
ILAN: The Interference- and Locality-Aware NUMA Scheduler

Downloaded from: https://research.chalmers.se, 2025-12-17 10:58 UTC

Citation for the original published paper (version of record):
Åblad, E., Målqvist, A., Chen, J. et al (2025). ILAN: The Interference- and Locality-Aware NUMA
Scheduler. Proceedings of 2025 Workshops of the International Conference on High Performance
Computing Network Storage and Analysis Sc 2025 Workshops: 1544-1553.
http://dx.doi.org/10.1145/3731599.3767701

N.B. When citing this work, cite the original published paper.

research.chalmers.se offers the possibility of retrieving research publications produced at Chalmers University of Technology. It
covers all kind of research output: articles, dissertations, conference papers, reports etc. since 2004. research.chalmers.se is
administrated and maintained by Chalmers Library

(article starts on next page)



ILAN: The Interference- and Locality-Aware NUMA Scheduler
Edvin Mellberg

∗

Chalmers University of Technology and University of

Gothenburg

Gothenburg, Sweden

edvin.mellberg@gmail.com

Axel Carlsson
∗

Chalmers University of Technology and University of

Gothenburg

Gothenburg, Sweden

axel.00@live.se

Jing Chen

Chalmers University of Technology and University of

Gothenburg

Gothenburg, Sweden

chjing@chalmers.se

Miquel Pericàs

Chalmers University of Technology and University of

Gothenburg

Gothenburg, Sweden

miquelp@chalmers.se

Abstract
Modern HPC platforms increasingly adopt NUMA architectures,

where OpenMP task-based programming model is a standard for en-

abling dynamic parallelism. However, the default OpenMP runtime

is topology-agnostic, and the existing affinity policies are insuffi-

cient to ensure optimal performance on modern NUMA architec-

tures. This lack of topology awareness results in suboptimal data

locality and performance degradation. Additionally, the current

OpenMP standard lacks mechanisms for detecting and mitigating

the interference between concurrently executing tasks, further exac-

erbating the performance degradation. To enhance the performance

of OpenMP task-based applications on NUMA architectures, we

propose the ILAN scheduler: an interference- and locality-aware

scheduler, employing moldability to dynamically minimize inter-

ference combined with hierarchical scheduling for improved data

locality.We implement ILAN as an extension of LLVMOpenMP run-

time. The results on a 64-core AMD Zen 4 platform show that ILAN
achieves an average speedup of 13.2%, and a maximum speedup of

45.8% compared to the default scheduler.

CCS Concepts
• Software and its engineering→ Runtime environments; Sched-
uling; • Computer systems organization→ Multicore architec-
tures.
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HPC, parallel computing, scheduling, OpenMP, NUMA, interfer-

ence, data locality
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1 Introduction
In high-performance computing (HPC), parallel execution on multi-

core architectures is essential to achieve high throughput. Task-

based programming models have emerged as effective methods

to express and manage parallelism, as they enable dynamic load

balancing and flexible scheduling strategies at runtime. Efficient

task scheduling, therefore, plays a critical role in achieving optimal

utilization of computational resources. One fundamental challenge

inherent to parallel computing is mitigating the interference be-

tween concurrently executing tasks, often arising due to contention

for shared hardware resources such as memory buses, caches, or

interconnection networks.

While traditional consumer-level computing platforms typically

adopt symmetric multiprocessing (SMP) architectures, character-

ized by uniformmemory access latencies for all cores, these systems

exhibit limited scalability beyond approximately 8 to 12 cores due

to excessive memory bus contention [17]. To address this limitation,

modern HPC platforms typically employ non-uniform memory ac-

cess (NUMA) architectures, wherein processor cores are physically

grouped around dedicated memory units interconnected through

high-speed interconnects. Such architectures inherently reduce

memory bus contention by distributing memory resources; how-

ever, they introduce additional complexities. Specifically, memory

access latency becomes dependent on data locality, the proximity

between executing cores and the memory units containing the

accessed data [14].

Consequently, ensuring optimal data locality becomes a criti-

cal factor in maximizing performance on NUMA platforms. Poor

data locality can significantly degrade performance, as frequent

remote memory accesses incur higher latencies and increase coher-

ence traffic. Conversely, aggressively optimizing for locality can

inadvertently cause resource contention within local memory do-

mains, thus leading to uneven distribution of tasks across cores and

impaired overall performance [1]. Achieving an optimal balance

between data locality and load balance, therefore, represents a non-

trivial challenge, strongly dependent upon runtime characteristics

and memory access patterns of applications. As NUMA topologies

become increasingly prevalent in processor design, the need for
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scheduling mechanisms that are aware of the underlying platform

architecture becomes important.

