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ABSTRACT

Achieving efficient task parallelism on many-core architectures is an important challenge.

The widely used GNU OpenMP implementation of the popular OpenMP parallel program-

ming model incurs high overhead for fine-grained, short-running tasks due to time spent on

runtime synchronization. In this work, we introduce and analyze three key advances that

collectively achieve significant performance gains. First, we introduce XQueue, a lock-less

concurrent queue implementation to replace GNU’s priority task queue and remove the global

task lock. Second, we develop a scalable, efficient, and hybrid lock-free/lock-less distributed

tree barrier to address the high hardware synchronization overhead from GNU’s central-

ized barrier. Third, we develop two lock-less and NUMA-aware load balancing strategies.

We evaluate our implementation using Barcelona OpenMP Task Suite (BOTS) benchmarks.

Results from the first and second advances demonstrate up to 1522.8× performance im-

provement compared to the original GNU OpenMP. Further improvements from lock-less

load balancing show up to 4× improvement compared to GNU OpenMP using XQueue.

Through a rich set of profiling and instrumentation tools, we are able to investigate the

runtime behavior of GNU OpenMP and improve its performance on fine-grained tasks by

many orders of magnitude.
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CHAPTER 1

INTRODUCTION

The emergence of many-core computing systems with concurrency levels from hundreds

on CPUs to thousands on GPUs has motivated the adoption of Non-Uniform Memory Access

(NUMA) architectures, which offer asymmetric access to cache and memory banks. Program-

ming these systems using a shared memory programming model requires efficiently mapping

threads to cores, which becomes increasingly challenging as the number of cores grows and

task runtimes decrease. We focus here on addressing two significant challenges: first, over-

heads associated with use of hardware primitives to synchronize shared memory accesses

across many cores and threads of execution; and second, that shared memory programming

models are not NUMA-aware.

In the task parallel programming model, computation is broken down into inter-dependent

tasks that can be executed concurrently on various cores while respecting data dependencies.

Various parallel languages and libraries support this model, such as OpenMP [1], Cilk [2],

and Unified Parallel C (UPC) [3]. We focus on OpenMP, a task-centric model in which

higher-level parallel constructs such as loops are translated into fine-granularity tasks with

dependencies, which the runtime must dynamically schedule to available resources. When a

task is enabled by some thread, it is conceptually queued for execution by a future available

thread. Unfortunately, OpenMP implementations and their tasking data structures often

scale poorly because of excessive use of expensive synchronization operations such as locks

to resolve dependencies [4, 5, 6, 7].

Two approaches to avoiding the performance degradation associated with locks are lock-

free programming, which typically rely on atomic hardware operations such as compare-

and-swap to synchronize without locks, and lock-less programming, which relies on methods

for safely manipulating shared data without using locks. We focus here on lock-less pro-

gramming in which no atomic primitive is used. Prior work has proposed the use of a
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lock-less, concurrent, multi-producer multi-consumer (MPMC) task queue, called XQueue,

in the LLVM-based OpenMP (LOMP) [4]. That work showed significant performance im-

provements, often delivering 4–6× speedup, compared to native LLVM OpenMP by reducing

the time spent on synchronization operations.

In this paper, we focus on GNU OpenMP (GOMP)—the most common OpenMP imple-

mentation that is a part of the mainstream compiler infrastructure GNU Compiler Collection

(GCC). We specifically address the unscalable, heavily entangled implementation of GNU

OpenMP for fine-grain tasks, overcoming restrictive synchronization such as the excessive

use of locks. We then propose, implement, and evaluate lock-less NUMA-aware, dynamic

load balancing (DLB) algorithms. The main contributions of this work are as follows:

1. We integrate XQueue, a lock-less, relaxed order MPMC task queue, with GOMP,

replacing GNU’s unscalable priority task queue and its global task lock. Our bench-

mark results show that XQueue-enhanced GNU OpenMP (XGOMP) achieves up to

96.5× performance improvement (for an NQueens application) compared to the origi-

nal GOMP.

2. We propose a new hybrid lock-free (gathering)/lock-less (releasing) distributed tree

barrier that yields a theoretical lower bound of half the atomic memory access op-

erations than GNU’s existing barrier which relies on a globally shared atomic task

counter. Our approach differs from prior work in LOMP/XLOMP that use LLVM’s

default lock-free (not lock-less) barrier.

We show that this optimization elevates the performance by up to 15.8× (NQueens)

compared to XGOMP, and up to 1522.8× (NQueens) compared to GOMP.

3. To the best of our knowledge, we propose the first lock-less, NUMA-aware dynamic load

balancing algorithms for OpenMP tasking. Our approach significantly mitigates load

imbalance for both fine-grained and coarse-grained parallelism and achieves significant
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performance improvements over all previous work. Our approach differs from prior

work in XLOMP that relies on a static load balancing (SLB) approach. We also present

a comprehensive study of configuration parameters that shows that all benchmarks

considered achieve better performance compared to XGOMPTB.

4. We design and implement new software profiling tools for GNU to study and optimize

how hardware, application, and OpenMP characteristics influence tasking performance

that improve on mainstream profiling tools such as Intel VTune and Scalasca. We use

these tools to collect statistics such as time spent on task creation, task queue opera-

tions, task execution, and per-thread task locality, providing a deeper understanding

of performance behavior. We learn that data and task locality plays a critical role in

affecting application performance.

5. We present guidelines for practitioners based on studies of our lock-less DLB strategies.

We explore the relationship between task size, steal size, and performance, and analyze

memory and cache behavior.

The rest of this paper is organized as follows. chapter 2 introduces the motivation and

background of this work. chapter 3 describes our integration of XQueue in GNU OpenMP

and the design of our distributed tree barrier. chapter 4 describes our lock-less dynamic

load balancing strategies. chapter 5 outlines how we instrument our code to measure per-

formance. chapter 6 presents a performance evaluation of our work. chapter 7 presents a

real-world application that benefits our work. chapter 8 discusses how people should tune

our DLB for optimal performance. chapter 9 reviews related work. chapter 10 summarize

our contributions.
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CHAPTER 2

MOTIVATION AND BACKGROUND

The open source GCC is the official compiler for GNU and Linux systems. For OpenMP

programs, GCC compiles and links programs with libgomp (GOMP), which implements

OpenMP standards but with GNU-specific customizations. LLVM also has an implemen-

tation of OpenMP and uses its own compiler, Clang, primarily designed for performance.

The performance gap between the GNU and LLVM OpenMP implementations can be sig-

nificant: see Figure 2.1. Here we show execution times for various OpenMP applications

from the Barcelona OpenMP Task Suite (BOTS) benchmark [8] when using GNU OpenMP

(GOMP), LLVM OpemMP (LOMP), and an implementation of XQueue in LLVM OpenMP

(XLOMP). We run these experiments on an Intel Skylake-192 machine, with 192 cores (384

hardware threads). In some benchmarks, GOMP can be >1000× slower than LOMP and

>4400× slower than XLOMP. We attribute the GOMP performance issue to its excessive

use of synchronization primitives, including locks and atomic operations.
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Figure 2.1: Execution times for nine BOTS benchmarks with three OpenMP implementa-
tions (GOMP, LOMP, and XLOMP) each using 192 threads.
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2.1 GNU OpenMP (GOMP)

The GOMP runtime library handles OpenMP’s parallel region as a team of worker threads

(i.e., workers). An OpenMP team creates and manages a group of OpenMP threads. The

team itself is often created under the OpenMP directive parallel. OpenMP wraps platform-

specific or user-defined threads, in our experiments we use the pthread [9] library. GNU

OpenMP manages tasks, for example, enqueuing and dequeuing tasks, using a single globally

shared priority task queue and a child task queue for each task. The global priority task

queue maintains the system-wide information, while the child queue maintains child tasks’

dependencies and priorities. GNU OpenMP uses a single global task lock to protect critical

regions for task management, scheduling, and other runtime bookkeeping operations. When

a worker reaches a scheduling point, it will first acquire the lock before it enters the critical

region. When there are no tasks to be executed or scheduled, and current tasks do not have

any dependent tasks, the worker exits or waits for other workers to complete.

