 0  j ^ i  M ^ j  N }.
The relation between the iteration space DS and the data-
space of a multi-dimensional array A is represented with
access functions/relations, which associate to each point
Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the
relation F

A
S = {S(i, j) ! C(a1,a2) : a1 = i ^a2 = j � 1}. Pro-

gram transformations are modeled as schedule functions
that map points in iteration domains to a multi-dimensional
time-space. Each statement instance is assigned a timestamp
representing its execution date. Schedules can be lexico-
graphically compared. For instance, a statement instance
with timestamp h0, 1, 0i executes before any other statement
starting with h1, ⇤, ⇤i (“*” denotes any value). We use the
2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the
linear transformations occurring (i.e., loop permutation or
skewing). The representation uses 2d+1 time dimensions
and d+1 columns (or input dimensions), where d is the max-
imum loop depth. We assume the schedule has zero-o�set,
and refer to the even rows as scalar dimensions and the odd
ones as linear dimensions. Finally, each program dependence
is represented by one or more polyhedra. A dependence
polyhedron DR,S is constructed from the constraints of
the iterations domains DR and D

S , the access functions FAR
and FAS on the common array (as equalities), and the relative
execution order of the statements involved. The latter must
be preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving
a�ne schedules [33, 39] which is a single convex space mod-
eling the valid reordering transformations. The ILP system
built integrates legal constraints for all dependence poly-
hedra of the original SCoP. Given a point hxR ,�S i 2 DR,S ,
the semantics of the original program predicate that the
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Figure 1. Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

// S1 and S2 are distributed as

// a by-product of the selected objectives.

// S1 /* ... */

for (int k = 0; k < N; ++k) // reuse

for (int i = 0; i < N; ++i) // parallel

for (int j = 0; j < N; ++j) // vectorizable

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

Listing 1. 2mm kernel source code.

nofuse heuristic, with 1x256x32 and 20x256x32 tile sizes, for
the Xeon Platinum and the Xeon Phi, respectively. From the
�gure, we can observe that only a tiny fraction of the space
(2/2000 variants) achieve approximately 80 GF/s on the Xeon
Phi. This number increases to 3 points (over the same 2000
variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves
1TF/s on the Xeon Phi and 0.75TF/s on the Xeon Platinum.
In conclusion, extracting strong performance is a compli-
cated task. Our work, however, achieves nearly identical
performance by only generating and explicitly evaluating 5
di�erent transformation variants, thus signi�cantly reduc-
ing tuning time. In the following sections, we introduce and
describe methods by which novel and customized sequences
of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to
hard-wired transformation recipes (Sec.4 for a summary of
the framework and approach).

3 Background
The polyhedralmodel operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access
relations are functions of outer loop iterators and program
(symbolic) parameters. Standard restrictions of the polyhe-
dral model, such as having a single entry and exit point in
each loop, use of non-a�ne expressions, presence of indirect
accesses, and side-e�ect free functions can be relaxed at the
cost of more conservative program analyses [6, 34, 36]. Next,
we recap the basic internal abstractions used by polyhedral
compilers: iteration domains, access functions, dependence
polyhedra, and schedule.

Iteration domains capture the dynamic instances of each
program statement S . An iteration domain D

S
2 Z+ is a

polyhedron de�ned by a system M Æx � Æ0 constructed from
the upper and lower bounds of each loop iterator. A two-
dimensional M-by-N loop nest with a single statement would
be de�ned as {(i, j) : 0  i ^ 0  j ^ i  M ^ j  N }.
The relation between the iteration space DS and the data-
space of a multi-dimensional array A is represented with
access functions/relations, which associate to each point
Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the
relation F

A
S = {S(i, j) ! C(a1,a2) : a1 = i ^a2 = j � 1}. Pro-

gram transformations are modeled as schedule functions
that map points in iteration domains to a multi-dimensional
time-space. Each statement instance is assigned a timestamp
representing its execution date. Schedules can be lexico-
graphically compared. For instance, a statement instance
with timestamp h0, 1, 0i executes before any other statement
starting with h1, ⇤, ⇤i (“*” denotes any value). We use the
2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the
linear transformations occurring (i.e., loop permutation or
skewing). The representation uses 2d+1 time dimensions
and d+1 columns (or input dimensions), where d is the max-
imum loop depth. We assume the schedule has zero-o�set,
and refer to the even rows as scalar dimensions and the odd
ones as linear dimensions. Finally, each program dependence
is represented by one or more polyhedra. A dependence
polyhedron DR,S is constructed from the constraints of
the iterations domains DR and D

S , the access functions FAR
and FAS on the common array (as equalities), and the relative
execution order of the statements involved. The latter must
be preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving
a�ne schedules [33, 39] which is a single convex space mod-
eling the valid reordering transformations. The ILP system
built integrates legal constraints for all dependence poly-
hedra of the original SCoP. Given a point hxR ,�S i 2 DR,S ,
the semantics of the original program predicate that the

3

0 10 20 30 40 50 60 70 80
0
5
10
15

GFLOPs

Sa
m
pl
es

pe
rb

in maxfuse
nofuse

smartfuse

20 40 60 80 100 120 140 160 180 200 220 240 260
0
5
10
15

GFLOPs

Sa
m
pl
es

pe
rb

in maxfuse
nofuse

smartfuse

Figure 1: Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S1: tmp[i][j] = 0;

for (int k = 0; k < N; ++k)

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

}

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S3: D[i][j] *= beta;

for (int k = 0; k < N; ++k)

S4: D[i][j] += tmp[i][k] * C[k][j];

}

Listing 1: 2mm kernel source code.

among the processing cores. In other words, the number of parallel
iterations is inversely proportional to the tile size selected. The
best performing variant is the nofuse heuristic, with 1x256x32 and
20x256x32 tile sizes, for the Xeon Platinum and the Xeon Phi, re-
spectively. From the �gure, we can observe that only a tiny fraction
of the space (2/2000 variants) achieve approximately 80 GF/s on
the Xeon Phi. This number increases to 3 points (over the same
2000 variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves 1TF/s
on the Xeon Phi and 0.75TF/s on the Xeon Platinum. In conclusion,
extracting strong performance is a complicated task. Our work,
however, achieves nearly identical performance by only generating
and explicitly evaluating 5 di�erent transformation variants, thus
signi�cantly reducing tuning time. In the following sections, we
introduce and describe methods by which novel and customized
sequences of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to hard-wired
transformation recipes (Sec.4 for a summary of the framework and
approach).

