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Abstract—Modern shared-memory parallel programming
models, such as OpenMP and Cilk, enable developers to encode
a parallel execution plan within their code. Existing compilers,
including Clang and GCC, directly lower or add additional com-
patible parallelism on top of the developers’ plan. However, when
better parallel execution plans exist that are incompatible with
the original plan, compilers lack the capability of disregarding
it and replacing it with a better one. To address this problem,
this paper introduces the parallel-semantics program dependence
graph (PS-PDG), an extension of the program dependence graph
(PDG) abstraction that can simultaneously represent parallel
semantics derived from both the developer’s original plan and
the compiler’s own analysis. To demonstrate the power of PS-
PDG, this paper also introduces GINO, an LLVM-based compiler
capable of optimizing parallel execution plans using PS-PDG.
Through exploring, reasoning, and implementing better parallel
execution plans unlocked by PS-PDG, GINO outperforms the
developer’s original parallel execution plan by 46.6% at most,
and by 15% on average over 56 cores across 8 benchmarks from
the NAS benchmark suite.

I. INTRODUCTION

Modern hardware is parallel. Despite decades of research,
many factors still render automatic parallelization of sequential
code impractical. Because of this, developers take advantage
of multicore processors by explicitly writing parallel code. The
community has introduced compiler extensions and libraries
in an attempt to boost the productivity of developers interested
in thread-level parallelism (TLP). OpenMP [34] and Cilk [10]]
shine as the most renowned parallel programming models,
where developers can directly express sections of the code
that can and will run in parallel. In these models, the transfor-
mation into multithreaded code (e.g., via pthreads) is done by
the compiler, which follows developer specifications without
objection. This constrained approach suffers from a major
drawback. A compiler that by contract follows the developer-
encoded parallel execution plarﬂ i.e., which instructions will
run in parallel and how, is severely limited in its ability to tailor
optimizations for a target architecture. For example, loops
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marked for multithreaded execution will execute in that fashion
regardless of the profitability of TLP in the target environment.
In some cases, SIMD execution may be preferable for tight
loops or single-core execution but due to the compilation
constraints that OpenMP follows, each annotated loop must
execute according to the model specified by the developer.
Encouragingly, the same information that lets one reason about
multithreading can be reused to reason about vectorization.
DOALL loops annotated with omp for are candidates for
vectorization since they are marked as having no inter-iteration
dependences by the developer. Dependences between instruc-
tions have in fact been a key abstraction to reason about
parallelization of sequential code, but the long-established
program dependence graph (PDG) was conceived to represent
sequential programs; its limitations become quickly evident
when reasoning about already parallel code. Although patterns
like reductions on scalars can be amenable for parallelization
even when abstracted in the PDG (e.g., by inspecting its
SCCs), in general, the semantics that parallel programs carry
go beyond data or control dependences. For instance, clauses
like firstprivate or lastprivate encode opportuni-
ties that cannot be represented by the sole use of dependences
or lack thereof. Similar limitations led research to develop
parallel IRs, e.g., TAPIR [40], that can capture what will run
in parallel while enabling classic optimizations for sequential
IRs. However, like TAPIR, other existing parallel IRs [38]],
(3701, [42], (1], [20], [32], [20] are not suited for parallel
optimization of parallel code as they encode a single inflexible
execution plan that compilers must respect. In other words,
both the PDG and existing parallel IRs fail to abstract the
semantics of parallel code while allowing optimization of
the parallelism itself.

This paper proposes the Parallel-Semantics Program De-
pendence Graph (PS-PDG) — an abstraction that can simul-
taneously represent parallel semantics derived from both the
developer’s original parallel execution plan and the compiler’s
own analysis. The PS-PDG extends the PDG to allow com-
pilers to access a larger optimization space and restructure
parallelism in a way that makes the best use of the target
architecture. We introduce GINO, an optimizing compiler that



leverages the proposed PS-PDG and is able to craft and lower
a parallel execution plan for both multithreaded and vectorized
execution.

The main contributions of this work are:

o A definition of the PS-PDG: a hierarchical graph that
represents parallel semantics expressed by both the de-
velopers’ knowledge and compiler analyses (§III).

o A detailed analysis of the necessity of each element of
the PS-PDG (§IV).

o An empirical proof of the inadequacy of the PDG as an
abstraction for the optimization of parallel programs (§V).

e An evaluation of GINO - The first LLVM-based op-
timizing compiler that uses the PS-PDG for parallel

optimization (§V).

II. BACKGROUND & MOTIVATION

This section presents an OpenMP program to illustrate
how developers explicitly encode a parallel execution plan
in the source code. We then demonstrate that an alternative,
more efficient plan exists, which cannot be realized within
the existing compilation pipeline. This case motivates the
need for the PS-PDG abstraction, which captures the precise
constraints of a parallel program and enables more effective
parallel optimization.

A. Developers Explicitly Encode Parallelism

Modern shared-memory parallel programming models
(PPMs) allow developers to encode parallelism directly in
their applications to achieve high performance and energy effi-
ciency. A parallel execution plan specifies what to parallelize
(e.g., loops), how to parallelize (e.g., variable privatization
and initialization), and the execution model to use (e.g., tasks,
threads, vectorization). Among PPMs, OpenMP [34] is one of
the most widely adopted: it enables developers to encode a
parallel execution plan in their code using a set of compiler
directives (pragmas in C/C++). For instance, #pragma omp
parallel for distributes loop iterations across multiple
threads. Other pragmas offer greater control over the parallel
execution, such as critical, which indicates that the en-
closed code region is protected and should only be executed
by a single thread at any given time.

Fig. |l| shows the OpenMP source code from the hottest
computation in the IS benchmark of the NAS benchmark
suite [[7], together with its parallel execution plan encoded
using OpenMP pragmas. The entire kernel is enclosed in a
#pragma omp parallel region, which spawns multiple
threads, each executing the enclosed code region in parallel.
Loops @ and @ do not have worksharing pragmas, so each
thread in the parallel region executes the entire loop on its
private copy of array prv_buffl. Loop (2) instead has
its iterations distributed across threads. Finally, loop (4) is
enclosed in a critical section to serialize updates to the
shared array key_buffl and avoid data races.