OpenMP represents one of the most widely adopted program-

ming models and runtime libraries for shared-memory parallelism

[24]. OpenMP supports parallel execution primarily through two

mechanisms: work-sharing constructs, such as omp for, which dis-

tribute loop iterations among threads, and task-based constructs, ex-

emplified by omp taskloop, which dynamically create and schedule

tasks at runtime, assigning loop iterations to tasks without regard

to loop indexes. While task-based parallelism inherently provides

excellent load-balancing capabilities, the default OpenMP runtime

lacks automatic consideration of hardware topology, leading to task

migrations across NUMA domains. Consequently, tasks frequently

incur performance penalties associated with poor locality and ele-

vated resource contention. The standard does offer ways of setting

the thread-to-core affinity, such as the proc_bind clause. However,

it relies on appropriate configuration from the programmer, which

cannot be guaranteed. Furthermore, the built-in affinity policies

close and spread only provide coarse guidance for thread placement,

without consideration of underlying data locality or interference

aspects. Additionally, the lack of interference awareness can result

in further performance degradation due to resource congestion or

data contention, an issue that can be mitigated through the addition

of interference-aware scheduling [9].

Motivated by these deficiencies, this paper introduces a new

scheduler ILAN : The Interference- and Locality-Aware NUMA

scheduler. Specifically designed for the OpenMP taskloop con-

struct, the scheduler integrates locality-awareness through hierar-

chical scheduling techniques and interference-awareness through

moldability principles. In this work, hierarchical scheduling refers

to task placement decisions that are made in layers, aligned with

hardware topology. The first layer assigns tasks to NUMA domains

to preserve data locality. In the second layer, fine-grain scheduling

decisions within the NUMA domains are handled through intra-

domain work-stealing. Inter-domain work-stealing is selectively

enabled towards the end of the taskloop execution to achieve load

balancing if necessary. This task distribution strategy improves

data locality while decentralizing scheduling decisions to minimize

scheduler overhead. Moldability, in the context of our work, refers

to the online selection of the number of threads to employ for the

execution of a taskloop. By reducing the active threads and con-

straining execution to the fastest nodes when interference is high,

moldability lowers resource contention and mitigates dynamic per-

formance asymmetry. By coupling these two strategies, the sched-

uler is able to minimize interference and improve data locality on

NUMA platforms, thereby enhancing performance and execution

stability on these architectures. Importantly, the proposed scheduler

does not necessitate source-level modifications to existing OpenMP

applications, provided they already utilize OpenMP taskloops. For

applications not currently employing taskloops, adapting loop con-

structs into taskloops would be required to benefit from the pro-

posed scheduler. To this end, we developed a simple tool to convert

omp for constructs into omp taskloop, used solely as an experi-

mental aid.

We hereby highlight the main contributions of our paper:

• We develop an interference-aware scheduling mechanism,

as part of the proposed ILAN scheduler, where the active

thread-count is “molded” for each taskloop execution to

mitigate performance degradation based on online tracing

of the execution.

• We present a structured, hierarchical, task placement policy

tailored for optimal data locality on NUMA platforms, also

embedded in the ILAN Scheduler.

• We implement the ILAN scheduler within the LLVM

OpenMP runtime. The evaluation shows that our scheduler

outperforms the default OpenMP task scheduler on a 64-core

AMD Zen 4 NUMA platform, achieving an average speedup

of 13.2% and a maximum of 45.8% across seven benchmarks.

The outline for the rest of this paper is as follows. Section 2

introduces the background of relevant topics and previous related

research. Our proposed ILAN scheduler is described in Section 3.

Section 4 explains the experimental methodology used, with the

evaluation results being presented in Section 5. Finally, the work

is summarized and findings from the research are highlighted in

Section 6.

2 Background
In the OpenMP runtime, when a thread encounters an omp
taskloop construct, it partitions the loop iterations into variable

number of chunks, each of which is assigned to an explicit task

for parallel execution. The main implementation of the OpenMP

runtime, namely the LLVM OpenMP runtime library [19], uses

dynamic load balancing for task distribution. Threads that finish

all the assigned tasks in their own task queues try to steal tasks

from other threads’ task queues, thus achieving load balance among

threads. The dynamic task scheduling strategy of taskloops is sim-

ple and effective, especially when there is an imbalance of workload

among tasks in the taskloop.

However, such a scheduling strategy may yield suboptimal data

locality on NUMA platforms. Without explicit consideration of

hardware topology, tasks and their corresponding data may become

scattered across different NUMA domains due to the unstructured

and random task placement. This results in higher cache coherence

overhead and intensified resource contention, leading to perfor-

mance degradation. Although dynamic scheduling addresses load

imbalance by continuously redistributing tasks, the default OpenMP

scheduler lacks automatic topology-awareness and instead relies

on affinity settings explicitly provided by the programmer. These

manually defined affinity strategies may be suboptimal or neglected

in practice, exacerbating locality problems and performance asym-

metry.