3 BACKGROUND
The polyhedral model operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access rela-
tions are functions of outer loop iterators and program (symbolic)
parameters. Standard restrictions of the polyhedral model, such
as having a single entry and exit point in each loop, use of non-
a�ne expressions, presence of indirect accesses, and side-e�ect free
functions can be relaxed at the cost of more conservative program
analyses [6, 34, 36]. Next, we recap the basic internal abstractions

used by polyhedral compilers: iteration domains, access functions,
dependence polyhedra, and schedule.

Iteration domains capture the dynamic instances of each pro-
gram statement S . An iteration domain D

S
2 Z+ is a polyhedron

de�ned by a systemM Æx � Æ0 constructed from the upper and lower
bounds of each loop iterator. A two-dimensional M-by-N loop nest
with a single statement would be de�ned as {(i, j) : 0  i ^ 0 

j ^ i  M ^ j  N }. The relation between the iteration space
D

S and the data-space of a multi-dimensional array A is repre-
sented with access functions/relations, which associate to each
point Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the relation
F
A
S = {S(i, j) ! C(a1,a2) : a1 = i ^ a2 = j � 1}. Program trans-
formations are modeled as schedule functions that map points in
iteration domains to a multi-dimensional time-space. Each state-
ment instance is assigned a timestamp representing its execution
date. Schedules can be lexicographically compared. For instance,
a statement instance with timestamp h0, 1, 0i executes before any
other statement starting with h1, ⇤, ⇤i (“*” denotes any value). We
use the 2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the linear
transformations occurring (i.e., loop permutation or skewing). The
representation uses 2d+1 time dimensions and d+1 columns (or
input dimensions), where d is the maximum loop depth. We as-
sume the schedule has zero-o�set, and refer to the even rows as
scalar dimensions and the odd ones as linear dimensions. Finally,
each program dependence is represented by one or more polyhedra.
A dependence polyhedron DR,S is constructed from the con-
straints of the iterations domains DR and DS , the access functions
F
A
R and F

A
S on the common array (as equalities), and the relative

execution order of the statements involved. The latter must be
preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving a�ne
schedules [33, 39] which is a single convex space modeling the
valid reordering transformations. The ILP system built integrates
legal constraints for all dependence polyhedra of the original SCoP.
Given a point hxR ,�S i 2 DR,S , the semantics of the original pro-
gram predicate that the statement instance xR executes before
�S . Thus, the transformations �R and �S must preserve the or-
dering condition �R

(xR ) � �S
(�S ), which means that the times-

tamps assigned to them must maintain their relative order. As
we use multi-dimensional schedules of depth 2d+1, the di�erence
between two schedules will be a lexicographic positive vector:
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Figure 1. Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

// S1 and S2 are distributed as

// a by-product of the selected objectives.

// S1 /* ... */

for (int j = 0; j < N; ++j) // vectorizable

for (int k = 0; k < N; ++k) // reuse

for (int i = 0; i < N; ++i) // parallel

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

Listing 1. 2mm kernel source code.

nofuse heuristic, with 1x256x32 and 20x256x32 tile sizes, for
the Xeon Platinum and the Xeon Phi, respectively. From the
�gure, we can observe that only a tiny fraction of the space
(2/2000 variants) achieve approximately 80 GF/s on the Xeon
Phi. This number increases to 3 points (over the same 2000
variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves
1TF/s on the Xeon Phi and 0.75TF/s on the Xeon Platinum.
In conclusion, extracting strong performance is a compli-
cated task. Our work, however, achieves nearly identical
performance by only generating and explicitly evaluating 5
di�erent transformation variants, thus signi�cantly reduc-
ing tuning time. In the following sections, we introduce and
describe methods by which novel and customized sequences
of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to
hard-wired transformation recipes (Sec.4 for a summary of
the framework and approach).

3 Background
The polyhedralmodel operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access
relations are functions of outer loop iterators and program
(symbolic) parameters. Standard restrictions of the polyhe-
dral model, such as having a single entry and exit point in
each loop, use of non-a�ne expressions, presence of indirect
accesses, and side-e�ect free functions can be relaxed at the
cost of more conservative program analyses [6, 34, 36]. Next,
we recap the basic internal abstractions used by polyhedral
compilers: iteration domains, access functions, dependence
polyhedra, and schedule.

Iteration domains capture the dynamic instances of each
program statement S . An iteration domain D

S
2 Z+ is a

polyhedron de�ned by a system M Æx � Æ0 constructed from
the upper and lower bounds of each loop iterator. A two-
dimensional M-by-N loop nest with a single statement would
be de�ned as {(i, j) : 0  i ^ 0  j ^ i  M ^ j  N }.
The relation between the iteration space DS and the data-
space of a multi-dimensional array A is represented with
access functions/relations, which associate to each point
Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the
relation F

A
S = {S(i, j) ! C(a1,a2) : a1 = i ^a2 = j � 1}. Pro-

gram transformations are modeled as schedule functions
that map points in iteration domains to a multi-dimensional
time-space. Each statement instance is assigned a timestamp
representing its execution date. Schedules can be lexico-
graphically compared. For instance, a statement instance
with timestamp h0, 1, 0i executes before any other statement
starting with h1, ⇤, ⇤i (“*” denotes any value). We use the
2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the
linear transformations occurring (i.e., loop permutation or
skewing). The representation uses 2d+1 time dimensions
and d+1 columns (or input dimensions), where d is the max-
imum loop depth. We assume the schedule has zero-o�set,
and refer to the even rows as scalar dimensions and the odd
ones as linear dimensions. Finally, each program dependence
is represented by one or more polyhedra. A dependence
polyhedron DR,S is constructed from the constraints of
the iterations domains DR and D

S , the access functions FAR
and FAS on the common array (as equalities), and the relative
execution order of the statements involved. The latter must
be preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving
a�ne schedules [33, 39] which is a single convex space mod-
eling the valid reordering transformations. The ILP system
built integrates legal constraints for all dependence poly-
hedra of the original SCoP. Given a point hxR ,�S i 2 DR,S ,
the semantics of the original program predicate that the
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Figure 1. Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

// S1 and S2 are distributed as

// a by-product of the selected objectives.