B. Optimizing Parallel Programs

Let us reconsider the parallel region of IS shown on the
right side in Fig. |l now with a different parallel execution
plan. In this new plan, iterations of loop @ are parallelized
across threads, each operating on a disjoint slice of the shared
array pre_buffl. Before loop (2), each thread privatizes
pre_buffl, creating a local copy. Loop @ is then executed
in parallel as before. Once finished, the private copies are
reduced into the shared array. As a result, loop @ only needs
to run on a single thread, avoiding parallel overhead that the
original plan incurred. Finally, with only one shared copy of
pre_buffl remaining, loop @ can be distributed across
threads without requiring a critical section.

Transforming the original plan into this optimized one
is non-trivial. The compiler must first recognize that
prv_buffl is privatizable through complex dependence
analysis or developer-provided annotations. It must then iden-
tify the updates in loop (2) as reduction operations, and ensure
that aliasing does not occur among the involved array pointers.

C. Existing Optimizing Compilers Do Not Leverage Parallel
Semantics

Unfortunately, existing optimizing compilers for PPMs such
as OpenMP [34] and Cilk [10] cannot realize this transforma-
tion. As illustrated in the left flow in Fig. |2} the compilation
pipeline lowers the developer’s parallel execution plan directly
into runtime calls during the frontend stage. This design
simplifies compiler implementation, given that much of the
sequential optimization can be reused. However, this approach
has a fundamental drawback: the parallel semantics encoded
by the developer are discarded at the compiler frontend and
unrecoverable from the middle end. As a result, valuable
information — such as parallel loops, which have no loop-
carried data dependencies, or variables that can be privatized
along with their initialization information — is lost and cannot
be recovered for optimization [40].

D. Optimizing Compilers Need Powerful Abstraction to Rep-
resent Parallel Semantics

The motivating example proves that compilers need the
capability of optimizing the parallel execution plan expressed
by developers. Today’s compilers [L1], [450], [310, [4], [
successfully use the PDG abstraction, but PDG does not
capture the parallel semantics expressed in the source code.
To overcome this limitation, this paper proposes the PS-PDG,
an abstraction that captures the precise parallel constraints
implied by the developer’s plan. With PS-PDG, compilers
can reason about a space of semantically equivalent parallel
execution plans. The PS-PDG enables the pipeline shown
in the right flow in Fig. [2] The proposed pipeline does not
rigidly follow the encoded parallel execution plan (like today’s
compilers do), and instead enables compilers to select the plan
that best matches the underlying architecture.
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Fig. 1. The key computational kernel from the IS benchmark with the original and a more performant compiler-selected parallel execution plan.

III. PS-PDG DEFINITION

PPMs like OpenMP enable developers to make paralleliza-
tion decisions explicit. A developer can decide where to spawn
threads or tasks to distribute the computation of a loop, and
how to synchronize their execution (i.e., the parallel execution
plan of that program).

Beyond controlling what code can run in parallel and
when it can do so, a parallel execution plan also implies
properties of the code of the original program. For example, a
parallel execution plan described using OpenMP can include
the declaration that iterations of a loop will run in parallel
during their executions. This plan implies the property that
the target loop has no loop-carried dependences between its
iterations. Another example is an OpenMP critical section
in a loop, which implies both the need to enforce the atomic
property of the target code segment and that any order of
invocations of the target segment between loop iterations is
valid. We refer to this implied information as the precise
constraints of a parallel program, which is captured by the
PS-PDG.

The PS-PDG extends the PDG abstraction to capture the
precise parallel constraints of an OpenMP or Cilk program.
Like the PDG, the PS-PDG has nodes to represent computation

TABLE I
COMPLETE PS-PDG DEFINITION

PS-PDG ::= (Node™t, Edge*, Variable*, VariableAccess™)
Node ::= (Instruction | HierarchicalNode, Trait*)
HierarchicalNode ::= (Nodet, Context?)

Trait := (Singuler | Unordered | Atomic, Context)
Edge := DirectedEdge | UndirectedEdge

DirectedEdge := (Nodeproducer» Nodeconsumer, Data-selector?)
UndirectedEdge ::= (Node, Node, Context)

Data-selector ::= (Any-Producer | Last-Producer |

All-Consumers, Context)

Variable ::= (Privatizable | Reducible, Context)
VariableAccess := (Variable, Nodej;s., Nodej ;)
Context = Unique Identifier

and edges to represent dependences within the computation,
it also includes variables to represent data and use/def edges
to represent the relation between data and its computation. As
shown in Table [, a PS-PDG consists of one or more nodes
with zero or more edges, variables and variable accesses. The
rest of this Section describes each extension in detail.

A. Hierarchical Nodes

Explicit parallel programming enables developers to specify
properties of a code region. Often such properties do not hold



Implies . ...ccosesees

Parallelization
Plan

aes
s

.
e
o

Existing Pipeline

Proposed PS-PDG Pipeline

Our OpenMP

Frontend

OpenMP Frontend

By abstracting
underlying semantics,

Dependence

_______ * _______ : Sl > Analysis PS-PDG enables all
: /1R with Runtime Calls® ] A 2 R i - legal parallelization plans.
H H . ) " PSPDG |v...Describes ;
: b : Ly : 75 o O:
9 . ] ! ] oy .
P ] 2 1 i 0 g © o .
AN i / L L Via PS-PDG,
Compiler is not . ," ; v the parallelizer can
aware of other R . | Parallelizer select a better
parallelization 2 Y Selects-, ) ﬁ?fallehzatzon plan.
plans throughout ' Optimized Parallel IR :
the existing pipeline. | OpenMP Backend | i oo ] .,

| OpenMP Backend |

Implements
!/ Parallel Execution
i v v

.
.
.
.
.

A

1
. 1
1
1

Ch

<
€

]
1
1
1
1
1
¥
£
1
1
1
1
1
1

/Parallel Execution®,
1

Yy v y

T 14

Fig. 2. Comparison of the existing pipeline with our proposed PS-PDG pipeline. Our proposed pipeline enables an optimizing compiler to reason and
implement a more performant parallel execution plan. The Parallel IR refers to MLIR’s omp dialect in our implementation.

at finer granularities (e.g., single instruction). For example, an
OpenMP critical section declares that the code region as
a whole has the atomicity property. This atomic property does
not hold at a finer granularity like at the single instruction level
that composes this critical code region. For this reason, the PS-
PDG both adds the ability to have a single node that represents
an entire code region and the ability to express properties at

their node granularity (§III-B).