2.2 XQueue

XQueue [4] is a lock-less MPMC, out-of-order queuing mechanism that can scale to 100s

of threads with little contention for hardware resources. XQueue uses B-queue, a concurrent

Single-Producer-Single-Consumer (SPSC) lock-free queue designed for efficient core-to-core

communication. The latency of B-queue operations can be as low as 20 cycles.

Figure 2.2 shows XQueue on a 4-core system. Each core has one worker thread with one

SPSC queue for each other worker: one Master queue and the others Auxiliary queues. Each

item in a queue is a task pointer. Upon task creation, the worker enqueues the task either

to its own master queue or to an auxiliary queue of another worker. It applies a round-robin

approach across these queues starting with the master queue. If the chosen queue is full, the

worker instead executes that task immediately. When dequeuing, the worker first dequeues

5



from the master queue, if no task is found, it then dequeues a task from its auxiliary queues.

The dequeued task is also executed immediately.
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Figure 2.2: XQueue on a 4-core system. Ci is consumer i, Pi is producer i.

2.3 Load Balancing and Work Stealing

Integrating XQueue with OpenMP is likely to lead to load imbalance as the SLB approach

will assign tasks to threads without considering other tasks assigned to those threads. Thus

it is important to consider more advanced load balancing techniques to improve performance.

One popular load balancing technique is work stealing. A worker may be either a victim

or a thief. A thief is an under-loaded worker who tries to steal work from other overloaded

workers. A worker being stolen from is a victim. Typically, pull-based work stealing is used,

in which a thief initiates and pulls a task from a victim. However, the queue from which

tasks are stolen requires mutual exclusive access as it is accessed by both thief and victim.

As a result, traditional work stealing methods do not fit into our lock-less scenario due to

their use of synchronization mechanisms like mutexes, spinlocks, and atomic operations to
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ensure thread safety and correctness [10]. Use of such methods would lead to the runtime

wasting more cycles on cache invalidation, cache misses, and excessive main memory access.

A second issue with existing work stealing techniques is that they are not NUMA-aware.

We can distinguish between NUMA-local and NUMA-remote data locality on a shared-

memory NUMA architecture with respect to a core. Accessing NUMA-local data incurs less

latency, and thus cores spend less time waiting for memory operations and higher throughput.

Work stealing algorithms must therefore consider whether a thief is to steal from a NUMA-

local worker or a NUMA-remote worker, depending on application characteristics.
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CHAPTER 3

FINE-GRAINED PARALLELISM IN GOMP

Our goal is to transform GOMP into a high-performance runtime library that can scale

to hundreds of threads and support extremely fine-grained tasks. To this end, we leverage

the lock-less, concurrent XQueue data structure and replace GOMP’s centralized barrier

with a distributed tree barrier.

3.1 XGOMP: XQueue Integration with GOMP

GOMP starts a parallel region by first calling gomp_team_start and then gomp_thread_start

to spawn a team of worker threads. The master thread and the worker threads allocate

XQueue’s task queues inside gomp_team_start and gomp_thread_start, respectively, to

ensure each thread has its task queue ready before it enters the thread dock (the thread

dock is a simple barrier that ensures that all worker threads have been properly initialized

before the OpenMP tasking routine starts).

We modified GOMP_task and GOMP_taskwait to decouple GOMP tasking from the global

task lock and priority queue. GOMP_task is called when an explicit task directive is encoun-

tered. It allocates a task and ensures its correct state before entering the critical region

using the global task lock to enqueue this task to the priority queues. With XQueue, we

atomically update the parent task’s dependency, push the task directly to the target queue,

and atomically increment the global task count, which is used by the centralized barrier.

Many of GOMP’s runtime routines rely on variables that are protected by the global

task lock. We removed the runtime dependencies of all those variables except the variable

that tracks the global task count. The GOMP native tasking barrier uses this count as a

termination signal. The count is updated when global task status changes, for example, it

decrements when a task finishes. We convert this variable to an atomic variable with an

8



acquire-release memory order strategy.

This phase of implementation removes GNU’s significant lock contention for massively

parallel, fine-grained tasks. However, it is possible that excessive use of atomic operations

could still be a performance bottleneck. The atomic task count is deeply entangled with

GNU’s barrier routine, and therefore, we next replace it with a new barrier design.

3.2 XGOMPTB: Adding an Efficient Distributed Tree Barrier

There are several different barrier implementations in GOMP, all of which are imple-

mented in a centralized manner. Here we specifically focus on the team barrier, which is

usually implicitly placed at the end of a parallel region during compilation and manages

access to the global task count. Updating the states of the team barrier requires acquisition

of the global task lock. The centralized team barrier releases when the worker acquires the

lock and meets the following conditions: i) it is the last worker entering the same barrier,

and ii) the global task count is 0.

In our XGOMP implementation, we modified the centralized team barrier such that it

releases when each worker meets the following conditions: i) the global task count is 0; ii)

current task of the worker has no dependencies; and iii) all other workers have reached the

same barrier.

We then replaced GNU’s centralized team barrier with an efficient distributed tree barrier.

We adopt a similar gather-release pattern as used in LLVM; however, unlike LLVM’s lock-

free barrier, we design a new hybrid barrier that performs lock-free gathering and lock-less

releasing. Our approach yields a theoretical lower bound of half the atomic memory access

operations. Our barrier connects workers in a binary tree topology. A worker is gathered

when: i) all workers have entered the barrier; ii) the worker is idle, finding no tasks to

execute; iii) the worker’s current task has no unfinished dependencies; and iv) all of its

children workers’ barriers are gathered. A gathered worker atomically updates the complete

9



flag of its parent. As this complete flag is only accessible by the child and parent, its hardware

contention is low. When the root worker is gathered, it then signals a release with a tree

broadcast, lock-lessly updating the release flag of each worker so that the worker can safely

exit the barrier.

We have now removed all excessive atomic operations in GNU OpenMP. The tree barrier

combines lock-free and lock-less techniques; it is also easy to understand and implement. To

the best of our knowledge, our approach is the first implementation of a hybrid distributed

tree barrier for OpenMP tasking with carefully designed lock-less logic. A distributed tree

barrier was briefly introduced to LLVM in 2021; however, it was later reverted due to unre-

solved errors. At this time, there is no distributed barrier in LLVM. LLVM’s barrier employs

locks, atomic operations, and does not implement lock-less optimizations.

10



CHAPTER 4

DYNAMIC LOAD BALANCING

XQueue uses a static round-robin load balancer to distribute tasks among workers. This

approach has two limitations: first, load imbalance can occur, and second, data locality

in NUMA machines is not considered which may result in slower data access and poor

performance.

To address these limitations, we design a lock-less messaging protocol and propose two

lock-less DLB strategies: NUMA-aware Redirect Push (NA-RP) and NUMA-aware Work

Stealing (NA-WS). These strategies are the first lock-less DLB techniques for OpenMP

tasking, with NUMA-awareness. We first analyze load imbalance in our XGOMPTB imple-

mentation and then present our lock-less messaging protocol and the two DLB strategies.

4.1 Measuring load imbalance

To understand the load imbalance, we collect and study statistics generated by our pro-

filing tools (see: chapter 5). We specifically look at the time spent on a set of runtime

operations, for example, task creation and team barrier, and the number of tasks generated

and executed by each thread.