// S1 /* ... */

for (int i = 0; i < N; ++i) // parallel

for (int k = 0; k < N; ++k) // reuse

for (int j = 0; j < N; ++j) // vectorizable

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

Listing 1. 2mm kernel source code.

nofuse heuristic, with 1x256x32 and 20x256x32 tile sizes, for
the Xeon Platinum and the Xeon Phi, respectively. From the
�gure, we can observe that only a tiny fraction of the space
(2/2000 variants) achieve approximately 80 GF/s on the Xeon
Phi. This number increases to 3 points (over the same 2000
variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves
1TF/s on the Xeon Phi and 0.75TF/s on the Xeon Platinum.
In conclusion, extracting strong performance is a compli-
cated task. Our work, however, achieves nearly identical
performance by only generating and explicitly evaluating 5
di�erent transformation variants, thus signi�cantly reduc-
ing tuning time. In the following sections, we introduce and
describe methods by which novel and customized sequences
of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to
hard-wired transformation recipes (Sec.4 for a summary of
the framework and approach).

3 Background
The polyhedralmodel operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access
relations are functions of outer loop iterators and program
(symbolic) parameters. Standard restrictions of the polyhe-
dral model, such as having a single entry and exit point in
each loop, use of non-a�ne expressions, presence of indirect
accesses, and side-e�ect free functions can be relaxed at the
cost of more conservative program analyses [6, 34, 36]. Next,
we recap the basic internal abstractions used by polyhedral
compilers: iteration domains, access functions, dependence
polyhedra, and schedule.

Iteration domains capture the dynamic instances of each
program statement S . An iteration domain D

S
2 Z+ is a

polyhedron de�ned by a system M Æx � Æ0 constructed from
the upper and lower bounds of each loop iterator. A two-
dimensional M-by-N loop nest with a single statement would
be de�ned as {(i, j) : 0  i ^ 0  j ^ i  M ^ j  N }.
The relation between the iteration space DS and the data-
space of a multi-dimensional array A is represented with
access functions/relations, which associate to each point
Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the
relation F

A
S = {S(i, j) ! C(a1,a2) : a1 = i ^a2 = j � 1}. Pro-

gram transformations are modeled as schedule functions
that map points in iteration domains to a multi-dimensional
time-space. Each statement instance is assigned a timestamp
representing its execution date. Schedules can be lexico-
graphically compared. For instance, a statement instance
with timestamp h0, 1, 0i executes before any other statement
starting with h1, ⇤, ⇤i (“*” denotes any value). We use the
2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the
linear transformations occurring (i.e., loop permutation or
skewing). The representation uses 2d+1 time dimensions
and d+1 columns (or input dimensions), where d is the max-
imum loop depth. We assume the schedule has zero-o�set,
and refer to the even rows as scalar dimensions and the odd
ones as linear dimensions. Finally, each program dependence
is represented by one or more polyhedra. A dependence
polyhedron DR,S is constructed from the constraints of
the iterations domains DR and D

S , the access functions FAR
and FAS on the common array (as equalities), and the relative
execution order of the statements involved. The latter must
be preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving
a�ne schedules [33, 39] which is a single convex space mod-
eling the valid reordering transformations. The ILP system
built integrates legal constraints for all dependence poly-
hedra of the original SCoP. Given a point hxR ,�S i 2 DR,S ,
the semantics of the original program predicate that the
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Figure 1. Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

// S1 and S2 are distributed as

// a by-product of the selected objectives.

// S1 /* ... */

for (int k = 0; k < N; ++k) // reuse

for (int i = 0; i < N; ++i) // parallel

for (int j = 0; j < N; ++j) // vectorizable

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

Listing 1. 2mm kernel source code.

nofuse heuristic, with 1x256x32 and 20x256x32 tile sizes, for
the Xeon Platinum and the Xeon Phi, respectively. From the
�gure, we can observe that only a tiny fraction of the space
(2/2000 variants) achieve approximately 80 GF/s on the Xeon
Phi. This number increases to 3 points (over the same 2000
variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves
1TF/s on the Xeon Phi and 0.75TF/s on the Xeon Platinum.
In conclusion, extracting strong performance is a compli-
cated task. Our work, however, achieves nearly identical
performance by only generating and explicitly evaluating 5
di�erent transformation variants, thus signi�cantly reduc-
ing tuning time. In the following sections, we introduce and
describe methods by which novel and customized sequences
of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to
hard-wired transformation recipes (Sec.4 for a summary of
the framework and approach).

3 Background
The polyhedralmodel operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access
relations are functions of outer loop iterators and program
(symbolic) parameters. Standard restrictions of the polyhe-
dral model, such as having a single entry and exit point in
each loop, use of non-a�ne expressions, presence of indirect
accesses, and side-e�ect free functions can be relaxed at the
cost of more conservative program analyses [6, 34, 36]. Next,
we recap the basic internal abstractions used by polyhedral
compilers: iteration domains, access functions, dependence
polyhedra, and schedule.