2.1 Hierarchical Schedulers
Hierarchical scheduling addresses the fundamental shortcomings

of the conventional flat dynamic scheduling approach employed by

the default OpenMP tasking scheduling, where task placement is

random in favor of load balancing. On NUMA architectures, such

unstructured task placement results in tasks with data dependen-

cies frequently migrating across NUMA domains, which leads to

increased remote memory accesses, inflated memory latency, and

significant cache coherence overhead.
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In contrast, hierarchical scheduling mitigates these data local-

ity issues by explicitly embedding hardware topology into the

scheduling, employing a structured, multi-level decision-making

process[3][12][15][23][25]. Typically, this involves partitioning the

computing resources into locality domains alignedwith the physical

hierarchy of the hardware, such as sockets or NUMA nodes. Sched-

uling decisions then follow a layered strategy where one sched-

uling mechanism may delegate tasks at the domain level, while

another scheduling mechanism controls the more fine-grained task

placement within the domain. Thus, under normal operation, task

scheduling and stealing occur predominantly within local domains,

preserving spatial locality by ensuring that tasks and their data

remain collocated. More advanced hierarchical schedulers may in-

clude memory allocators that proactively determine data placement

based on data dependencies among tasks, to improve spatial locality,

and possibly temporal locality as well[10][11][13][21][27].

For instance, a previous work proposes to utilize the shepherd-

based abstraction within the Qthreads runtime to enable hierar-

chical scheduling [23]. Shepherds align with hardware locality do-

mains, such as sockets or NUMA nodes, and maintain a group of

workers alongside a shared LIFO deque. Tasks execute depth-first

within a shepherd to exploit spatial locality from cache reuse. Work-

ers perform remote task steals only upon local domain depletion,

transferring chunks of tasks to reduce the required number of steal

operations. While this strategy preserves data locality and reduces

remote memory accesses, one of the main limitations of purely

hierarchical scheduling is its inability to dynamically adapt to run-

time conditions. A fixed degree of parallelism might be suboptimal,

as workloads commonly consist of several recurring components,

some highly parallel, others achieving peak efficiency with reduced

parallelism. In this paper, we show that incorporating adaptive

mechanisms that adjust the degree of parallelism (i.e., moldability)

can significantly improve performance.

2.2 Moldability
In this paper, moldability refers to the property of parallel tasks to

dynamically adjust their computational resources, specifically the

number of executing threads, in response to runtime conditions.

The initial idea of moldability was introduced by Suleman et al. [26],

referred to as Feedback-Driven Threading (FDT). Moldability, or

FDT, enables scheduling systems to adapt task parallelism based on

observed interference metrics, such as synchronization overhead,

memory bandwidth saturation, or dynamic performance asymme-

try. This adaptability allows tasks to efficiently manage contention

by modulating their execution width, effectively balancing resource

utilization with interference minimization.

In the context of dynamic runtime environments, moldability

offers a significant advantage for mitigating dynamic performance

asymmetry caused by resource contention. When parallel tasks

experience heightened levels of interference, such as increased con-

tention for shared caches or memory channels, moldability enables

the scheduler to constrain the thread count (i.e., task width) dy-

namically. Reducing the task width alleviates resource pressure,

thus mitigating interference and potentially reducing execution

time. Conversely, when contention subsides, the scheduler can in-

crementally increase the task width to improve resource utilization,

maintaining efficient throughput.

A prior work extends the moldability concept to mitigate dy-

namic performance asymmetry caused by factors such as DVFS

and interference from unrelated workloads [9]. Their scheduler

maintains a Performance Trace Table to profile task execution under

varying thread and core configurations. By combining criticality-

aware task placement with adaptive task-width modulation, the

system prioritizes critical tasks on historically faster cores and ad-

justs the width of non-critical tasks based on performance history,

improving throughput while reducing the impact of runtime in-

terference. Our proposed ILAN scheduler extends this previous

research by utilizing the method of performance tracing and dy-

namically adapting the thread count based on interference levels.

However, our work extends the moldability concept by employing

a topology-based, hierarchical scheduling together with a struc-

tured task distribution strategy, which together achieves improved

data locality and further reduced intra-application interference on

NUMA platforms.

Another related work combines hierarchical scheduling with

the support for elastic tasks [15]. Elastic tasks are tasks that can be

co-executed by a variable number of worker threads, depending

on the load-imbalance in the system, with the aim of improving

data locality. The concept of elastic tasks are similar to the concept

of moldability. While this approach was shown to be effective, the

strategy relies on affinity hints provided by the programmer. The

dependence on programmer input makes the concept less robust,

and a fully dynamic approach for determining the degree of elastic-
ity or moldability can adapt to various types of tasks, applications,

or hardware architectures.

3 The ILAN Scheduler
Intra-application interference manifests as dynamic performance

asymmetry, where the execution time of a given taskloop can vary

significantly depending on runtime contention for shared memory

resources such as caches, memory controllers, and coherence traf-

fic. NUMA architectures exacerbate these issues, as task placement

directly influences memory latency and interference. The default

LLVM OpenMP tasking scheduler employs a random work-stealing

algorithm, placing initial tasks onto selected queues arbitrarily and

enabling idle threads to steal tasks without considering NUMA

topology or contention levels. Consequently, a degradation in per-

formance is to be expected, with an even greater propensity for

performance variability.