Figure 4.1 shows the time spent by each thread in various states for Fibonacci (Fib)

and Multisort (Sort) applications. In the left-hand figures, each stacked horizontal bar

summarizes one of the 192 threads, with the colors representing, from left to right, threading

(purple), tasking (green), task creation (blue), taskwait directive (yellow), barrier (red), and

stall (grey).

We focus on tasking (green), task creation (blue), and stall (grey) as threading and barrier

are almost indistinguishable in the figure. We consider utilized time as the time spent on

tasking (green) and task creation (blue). In the right chart, the horizontal bars represent

11



tasks created (blue) and tasks executed per thread (green). Fib’s Timeline Summary shows

that threads with lower thread ID have much shorter utilized time than other threads; in the

Task Count Summary, they generated and executed fewer tasks, indicating a clear imbalance

in both utilization and task count per thread. We conclude that Fib is poorly balanced in

terms of both utilization and task count per thread; For Sort, although the task count

appears balanced, mid-range threads have higher utilization, leaving other threads idle and

causing performance degradation.
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4.2 Lock-less Messaging Protocol

We first need a lock-less messaging protocol for communicating between threads. We

extend prior work [10] with a conditionally random victim selection strategy [11], as follows.

We extend the OpenMP-defined thread data structure with two 64-bit memory cells:

a round cell and a request cell. The round number is maintained by the victim to track

steal requests that have been “handled” enabling potential thieves to check if the victim is

able to be stolen from. It is a monotonically increasing number that is initialized to 1 and

incremented by the victim each time a steal request is successfully handled. We consider
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successful handling of a steal request to be when the victim sees the request and processes

whether the request is valid. The request cell contains a 40-bit round number and a 24-bit

worker ID. The thief sends a request to the victim by writing to the request cell the victim’s

round number combined with the thief’s worker ID.

The thief messaging logic is in algorithm 1. In all algorithms, we define plocal as the

probability that the thief steals within their local NUMA zone. tidi is the thread ID of

worker i, while ctidthief is that of the current thief. req and round are the current request

cell and round number, respectively. The number of tasks to steal per request is Nsteal.

The thief picks a victim randomly, with probability plocal of NUMA-local and 1 − plocal

of NUMA-remote. The thief then compares the victim’s round cell and the round number

extracted from the victim’s request cell. If the round number from round cell is greater

than the round number from request cell, meaning there has not been a new request for that

victim, it then writes a request combining the victim’s current round number from round

cell and the thief’s worker ID to the the victim’s request cell, otherwise the request is not

sent because there has been a request already.

The thief maintains a timeout counter to deal with long idle times. This counter is

incremented each time the thief reaches the same scheduling point while idle and is reset

if i) the timeout counter reaches Tinterval, triggering a retry, or ii) the worker is no longer

idle. Timeout can arise if a request is not sent or is overwritten by other thieves, or a victim

is idle. When a worker finds a task to execute, it becomes a victim and tries to handle a

request if one exists.

We show the victim logic in algorithm 2. A victim first checks its own request. If the

round number of its request is equal to its current round number from its round cell, this is

considered as a valid request. The victim then processes the request using a DLB strategy

(NA-RP or NA-WS) and increments the round number so that it is willing to accept new

steal requests.
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1: tidvictim ← pickVictimTID(plocal, tidi)
2: req ← getVictimRequest(tidvictim)
3: round← getVictimRound(tidvictim)
4: curr ← req & ((1≪ 40)− 1) ▷extract round
5: if curr < round then
6: newReq ← (tidi << 40) & round
7: setVictimRequest(tidvictim, newReq)

Algorithm 1: Thief worker send request logic

1: tidthief ← req ≫ 40
2: rthief ← req & ((1≪ 40)− 1)
3: if rthief == round then
4: doLoadBalancing()
5: round← round+ 1

Algorithm 2: Victim worker handle request logic

The lock-less inter-core communication overhead is primarily due to thieves accessing

remote memory cells. Unlike traditional inter-core communication, which often relies on

atomic operations with typical lower-bound per-access latencies of around 100 ns [12], our

approach can leverage multi-level, shared caches with lower-bound per-access latencies of

just a few nanoseconds. This characteristic rewards spatially adjacent communications and

task distribution.

4.3 NUMA-aware Redirect Push (NA-RP)

In our first DLB strategy, NUMA-aware Redirect Push (NA-RP), the runtime re-

distribute tasks dynamically during work-sharing: see algorithm 3. The thief first re-

peats the logic in algorithm 1 Nvictim times—in effect, asking Nvictim victims to redirect

tasks to it. Each victim, upon successfully handling a request using algorithm 2, calls

doLoadBalancing(): see algorithm 3. doLoadBalancing() then changes victim state to be

ready to redirect Nsteal new tasks to the thief: see doRedirectPush(). If the thief’s task

queue is full or the victim handles all redirect push requests, the victim increments the round

number and is ready to accept new request.
14



Function doLoadBalancing():
1: if tidthief == −1 then
2: ctidthief ← req ≫ 40
3: pushed_tasks← 0

Function doRedirectPush(newTask):
4: if pushed_tasks ≥ NstealorisTargetQFull(ctidthief, tidi) then
5: ctidthief ← −1 ▷No thief
6: else
7: pushXQueueTask(ctidthief, newTask)
8: pushed_tasks← pushed_tasks+ 1

Algorithm 3: Redirect push logic

The NA-RP strategy extends XQueue’s lock-less enqueuing mechanisms by only altering

the target task queue to which new tasks are pushed. It prioritizes helping under-loaded

workers to mitigate work imbalance. The additional overhead lies in the exchange of messages

across cores.

4.4 NUMA-aware Work Stealing (NA-WS)

In our second DLB strategy, NUMA-aware Work Stealing (NA-WS), the thief steals

tasks from specific victims based on their relative NUMA location.

We first explore a queue-based strategy. Recall that each XQueue thread possesses

Nworker × Squeue task queues where Nworker is the number of workers and Squeue is the

size of each individual queue. We allocate Nworker request cells and round cells that map to

each queue. The routine starts with the thief picking victims with plocal of picking NUMA-

local workers. It then randomly picks a queue in each of these victims, sending requests using

our lock-less communication protocol. Upon receiving requests, a potential victim scans a

subset at a time to find one to further process. This strategy guarantees that there is only

one producer and consumer for each request cell, thus avoiding requests being overwritten,

which could result in retry delays for the thieves. Through experiments, we observed that

this method does not mitigate work imbalance and it introduces additional overhead. With
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millions of steal requests sent, only few tasks are stolen. We observed that 62% of requests

are handled by the victims. However, less than 1% of all requests found by victims are

valid, and around 0.01% of these valid requests result in successful steals. The runtime is

rarely able to steal because there is a mismatch between the number of requests sent and

the number of requests handled.

We further improve this strategy by letting a thief steal a batch of tasks from a victim,

rather than requesting from a victim’s individual task queues: thus reducing communication

from queue-to-queue to worker-to-worker. The thief uses the logic in algorithm 1. A victim,

upon successfully handling a request, dequeues up to Nsteal tasks from its queue and en-

queues them to the thief’s target task queue. This round of stealing completes when 1) no

task is found from the victim; 2) the thief’s target task queue is full; or 3) Nsteal tasks have

been migrated. We present the pseudo-code in algorithm 4.