Iteration domains capture the dynamic instances of each
program statement S . An iteration domain D

S
2 Z+ is a

polyhedron de�ned by a system M Æx � Æ0 constructed from
the upper and lower bounds of each loop iterator. A two-
dimensional M-by-N loop nest with a single statement would
be de�ned as {(i, j) : 0  i ^ 0  j ^ i  M ^ j  N }.
The relation between the iteration space DS and the data-
space of a multi-dimensional array A is represented with
access functions/relations, which associate to each point
Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the
relation F

A
S = {S(i, j) ! C(a1,a2) : a1 = i ^a2 = j � 1}. Pro-

gram transformations are modeled as schedule functions
that map points in iteration domains to a multi-dimensional
time-space. Each statement instance is assigned a timestamp
representing its execution date. Schedules can be lexico-
graphically compared. For instance, a statement instance
with timestamp h0, 1, 0i executes before any other statement
starting with h1, ⇤, ⇤i (“*” denotes any value). We use the
2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the
linear transformations occurring (i.e., loop permutation or
skewing). The representation uses 2d+1 time dimensions
and d+1 columns (or input dimensions), where d is the max-
imum loop depth. We assume the schedule has zero-o�set,
and refer to the even rows as scalar dimensions and the odd
ones as linear dimensions. Finally, each program dependence
is represented by one or more polyhedra. A dependence
polyhedron DR,S is constructed from the constraints of
the iterations domains DR and D

S , the access functions FAR
and FAS on the common array (as equalities), and the relative
execution order of the statements involved. The latter must
be preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving
a�ne schedules [33, 39] which is a single convex space mod-
eling the valid reordering transformations. The ILP system
built integrates legal constraints for all dependence poly-
hedra of the original SCoP. Given a point hxR ,�S i 2 DR,S ,
the semantics of the original program predicate that the
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for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S1: tmp[i][j] = 0;

for (int k = 0; k < N; ++k)

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

}

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S3: D[i][j] *= beta;

for (int k = 0; k < N; ++k)

S4: D[i][j] += tmp[i][k] * C[k][j];

}

Listing 1: 2mm kernel source code.

among the processing cores. In other words, the number of parallel
iterations is inversely proportional to the tile size selected. The
best performing variant is the nofuse heuristic, with 1x256x32 and
20x256x32 tile sizes, for the Xeon Platinum and the Xeon Phi, re-
spectively. From the �gure, we can observe that only a tiny fraction
of the space (2/2000 variants) achieve approximately 80 GF/s on
the Xeon Phi. This number increases to 3 points (over the same
2000 variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves 1TF/s
on the Xeon Phi and 0.75TF/s on the Xeon Platinum. In conclusion,
extracting strong performance is a complicated task. Our work,
however, achieves nearly identical performance by only generating
and explicitly evaluating 5 di�erent transformation variants, thus
signi�cantly reducing tuning time. In the following sections, we
introduce and describe methods by which novel and customized
sequences of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to hard-wired
transformation recipes (Sec.4 for a summary of the framework and
approach).

3 BACKGROUND
The polyhedral model operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access rela-
tions are functions of outer loop iterators and program (symbolic)
parameters. Standard restrictions of the polyhedral model, such
as having a single entry and exit point in each loop, use of non-
a�ne expressions, presence of indirect accesses, and side-e�ect free
functions can be relaxed at the cost of more conservative program
analyses [6, 34, 36]. Next, we recap the basic internal abstractions

used by polyhedral compilers: iteration domains, access functions,
dependence polyhedra, and schedule.

Iteration domains capture the dynamic instances of each pro-
gram statement S . An iteration domain D

S
2 Z+ is a polyhedron

de�ned by a systemM Æx � Æ0 constructed from the upper and lower
bounds of each loop iterator. A two-dimensional M-by-N loop nest
with a single statement would be de�ned as {(i, j) : 0  i ^ 0 

j ^ i  M ^ j  N }. The relation between the iteration space
D

S and the data-space of a multi-dimensional array A is repre-
sented with access functions/relations, which associate to each
point Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the relation
F
A
S = {S(i, j) ! C(a1,a2) : a1 = i ^ a2 = j � 1}. Program trans-
formations are modeled as schedule functions that map points in
iteration domains to a multi-dimensional time-space. Each state-
ment instance is assigned a timestamp representing its execution
date. Schedules can be lexicographically compared. For instance,
a statement instance with timestamp h0, 1, 0i executes before any
other statement starting with h1, ⇤, ⇤i (“*” denotes any value). We
use the 2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the linear
transformations occurring (i.e., loop permutation or skewing). The
representation uses 2d+1 time dimensions and d+1 columns (or
input dimensions), where d is the maximum loop depth. We as-
sume the schedule has zero-o�set, and refer to the even rows as
scalar dimensions and the odd ones as linear dimensions. Finally,
each program dependence is represented by one or more polyhedra.
A dependence polyhedron DR,S is constructed from the con-
straints of the iterations domains DR and DS , the access functions
F
A
R and F

A
S on the common array (as equalities), and the relative

execution order of the statements involved. The latter must be
preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving a�ne
schedules [33, 39] which is a single convex space modeling the
valid reordering transformations. The ILP system built integrates
legal constraints for all dependence polyhedra of the original SCoP.
Given a point hxR ,�S i 2 DR,S , the semantics of the original pro-
gram predicate that the statement instance xR executes before
�S . Thus, the transformations �R and �S must preserve the or-
dering condition �R

(xR ) � �S
(�S ), which means that the times-

tamps assigned to them must maintain their relative order. As
we use multi-dimensional schedules of depth 2d+1, the di�erence
between two schedules will be a lexicographic positive vector:

Objective Functions an 
Example

9

<OPIR, IP, SO>

<OP, IP, SO>

<IP, OPIR,OP>

Large exploration space!

Order of Objectives matter!

How to decide the best sequence of Objective Functions?