3.1 Overview
To address these limitations of the current OpenMP runtime, we

propose the ILAN scheduler, a tasking scheduler that dynamically

adapts the number of active threads and determines the task place-

ment for each specific taskloop, minimizing the interference and

resource contention. In addition, the scheduler employs hierarchi-

cal task scheduling by prioritizing intra-node task stealing over full

processor stealing to optimize data locality.

The execution of each taskloop is controlled by three parame-

ters: (1) the number of active threads - num_threads, (2) a bitmap
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Figure 1: Overview of the ILAN scheduler. Grey boxes rep-
resent computing domains, containing one task queue for
each thread-core pair. Yellow tasks are domain-bound, while
green tasks are allowed for inter-node stealing. Green tasks
are only created if steal_policy=full.

defining active NUMA nodes - node_mask, and (3) a task steal

policy - steal_policy specifying whether inter-node stealing is

permitted (full) or restricted to intra-node stealing (strict). The
portion of tasks being stealable when the steal policy is set to full
is implementation-specific and should be set such that the steal-

ing initiates as intra-node but can switch to inter-node as soon as

required. In the node_mask, each bit corresponds to one NUMA

node, and the bits that are set identify the nodes eligible for task

execution, analogous to how a CPU affinity mask specifies the pro-

cessors on which a thread can execute. The scheduler maintains a

Performance Trace Table (PTT), linking different taskloop configu-

rations to measured execution times. The PTT is used during an

exploration stage to find the optimal configuration for each specific

taskloop, after which the optimal configuration will be used for the

remainder of the application execution.

Figure 1 presents an overview of the proposed scheduler. When

encountering a taskloop construct, the first step is to select the

taskloop configuration. The details of the configuration selection

are explained further in Section 3.2. Next, all tasks are distributed

onto the NUMA nodes in a structured manner designed to maintain

good data locality on NUMA platforms. Tasks are categorized as

either node-specific or stealable across nodes, depending on the

steal_policy as explained above. All tasks are placed in the task

queue of the primary thread of each node. After being assigned to a

node, tasks are distributed within the node through dynamic work-

stealing, which serves as the fine-grained layer of the hierarchical

scheduling. The details of the task distribution are explained in

further detail in Section 3.3. The fourth step in the workflow is the

execution of tasks, where performance tracing of each thread-core

pair is performed. The fifth step is optional, and only applies if the

steal_policy is set to full. Here, threads may steal tasks across

NUMA nodes upon work depletion within the node. Whether this

is allowed is based on the impact of maintaining good data local-

ity versus good load balancing, a decision made during taskloop

configuration selection. After all tasks have been executed, the

performance statistics are updated in the PTT. Previous executions

found in the PTT are used to make more informed taskloop con-

figuration selection decisions the next time the same taskloop is

encountered.

3.2 Configuration Selection
The initial step in configuring a taskloop is determining the optimal

number of threads. This is achieved by profiling the taskloop’s

performance across a range of thread counts, with work-stealing

strictly confined to the local NUMA node. This exploration phase

yields the following crucial information for the scheduler:

• Data locality profile of the taskloop: depending on perfor-

mance asymmetry across nodes, the taskloop sensitivity to

data locality can be estimated, where the nodes with good

data locality are prioritized for execution.

• The level of interference: depending on memory intensity

and task data dependencies of the taskloop, the taskloop may

exhibit improved performance from a reduced number of

active threads.

The optimal number of threads is found by exploring different

configurations in a binary search-like fashion, starting with the

maximum number of available threads and reducing depending on

the resulting impact on taskloop performance. The exploration is

non-exhaustive, and a local optimum may be selected to favor a

reduced exploration cost over performing an exhaustive search.

When a configuration with a reduced number of threads is

executed, the node_mask is selected such that the nodes with

the best data locality are utilized. This is found from the PTT

when evaluating performance asymmetry between nodes. Once

the optimal values for (num_threads) and (node_mask) have

been found, the optimal steal_policy is assessed by evaluating

the full processor stealing with the optimal (num_threads) and
(node_mask). The exploratory approach necessitates that taskloops

within the application execute numerous times, to cover the cost

of exploring while benefiting from the optimal configuration.

The control flow for selecting the next taskloop configuration

is shown in Algorithm 1. Before this algorithm is called, two prior

executions are required to get the fastest and second fastest config-

urations. The initial configuration explored will always utilize the

maximum number of threads,𝑚𝑚𝑎𝑥 , and the second configuration

will utilize half of that, i.e.
𝑚𝑚𝑎𝑥

2
. After these two initial executions,

ILAN will employ Algorithm 1 for taskloop configuration selection.