Function doLoadBalancing():
1: tidthief ← req ≫ 40
2: pushed_tasks← 0
3: while (!isTargetQFull(tidthief, tidi))and(!isMyQEmpty()) do
4: task ← removeXQueueTask(tidi)
5: pushXQueueTask(tidthief, task)
6: pushed_tasks← pushed_tasks+ 1
7: if pushed_tasks ≥ Nsteal then
8: break

Algorithm 4: Work stealing design

Our lock-less work stealing approach inherits both lock-less enqueuing and dequeuing

mechanisms from XQueue by migrating already-queued tasks from one worker’s queue to

another instead of co-locating the newly spawned tasks. Theoretically, this strategy incurs

slightly more overhead compared to NA-RP because of the additional dequeuing operations.

However, it could result in far fewer tasks stolen than tasks redirected in the NA-RP approach

because stealing Nsteal tasks is the upper bound for each round of stealing, while redirecting

Nsteal is the upper and the lower bound for each round of redirection. Unlike NA-RP that
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tends to push the tasks away from where they are created to remote workers, our NA-WS

approach tends to bring the tasks back to where they are created, thus exploiting benefits

of data proximity.

4.5 DLB Configuration

We implement several configurable parameters to control how the DLB strategies operate.

These parameters are the number of victims (Nvictim) to whom a worker sends requests each

time it becomes a thief; the max number of tasks to be stolen/redirected (Nsteal) for each

request; the timeout interval (Tinterval) between two requests (addressing the situation that

an under-loaded worker could remain idle for an extended period of time if requests sent while

idle are not answered); and NUMA-local probability (Plocal) controlling the probability that

a thief steals from NUMA-local nodes.
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CHAPTER 5

PERFORMANCE TUNING AND INSTRUMENTATION

To better analyze the performance characteristics of OpenMP tasking we developed new

per-thread performance profiling tools. These tools enable us to track the time spent on

tasking runtime operations. We categorize the operations that are most important for per-

formance analysis into several event types. We identify the start and end of each event

and insert marker functions perf_record with corresponding settings to record the event

to profiler memory. We use rdtscp (ReaD Time-Stamp Counter and Processor) id value as

the timestamp for each event. rdtscp is a light-weight processor intrinsic instruction that

reads the current value of the processor’s timestamp counter. The processor increments the

timestamp counter monotonically every clock cycle and resets it to 0 when the processor is

reset. Note that while rdtscp is not a serializing instruction, it ensures that all prior instruc-

tions have executed and all previous loads are globally visible [13]. At the conclusion of the

program, the xomp_perflog_dump API can be used to save the logs to the file system in a

path defined by environment variables.

Although enabling performance logging introduces overheads for fine-grained tasks, e.g.,

due to increased memory accesses when storing event information and the unavoidable hard-

ware overhead of rdtscp, it still captures overall runtime behaviors, as each logging operation

overhead is almost constant. Below, we describe our event classes. Each event class includes

a pair of start and end timestamps.

The cycles spent by a thread for different purposes are tracked as follows: By thread on

the system: THREAD; by a task: TASK; creating tasks (crucial because fine-grained tasks can

spend a large portion of their lifecycle on task creation): GOMP_TASK; waiting: TASKWAIT.

BARRIER denotes the number of cycles spent on a barrier. If a thread is unoccupied, i.e., no

task is scheduled in the current thread and it is busy checking its task queue, we record the

cycles with STALL.
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We also instrument per-thread statistical counters. These counters incur little overhead

as they are thread-local and can use lower-level caches. We implement a set of general

performance counters as well as specialized counters for our DLB strategies. To track the

locality of a task, we assign the thread ID to the task upon creation.

To manage data locality, XGOMPTB tracks the number of tasks executed: i) by the

thread that created it (NTASKS_SELF), ii) by the NUMA node that created it (NTASKS_LOCAL)

iii) by another node (NTASKS_REMOTE). XGOMPTB also tracks the number of tasks that are

i) statically pushed (NTASKS_STATIC_PUSH and ii) are not pushed due to the target queue

being full and are executed immediately (NTASKS_IMM_EXEC).

In addition, for the two DLB strategies we track the number of steal requests (NREQ_SENT),

handled requests (NREQ_HANDLED), and stolen tasks (NTASKS_STOLEN). Handled requests are

further categorized into requests that i) result in a task being stolen (NREQ_HAS_STEAL), or

ii) fail due to an attempt to steal tasks from an empty queue (NREQ_SRC_EMPTY) or to a

full queue (NREQ_TARGET_FULL). Stolen tasks are further categorized into tasks stolen by i)

NUMA-local thieves or ii) NUMA-remote thieves.
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CHAPTER 6

EVALUATION

We evaluate our XGOMP and XGOMPTB implementations and NA-RP and NA-WS

strategies using nine applications from the Barcelona OpenMP Task Suite (BOTS) [8]: Fi-

bonacci (Fib), NQueens, Fast Fourier Transform (FFT), Floor Plan (FP), Health, Unbal-

ance Tree Search (UTS), Strassen Matrix Multiplication (STRAS), and Protein Alignment

(Align). We first compare XGOMP with the original GNU OpenMP (GOMP). We also

include two LLVM variants—LLVM OpenMP (LOMP) and LLVM OpenMP using XQueue

(XLOMP)—in our results for comparison. We conduct all experiments on an Intel Skylake-

192 machine, with 192 cores (384 hardware threads) and eight NUMA zones. We compile the

benchmarks with GNU GCC version 12.2.1 and LLVM version 14.0.0, both with -fopenmp

flag and O3 optimization level. We use up to 192 threads and bind OpenMP threads to

cores with close thread affinity. We use the following input arguments for our applications.

Fib: 42, NQueens: 15, FFT: 536M, FP: 20, Health: large, UTS: small, STRAS: 8192

(Y=16), Sort: 1B, and Align: 1000. For our DLB experiments (section 6.2), in which we

run large parameter sweeps over many configuration parameters, we scale down Fib: 40,

FFT: 268M and Sort: 268M, FP: 15, UTS: tiny, and STRAS: 2048 (Y=16) to reduce

experiment times. We have validated experimentally that the larger and smaller experiments

yield similar results.

6.1 GNU OpenMP with XQueue and Distributed Tree Barrier

Figure 6.1 shows the average application execution time of the nine benchmarks with

different OpenMP implementations. Each bar shows the average execution time of five 192-

thread runs. We use our profiling tools to measure task size (in rdtscp cycles) and order

applications based on their task size (from small to large). We see across all benchmarks,
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our XQueue-based implementations (XGOMP, XGOMPTB, and XLOMP) as well as LOMP

are several orders of magnitude faster than GOMP.

To understand these results, we measure the time spent on various runtime profiling

events (see chapter 5). We observe that, applications for which LOMP and XLOMP out-

perform GOMP and XGOMP—Fib, NQueens, FP, Health, and UTS—spend much of

thread time on task creation (mostly task allocation). While applications that XGOMP

and XGOMPTB outperform XLOMP—FFT, STRAS, Sort, and Align—spend most of

their time on task execution. These results are due to the way that memory is allocated.

All OpenMP implementations use malloc to allocate memory for tasks. malloc is thread

safe and thus uses synchronization. The default allocation approach used by Linux priori-

tizes allocating memory in the NUMA node closest to the CPU executing the task. GOMP

invokes malloc each time it creates a new task, whereas LOMP instead allocates memory

using a fast, multi-level allocator, which pre-allocates chunks of buffer space and manages

this space itself. When a thread creates a new task, LOMP/XLOMP will ii) use a local

buffer if available; ii) synchronously but locality-agnostically acquire a buffer from another

thread if available; or iii) call malloc. For fine-grained tasks, large portions of time are spent

on task allocation/de-allocation. For GOMP, threads contend for malloc operations, which

leads to sequential mallocs. LOMP can parallelize memory allocation, because method i)

is frequently used. For large tasks, LOMP/XLOMP performs a similar number of malloc

requests to GOMP as the multi-level allocator is less beneficial. That is, methods i) and

ii) are less likely to be successful (as longer tasks consume the buffer for longer periods).