A node in the PS-PDG represents a non-empty set of in-
structions organizing the code hierarchically, shown in Fig. [3]
For example, all instructions of a critical section in the
PS-PDG is represented by a single node. More generally,
a node N of the PS-PDG is a non-empty set of one or
more instructions or other nodes such that both direct and
indirect self-inclusions are not allowed. Having a single node
representing a set of instructions is needed to capture the
parallel semantics of parallel constructs that target more than
a single instruction.

for(int i=0; i<N; i++) {
{... parallel work ...
#pragma omp critical
{x={...}%
y=x+{...};
z += globalUpdate(y, x); }
{... parallel work ...}

}

WoO~NOUTAWNE

Fig. 3. Capturing properties of a region into hierarchical nodes with traits

B. Node Traits

Some properties expressed in a PPM are traits of a code
region. These traits can be important for the correctness and/or
performance of a parallel application, for instance, atomicity.

A node in the PS-PDG can have various traits. This paper
implemented the three types of traits that are enough for the
target languages OpenMP and Cilk: the atomic, orderless, and
singular traits. An atomic node represents a set of compu-
tations that must be executed atomically during its parallel



execution. An orderless node expresses that different instances
of that node can be executed in any order for a given context.
A singular node represents a set of computations that must
be executed by only a single instance for a given context. An
example of a node traits is shown in Fig. ]

(D Singular
1 (H:D) Unordered
2 for(int i=0; i<N; i++) { @ Atomic
3 { ... parallel work ... }
4 #pragma omp atomic update :
5  shared_array[i%num] += result;
6}
Fig. 4. How traits can be used to capture atomic updates.
C. Context

PPMs allow developers to express semantics attached to a
code region only when executed within the context of another
code region. For example, the code in a single OpenMP
pragma needs to only be executed for one of the iterations of
the innermost parallel loop that contains it. It does not however
specify that code should only be executed by a single iteration
of an outer loop. In other words, the parallel semantics of a
single section is valid only in the context of the innermost
loop that contains it. Because the contexts in which parallel
semantics is valid cannot always be computed, the PS-PDG
can specify contexts and their relation with parallel semantics.

A context in the PS-PDG represents a code region to which
a parallel semantic applies. A context in the PS-PDG is a
labeled hierarchical node, where the label is a unique identifier.
Hence, hierarchical nodes of the PS-PDG that do not have a
label are not contexts. A parallel semantic explicitly lists the
contexts in which it is valid, as shown in Tab. |l For example,
the hierarchical node S of Fig. [5 that captures the single
code section declares its semantics applies only to context A,
which is its target loop.

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

{... parallel work ...}
#pragma omp parallel for
for(int j=0; j<N; j++) {
{... parallel work ...}

#pragma omp single X
{ KD O\
z = updateGlobal(arr[j]);

10 checkpoint(z);

T &)

23 )

13 }

{ €
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Fig. 5. Traits applied to context A captures the region’s semantics.

D. Directed and Undirected Edges

Parallel programming allows the declaration that two code
regions (or two instructions) depend on each other but their
relative execution order is not important. This enables efficient
parallel executions by avoiding unnecessary synchronizations.

PS-PDG includes both directed and undirected dependences
(edges) to capture this semantics (Fig. [6).

A directed edge in a PS-PDG follows the semantics of the
PDG abstraction where the execution of the destination of
that edge must wait for the edge’s source execution. Instead,
an undirected edge expresses a dependence between two
computations (e.g., instructions) that cannot run in parallel,
but any ordering of their execution is allowed.

for(int i=0; i<N; i++) {
{... parallel work ...}
#pragma omp critical (critl)
1ibCall(A, prv_A[iD);
{... parallel work ...}
#pragma omp critical (critl)
1ibCall(B, prv_B[i]);
{... parallel work ...}

}

QWO NOU A WNE

=

Fig. 6. Ordering constraints are captured with directed and undirected edges.

E. Data-Selector Directed Edge

The execution of an application typically includes many
instances of a single static instruction (e.g., multiple execu-
tions of a single static instruction within a loop). There is
always a clear producer-consumer relation between dependent
instructions for sequential programs. For example, consider the
instructions ¢ and j shown in Fig. [7] which has a dependence
from ¢ to j. In this sequential program, the last instance of @
executed before j will generate the data consumed by j (this
is captured by the PDG). However, developers can express
richer semantics when developing a parallel program. For
example, a developer can express that the data generated by
any instance of ¢ can be used by j. This is not expressible in
prior abstractions like the PDG. Hence, the PS-PDG introduces
data-selectors that can be attached to a direct dependence.

A data-selector defines the set of dynamic instances of a
static instruction. A directed edge in the PS-PDG can have up
to two data-selectors: one per static instruction attached to the
edge. A data-selector of the producer of a dependence defines
which dynamic instance(s) of that producer are allowed to
generate the data that will unlock the consumer.

This paper implements only the data-selectors required to
capture the semantics of OpenMP and Cilk, which are the
following:

e Any Producer Selector: The consumer may use

data generated by any instance of the producer.

e Last Producer Selector: The consumer must use

data generated by the last instance of the producer.

e A1l Consumers Selector: All consumers must

use the data generated by the producer.

F. Parallel Semantic Variables

Efficient parallel execution often requires developers to ex-
press knowledge about the program’s variables that go beyond
their reads and writes and their data types. For example,
developers can express that a variable can be privatized in



int sampleValue = 0;
#pragma omp parallel for
for(int k=0; k<N; k++) {
{... parallel work ...}
sample = {...}; // i

% Any

Producer
Last
Producer

: -
O
e ° All
5 %Consumers

Fig. 7. Data-selector directed edges can capture non-trivial data relations.
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moreWork(sample); // j

threads/tasks and all private instances can be merged (reduced)
using application-specific knowledge. This semantics goes
beyond what can be expressed in sequential programming and
therefore beyond what the PDG can capture (as the PDG was
designed for sequential code). To preserve this semantic, the
PS-PDG introduces the concept of variables and their parallel
semantics (how to clone them, their identity value, and how
to reduce them) in its abstraction.