To ensure that configurations with fewer active threads than
𝑚𝑚𝑎𝑥

2

can be explored, the third iteration, 𝑘 = 3, provides a special case

where the fewest possible number of threads will be employed, if

the configuration with
𝑚𝑚𝑎𝑥

2
threads was faster than the 𝑚𝑚𝑎𝑥

configuration. The else if threadsDiff ≤ 𝑔 statement ensures

that the granularity is respected. The last else statement in the con-

trol flow constitutes the general case, where the next configuration

to explore lies between the previously fastest and second fastest

configurations. In this way, the taskloop configuration selection

over many iterations assumes a binary search-like exploration to

find the optimal configuration for each taskloop.
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Algorithm 1: Taskloop Configuration Selection

Input :Performance Trace Table PTT ,
Current configuration cfgcur ,
Taskloop iteration count 𝑘

Thread-count granularity 𝑔

Output :Updated cfgcur , flag search_finished

cfgbest ← GetFastest(PTT );
cfgsecond ← GetSecondFastest(PTT );
threadsDiff ← |cfgbest .threads − cfgsecond .threads |;
lowerBound ← min(cfgbest .threads, cfgsecond .threads);
/* Midpoint rounded down to meet granularity */

midpointThreads ← lowerBound +
⌊
threadsDiff /2

𝑔

⌋
× 𝑔;

if 𝑘 = 3 and cfgbest .threads < cfgsecond .threads then
/* Best previous cfg is smallest in PTT, explore

the smallest possible cfg */

cfgcur .threads← 𝑔;

if cfgcur .threads = 𝑔 then
search_finished← true;

else if threadsDiff ≤ 𝑔 then
/* Thread counts are within one granularity step,

optimal cfg found */

cfgcur ← cfgbest ;
search_finished← true;

else
/* Explore midpoint unless already executed */

if cfgcur .threads = midpointThreads then
cfgcur ← cfgbest ;
search_finished← true;

else
cfgcur .threads← midpointThreads;

cfgcur .node_mask ← GetNUMAMask(cfgcur , 𝑃𝑇𝑇 , 𝑘);
if search_finished then

cfgcur .steal_policy ← GetStealPolicy(cfgcur , 𝑃𝑇𝑇 );

The selection of node_mask is performed for every configura-

tion selection. The NUMA nodes to execute the taskloop are se-

lected based on the performance of previous executions. The fastest

NUMA node is retrieved from the PTT and is selected as the first

node of the node mask. To maintain good data locality and efficient

inter-node data communication, any additional nodes are chosen

according to the NUMA topology. That is, nodes within the same

socket are prioritized over nodes crossing socket domains.

The steal_policy attribute is kept as strict, meaning

only stealing within NUMA nodes is allowed, until the

search_finished flag has been set. Once the search is fin-

ished, the steal policy is evaluated by allowing inter-node steal-

ing (steal_policy = full) for one execution. After this, the

steal_policy is kept as the policy that provided the highest per-

formance.

3.3 Task Distribution
The ILAN scheduler employs a hierarchical task scheduling ap-

proach, where tasks within a taskloop are first distributed across

NUMA nodes, after which a more fine-grained task distribution

occurs within each node. In addition to benefits in terms of reduced

interference and improved data locality, the hierarchical approach

also decentralizes most task scheduling decisions, resulting in a

less complex scheduling approach. The task distribution strategy

employed by ILAN is designed to optimize data locality and thereby

reduce interference. The following assumptions were made:

• More often than not, data dependencies are higher between

adjacent loop iterations than non-adjacent loop iterations,

both in terms of spatial and temporal locality.

• Placing loop iterations with high data dependencies between

themselves on the same node reduces performance asym-

metry through better data locality, lower memory latencies,

and thus less interference.

During task generation, tasks are deterministically mapped to

individual NUMA nodes based on logical loop iteration indices.

All tasks assigned to a specific node are initially enqueued to the

node’s primary thread and subsequently distributed within the

node via OpenMP’s local work-stealing mechanism. To preserve

locality, the initial fraction of tasks on each node is designated as

NUMA-strict, disallowing inter-node task stealing. The remaining

tasks are stealable across NUMA-nodes, but will only migrate from

their assigned node if the stealing node is fully idle. This approach

prioritizes locality but allows for load balancing between NUMA

nodes when necessary. Since task mapping and stealing behavior

are attributes of the tasks themselves, this decentralized policy

operates with minimal scheduling overhead.

The task distribution strategy employed by ILAN takes inspi-

ration from previous hierarchical scheduling approaches used in

task-based models, such as the multi-threaded shepherds proposed

by [23]. However, the performance tracing employed in ILAN adds

flexibility and awareness to the scheduling, which allows for on-

line tuning of inter-node task migration levels depending on the

workload characteristics.

3.4 Affinity Support in OpenMP
OpenMP 5.0 introduced the affinity clause on task directives,

and OpenMP 6.0 extended this support to taskloop and task_
iteration, enabling programmers to provide hints that associate

tasks with specific memory locations. The clause can be used to

specify data affinity for individual tasks, which enables optimizing

data locality and improving cache utilization.

We believe that the ILAN scheduler is complementary to this

effort but extends beyond affinity in three important ways. First,

the affinity clause is interpreted by the runtime as a hint, and its

effect may vary across implementations. By contrast, ILAN enforces

structured, hierarchical task distribution with NUMA-aware steal-

ing policies. Second, affinity by itself does not provide interference-

awareness: it cannot dynamically reduce contention by adapting

the number of active threads or by adjusting to runtime conditions.