Further, LOMP “steals” buffer space using method ii), which results in more tasks executed

remotely. LOMP has slightly higher task execution overhead because it handles a richer set

of cases.

FFT task sizes range between 102–106 cycles, with the highest proportion around 103–104

cycles; STRAS task sizes range between 103–107 cycles with most around 104 cycles. Sort is
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similar to STRAS, with most sizes around 105 cycles. Align task sizes are between 105–107

cycles, with the highest proportion around 106 cycles. These task sizes allow XGOMP and

XGOMPTB to outperform LOMP and XLOMP as the benefit of the multi-level allocator is

reduced. Health has average task size greater than FFT; however, it has many more tasks

concentrated at lower sizes(103–104 cycles) which benefit from the multi-level allocator.
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In Figure 6.2 we show the performance improvement of XGOMP and XGOMPTB over
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Figure 6.3: Scaling performance of different methods comparing execution time as the num-
ber of threads is increased for each BOTS application (lower is better)

GOMP. We see that our methods enable performance improvements of up to 96.5× for

XGOMP and 1522.8× for XGOMPTB when compared to GOMP. All benchmark appli-

cations benefit from XQueue. Applications with smaller task sizes benefit more from the

distributed tree barrier (e.g. Fib, NQueens, FP); while those with larger tasks benefit least

from the barrier.

Figure 6.3 shows the performance of GOMP, XGOMP and XGOMPTB with increasing

number of threads for each application. XGOMP and XGOMPTB perform significantly

better than GOMP for most applications and thread counts. For Align, which has the

largest average task size, we see comparable performance at lower thread counts due to

extremely low lock contention. For all applications, performance improvement grows as we

increase from 24 threads (one socket) to 192 threads (eight sockets). However, application

performance does not scale linearly with threads due to work inflation [14], that is, due

to increased costs for operations performed in a parallel vs. a single-processor run. Work

inflation can be due to many factors, such as work migration, shared use of an LLC, and the
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need to access data on remote sockets; it can be reduced by placing computations and data

on the same socket, removing the need for remote memory access [15].

6.2 XGOMPTB with Dynamic Load Balancing

We study our two lock-less DLBs with the same BOTS benchmarks using the Skylake-

192 machine. We conduct experiments with 192 threads on eight NUMA zones, controlling

runtime behavior with the configuration parameters described in section 4.5. For each ap-

plication, we conduct a parameter sweep to identify the optimal settings for each value of

Nvictim, Nsteal, Tinterval and Plocal. We run each DLB configuration ten times, and compare

its average execution time with XGOMPTB.
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Figure 6.4: XGOMP DLB performance comparisons on BOTS with best performance set-
tings, 192 threads.

Table 6.1: Optimal DLB Settings for Redirect Push and Work Stealing

Benchmark Fib NQueens FFT FP Health UTS STRAS Sort Align
DLB strat. RPWS RP WS RPWS RPWS RP WS RPWS RP WS RP WS RPWS
Nvictims 1 1 24 16 24 24 24 16 24 8 8 8 24 8 24 24 8 16
Nsteals 16 1 16 1 1 32 32 32 32 32 1 32 32 32 32 32 8 8
Tinterval 105 104 105 104 103 104 105 105 103 103 104 105 104 103 103 103 104 104

Plocal 1 1 1 1 1 1 1 1 1 0.5 1 1 1 0.03 10.030.03 1
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Figure 6.4 compares the best average performance of each DLB strategy (NA-RP and NA-

WS) with XGOMPTB which uses static load balancing (SLB). The settings used to obtain

the best performance for NA-RP and NA-WS are presented in Table 6.1. All benchmarks

except Fib show performance improvement. We re-run the experiments, collecting statistics

for DLB and SLB in Table 6.2. To understand the effect of locality, we present the number

of tasks executed along with their origin: tasks created on the same core (self), tasks created

by a worker within the same NUMA zone (local), and tasks created by a worker in a different

NUMA zone (remote). Tasks that run on the same core they were created on will generally

have more first-level cache hits than those that do not. Tasks that run in the same NUMA

zone where they were created will have fewer first-level cache hits, but will still have more

shared cache hits and faster memory access than those that run in a remote NUMA zone.

Tasks that are executed immediately, will do so on the same core (self) and thus benefit

from the low-level cache. We show the number of tasks pushed with SLB and tasks executed

immediately due to a failed push. The number of requests sent, handled, and that result in

tasks stolen demonstrate the efficacy of our lock-less messaging protocol.

Finally, we look at the locality of stolen tasks—more locally stolen tasks means the

system can benefit from faster memory access compared to remote memory access. Due to

profiling overhead and randomness, the results presented are slightly different from those in

Figure 6.4.

6.2.1 NUMA-aware Redirect Push (NA-RP)

We see in Figure 6.4 that Fib performance degrades with NA-RP. This is because NA-

RP pushes more tasks away, incurring a cost of more than 100 ns for each task that could

otherwise be self-executed within nanoseconds. It has the largest Tinterval, the smallest

Nvictim, and a moderate Nsteal. We see in Table 6.2 that NA-RP results in 8.2M stolen

tasks and the fewest self-executed tasks across all strategies. Fib’s tasks are small, 10–80
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cycles, and its DAG has a long critical path that can barely benefit from parallelism. Many

tasks are redirected, removing the potential locality benefit provided by the first-level cache.

Most steal requests are successfully handled, which demonstrates the efficacy of our lock-less

messaging protocol for fine-grained tasks.

Table 6.2: BOTS Runtime Statistics with SLB, NA-RP and NA-WS DLB strategies. Re-
porting average from 10 experiments.