How to characterize, traverse and quantify such large loop  
transformation spaces?
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Adaptive Scheduler: Two components 

• Offline Stage: Building a 
Database of Transformations

• Online Stage: Select 
transformations

Database of 
Transformations

Database of 
Transformations

Deps key Transf. Output feat.
Deps1 SO, IP O1, O2

Deps1 IP, SO O2, O3

… … …

… … …

… … …

… … …
Q = f(dep key, arch)

SO, IP
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Database of Transformations

Database of 
Transformations

Dependences key Transformations Output features

Dependence 1 Stride Opt., Inner Paral. O1, O2

Dependence 1 Inner Paral., Stride Opt. O2, O3

… … …

… … …

… … …

… … …

• Model a single dependence 
polyhedron

• Extremely simple to allow 
scalability

• Dependences keys 
encompass structural 
information and 
dependence features (e.g. 1-
to-1 or 1-to-N)

• Each transformation 
implemented as an 
Integer Linear Program 
(ILP) cost function

• Characterize combined 
behavior of 
transformations

• Order matters

• Capture transformation 
results and properties
(e.g. number of parallel 
loops, total number of 
loops, stride access, and 
more)

• Used to compute a score 
for each candidate 
transformation
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Offline Stage: Building the Transformation 
Database

for (i = 0; i < M; i++)
for (j = 0; j < N; j++)

A[i][j] = ...
for (i = 0; i < M; i++)
for (j = 0; j < N; j++)

… = f(A[i][j]);
/* one input = 1

dependence */

SO, IP, OPIR

IP, SO, OPIR

OPIR, IP, SO

…

…

Database of 
Transformations

Synthesized or extracted from 
larger representative 
applications

Candidate transformation is a tuple of ILP 
objectives, e.g. all 3 permutations in a set of 
10 transformations = 720 transformation 
candidates

14

Small combination of ILP Objectives <= 3



Online Stage: Selecting Transformations

Database of 
Transformations

1. Divide statements into equivalence 
classes with 5 partition policies 

2. Select most influential dependences in 
each partition 

Transformation = <T2, T5, T4> + <T4, T1, T7>

Query 1 Query 2

Query = 
f (dependence, architecture) [*]

Result = <T4, T1, T7>

15
[*] Section 4.7
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Figure 1: Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S1: tmp[i][j] = 0;

for (int k = 0; k < N; ++k)

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

}

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S3: D[i][j] *= beta;

for (int k = 0; k < N; ++k)

S4: D[i][j] += tmp[i][k] * C[k][j];

}

Listing 1: 2mm kernel source code.

among the processing cores. In other words, the number of parallel
iterations is inversely proportional to the tile size selected. The
best performing variant is the nofuse heuristic, with 1x256x32 and
20x256x32 tile sizes, for the Xeon Platinum and the Xeon Phi, re-
spectively. From the �gure, we can observe that only a tiny fraction
of the space (2/2000 variants) achieve approximately 80 GF/s on
the Xeon Phi. This number increases to 3 points (over the same
2000 variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves 1TF/s
on the Xeon Phi and 0.75TF/s on the Xeon Platinum. In conclusion,
extracting strong performance is a complicated task. Our work,
however, achieves nearly identical performance by only generating
and explicitly evaluating 5 di�erent transformation variants, thus
signi�cantly reducing tuning time. In the following sections, we
introduce and describe methods by which novel and customized
sequences of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to hard-wired
transformation recipes (Sec.4 for a summary of the framework and
approach).

3 BACKGROUND
The polyhedral model operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access rela-
tions are functions of outer loop iterators and program (symbolic)
parameters. Standard restrictions of the polyhedral model, such
as having a single entry and exit point in each loop, use of non-
a�ne expressions, presence of indirect accesses, and side-e�ect free
functions can be relaxed at the cost of more conservative program
analyses [6, 34, 36]. Next, we recap the basic internal abstractions

used by polyhedral compilers: iteration domains, access functions,
dependence polyhedra, and schedule.

Iteration domains capture the dynamic instances of each pro-
gram statement S . An iteration domain D

S
2 Z+ is a polyhedron

de�ned by a systemM Æx � Æ0 constructed from the upper and lower
bounds of each loop iterator. A two-dimensional M-by-N loop nest
with a single statement would be de�ned as {(i, j) : 0  i ^ 0 

j ^ i  M ^ j  N }. The relation between the iteration space
D

S and the data-space of a multi-dimensional array A is repre-
sented with access functions/relations, which associate to each
point Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the relation
F
A
S = {S(i, j) ! C(a1,a2) : a1 = i ^ a2 = j � 1}. Program trans-
formations are modeled as schedule functions that map points in
iteration domains to a multi-dimensional time-space. Each state-
ment instance is assigned a timestamp representing its execution
date. Schedules can be lexicographically compared. For instance,
a statement instance with timestamp h0, 1, 0i executes before any
other statement starting with h1, ⇤, ⇤i (“*” denotes any value). We
use the 2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the linear
transformations occurring (i.e., loop permutation or skewing). The
representation uses 2d+1 time dimensions and d+1 columns (or
input dimensions), where d is the maximum loop depth. We as-
sume the schedule has zero-o�set, and refer to the even rows as
scalar dimensions and the odd ones as linear dimensions. Finally,
each program dependence is represented by one or more polyhedra.
A dependence polyhedron DR,S is constructed from the con-
straints of the iterations domains DR and DS , the access functions
F
A
R and F

A
S on the common array (as equalities), and the relative

execution order of the statements involved. The latter must be
preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving a�ne
schedules [33, 39] which is a single convex space modeling the
valid reordering transformations. The ILP system built integrates
legal constraints for all dependence polyhedra of the original SCoP.
Given a point hxR ,�S i 2 DR,S , the semantics of the original pro-
gram predicate that the statement instance xR executes before
�S . Thus, the transformations �R and �S must preserve the or-
dering condition �R

(xR ) � �S
(�S ), which means that the times-

tamps assigned to them must maintain their relative order. As
we use multi-dimensional schedules of depth 2d+1, the di�erence
between two schedules will be a lexicographic positive vector:

A step-by-step Example

• Step 1: Partition statements

Group 1

Group 2
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A step-by-step Example

• Step 1: Partition statements
• Step 2: Ranking dependences
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Figure 1: Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S1: tmp[i][j] = 0;

for (int k = 0; k < N; ++k)

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

}

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S3: D[i][j] *= beta;

for (int k = 0; k < N; ++k)

S4: D[i][j] += tmp[i][k] * C[k][j];

}

Listing 1: 2mm kernel source code.

among the processing cores. In other words, the number of parallel
iterations is inversely proportional to the tile size selected. The
best performing variant is the nofuse heuristic, with 1x256x32 and
20x256x32 tile sizes, for the Xeon Platinum and the Xeon Phi, re-
spectively. From the �gure, we can observe that only a tiny fraction
of the space (2/2000 variants) achieve approximately 80 GF/s on
the Xeon Phi. This number increases to 3 points (over the same
2000 variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves 1TF/s
on the Xeon Phi and 0.75TF/s on the Xeon Platinum. In conclusion,
extracting strong performance is a complicated task. Our work,
however, achieves nearly identical performance by only generating
and explicitly evaluating 5 di�erent transformation variants, thus
signi�cantly reducing tuning time. In the following sections, we
introduce and describe methods by which novel and customized
sequences of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to hard-wired
transformation recipes (Sec.4 for a summary of the framework and
approach).