ILAN incorporates such mechanisms through moldability and on-

line performance tracing. Third, while affinity can be applied to
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taskloop, current implementations are limited, and in practice pro-

grammers may need to emulate this behavior using explicit tasks

and manual annotations. In contrast, ILAN requires no source-level

modifications for applications that already use taskloops.

In summary, ILAN builds upon the locality-awareness enabled by

affinity and augments it with adaptivity and automation, providing

a more comprehensive solution for NUMA-aware scheduling of

taskloops.

3.5 Implementation in LLVM
To evaluate the performance of the ILAN Scheduler, the scheduler

was implemented in the LLVM OpenMP runtime
1
, building on the

default work-stealing scheduler. Recall from Figure 1, performance

statistics are sampled after each taskloop execution and stored in

the PTT. To make the implementation platform agnostic, only exe-

cution time has been sampled as a performance statistic. Note that

hardware performance counters can easily be integrated into the

ILAN scheduler and used as a basis for the selection of taskloop

configuration. This allows the scheduler to be flexible and can, for

example, instead be used to locate and employ the optimal configu-

ration based on other metrics, such as energy efficiency [7, 8]. More

performance statistics can also reduce the exploration overhead by

utilizing the additional information to arrive at the optimal config-

uration more quickly. We leave integrating performance counters

into the proposed scheduler as a future study.

The thread-count granularity, 𝑔, was set equal to the NUMA

node size, meaning that full NUMA nodes were employed for each

configuration. In other words, nodes were not split as a means to

always maximize the spatial data locality even when fewer threads

were employed for execution. Furthermore, initial testing showed

that maintaining spatial data locality within a compute domain pro-

vided performance gains compared to distributing threads across

all nodes, even though this would result in lower resource conges-

tion. For other platforms, 𝑔 equal to the NUMA node size may be

suboptimal depending on the platform topology. The thread-count

granularity can easily be customized to fit the current platform,

and can be assigned any value from 1 to
𝑚𝑚𝑎𝑥

2
.

To ensure that the performance tracing accurately computes

the performance differences between computing domains, thread-

to-core pinning is required. This was achieved through existing

LLVMOpenMP runtime macros for thread-to-core affinity, together

with the hwloc[4] API for topology information. The logical threads

created by the OpenMP runtime were pinned 1-to-1 to the physical

cores, so that the scheduler is able to track which cores perform

best for certain taskloops.

4 Experimental Methodology
4.1 Experimental Platform
The scheduler implementation was evaluated on the Vera com-

pute cluster provided by NAISS, utilizing compute nodes based

on AMD EPYC 9354 ("Zen4") processors [2]. Each node comprises

64 cores, organized into eight NUMA nodes, with eight cores per

NUMA node and four NUMA nodes per socket. Each core fea-

tures private L1 and L2 caches, while a 32 MB L3 cache is shared

1
Version v19.1.7 of the LLVM OpenMP Runtime Library

among groups of four cores within each Core Complex Die (CCD).

Each compute node provides a total memory capacity of 768 GB.

Inherent to the NUMA architecture of this platform, significant per-

formance variations arise from local versus remote memory access.

Consequently, thread affinity policies greatly influence overall per-

formance. Memory-intensive kernels and benchmarks executed on

NUMA-based systems substantially benefit from NUMA-optimized

OpenMP runtimes, making this an ideal environment to evaluate

the impact of newly introduced runtime features.

4.2 Benchmarks
Seven benchmarks were used to evaluate the performance of ILAN.
Five applications from the NAS Parallel Benchmarks (NPB) suite
[22] were used, a versatile and balanced test suite. Furthermore,

the LULESH [16] benchmark was used, which is representative of

typical HPC hydrodynamic workloads with diverse computational

loops. Finally, aMatrix Multiplication (Matmul) kernel was included
to evaluate the scenario of structured memory access and high

arithmetic intensity.

The selected NPB kernels wereConjugate Gradient (CG), focusing
on memory locality and cache behavior, and Fourier Transform
(FT), involving extensive long-distance memory communication.

Besides the kernels, the three pseudo-applications included in the

NPB test suite were used as well. The pseudo-applications are Block
Tri-diagonal solver (BT), Scalar Penta-diagonal solver (SP), and Lower-
Upper Gauss-Seidel solver (LU). The specific implementation of NPB

used in this work was the C++ implementation developed by Löff

et al. [20]. Input size D was used for all NPB applications, with

FT iterations increased from 25 to 200. LULESH was run with a

problem size of 400 over 200 iterations, and theMatmul benchmark

was executed with a loop size of 3500 and 200 iterations.

Since the chosen benchmarks are originally data-parallel and im-

plemented with OpenMP for loops, we convert them to use taskloop

to enable evaluation of task scheduling. We acknowledge that this

may not reflect inherently task-based applications, therefore we pro-

vide a direct comparison against the natural data-parallel baseline

in Section 5.6.