Benchmark Fib NQueens FFT
DLB strat. STATIC RP WS STATIC RP WS STATIC RP WS
Time (secs) 8.1 9.9 8.0 23.8 26.5 23.2 19.1 17.0 15.5
Self tasks 318.1 M 310.8 M 318.2 M 2.5 B 2.4 B 2.5 B 203.0 K 946.7 K 1.7 M
Local tasks 1.6 M 12.2 M 1.6 M 6.1 M 30.1 M 6.5 M 2.2 M 11.6 M 2.0 M
Remote tasks 11.5 M 8.2 M 11.4 M 44.2 M 74.1 M 47.4 M 15.9 M 5.7 M 14.6 M
Static push 13.2 M 12.3 M 13.0 M 50.6 M 90.9 M 54.2 M 18.2 M 15.1 M 16.7 M
Imm. exec 318.0 M 310.6 M 318.1 M 2.5 B 2.4 B 2.5 B 108.2 K 468.4 K 1.6 M
Req. sent - 590.1 K 1.6 M - 1.3 M 2.4 M - 4.2 M 16.3 M
Req. handled - 514.9 K 1.3 M - 872.9 K 2.3 M - 2.7 M 10.9 M
Req. w/ steal - 514.7 K 576.4 K - 872.7 K 1.3 M - 2.7 M 2.4 M
Total steal - 8.2 M 576.4 K - 14.0 M 1.3 M - 2.7 M 19.5 M
Local steal - 8.2 M 576.4 K - 14.0 M 1.3 M - 2.7 M 19.5 M
Benchmark FP Health UTS
DLB strat. STATIC RP WS STATIC RP WS STATIC RP WS
Time (secs) 3.4 1.3 1.3 28.2 21.2 20.9 9.0 6.4 6.6
Self tasks 16.7 M 17.1 M 16.5 M 658.2 K 33.8 M 33.5 M 953.4 K 6.2 M 347.1 K
Local tasks 287.9 K 1.2 M 302.3 K 15.1 M 41.2 M 10.8 M 3.5 M 20.4 M 3.6 M
Remote tasks 2.1 M 837.6 K 2.3 M 110.6 M 51.3 M 82.1 M 25.9 M 3.9 M 26.5 M
Static push 2.4 M 1.1 M 2.6 M 126.4 M 64.1 M 93.5 M 29.6 M 20.6 M 30.3 M
Imm. exec 16.7 M 17.0 M 16.5 M 0 33.3 M 32.9 M 799.2 K 5.4 M 123.2 K
Req. sent - 31.3 K 884.1 K - 976.8 K 13.2 M - 5.5 M 19.1 M
Req. handled - 28.5 K 798.0 K - 905.9 K 12.0 M - 4.4 M 12.5 M
Req. w/ steal - 28.3 K 395.9 K - 904.7 K 7.9 M - 4.4 M 4.8 M
Total steal - 909.1 K 7.0 M - 29.0 M 176.9 M - 4.4 M 48.9 M
Local steal - 909.1 K 7.0 M - 29.0 M 98.9 M - 4.4 M 48.9 M
Benchmark STRAS Sort Align
DLB strat. STATIC RP WS STATIC RP WS STATIC RP WS
Time (secs) 6.7 1.6 3.7 11.1 3.8 9.5 5.7 5.6 5.2
Self tasks 5.1 K 277.2 K 416.6 K 16.1 K 146.3 K 63.5 K 3.0 K 2.9 K 2.6 K
Local tasks 115.1 K 553.8 K 65.7 K 368.3 K 2.7 M 376.0 K 59.8 K 59.8 K 59.8 K
Remote tasks 840.6 K 129.7 K 478.5 K 2.7 M 208.9 K 2.6 M 436.7 K 436.8 K 437.0 K
Static push 960.8 K 233.0 K 548.8 K 3.1 M 484.5 K 3.0 M 496.5 K 496.6 K 496.9 K
Imm. exec 0 272.7 K 412.0 K 0 134.0 K 41.9 K 3.0 K 2.9 K 2.6 K
Req. sent - 18.9 K 233.5 K - 86.8 K 5.2 M - 1.8 K 266.4 K
Req. handled - 14.3 K 171.6 K - 76.9 K 2.0 M - 192 265.8 K
Req. w/ steal - 14.1 K 114.7 K - 76.7 K 683.2 K - 0 156.4 K
Total steal - 455.1 K 2.8 M - 2.5 M 9.0 M - 0 861.0 K
Local steal - 455.1 K 403.8 K - 2.5 M 1.7 M - 0 861.0 K
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For NQueens, NA-RP is the best performing strategy. However, it has the largest error

bar in Figure 6.4 indicating perhaps sensitivity to when steals occur. We see in Table 6.2

that NA-RP yields the worst average performance. We suspect that the profiling overhead

may affect the dispatching pattern with SLB, which potentially results in more tasks being

pushed to a remote node. NQueens works best when it is completely NUMA-local and the

Tinterval is also the largest, while Nvictim and Nsteal are large, indicating that it benefits from

large batches of steal requests after a long period of time. NQueens with NA-RP yields the

worst performance with profiling on because those runs have the least self-executed tasks,

thus losing some of the benefit provided by the first-level cache. NA-RP with profiling also

distributes more tasks to NUMA-remote nodes, which also increases the latency.

FFT performs slightly better with NA-RP than with SLB. It works best with the largest

Nvictim, and smallest Nsteal and Tinterval. It also uses fully NUMA-local. Statistics show

that NA-RP has the most local tasks, 4.7× more same-core tasks than SLB, and the fewest

remote tasks.

FP performs 2.6× better with NA-RP than with SLB. It works best with the largest

Nvictim, Nsteal, Tinterval, and Plocal. FP task sizes are varied, with the highest proportion

around 102–103 cycles and many ranging between 103–106 cycles. Scheduling tasks with

large and varied task sizes could result in load imbalance. NA-RP mitigates imbalance by

redirecting 909K tasks. 1.3M more tasks are brought to the same core and NUMA-local

than with SLB. Most of its steal requests are successful.

Health performs 28.2% better with NA-RP than with SLB. It works best with the largest

Nvictim, Nsteal, and Plocal, and the smallest Tinterval. NA-RP brings 33.1M more tasks to

the same core and 33.3M more tasks to be immediately executed which benefits from the

low-level cache. Most of its steal requests are successful.

UTS performs 40.6% better with NA-RP than with SLB. It works best with small

Nvictim, smallest Nsteal, large Tinterval, and largest Plocal. NA-RP brings more tasks to the
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same core and NUMA zone. Most steal requests are successful.

Both STRAS and Sort perform around 4× better with NA-RP than that with SLB.

They perform best with the largest Nvictim and Nsteal, fully NUMA-local and small Tinterval.

With SLB, most tasks are executed in a remote NUMA zone. NA-RP successfully co-locates

around 711K tasks for STRAS, and around 2.7M tasks for Sort to NUMA-local nodes:

85% and 90% of the total, respectively. STRAS allocates large arrays in each task, bringing

more tasks to the same core and NUMA zone can utilize faster memory access. Both Sort

and STRAS allocate the memory space in an interleaved NUMA policy for the array before

the OpenMP parallel region. Their large task sizes result in early runtime under-utilization

for most workers, so NA-RP takes place before SLB can do much work. Therefore, many

workers have requests to redirect tasks to NUMA-local nodes, leveraging multi-level cache

and data proximity to reduce the latency and significantly increase performance.

Align does not have any steals with NA-RP and has negligible difference in performance

with different parameters. Align uses the single OpenMP construct where only one thread

is responsible for creating all tasks in a loop. These tasks are distributed by the default

SLB and only the thread that runs the single construct is able to redirect tasks with NA-

RP. Align’s task sizes follow a normal distribution, with the majority falling within the

range of 106–107 cycles. Most of Align’s cycles are spent aligning the same set of limited-

size protein sequences, which fit comfortably in the cache and therefore do not generate a

significant communication between cores and main memory.

6.2.2 NUMA-aware Work Stealing (NA-WS)

All applications exhibit performance improvement with NA-WS, albeit with different

configurations, as shown in Table 6.1.

Fib achieves negligible (max 1.3%) performance improvement. NA-WS performs best

with the smallest Nvictim and Nsteal, moderate Tinterval, and uses only NUMA-local nodes.
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Fib’s serial task graph means that there are few opportunities for parallelism and thus task

stealing. More self-executed tasks means more opportunities to utilize first-level cache. NA-

WS can take advantage of such opportunities because it can bring pushed tasks back to

where they are created, thus increasing self-executed tasks. However, over 95% of tasks are

already immediately executed on the same core when using SLB and therefore there is little

room for improvement.

NQueens uses similar parameter settings as Fib, with larger Nvictim leading to the best

performance improvement (9.8%). The statistics indicate that NA-WS successfully steals

1.3M tasks. As a result, 3.7M tasks are subsequently created and executed on the same core

compared to SLB.

FFT performs best (16.5%) when Tinterval and Plocal are the same as NQueens, but

with the largest Nvictim and largest Nsteal. From the statistics, NA-WS brings many more

tasks back to its creators, with 1.7M self-executed tasks compared to 203K with SLB. It also

effectively moves 19.5M tasks to mitigate load imbalance.

FP achieves 2.8× performance improvement with moderate Nvictim, the largest Nsteal

and Tinterval, and fully NUMA-local. FP is a heavily imbalanced program with SLB and

contains many tasks between 103–106 cycles. The performance gain is primarily due to

NA-WS mitigating load imbalances while keeping many tasks local.