A parallel semantic variable in PS-PDG represents a vari-
able or memory object that can be cloned to create private
copies that a thread or task can independently use and modify.
This extension includes the code to execute to merge pairs
of private copies together. To do so, the variable description
includes the reference to a computational node of the PS-PDG
that represents a function. This function takes two copies of
a variable and it updates the first one with the result of the
merge. This merging operation is what compilers can use to
reduce all private copies of a variable into a single one. An
example of parallel semantic variable is shown in Fig. [§]

Parallel semantic variables are accessed by computation
(e.g., an instruction). Because such variables can be stored in
memory, their accesses are not captured by the conventional
use-def chains [3]]. To preserve this relation, the PS-PDG adds
the Use/Def edges from a variable to PS-PDG nodes to encode
the semantics that a target node uses and/or defines the variable
at the source of that edge.

1 double total = 0.0, scratch = 0.0; *
2 #pragma omp parallel for \\
reduction(+:total) \\
private(scratch)
for(int i=0; i<N; i++) {
scratch = work(i);
{... parallel work ...}
total += scratch + {...};

}

.» "scratch"

Privatizable

"total" [A]
\ Reducible

'\ |Combiner|Init. Val
(9}

Ooo~NOUVT AW

Identity!
8

Fig. 8. Capturing developer knowledge about data through privatizable and
reducible parallel semantic variables.

IV. THE NECESSITY OF PS-PDG COMPONENTS

This section demonstrates that each feature of the PS-
PDG is necessary to capture the semantics expressible using
the OpenMP programming model. The same result can be
obtained similarly for Cilk (not included for space constraints).
Each extension is proved to be necessary by removing it
from the proposed abstraction and showing that two parallel
programs with two different parallel execution plans and

semantics are now translated to the same PS-PDG when the
extension under evaluation is not available. Additionally, this
section provides an example that shows how each feature
enables an important optimization. Overall, this section shows
the value of each PS-PDG extension.

A. Hierarchical Nodes and Undirected Edges

To understand the value of Hierarchical Nodes (HN) and
Undirected Edges (UE), consider the two semantically dif-
ferent programs shown in Fig. [O}A. The program on the left
requires avoiding overlapping dynamic instances of the critical
section but puts no restriction on their order. In contrast, the
program on the right requires each dynamic instance of its
critical section to be executed in loop-iteration order. The
program on the left executes significantly faster than the one
on the right because it does not require synchronizations to
enforce this additional constraint. A compiler seeking the best
parallel execution plan for each program in this way must
know whether or not this extra degree of freedom (orderless)
exists. In the PS-PDG, the undirected edge and hierarchical
node features combined remove the ordering constraint while
ensuring that dynamic instances of the connected nodes do
not overlap. When this feature is removed, this semantic
information is lost. Fig. [0fA demonstrates this by showing
how these two programs map to the same PS-PDG lacking
these features (“PS-PDG w/o HN and UE”). Furthermore, this
orderless semantics cannot be represented by the “PS-PDG
w/o HN and UE” because the orderless semantics does not
hold at the single instruction granularity.

B. Node Traits

A node in the PS-PDG can hold various traits expressed in a
parallel programming language. These traits can be important
for the correctness and performance of the parallel application.
To understand the value of Node Traits (NT), consider the
two semantically different programs shown in Fig. [O}B. The
program on the left requires the singular execution of the
print statement, allowing for quick and simple output from
the parallel application. In contrast, the program on the right
does not include a single annotation for its print statement,
meaning multiple calls to printf. To maintain correctness,
then the compiler must understand how the printf fits into
the parallel execution plan. Unfortunately, this is not possible
when using the PS-PDG without Node Traits (“PS-PDG w/o
NT”). Fig. O}B demonstrates this by showing how these two
programs map to the same “PS-PDG w/o NT”. In the “PS-
PDG w/o NT”, the single execution semantic is lost. Further,
the single execution trait cannot be determined by compiler
analysis from any other aspect of the “PS-PDG w/o NT”.

C. Contexts

To understand the value of Contexts (C), consider the two
programs shown in Fig.[O}C. The program on the left executes
the first call to worker in parallel while the program on the
right executes it sequentially. By leveraging the parallelism
in the hardware, the left program executes significantly faster
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1 #pragma omp parallel for e 1 #pragma omp parallel for

2 for(int i=0; i<N; i++) { The Two 2 for(int i=0; i<N; i++) {

3 {... parallel work ...} P(OQfa”!S are o 3 {... parallel work ...}

4 #pragma omp critical { :Indistinguishable 4 #pragma omp ordered {

5 1ibCall(A, prv_A[i]);: without the PS- e 5 1ibCall(A, prv_A[i]);

6 x = A[0]; PDG feature. 6 x = A[0];

7 A[1] = func(x); - PP ° «ti-7 A[1] = func(x); --

8 8 }

9 ) 9 {... parallel work ...}
RN P

PS-PDG w/o NT

i1 #pragma omp parallel for ;
i2 for(int i=0; i<N; i++) {
i3 {... parallel work .
{4 #pragma omp single
i5
.

31 #pragma omp parallel for
{2 for(int i=0; i<N; i++) {
i {... parallel work ..

printf(...); printf(...);

void worker(int* a, int n) {
if (n == @) { return; }
#pragma omp for
for(int i=0; i<n; i++)

void worker(int* a, int n) { 1

2

3

4

5 *liDd = {...}
6}

7

8

if (n == @) { return; }

#pragma omp for

for(int i=0; i<n; i++) .. e @
}

*hid = {...}

void funcCint a*) { 8 void func(int a*) {
#pragma omp parallel
{

worker(a, n); worker(a, n);
mergeData(a, n);
worker(a, n);

mergeData(a, n);
worker(a, n);

1 1int value; : i1 int value;

2 #pragma omp parallel for : i 2 #pragma omp parallel for \
3 . i3 lastprivate(value)
4 for(int i=0; i<N; i++) { | i 4 for(int i=0; i<N; i++) {

5 int v; ; 5 int v;

6 {... parallel work .. {6 {...parallel work ...} @
7 v=1{..%} P70 ov={...}

. 8 // Collect any value _ .8 // Collect last value

9 value = v; 9  value = v;
10 } 110

D. Data-Selector Directed Edge™" .

PS-PDG w/o PSV

void combine(point *a, point *b) { void combine(point *a, point *b) {
if (a->x > b->Xx) a->x = b->x; if (a->x > b->x) a->x = b->x;
if (a->y > b->y) a->y = b->y; if (a->y > b->y) a->y = b->y;

if (sqrt(pow(a->x,2),
pow(a->y,2))
< sqrt(pow(b->x,2),
pow(b-y,2)))
a->force = b->force;

if (sqrt(pow(a->x,2),
pow(a->y,2))