5 Performance Evaluation
In this section, we investigate how the proposed scheduler compares

to the default OpenMP tasking scheduler (baseline) in several key

aspects. The metric used in the evaluation is overall execution time.

In addition, we also provide performance variability and scheduling

overhead analysis.

5.1 Overall Performance
Figure 2 illustrates the normalized speedup achieved by the pro-

posed ILAN scheduler relative to the baseline. Across all evaluated

benchmarks, the proposed scheduler generally outperforms the

baseline, on average achieving a speedup of 13.2%, with a maxi-

mum speedup of 45.8% in the SP benchmark. One notable exception

is the standard matrix multiplication kernel, which shows a slight

reduction in performance, a result that is expected due to the high

computational intensity of the workload and limited sensitivity

to NUMA-aware optimizations. Therefore, it scales exceedingly
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well with increased parallelism, making moldability ineffective, and

hierarchical scheduling unnecessary.

Figure 2: Normalized speedup of the ILAN scheduler com-
pared to the default OpenMP work-stealing scheduler (Base-
line). Higher is better. The execution variance for both sched-
ulers is shown for each of the benchmarks. All benchmarks
were run 30 times to ensure reliable results.

5.2 Configuration Selection
Our evaluation demonstrates significant variation in how NUMA

effects influence each benchmark. Consequently, the optimal thread

(core) count for a taskloop is not uniform, but instead depends

critically on the specific workload being executed.

Our results show that dynamically reducing the number of

threads as a means of reducing interference proves to be very ef-

fective for CG and SP. These two applications exhibit irregular

memory access patterns, leading to memory contention, which is

effectively reduced by reducing the number of interfering cores.

This argument is further corroborated by the fact that for CG and

SP, our scheduler most actively reduced the number of utilized

cores, as seen in Figure 3. Across all taskloops in the CG bench-

mark, ILAN on average utilized only 25 cores out of the 64 cores

available. This leads to a speedup of 8% compared to the baseline.

For workloads that are either insensitive to interference or scale

well with parallelism, ILAN does not reduce the allocated cores. In

these scenarios, performance gains are attributable to the hierarchi-

cal scheduling techniques of the scheduler rather than interference

Figure 3: The weighted average number of threads (cores)
selected by the ILAN scheduler in each benchmark.

mitigation. For instance, the FT and BT benchmarks achieved sig-

nificant speedups of 12.3% and 16.9%, respectively. These improve-

ments stem from enhanced data locality provided by the hierarchi-

cal scheduler, as the thread count was not reduced, meaning that

no moldability was employed.

5.3 Performance Gains from Hierarchical
Scheduling vs Moldability

To better understand which features of the ILAN scheduler pro-

vide improvements in different scenarios, the proposed scheduler

was also evaluated without one of its core features, the moldabil-

ity, meaning that all 64 cores were always utilized. The resulting

performance is presented in Figure 4. On average, this version of

Figure 4: Normalized speedup of the ILAN scheduler without
the moldability feature compared to the baseline.

ILAN achieved a performance increase of 7.9%. The most notable

differences compared to the full version are in the CG and SP bench-

marks. In CG, a clear performance decrease of 8.6% is observed in

contrast to the 8.0% speedup in ILAN, clearly demonstrating the

effectiveness of moldability. In SP, moldability provides a significant

increase in performance. In all other benchmarks, this version of

the scheduler slightly outperforms ILAN, indicating that they do

not benefit from moldability.

5.4 Performance Variability
In terms of performance variability, the proposed scheduler showed

a smaller variance compared to the baseline in 3 out of 7 bench-

marks, see Table 1 for details.

Table 1: Standard deviation in execution time for each bench-
mark when using the baseline and ILAN respectively. We
report the arithmetic average of 30 runs for each benchmark.

Benchmark Baseline ILAN

FT 0.0117 0.0037

BT 0.0133 0.0197

CG 0.0094 0.0239

LU 0.0169 0.0045

SP 0.0554 0.0258

Matmul 0.0050 0.0158

LULESH 0.0065 0.0074
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We believe that reductions in performance variability observed

in the benchmarks are a direct consequence of ILAN’s hierarchical
scheduling. The predictable and deterministic nature of the task

distribution intuitively yields a smaller variability compared to

the random task distribution used in the baseline. However, some

of the benchmarks appear to contradict this trend by showing

increased variability. For instance, the increase in variability for

the BT benchmark is an artifact of a single outlier run, attributable

to external system noise or the system configurations outside the

control of the scheduler, e.g., frequency scaling. In contrast, the

baseline exhibits a homogeneous spread of execution times with no

clear outlier. Excluding this outlier for BT reduces ILAN’s standard
deviation to 0.0033, a significant reduction in variability compared

to the baseline.

5.5 Scheduling Overhead
In supporting more advanced scheduling techniques, the proposed

scheduler intuitively introduces additional scheduling overhead.