Health achieves the best performance improvement (32.5%) with small Nvictim, the

largest Nsteal, smallest Tinterval, and a Plocal of 0.5. From the statistics, NA-WS moves

many tasks to its creators, with 33.5M self-executed tasks compared to only 658.2K with

SLB.

UTS performs best (36.4%) with small Nvictim, largest Nsteal and Tinterval, and fully

NUMA-local. Though NA-WS does not improve task locality, it actively moves 48.9M tasks

to mitigate load imbalance.

STRAS achieves the best performance improvement (95%) with small Nvictim, largest
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Nsteal, and smallest Tinterval and Plocal. Its performance gain is primarily due to moving

more tasks to the same core and NUMA zone.

Sort improves the most (76.9%) with largest Nvictim and Nsteal and smallest Tinterval

and Plocal. It significantly increases the number of NUMA-local and self-executed tasks to

exploit data locality.

Align performs best (9.6%) with moderate Nvictim, small Nsteals, large Tinterval and

fully NUMA-local. Although it works well with SLB due to the application characteristics

mentioned in subsection 6.2.2, NA-WS mitigates imbalance by moving 861K tasks.

In general, the lock-less NA-WS strategy can effectively mitigate load imbalance. With

the proper settings, it can promote task locality by increasing the number of local and

self-executed tasks. It tends to steal tasks back to where they are created, which can ben-

efit performance for both extremely fine-grained and coarser-grained tasks. Although the

performance for applications with larger task sizes is less than the NA-RP strategy, NA-

WS achieves at least minimal performance improvement across all types of applications we

tested. Therefore, we conclude that NA-WS is a well-rounded and less sensitive work stealing

approach that is most likely to achieve better performance.
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CHAPTER 7

APPLICATION IN BLOCKCHAIN CONSENSUS:

PROOF-OF-SPACE (POSP)

Blockchain technologies enable the success of digital currencies by providing security,

decentralization, and trustless operation [16]. They accomplish this by distributing a ledger

across multiple nodes in a network, ensuring that no single entity can unilaterally alter trans-

action data. Cryptographic tools like hashing and digital signatures safeguard the integrity

of the data, making it extremely difficult for malicious actors to tamper with existing records.

One important consensus algorithm is Proof-of-Work (PoW), which underpins well-known

blockchains such as Bitcoin [16]. In a PoW system, miners compete to solve a cryptographic

puzzle that requires significant computational power. The first miner to solve the puzzle

adds the next block of transactions to the blockchain and is rewarded with new coins. This

process makes it computationally expensive to alter the chain because an attacker would

have to redo the work for every block they attempt to modify—effectively deterring dishon-

est behavior. However, while PoW is highly secure and has proven to be effective, it is also

energy-intensive, prompting the community to develop alternative consensus mechanisms

such as Proof-of-Space (PoSp) aimed at reducing energy consumption [17, 18].

We investigate how our methods can improve the performance of a blockchain applica-

tion using the Proof-of-Space (PoSp) consensus algorithm [17, 18]. PoSp is an alternative

to Proof-of-Work (PoW) that is less computationally expensive and reduces energy con-

sumption. PoSp transforms a compute-intensive PoW problem into a data-intensive/storage

problem where cryptographic puzzles are recorded in a persistent storage medium, later or-

ganized in order to be efficiently retrieved. PoSp uses the BLAKE3 cryptographic hashing

algorithm [19] (over SHA-256) due to its excellent performance on a wide range of hardware.

We extend a PoSp implementation that is written in C and using OpenMP [20] as the pri-

mary mechanism to extract parallelism from the generation and storage of the cryptographic
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puzzles. PoSp uses a bucket approach where it stores cryptographic puzzles (both input and

output) based on the output prefix. This allows PoSp to reduce the memory footprint when

shuffling the data in order to achieve good sequential read/write patterns to disk, making

traditional mechanical hard drives (HDD) a viable storage medium. HDDs are most in-

teresting (compared to SSD technologies) due to their lower cost per TB, and lower power

consumption per TB under active loads.

The PoSp implementation uses task-based parallelism in OpenMP to dynamically fill

buckets with cryptographic puzzles until all buckets are full. Due to imbalance of crypto-

graphic puzzle creation (caused by insufficient entropy), a statically partitioned parallel-for

loop approach would yield wasted space. Task-based parallelism provides a flexible way to

express irregular or dynamic parallel workloads that traditional loop-based parallelism may

not handle efficiently. This is particularly useful when the workload is unbalanced or when

the order in which tasks become ready to run is not strictly sequential, which is typically

the case for PoSp. PoSp can be configured with number of threads, memory size, and batch

size. The batch size determines the number of cryptographic puzzles to be generated in a

single task. Small batch sizes can be inefficient if the runtime does not efficiently support

small tasks, while large batches can be sub-optimal due to load imbalance.
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The state-of-the-art production PoSp blockchains (Chia [21]) use a minimum of 2K

(where K = 32) cryptographic puzzles to be stored in a single file [18, 22]. The PoSp

evaluated is made up of 2K cryptographic puzzles, where each puzzle is composed of a

28Bytes BLAKE3 hash and a 4Bytes nonce value. We conducted a parameter sweep (see

Figure 7.1) comparing XGOMPTB and GOMP on our 192-core system with increasing batch

size. Using a batch size of 1, XGOMPTB achieves 7.8 megahashes per second (MH/s),

compared to 0.04 MH/s for native GOMP, a 195× improvement. A batch size of 1 yields

relatively small tasks, stressing the runtime’s ability to process a high throughput of tasks

per second. XGOMPTB achieves 7.8M tasks per second while GOMP only achieves 40K

tasks per second. The significant throughput reduction for GOMP comes from shared locks

in the OpenMP runtime. The best performance is achieved for a batch size of 1024 for

XGOMPTB with 217 MH/s, compared to 164MH/s for GOMP with an 8192 batch size, a

32% speedup. Batch sizes that are too large can yield lower performance stemming from

load imbalance that leads to underutilized resources.
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CHAPTER 8

PERFORMANCE TUNING

Our experiments reported in section 6.2 show that different applications react differently

to the choice of DLB and are sensitive to parameter choices. For example, all applications

are relatively sensitive to Nvictim, Nsteal, and Plocal.

To further study relationships between the performance and parameters, we categorize

the applications into five sizes based on per-task rdtscp cycles Stask. We then define steal

size Ssteal in Equation 8.1, where Nvictim is the number of victims per request, Nsteal is the

number of steals per victim, and Tinterval is a timeout counter for the worker before it retries

next round of requests. Since applications lack sensitivity to Tinterval, we reduce its influence

by applying a log function.

Ssteal =
Nsteal ×Nvictim
log10 Tinterval

(8.1)

We show in Figs. 8.1 and 8.2 the performance improvement of both DLBs with 3D

triangular surface plots. In each figure, the Z-axis is the performance improvement over

XGOMPTB.

Figure 8.1 shows that when using NA-RP, applications with task size <102 cycles suffer

performance degradation. For 102–104 cycles, we see little performance improvement. For

>104 cycles, performance generally benefits from larger steal sizes. For the largest tasks,

NA-RP works exceptionally well, with 4× performance improvement.

Figure 8.2 shows that NA-WS is less sensitive to configuration and leads to performance

degradation only for applications with small task size (<103) and large steal size. As task size

increases, application performance generally increases, with the best improvement achieved

for the largest task and steal sizes. Generally, applications with larger task sizes benefit more

from larger steal sizes; applications with small task size should use small steal sizes.
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Locality choice is also an important contributor to performance. For NA-RP, fully local

redirection yields the best performance across all benchmarks (see Table 6.1) because it

optimizes memory access latency by pushing tasks to adjacent workers. Because NA-RP

pushes more tasks away, it is the best choice to send tasks to the local node which can

also utilize multi-level cache. For NA-WS, extremely fine-grained tasks perform best with
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Table 8.1: Optimal DLB settings for different task sizes.