< sqrt(pow(b->x,2),
pow(b-y,2)))

a->force = b->force;

}

#pragma omp declare \
reduction(cb: point: \
combine(&omp_out, &omp_in)) \
initializer(omp_priv={0, @, 03})

void work(struct point* points) {
struct point pt = {...};
#pragma omp parallel for \
reduction(cb:pt)

void work(struct point* points) {
struct point pt = {...};
#pragma omp parallel for

v :

for(int i=0; i<N; i++) { for(int i=0; i<N; i++) {
uprl {... parallel work ...} {... parallel work ...}
: pt->x = {...}; pt>y = {...}; pt->x = {...}; pt->y = {...};
Reducible #pragma omp ordered
Combiner |Initial Val | Identit i i i . ; i i .
cgﬁ;:g ?3;@: (;8$§ gi combine(&pt, &points[i%3]); , combine(&pt, &points[i%3]);
25} e

E. Parallel Semantic Variable and Use/Def Relation

Fig. 9. Each feature of the PS-PDG is necessary since the removal of any PS-PDG feature would result in a loss of information. Without the given feature,
the resulting abstraction is indistinguishable for the faster code (left) and the slower code (right). For readability, we present the program in C. In our
implementation, the PS-PDG is built from the MLIR omp dialect.



than the program on the right. To generate the best parallel
execution plan for the first worker call, the compiler needs
to know in which context(s) the independent loop iteration
semantic holds. PS-PDG Contexts represent the contexts in
which code region parallel semantics hold. Without PS-PDG
Contexts, the two programs map to the same “PS-PDG w/o C”.
Using only the “PS-PDG w/o C” in this example, the compiler
cannot know when the loop iterations are independent of each
other and must assume they are not.

D. Data-Selector Directed Edge

Data selectors can be added to the directed edges of the
PS-PDG abstraction. Data selectors define which dynamic
instance (or instances) of the source node can generate the
data that the destination node needs. To understand the value
of Data-Selector Directed Edge (DSDE), consider the two
parallel programs shown in Fig. O}D. Their semantics are
different. The program on the right enforces that the value
of the live-out variable value that can propagate outside the
loop has to be the one generated during the last iteration
of that loop. The program on the left of Fig. [O}D allows
the propagation of the value generated by any loop iteration,
which adds an extra degree of freedom. With this freedom,
a consumer of the live-out variable can start before the
end of the loop execution, allowing for more overlapping
computation. Unfortunately, a PS-PDG without Data-Selector
Directed Edges (“PS-PDG w/o DSDE”) cannot distinguish
these cases. This can be seen as both programs in Fig. [O}D
map to the same “PS-PDG w/o DSDE”. Thus, for correctness,
the parallel execution plan generated from the “PS-PDG w/o
DSDE” must enforce a stricter semantics of the program, the
slower program on the right. Note that the DSDE semantics
cannot be inferred by a code analysis on the “PS-PDG w/o
DSDE”.

E. Parallel Semantic Variable and Use/Def Relation

The PS-PDG includes Parallel Semantic Variables and
Use/Def Relations (PSV) to represent a variable or object
upon which the developer has encoded parallel semantics (e.g.,
how to reduce an object between tasks). These variables are
connected to their computation (reads and writes) through
Use/Def edges from parallel variables to nodes in the PS-PDG.
Consider the two parallel programs shown in Fig. O}E. The
program on the left runs all iterations of the loop in parallel
without any synchronization between them. Each thread oper-
ates on a private copy of the struct pt, then all private copies
are reduced into a single one to be propagated to the code
after the loop. This reduction is performed using application-
specific knowledge. In contrast, the program on the right of
Fig. OE has a single copy of the struct pt shared among all
iterations of a loop. Accesses (reads and writes) of this array
are synchronized using an ordered section. The program on
the left executes significantly faster than the one on the right
because it does not require any synchronization between the
loop iterations running in parallel. A compiler that needs to
decide the parallel execution plan to apply to the program on

the left of Fig. O}E needs to be aware of the ability to privatize
and reduce the struct pt to generate the best parallel execution
plan. Unfortunately, this is not possible when using a PS-PDG
without Parallel Semantic Variables (“PS-PDG w/o PSV”).
This becomes clear by observing that both programs in Fig. [0}
E map to the same “PS-PDG w/o PSV”. This means that the
parallel execution plan generated from the “PS-PDG w/o PSV”
must enforce the stricter semantics of the program on the right
of Fig. O}E where all array accesses are ordered. Furthermore,
notice that the lost application-specific knowledge about the
reduction of the struct pt cannot be inferred from the “PS-
PDG w/o PSV”.

V. EVALUATION

This section evaluates GINO, the first optimizing compiler
that leverages PS-PDG for parallel optimization. After de-
scribing GINO’s compilation pipeline, parallel execution plan
selection mechanism, as well as the experimental settings,
we measure GINO’s ability to improve performance when
it automatically selects and implements a parallel execution
plan better than the one specified by the developer, achieving
an average +15% speedup. Next, we compare GINO against
OpenMP when both use the same developer-encoded plan,
showing performance parity with the state-of-the-art compiler
infrastructure. Finally, we contrast GINO with a state-of-the-
art PDG-based optimizing compiler, and demonstrate that the
PDG alone is limited in expressiveness: even after supplying
parallel semantics, it fails to match the PS-PDG’s performance.