3 BACKGROUND
The polyhedral model operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access rela-
tions are functions of outer loop iterators and program (symbolic)
parameters. Standard restrictions of the polyhedral model, such
as having a single entry and exit point in each loop, use of non-
a�ne expressions, presence of indirect accesses, and side-e�ect free
functions can be relaxed at the cost of more conservative program
analyses [6, 34, 36]. Next, we recap the basic internal abstractions

used by polyhedral compilers: iteration domains, access functions,
dependence polyhedra, and schedule.

Iteration domains capture the dynamic instances of each pro-
gram statement S . An iteration domain D

S
2 Z+ is a polyhedron

de�ned by a systemM Æx � Æ0 constructed from the upper and lower
bounds of each loop iterator. A two-dimensional M-by-N loop nest
with a single statement would be de�ned as {(i, j) : 0  i ^ 0 

j ^ i  M ^ j  N }. The relation between the iteration space
D

S and the data-space of a multi-dimensional array A is repre-
sented with access functions/relations, which associate to each
point Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the relation
F
A
S = {S(i, j) ! C(a1,a2) : a1 = i ^ a2 = j � 1}. Program trans-
formations are modeled as schedule functions that map points in
iteration domains to a multi-dimensional time-space. Each state-
ment instance is assigned a timestamp representing its execution
date. Schedules can be lexicographically compared. For instance,
a statement instance with timestamp h0, 1, 0i executes before any
other statement starting with h1, ⇤, ⇤i (“*” denotes any value). We
use the 2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the linear
transformations occurring (i.e., loop permutation or skewing). The
representation uses 2d+1 time dimensions and d+1 columns (or
input dimensions), where d is the maximum loop depth. We as-
sume the schedule has zero-o�set, and refer to the even rows as
scalar dimensions and the odd ones as linear dimensions. Finally,
each program dependence is represented by one or more polyhedra.
A dependence polyhedron DR,S is constructed from the con-
straints of the iterations domains DR and DS , the access functions
F
A
R and F

A
S on the common array (as equalities), and the relative

execution order of the statements involved. The latter must be
preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving a�ne
schedules [33, 39] which is a single convex space modeling the
valid reordering transformations. The ILP system built integrates
legal constraints for all dependence polyhedra of the original SCoP.
Given a point hxR ,�S i 2 DR,S , the semantics of the original pro-
gram predicate that the statement instance xR executes before
�S . Thus, the transformations �R and �S must preserve the or-
dering condition �R

(xR ) � �S
(�S ), which means that the times-

tamps assigned to them must maintain their relative order. As
we use multi-dimensional schedules of depth 2d+1, the di�erence
between two schedules will be a lexicographic positive vector:

D1: S1 à S2
D2: S2 à S2
D3: S2 à S4
D4: S3 à S4
D5: S4 à S4

D2: S2 à S2
D5: S4 à S4
D3: S2 à S4 
D4: S3 à S4
D1: S1 à S2
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• Step 1: Partition statements
• Step 2: Ranking dependences
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Figure 1: Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S1: tmp[i][j] = 0;

for (int k = 0; k < N; ++k)

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

}

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S3: D[i][j] *= beta;

for (int k = 0; k < N; ++k)

S4: D[i][j] += tmp[i][k] * C[k][j];

}

Listing 1: 2mm kernel source code.

among the processing cores. In other words, the number of parallel
iterations is inversely proportional to the tile size selected. The
best performing variant is the nofuse heuristic, with 1x256x32 and
20x256x32 tile sizes, for the Xeon Platinum and the Xeon Phi, re-
spectively. From the �gure, we can observe that only a tiny fraction
of the space (2/2000 variants) achieve approximately 80 GF/s on
the Xeon Phi. This number increases to 3 points (over the same
2000 variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves 1TF/s
on the Xeon Phi and 0.75TF/s on the Xeon Platinum. In conclusion,
extracting strong performance is a complicated task. Our work,
however, achieves nearly identical performance by only generating
and explicitly evaluating 5 di�erent transformation variants, thus
signi�cantly reducing tuning time. In the following sections, we
introduce and describe methods by which novel and customized
sequences of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to hard-wired
transformation recipes (Sec.4 for a summary of the framework and
approach).

3 BACKGROUND
The polyhedral model operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access rela-
tions are functions of outer loop iterators and program (symbolic)
parameters. Standard restrictions of the polyhedral model, such
as having a single entry and exit point in each loop, use of non-
a�ne expressions, presence of indirect accesses, and side-e�ect free
functions can be relaxed at the cost of more conservative program
analyses [6, 34, 36]. Next, we recap the basic internal abstractions

used by polyhedral compilers: iteration domains, access functions,
dependence polyhedra, and schedule.