Stask (rdtscp) 101–102 102 103 103–104 >104

Best DLB WS WS WS WS RP
Best Plocal 100% 100% 100% 3–50% 3–12%
Best Ssteal 100–101 101–102 102–102.5 102.5–103 >103

fully NUMA-local steal, to optimize the overall memory access latency. For larger tasks,

smaller Plocal performs better because work stealing can return pushed tasks to where they

are created. Therefore, tasks may utilize high-level cache which optimizes overall latency.

In summary, different combinations of strategies and parameters fit different application

characteristics. Applications with extremely fine-grained tasks benefit from smaller steal

sizes on the NA-WS approach; full NUMA-local probability should be used. Applications

with larger tasks benefit from larger steal sizes. NA-RP with maximum steal size and fully

NUMA-local is particularly suitable for tasks of >104 cycles. We summarize in Table 8.1

guidelines for selecting parameters for the best performance and show in Figure 8.3 results

obtained for the five applications when using these guidelines. We use as input arguments,

Fib: 42, NQueens: 16, FFT: 536M, FP: 20, Health: xlarge, UTS: small, STRAS: 4096

(Y=16), Sort: 1B, and Align: 2000.
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CHAPTER 9

RELATED WORK

9.1 Parallel runtime systems

Parallel runtime systems such as OpenMP [1], Charm++ [23], and Swift/T [24] use

concurrent queues to share data between threads or processes. Charm++ goes further and

supports lock-free queues to demonstrate performance improvements [25]. HPX [26] uses a

light-weight threading subsystem with data-flow programming use cases. However, it still

uses traditional concurrency control mechanisms such as mutexes and spinlocks.

Regarding locks, researchers have investigated contention management in thread-safe

MPI libraries [27] and the use of abort locking [28] to improve performance. We aim to

achieve better performance with finer granularity and task decomposition than these solu-

tions.

Some classical with-locks task-based runtimes (e.g., OmpSs [29], PaRSEC [30], StarPU [31])

have made efforts to improve data locality. For example, OmpSs and XKaapi [32] rely on

work-stealing for load balancing. XKaapi also provides a lower bound on the number of data

accesses required by the scheduler [33]. Legion [34] allows users to specify locality explic-

itly using data regions, and provides a data mapping strategy to ensure that data are only

moved when needed. Some of StarPU’s scheduling strategies focus on data reuse and task

stealing to increase the performance of linear algebra applications [35, 36]. These solutions

are orthogonal to our research: We focus on removing the synchronization cost of barriers

and thus cannot use similar techniques that require regular synchronization and updating of

current system state.
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9.2 Dynamic load balancing

Several papers have proposed load balancing mechanisms [37, 38]. Quintin et al. pro-

posed hierarchical work stealing to exploit data locality to achieve speedup over classical

work stealing algorithms [39]. Shiina et al. addressed the issue of data locality by making

scheduling deterministic [40]. Guo et al. introduces work-stealing framework with compiler

support for async-finish task parallelism that accommodates both work-first and help-first

scheduling policies, highlighted by its non-blocking help-first implementation for improved

scalability [41]. Their further work SLAW [42] lets the programmer and compiler to decide

data locality and uses heuristic to decide scheduling policies . Mei et al. map threads that

communicate frequently to closer cores to minimize latency [43]. Podobas et al. optimized

TurboBLYSK on data-driven applications to co-locate tasks close to where the data-region

resides by keeping track of their addresses [44]. Yoo et al. uses graph-based locality analysis

framework to statically analyze the application and uses heuristics graph partitioning tool

for dynamically scheduling [45]. Pilla et al. incorporate NUMA-awareness dynamic load

balancing techniques [46]. Chen et al. introduces CATS [47] that dynamically adapts task

scheduling based on runtime profiling to enhance cache locality and reduce memory access

overhead in multi-socket systems, resulting in substantial performance improvements for

memory-intensive workloads. They then introduces LAWS [48] considering NUMA topology

with a load-balanced task allocator, an adaptive cache-friendly sub-trees, and a triple-level

work-stealing scheduler, all designed to improve data locality and cache utilization in multi-

socket architectures.

In order to balance load efficiently, these all relied on synchronization mechanisms. In

our work, we explore lock-less techniques to achieve comparable dynamic load balancing

mechanisms.
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9.3 Concurrent data structures

Michael et al. present simple and fast concurrent queue algorithms, both blocking with

locks and non-blocking with compare-and-swap, achieving practical and efficient performance

on multiprocessors [49]. Arnautov et al. present a fast, wait-free FIFO queue for single-

producer/multiple-consumer scenarios, achieving high throughput on multi-core processors

using batching and double-width compare-and-swap [50]. Rab et al. introduce a scalable,

non-blocking calendar queue specifically designed for NUMA architectures, utilizing tech-

niques including local queues and distributed arrays to minimize remote memory access and

contention [51]. Milman et al. introduce BQ [52], which focuses on general high-performance,

lock-free queuing using batching and compared-and-swap for multi-producer/multi-consumer

scenarios, Wang et al. develop B-Queue [53], which specifically targets on efficient core-to-

core communication. Feldman et al. presents an efficient wait-free vector that ensures

progress and concurrency, achieving efficient performance through techniques like a wait-

free copy-over algorithm for contiguous storage and support for multi-position operations

and bounds checking [54].

While these data structures and methodologies leverage lock-free techniques like atomic

compare-and-swap for performance gains on multiprocessors, they may not achieve the theo-

retical peak performance of truly lock-less approaches due to the inherent overhead of atomic

operations.

9.4 Lock-less runtime systems

XQueue [4] demonstrated the benefits of a lock-less, task-oriented runtime in OpenMP.

Recent work on XQueue [10] introduced work-stealing, but focused on simply redirecting a

newly spawned task to another thread. Results indicated a need to develop more sophisti-

cated strategies and also consider NUMA-awareness, as we explore here. Among other things,
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in this paper, we integrate XQueue into GNU-OpenMP, introduce a tree barrier, and propose

sophisticated NUMA-aware work-stealing strategies, which dynamically migrate tasks from

a victim to a thief thread.
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CHAPTER 10

DISCUSSION AND FUTURE WORK

GNU OpenMP, although part of the mainstream compiler infrastructure GCC, is unable

to harness modern high-performance CPUs with ever-increasing number of cores, due to its

conservative design of using excessive locks and atomic operations. Our work transforms

GNU OpenMP into a high-performance parallel computing library by integrating the novel

lock-less concurrent data structure XQueue and an efficient distributed tree barrier to achieve

up to 1522.8× performance improvement compared to the original GNU OpenMP. We fur-

ther improve performance via use of dynamic load balancing strategies, demonstrating that

with optimal settings, lock-less dynamic load balancers can achieve 4× more performance

improvement compared to use of a static load balancing. Our experiments show that good

parameter choices are dependent on application characteristics. We provide guidance to help

practitioners select parameter values based on their applications.

In future work, we will decompose application characteristics to automate the selection

of good settings; To mitigate the performance degradation caused by GOMP’s sequential

mallocs, we will replace it with a more scalable memory allocation solution; We will rein-

troduce features (e.g., task depend, priority), optimized using lock-less techniques, to align

with current OpenMP standards. To fully leverage fine-grained parallelism in alignment with

modern artificial intelligence (AI) advancements, we will explore ways to optimize popular

AI frameworks to accommodate to the need of running AI loads on heterogeneous devices.
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