A. GINO Pipeline and Implementation

GINO takes OpenMP C/C++ source code as input and
produces parallel binaries that implement an optimized parallel
execution plan selected using the PS-PDG abstraction.

a) Implementation: GINO is built by extending
NOELLE [31], a PDG-based compilation framework that
augments LLVM with dependence-oriented abstractions
and advanced alias analysis. In this work, we modified
NOELLE in the following two ways. 1) To construct PS-
PDG, we extended NOELLE’s PDG abstraction to capture
and represent parallel semantics described in 2) We
extended NOELLE to accept MLIR’s omp [2] dialect as
input (generated using Clang), which preserves explicit
parallel semantics. This extended framework is referred to
as NOELLE-PSPDG. The original NOELLE authors built
an automatic parallelizer (referred to as NOELLE-par) on
top of NOELLE, which parallelizes the code by selecting
the best parallelization transformation among DOALL [17],
HELIX [[L1]], and DSWP [45] on a per-hot-loop basis, solely
relying on the PDG. We extended NOELLE-par to operate
on PS-PDG and implemented a heuristic-based plan selection
mechanism. The above system overall is called GINO. After
a plan is selected, GINO lowers it to LLVM IR and relies on
the off-the-shelf Clang backend for code generation.

b) PS-PDG construction: The construction algorithm
initially allocates a PS-PDG node per loop and uses



NOELLE’s Forest abstraction [31] to organize them hierar-
chically per function. Then, for every omp operation (e.g.,
omp.parallel, omp.wsloop, omp.critical), we cre-
ate a corresponding PS-PDG node. These nodes are nested
within each other, respecting their region nesting relations.
For each top-level node, we perform a data dependence
analysis using both MLIR’s AliasAnalysis [26] and Memory-
Effects [29] interface. Nodes created from omp.wsloop op-
erations don’t need loop-carried dependences to be computed
since the OpenMP worksharing semantics imply their absence.
For all other constructs, memory dependences are computed.
Critical sections (omp.critical) are conservatively mod-
eled by inserting undirected dependence edges among all
operations participating in the region, ensuring serialized ex-
ecution. Directed edges are node-node pairs and are added
between node A and B iff there exists at least one dependence
(i4, ip) following the definition in PDG, where ¢4 (resp. ip)
is an operation contained in the region described by A (resp.
B). Finally, dependence edges among omp . critical nodes
within the same loop tree are marked as undirected. Register
(def-use) dependences are not explicitly reconstructed, as they
are already represented by MLIR’s SSA form [28] and thus im-
plicitly available to the PS-PDG. Parallel-semantics attributes
such as private, firstprivate, and reduction are
extracted directly from the argument list of the omp operations.
For each such variable, we create a PSV instance and annotate
it with its corresponding attribute kind, allowing the PS-PDG
to precisely model the effects of privatization and reductions.

c) Parallel execution plan selection: We implemented a
plan selection heuristic guided profile information. Specifi-
cally, loops contributing less than 1.2% of the total runtime are
vectorized to avoid thread-management overhead, while loops
above this threshold are both multithreaded and vectorized.
If GINO detects a single core at compile time, it applies
vectorization only.

B. Experimental Settings

We evaluated GINO against NOELLE-par, OpenCilk-
2.0 [39]], an optimizing compiler for parallel programs backed
by TAPIR [40], and OpenMP. All systems use LLVM 14 as
the underlying compilation infrastructure. This ensures a fair
comparison since all compilers share most of the infrastructure
and optimizations. Both OpenCilk and OpenMP binaries are
generated using Clang. All benchmarks are compiled using
—-03 -march=native.

a) Benchmarks: We evaluated GINO over all 8 bench-
marks from the NPB 3.0-OMP C [33]] version of the NAS
[7] benchmark suite. We used input size B for benchmarks
BT and FT due to gigabyte-size static variables and C for all
others.

To evaluate OpenCilk, we ported all 8 NAS bench-
marks by refactoring their parallel code regions by re-
placing each #pragma omp parallel for loop with
cilk_for construct. OpenMP critical sections were rewrit-
ten using cilk::mutex, and scalar reductions were ex-
pressed using OpenCilk reducers. We restructured OpenMP
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Fig. 10. The speedup on 56 cores with GINO following the developers’
original parallel execution plans versus GINO’s PS-PDG-improved parallel
execution plan over 8 NAS benchmarks.

data attributes such as private and firstprivate to
explicitly allocate all per-worker private data (and memcpy
initialization where necessary) before entering the parallel
region. Each thread-private object inside a parallel code region
is accessed via a per-worker array indexed by the worker ID re-
turned by __cilkrts_get_worker_number () runtime
call. These changes preserve the original program semantics
while enabling execution under Cilk’s work-stealing [13]]
model.

b) Platform: All of our results are run and reported using
an instance that runs Linux kernel 4.18.0 equipped with two
Intel Xeon Gold 6258R processors featuring a total of 56 cores
(28 per socket) running at 2.7 GHz, with 32K L1i, 32K L1d,
1024K L2, and 39424K L3 cache. Both hyperthreading and
turbo-boost are disabled throughout the evaluation. We report
the median result over 30 runs.

C. GINO Outperforms Developers’ Parallel Execution Plans

GINO selects and implements better parallel execution
plans that differ from those manually encoded by developers,
and consistently delivers higher performance. Fig. [I0] reports
the speedups over sequential for parallel binaries with the
original and improved parallel execution plans running on 56
cores. The speedup (on average) increases from 6.8 to 7.8x
(+15%) over sequential baselines after delegating the choice of
parallel execution plans to GINO. This demonstrates GINO’s
ability to generate optimized parallel binaries that leverage
both the compiler’s analysis and the parallel semantics ex-
pressed by developers.

a) GINO implements more performant parallel execution
plans: GINO improves EP (+17.2%) and IS (+13.2%),
by implementing more efficient parallel execution plans. As
illustrated in the motivating example (§II), both benchmarks
originally implement array reduction by privatizing and initial-
izing a local copy of the array. The reduction is then protected
by an OpenMP critical section, ensuring that each thread
serializes updates to the global array.
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GINO recognizes this reduction pattern and chooses a more
scalable implementation. Specifically, it allocates a contiguous
block of stack memory, partitioned such that each thread
owns a cacheline-aligned privatized array. Initialization of the
privatized array is vectorized using memset instead of a scalar
loop. The final reduction is performed by the main thread by
aggregating results directly from each thread’s local copy.