Iteration domains capture the dynamic instances of each pro-
gram statement S . An iteration domain D

S
2 Z+ is a polyhedron

de�ned by a systemM Æx � Æ0 constructed from the upper and lower
bounds of each loop iterator. A two-dimensional M-by-N loop nest
with a single statement would be de�ned as {(i, j) : 0  i ^ 0 

j ^ i  M ^ j  N }. The relation between the iteration space
D

S and the data-space of a multi-dimensional array A is repre-
sented with access functions/relations, which associate to each
point Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the relation
F
A
S = {S(i, j) ! C(a1,a2) : a1 = i ^ a2 = j � 1}. Program trans-
formations are modeled as schedule functions that map points in
iteration domains to a multi-dimensional time-space. Each state-
ment instance is assigned a timestamp representing its execution
date. Schedules can be lexicographically compared. For instance,
a statement instance with timestamp h0, 1, 0i executes before any
other statement starting with h1, ⇤, ⇤i (“*” denotes any value). We
use the 2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the linear
transformations occurring (i.e., loop permutation or skewing). The
representation uses 2d+1 time dimensions and d+1 columns (or
input dimensions), where d is the maximum loop depth. We as-
sume the schedule has zero-o�set, and refer to the even rows as
scalar dimensions and the odd ones as linear dimensions. Finally,
each program dependence is represented by one or more polyhedra.
A dependence polyhedron DR,S is constructed from the con-
straints of the iterations domains DR and DS , the access functions
F
A
R and F

A
S on the common array (as equalities), and the relative

execution order of the statements involved. The latter must be
preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving a�ne
schedules [33, 39] which is a single convex space modeling the
valid reordering transformations. The ILP system built integrates
legal constraints for all dependence polyhedra of the original SCoP.
Given a point hxR ,�S i 2 DR,S , the semantics of the original pro-
gram predicate that the statement instance xR executes before
�S . Thus, the transformations �R and �S must preserve the or-
dering condition �R

(xR ) � �S
(�S ), which means that the times-

tamps assigned to them must maintain their relative order. As
we use multi-dimensional schedules of depth 2d+1, the di�erence
between two schedules will be a lexicographic positive vector:

Database of 
Transformations

f(D2: S2 à S2, arch feat)

D5 already covered by D2

T1, T2, T3
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A step-by-step Example

• Step 1: Partition statements
• Step 2: Ranking dependences
• Step 3: Query Database
• Step 4: Compute lexicographic 

optimum and apply 
transformations
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Figure 1: Pluto’s performance distributions for Polybench/C 2mm kernel (Double Precision, Standard Dataset) on two Intel
machines: a 68-core Intel Xeon Phi (left) and a 48-core Intel Xeon Platinum (right).

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S1: tmp[i][j] = 0;

for (int k = 0; k < N; ++k)

S2: tmp[i][j] += alpha * A[i][k] * B[k][j];

}

for (int i = 0; i < N; ++i)

for (int j = 0; j < N; ++j) {

S3: D[i][j] *= beta;

for (int k = 0; k < N; ++k)

S4: D[i][j] += tmp[i][k] * C[k][j];

}

Listing 1: 2mm kernel source code.

among the processing cores. In other words, the number of parallel
iterations is inversely proportional to the tile size selected. The
best performing variant is the nofuse heuristic, with 1x256x32 and
20x256x32 tile sizes, for the Xeon Platinum and the Xeon Phi, re-
spectively. From the �gure, we can observe that only a tiny fraction
of the space (2/2000 variants) achieve approximately 80 GF/s on
the Xeon Phi. This number increases to 3 points (over the same
2000 variants) on a 48-core Intel Xeon Platinum system, peaking
at 260 GF/s. As a reference, Intel MKL’s DGEMM achieves 1TF/s
on the Xeon Phi and 0.75TF/s on the Xeon Platinum. In conclusion,
extracting strong performance is a complicated task. Our work,
however, achieves nearly identical performance by only generating
and explicitly evaluating 5 di�erent transformation variants, thus
signi�cantly reducing tuning time. In the following sections, we
introduce and describe methods by which novel and customized
sequences of a�ne transformations can be automatically generated
with an adaptive scheduler, i.e., which does not resort to hard-wired
transformation recipes (Sec.4 for a summary of the framework and
approach).

3 BACKGROUND
The polyhedral model operates on Static Control Parts (SCoPs).
Each SCoP consists of loops whose boundaries and access rela-
tions are functions of outer loop iterators and program (symbolic)
parameters. Standard restrictions of the polyhedral model, such
as having a single entry and exit point in each loop, use of non-
a�ne expressions, presence of indirect accesses, and side-e�ect free
functions can be relaxed at the cost of more conservative program
analyses [6, 34, 36]. Next, we recap the basic internal abstractions

used by polyhedral compilers: iteration domains, access functions,
dependence polyhedra, and schedule.

Iteration domains capture the dynamic instances of each pro-
gram statement S . An iteration domain D

S
2 Z+ is a polyhedron

de�ned by a systemM Æx � Æ0 constructed from the upper and lower
bounds of each loop iterator. A two-dimensional M-by-N loop nest
with a single statement would be de�ned as {(i, j) : 0  i ^ 0 

j ^ i  M ^ j  N }. The relation between the iteration space
D

S and the data-space of a multi-dimensional array A is repre-
sented with access functions/relations, which associate to each
point Æx 2 D

S a data-element FAS (Æx). For example, the array refer-
ence C[i][j-1] in a statement S can be modeled with the relation
F
A
S = {S(i, j) ! C(a1,a2) : a1 = i ^ a2 = j � 1}. Program trans-
formations are modeled as schedule functions that map points in
iteration domains to a multi-dimensional time-space. Each state-
ment instance is assigned a timestamp representing its execution
date. Schedules can be lexicographically compared. For instance,
a statement instance with timestamp h0, 1, 0i executes before any
other statement starting with h1, ⇤, ⇤i (“*” denotes any value). We
use the 2d+1 schedule representation which allows modeling the
nesting structure explicitly of the program as well as the linear
transformations occurring (i.e., loop permutation or skewing). The
representation uses 2d+1 time dimensions and d+1 columns (or
input dimensions), where d is the maximum loop depth. We as-
sume the schedule has zero-o�set, and refer to the even rows as
scalar dimensions and the odd ones as linear dimensions. Finally,
each program dependence is represented by one or more polyhedra.
A dependence polyhedron DR,S is constructed from the con-
straints of the iterations domains DR and DS , the access functions
F
A
R and F

A
S on the common array (as equalities), and the relative

execution order of the statements involved. The latter must be
preserved by the new schedule (�R

(xR ) � �S
(xS )).