Due to the complexity of the OpenMP runtime, accurately isolating

scheduler overhead is difficult. Therefore, this analysis attempts to

approximate the overhead by accumulating the time spent in the

core scheduling components of the runtime. The accumulated time

spent by the baseline and the proposed scheduler is summarized

and presented in Figure 5.

Figure 5: Total accumulated scheduling overhead for the
ILAN scheduler compared to the baseline (normalized), lower
is better.

ILAN demonstrates lower scheduling overhead than the baseline

in four of the seven benchmarks. This reduction correlates with the

strategy of selecting fewer threads for specific taskloops. The effect

is most pronounced in CG, where the most aggressive reduction in

thread count minimizes synchronization costs. This confirms that

for workloads where maximal parallelism is not beneficial, reducing

the number of synchronized threads is a key driver of performance.

Conversely, for benchmarks like Matmul that benefit from all avail-

able cores, this scheduling scheme results in a predictable increase

in overhead.

5.6 Comparison to OpenMPWork-sharing
Figure 6 shows the normalized speedup of the ILAN scheduler and

the OpenMP work-sharing scheduler compared to the baseline. The

proposed scheduler outperforms the work-sharing scheduler on

most benchmarks, with a couple of exceptions. The most notable

exception is FT, where work-sharing outperforms not only the

baseline but also ILAN. As seen in Figure 3, the average number of

cores selected for this benchmark is the maximum number of cores,

indicating that the performance gain can mainly be attributed to

the hierarchical scheduling techniques. The lack of load imbalance

in the workload makes the work-sharing approach effective.

Figure 6: Normalized speedup of the ILAN scheduler and the
OpenMP work-sharing scheduler compared to the baseline.
Higher is better. The execution variance for all schedulers
is shown for each of the benchmarks. All benchmarks were
run 30 times to ensure reliable results.

Furthermore, the static work-sharing scheduler distributes loop

iterations across cores very similarly to how ILAN distributes tasks.

In contrast, the clear benefit of the task-based scheduling approach

becomes apparent in most other benchmarks, most notably in CG.
Unlike FT, CG has an inherently imbalanced workload, making

effective load balancing a key factor for performance.

6 Conclusion
In this work, we have presented the ILAN scheduler, a tasking

scheduler implemented as an extension of the LLVM OpenMP run-

time, designed to address the issues of suboptimal data locality

and high interference encountered when executing taskloops on

NUMA architectures. By integrating a hierarchical task distribu-

tion strategy, our scheduler explicitly leverages hardware topology

information, allowing for improved spatial and temporal data lo-

cality. Hierarchical scheduling confines work-stealing primarily to

node-local domains, thereby reducing inter-node data migration,

coherence traffic, and memory latency. Furthermore, the moldabil-

ity component dynamically adapts the active thread count for each

taskloop, effectively minimizing runtime interference by aligning

thread utilization with perceived levels of resource congestion and

task data dependencies.

Experimental evaluation on a 64-core AMDZen 4 platform, using

benchmarks from the NPB test suite, LULESH, and Matrix Multi-

plication, demonstrated consistent performance gains from using

ILAN in most scenarios, with little-to-no performance degradation

in the worst case. The observed average speedup across bench-

marks is 13.2%, with performance improvements reaching as high
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as 45.8% for the SP benchmark. Our proposed scheduler introduces

minimal additional runtime complexity, maintains compatibility

with existing OpenMP constructs, and notably reduces performance

variability in several workloads due to forced thread pinning. These

findings underline the performance gains achieved through the use

of the ILAN scheduler, and also demonstrate the success of com-

bining interference-awareness, using moldability, and data-locality

optimized task distribution through hierarchical scheduling.
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Artifact Availability
The source code for ILAN is publicly available on https://github.

com/Nosslrac/llvm-project.

ILAN is implemented as a fork of the official LLVM project [18],

and builds on the LLVM OpenMP runtime with a set of scheduling

modifications. The repository’s README file provides detailed in-

structions for building the runtime and enabling HWLOC support.

The benchmark suites used in our evaluation, LULESH [5] and

the NAS Parallel Benchmarks (NPB) [6], are also publicly available.

Their repositories include build instructions, and minor modifica-

tions to compiler flags may be required in order to link against the

OpenMP runtime built with ILAN.
Support for performance counters is available via the PERF_

COUNTERS macro. Although this feature can be enabled at com-

pile time, it is not currently used by the scheduler to make task

placement decisions in the experiments reported in this paper.

Artifact Execution
The workflow of ILAN proceeds as follows. First, ILAN runtime

should be built according to the instructions in README. Next, one
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or more benchmark programs can be compiled, linking against the

ILAN runtime built in the previous step. Compilation should be

performed for the target platform or directly on the target platform.

All benchmarks depend on the C++ standard library, HWLOC,

and the ILAN OpenMP runtime. Deployment on the target platform

requires the benchmark executable and the shared OpenMP library

created from the ILAN build, with the C++ standard library and

HWLOC available on the target system. ILAN is compatible with

any OpenMP-compliant program that utilizes taskloop constructs.
In some cases, the Linux utility patchelf may be used to specify

library paths on the compute node.
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