This plan improves performance in two key ways. 1) It
eliminates the runtime overhead of lock/unlock operations
protecting the critical region, avoiding contention and
thread spinning. 2) It reduces cache coherence traffic: in the
original plan, each update to the global array triggers cache
invalidations between cores, whereas GINO’s plan isolates
updates to thread-local arrays and performs a single, cache-
friendly aggregation step. The benefits become pronounced
when the reduction array becomes large (e.g., 2048 integers
for IS) and the program runs at scale (56 cores).

b) GINO vectorizes the code automatically when appro-
priate: GINO gains additional speedup on top of developers’
parallel execution plans for FT (+44.1%), BT (+16.6%), and
CG (+16.5%) by automatically vectorizing hot loops that are
already parallelized. GINO treats parallelization and vectoriza-
tion as distinct execution plans enabled by the same parallel
semantics. Loops marked as DOALL parallel are identified
as safe for vectorization since they contain no loop-carried
dependences. For such loops, GINO inserts vectorization
metadata in the LLVM IR and leverages LLVM’s automatic
vectorization pass [27)]. To improve vectorization efficiency,
GINO restructures candidate loops by introducing an inner
loop with a fixed step size, determined at compile time from
the available SIMD flags (e.g., AVX2, AVX-512) and operand
data types. This approach frees developers from the burden of
selecting an architecture-specific vector width, which is often
error-prone and non-portable.

GINO also applies vectorization to loops where thread-level
parallelization is not profitable. MG (+24.6%) benefits signif-
icantly from this strategy: the original plan parallelizes many
small loops that are invoked repeatedly, incurring substantial
overhead. GINO replaces them with vector execution, reducing
overhead and improving performance.

¢) GINO outperforms OpenCilk: GINO achieves higher
performance than OpenCilk (+37%) overall, and performs
better (+20%) than OpenCilk even when GINO respects the
developer-encoded parallel execution plan. The performance
difference stems from the fundamentally different execution
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Fig. 12. The speedup on 56 cores with the developers’ original parallel
execution plans with GINO versus clang OpenMP over 8 NAS benchmarks.

models used by the two systems. GINO uses the OpenMP
runtime for scheduling parallel loops, which uses large, stat-
ically assigned chunks and preserves per-thread data locality,
which is well-suited to regular loop nests for NAS bench-
marks. In contrast, OpenCilk relies on a divide-and-conquer
work-stealing scheduler, which recursively subdivides iteration
spaces and creates finer-grained tasks that introduce stealing
overhead and reduce per-thread data locality. These effects
become detrimental for regular loops such as those in BT and
SP, where static scheduling delivers better performance.
Despite providing strong support for enabling sequential
optimizations in parallel programs from TAPIR [40]], OpenCilk
shares the same limitation with OpenMP compilers that it
does not explore or substitute semantically equivalent parallel
execution plans, which can be realized using GINO.

d) GINO generates parallel binaries that adapt to the
runtime environment: The best parallel execution plan depends
on the runtime environment, for instance, the number of
available cores. With fewer cores, thread-level parallelism
introduces no performance but purely parallel overhead [44]],
making vectorization a more effective strategy. Fig. [T1] illus-
trates this point by running the BT benchmark on a single core,
compiled with OpenMP and GINO, separately. The OpenMP
implementation simply lowers the developer’s plan and yields
no benefit over the sequential baseline. In contrast, GINO
detects the runtime configuration and implements vectorization
and achieves a 59% performance improvement. This example
demonstrates that the best parallel execution plan depends
on the target environment, and PS-PDG enables compilers to
generate binaries that adapt accordingly.

D. GINO Delivers On-Par Performance to OpenMP.

Fig. [I2] compares GINO and OpenMP when both exe-
cute the developers’ original parallel execution plans. GINO
achieves comparable or superior performance compared
to the state-of-the-art OpenMP implementation.

GINO achieves higher speedup in CG (+17%), where
GINO-generated loop tasks get auto-vectorized by LLVM and
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Fig. 13. Comparing GINO with two versions of NOELLE, one relies on the
PDG generated from traditional dependence analysis, the other relies on the
PDG improved with work-sharing pragmas.

outperform OpenMP. This optimization would require devel-
opers to explicitly specify simd pragmas and vectorization
width hints in the OpenMP code.

GINO performs worse on FT (-35.8%), because Clang’s
OpenMP frontend benefits from specialized knowledge of
OpenMP runtime APIs, enabling high-level optimizations such
as parallel-region merging [25]. Those optimizations are cur-
rently unavailable in GINO.

E. The PS-PDG Serves as A Practical Abstraction for Parallel
Optimization.

For decades, compilers have relied on the PDG for auto-
matic parallelization and optimizations. Our results show that
the PDG is insufficient for modern parallel optimization. The
first and third bar of Fig. [I3] compares the speedup of bina-
ries generated by GINO (PS-PDG) and NOELLE-par (PDG)
running on 56 cores. On average, GINO achieves a 7.8x
speedup, and consistently outperforms NOELLE-par across
all benchmarks. One might think that this gap exists because
of the alias analysis imprecision. Fig. [[3]shows this hypothesis
is false; We extended NOELLE to use the worksharing prag-
mas such as omp for to remove all spurious loop-carried
dependences of the corresponding loops (as explored by prior
work [46]). This is possible thanks to the OpenMP semantics,
guaranteeing that each loop of this kind is DOALL. While this
reduces the conservatism of the PDG, its performance still lags
far behind GINO. The reason is that the PDG cannot capture
the parallel semantics of private, firstprivate, and
lastprivate. Without these, PDG-based compilers can fail
to detect array reductions, allocate thread-private memory and
initialize private copies. These results demonstrate that the
PS-PDG is strictly more expressive than the PDG. By
unifying compiler analyses and parallel semantics expressed
by developers, the PS-PDG enables optimizations that the
PDG alone cannot express or safely apply.

VI. RELATED WORK

Previous work [37]], [38], [42] proposed graph represen-
tations of the explicit parallelism encoded in a program to
help developers understand their parallelization. These repre-
sentations directly capture the parallel control flow encoded
in the parallel program, in contrast, the PS-PDG captures the
precise constraints of the parallel program decoupled from
the encoded parallel execution plan. Other prior work [40],
[, 1201, [32]], [19] lowered the explicit parallelism into the
IR of the compiler, introducing a new IR where the parallel
execution plan can be encoded explicitly. Some prior work [[18]]
analyzed parallel IRs that capture simple fork-join models to
remove dependences from the PDG generated by compiler
analyses (to unblock vectorization), but they do not handle
semantics beyond simple fork-join. Finally, HPVM [22] is
designed specifically for heterogeneous hardware to enable
optimizations while still maintaining performance portability.
The PS-PDG is orthogonal to HPVM as it does not target
heterogeneous hardware via a hierarchical dataflow graph or
enable optimizations on the graph.