3.1 Building the Legal Space
Our work leverages the convex set of semantic preserving a�ne
schedules [33, 39] which is a single convex space modeling the
valid reordering transformations. The ILP system built integrates
legal constraints for all dependence polyhedra of the original SCoP.
Given a point hxR ,�S i 2 DR,S , the semantics of the original pro-
gram predicate that the statement instance xR executes before
�S . Thus, the transformations �R and �S must preserve the or-
dering condition �R

(xR ) � �S
(�S ), which means that the times-

tamps assigned to them must maintain their relative order. As
we use multi-dimensional schedules of depth 2d+1, the di�erence
between two schedules will be a lexicographic positive vector:
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Results… Some of them

• 3 baselines:
• Pluto autotune (PLT-AT): Best of 

thousand program variants
• Pluto Default (PLT-DF): Pluto out-

of-the-box
• Model driven transformations 

(MDT): Single optimized variant 
using predefined order of 
transformations 21
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Figure 4. Polybench performance summary in log scale (GFLOP/s): 12-core AMDTR (top), 48-core SKL (middle), and 68-core
KNL (bottom) systems for the di�erent schedulers (Double Precision, Standard Dataset).

targetting its AVX512 vector ISA. All measurements are col-
lected using double precision, standard dataset, and report
the average value of 5 runs removing the best and worse
time.

Summary: Our evaluation aims to demonstrate that po-
lyhedral adaptive scheduling (non-hardwired), leveraging a
performance lexicon, can produce (novel) transformation
recipes that translate into strong performance competitive
with auto-tuning spaces. We choose the Polybench suite
since it is already designed to cover most of the “polyhedral
dwarfs” scenarios. It contains a breadth of kernels showcas-
ing loop nests of di�erent dimensionality and shape, various
a�ne array access patterns and dependences with di�erent
structures. Moreover, while our evaluation is Polybench-
speci�c, both the o�ine and online stages of our scheduling
framework can be used on other benchmarks suites (e.g.,
Rodinia) with suitable SCoPs. As the creation of the NK-
database of transformations is meant as an o�ine phase,
one-time cost, our evaluation incurs on a minimal online
overhead due to the need of evaluating only �ve transformed

variants for each input. Our scheduling strategy preserves
the bene�ts of model-driven transformations while increas-
ing the scheduler’s �exibility and transformation robustness.
For instance, the KNL and SKL MDT variants are precisely
those used in [23], but their work lacked a customized recipe
for the Threadripper architecture. We reuse the SKL MDT
mode for AMDTR (given that they are both multi-core sys-
tems with similar memory hierarchy). In that sense, the MDT
transformation for AMDTR, while in average obtain as good
performance as the Best Adaptive, they are not fully cus-
tomized to the architecture. Steering our attention onto the
PLT-AT space, we observe from Figure.4 that, even though
in most cases, we do not match the best performance in the
PLT-AT space, we are in average approximately 1.5⇥ and
2.5⇥ slower than its best variant. Nonetheless, the Best (of 5)
Adaptive variants represents a signi�cant reduction in online
tuning time, as we only resort to explicitly generating and
evaluating 5 benchmark versions. Lastly, the Best Adaptive
is at least 2⇥ faster than PLT-DF (Pluto default), across all
architectures, and peaking at 8⇥ better in the KNL.

11

• Best adaptive: Best variants for 
the 5 proposed transformation 
policies

• Machine: 48-core Intel Xeon 
Platinum (MKL 0.75 TFLOP/s)
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Conclusion

• Scalable approach to traverse large transformation space
• Order of objectives is not hardcoded
• Reduction of tuning time
• Competitive performance with minimal exploration
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Our adaptive scheduler bridges the gap 
between general-purpose and domain-
specific compilation flow

Database of 
Transformations

Q = f(dep key, arch)

SO, IP
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Figure 4. Polybench performance summary in log scale (GFLOP/s): 12-core AMDTR (top), 48-core SKL (middle), and 68-core
KNL (bottom) systems for the di�erent schedulers (Double Precision, Standard Dataset).

targetting its AVX512 vector ISA. All measurements are col-
lected using double precision, standard dataset, and report
the average value of 5 runs removing the best and worse
time.

Summary: Our evaluation aims to demonstrate that po-
lyhedral adaptive scheduling (non-hardwired), leveraging a
performance lexicon, can produce (novel) transformation
recipes that translate into strong performance competitive
with auto-tuning spaces. We choose the Polybench suite
since it is already designed to cover most of the “polyhedral
dwarfs” scenarios. It contains a breadth of kernels showcas-
ing loop nests of di�erent dimensionality and shape, various
a�ne array access patterns and dependences with di�erent
structures. Moreover, while our evaluation is Polybench-
speci�c, both the o�ine and online stages of our scheduling
framework can be used on other benchmarks suites (e.g.,
Rodinia) with suitable SCoPs. As the creation of the NK-
database of transformations is meant as an o�ine phase,
one-time cost, our evaluation incurs on a minimal online
overhead due to the need of evaluating only �ve transformed

variants for each input. Our scheduling strategy preserves
the bene�ts of model-driven transformations while increas-
ing the scheduler’s �exibility and transformation robustness.
For instance, the KNL and SKL MDT variants are precisely
those used in [23], but their work lacked a customized recipe
for the Threadripper architecture. We reuse the SKL MDT
mode for AMDTR (given that they are both multi-core sys-
tems with similar memory hierarchy). In that sense, the MDT
transformation for AMDTR, while in average obtain as good
performance as the Best Adaptive, they are not fully cus-
tomized to the architecture. Steering our attention onto the
PLT-AT space, we observe from Figure.4 that, even though
in most cases, we do not match the best performance in the
PLT-AT space, we are in average approximately 1.5⇥ and
2.5⇥ slower than its best variant. Nonetheless, the Best (of 5)
Adaptive variants represents a signi�cant reduction in online
tuning time, as we only resort to explicitly generating and
evaluating 5 benchmark versions. Lastly, the Best Adaptive
is at least 2⇥ faster than PLT-DF (Pluto default), across all
architectures, and peaking at 8⇥ better in the KNL.
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