The Galois System [23] and the Kinetic Dependence
Graph [16] targeted implicit parallelism in imperative lan-
guages. These approaches focus on irregular programs exploit-
ing amorphous data-parallelism to improve performance by
dynamically modifying computation task graphs at runtime.

Many functional programming languages represent paral-
lelism either implicitly or explicitly through annotations or
parallel constructs in the language itself (e.g., map) [8], [12],
[471, [15], (6], (9], 1241, 1301, [35], [141], [36], [41], [21]. These
works directly translated the parallelism into a single or a few
predetermined parallel execution plans (usually based on task
or fork-join parallelism), where the runtime system is left with
few decisions to make (e.g., number of threads).

VII. CONCLUSION

This paper introduces PS-PDG, a novel abstraction that
unifies compiler analyses with developer-expressed parallel se-
mantics. Our PS-PDG-empowered optimizing compiler GINO
enables powerful parallel execution plan optimization going
beyond those manually encoded by developers. Compared to
a state-of-the-art PDG-based optimizing compiler, PS-PDG
consistently delivers improved performance, demonstrating
that PDG alone is limited for parallel optimization. Together,
these results establish PS-PDG as a practical and effective
abstraction for future optimizing compilers.

ACKNOWLEDGEMENTS & DATA STATEMENT

We thank members of the ARCANA Lab for their support
and feedback on this work. We also thank the anonymous
reviewers for their insightful comments and feedback, which
made this work stronger. This effort is based upon work sup-
ported by the National Science Foundation under Grants NSF-
2119069, NSF-2148177, NSF-2107042, and NSF-2107257.
Additional data related to this publication may be found in
the repository at 10.5281/zenodo.17633089 [43].



APPENDIX
A. Abstract

Our artifact includes the source files for the GINO compiler,
as described in the paper. This artifact also includes the source
code for all benchmarks evaluated in the paper. Furthermore,
it includes an automated workflow to set up and run all exper-
iments after building/running the Docker image/container. The
output of this artifact generates all evaluation figures included
in the paper, plus the raw results needed to generate the figures.
The artifact also provides a README file detailing the steps
to follow to reproduce the evaluation results.

B. Artifact check-list (meta-information)

o Algorithm: GINO Compiler.

o Program: NAS benchmark suite.

o Compilation: LLVM 14.0.6. The Dockerfile handles the
installation of this dependency.

« Transformations: None.

o Data set: Class B for BT and FT, the rest of the NAS

benchmarks use class C.

Run-time environment: Linux

Hardware: Intel x86_64 CPU

Metrics: Benchmark execution time

Output: All experimental results and evaluation figures from

Figure 10 to Figure 13. The artifact also includes results and

figures from various systems.

o Experiments: Setting up the artifact and running experi-
ments both use an automated workflow.

o How much disk space required (approximately)?: 10 GB

« How much time is needed to prepare workflow (approxi-
mately)?: 20 minutes

« How much time is needed to complete experiments (approx-
imately)?: 30 hours (using the default configuration

o Publicly available?: Yes

o Code licenses (if publicly available)?: MIT License

o Workflow framework used?: Docker, Unix Makefiles, and
Bash

o Archived?: https://doi.org/10.5281/zenodo.17633089

C. Description

1) How to access: The artifact can be accessed and
downloaded from Zenodo, at https://doi.org/10.5281/zenodo.
17633089.

2) Hardware dependencies: 32+ physical cores x86_64
CPU and 16+ GB RAM. This artifact has been tested on Intel
processors, including Intel Xeon Gold 6258R and Silver 4116.

3) Software dependencies: Running the artifact requires
LLVM 14.0.6, GLLVM and OpenCilk-2.0. The dependency
is handled when building with the Docker image. This artifact
has been tested on Docker 27.5.1.

4) Data sets: The NAS benchmark source code is included
in this artifact. Benchmark BT and FT use input size B ,and
the rest of the benchmarks use class C.

D. Installation

Please run the artifact inside a Docker container. A Docker-
file is provided to handle the installation of all dependencies.
First, please download and extract the artifact. Then, from
within the artifact, run the following commands:

docker build -t cgo26ae

docker run —--privileged -it cgo26ae

cd pspdg-cgo26-artifact && make setup
To verify the artifact is set up correctly, run the following
command:

make test
If you see the text “The artifact sets up correctly, and all tests
passed!”, then the installation phase is complete.

E. Experiment workflow

The artifact includes a fully automatic workflow to generate
all experimental results included in the paper. The workflow
runs GINO to compile all benchmarks evaluated in the paper.
Then, the generated binaries are invoked to generate the
raw results (e.g., the execution times of multiple runs of a
benchmark). Then, these raw results are used to generate the
figures included in the paper.

F. Evaluation and expected results

After installing the artifact and passing all tests, please run

make
The plots/current_machine directory will be popu-
lated with the figures as the output of the experiment workflow.
The raw results used to feed all figures can be found under
results/current_machine directory.

Figure 10 (figl0.pdf) plots the speedup of 8 NAS
benchmarks between OpenCilk, developer’s original parallel
execution plan and the GINO-improved execution plan.

Figure 11 (figll.pdf) plots the speedup of the parallel
binary of benchmark BT running on a single core between
OpenMP and GINO.

Figure 12 (figl2.pdf) plots the performance between
GINO’s original parallel execution plan and OpenMP.

Figure 13 (figl3.pdf) plots the speedup of 8 NAS
benchmarks between compilation NOELLE and GINO.

G. Experiment customization

The artifact can be configured during the setup stage. The

configurable options are as follows:

o number of runs: specifies how many times to run the
experiment per benchmark. The default value is 5.

o number of workers: specifies the number of threads to
use when the generated binaries are evaluated on multiple
cores. The default value is the number of physical cores
detected on the underlying machine.

H. Notes

We assume you have an internet connection during the setup
stage of this artifact to download all necessary repositories
and external libraries. For more details on the running Docker
commands and , please reference the README file.

1. Methodology

Submission, reviewing and badging methodology:

o https://www.acm.org/publications/policies/
artifact-review-badging

o http://cTuning.org/ae/submission-20201122.html

o http://cTuning.org/ae/reviewing-20201122.html
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