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Abstract

Asynchronous many-task (AMT) runtime systems have become an important paradigm for expressing fine-grained parallelism

and managing asynchrony in high-performance computing (HPC). Originating from early dataflow concepts, AMTs have evolved

to enable dynamic task generation, explicit dependency management, and asynchronous execution, facilitating the overlap of

computation and communication. These capabilities address the limitations of traditional bulk-synchronous models, such as

those employed in MPI+X, which can struggle with irregular, adaptive, or data-driven workloads. This survey provides a

comprehensive overview of representative distributed AMT systems—including Charm++, HPX, Legion, PaRSEC, Uintah,

Chapel, and StarPU—focusing on their design principles, execution models, and runtime mechanisms for scheduling, communi-

cation, and synchronization. We examine how these systems tackle key challenges such as load imbalance, runtime overheads,

programmability, and performance portability. In addition, the paper discusses application domains where AMTs have demon-

strated tangible benefits and highlights the conditions under which their use is most advantageous. The goal of this survey

is to equip researchers and practitioners with a clear understanding of distributed AMT models and to provide guidance for

selecting and applying the most suitable runtime system for specific computational objectives.
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communication. These capabilities address the limitations of traditional bulk-synchronous models, such as those employed in MPI+X,

which can struggle with irregular, adaptive, or data-driven workloads. This survey provides a comprehensive overview of representative

distributed AMT systems—including Charm++, HPX, Legion, PaRSEC, Uintah, Chapel, and StarPU—focusing on their design principles,

execution models, and runtime mechanisms for scheduling, communication, and synchronization. We examine how these systems

tackle key challenges such as load imbalance, runtime overheads, programmability, and performance portability. In addition, the paper

discusses application domains where AMTs have demonstrated tangible benefits and highlights the conditions under which their use

is most advantageous. The goal of this survey is to equip researchers and practitioners with a clear understanding of distributed AMT

models and to provide guidance for selecting and applying the most suitable runtime system for specific computational objectives.
1

CCS Concepts: • Computing methodologies→ Distributed computing methodologies; Parallel algorithms.

1 INTRODUCTION

The idea of asynchronous many-task (AMT) models started in the 1980s around the concept of dataflow. Here, the

computation was driven by the availability of data and not sequential code execution. MIT’s Id language [1] and

T-dataflow architecture [2] are two examples. In the 1980s and 1990s, a transition to software-managed concurrency

occurred. Implementations of parallel functional and logic languages gave rise to underlying AMT systems, such as

RediFlow [3] and Chare Kernel [4]. Cilk [5] provided a thread-based, structured, task-based parallelism addressing

dynamic load balancing via work-stealing. Cilk supported efficient runtime scheduling and fork-join semantics to express

parallelism. Another approach proposed by Charm++ [6–8] is message-driven execution and migratable objects, namely

chares, supporting adaptivity and asynchronous execution. Charm++ was one early adopter of over-decomposition

to address load balancing and latency hiding. In the 2000s, the focus was on dynamic task graphs, fine-grained tasks,

and event-driven execution. These features were designed to overlap communication and computation and maximize

resource utilization. Here, HPX [9], Chapel [10], StarPU [11], Go [12], OpenMP, Uintah [13], Qthreads [14], and Cilk

Plus [15] were released. In the 2010s, PaRSEC [16], Legion [17], Rust, UPC++ [18], and Julia [19] were released.

While the historical evolution of AMTs offers valuable insights, it is equally important to consider the underlying

motivation: what challenges led to the emergence of AMTs? The Message Passing Interface (MPI) [20] has long

served as the lingua franca for inter-process communication in high-performance computing (HPC). The term MPI+X

refers to a hybrid programming model in which MPI is responsible for inter-node communication, while some other

X—such as OpenMP, CUDA, or Kokkos—handles intra-node parallelism. This approach leverages the strengths of

MPI for distributed memory systems and complements it with node-level parallelism frameworks tailored to shared

memory or accelerator-based architectures. The MPI model follows a hierarchical structure and typically assumes: a) a

bulk-synchronous execution model, b) explicit specification of both parallelism and data movement, and c) application-

level management of dependencies and synchronization. For certain applications—such as adaptive mesh refinement

(AMR), particle-based methods, and graph-based computations—the assumptions outlined in a)–c) can pose significant

challenges to performance and scalability.

This survey is limited to distributed AMT. Let us take a closer look at how distributed AMT models address these

challenges: a) Rather than relying on bulk synchronization, AMT systems enable fine-grained task scheduling and

dependency management, allowing tasks to execute independently as soon as their inputs are ready. This approach

1
Notice: This manuscript has been authored by UT-Battelle, LLC, under contract DE-AC05-00OR22725 with the US Department of Energy (DOE). The US

government retains and the publisher, by accepting the article for publication, acknowledges that the US government retains a nonexclusive, paid-up,

irrevocable, worldwide license to publish or reproduce the published form of this manuscript, or allow others to do so, for US government purposes. DOE

will provide public access to these results of federally sponsored research in accordance with the DOE Public Access Plan (https://www.energy.gov/doe-

public-access-plan).
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minimizes idle time, mitigates load imbalance, and improves resource utilization, which is particularly beneficial for

irregular or dynamic workloads. b) To avoid the explicit specification of parallelism and communication, AMT models

leverage implicit concurrency and task- or data-driven execution. Computation is expressed in terms of tasks, and

the application developer specifies only the interactions among tasks, not how or when they execute. c) Typically

inter-node communication is not explicitly programmed; instead, the AMT runtime analyzes task dependencies and

data access patterns to automatically orchestrate data movement across nodes or memory spaces. Many AMT systems

further improve efficiency by overlapping communication with computation through asynchronous execution. We note

that some AMT systems still use MPI for communication but hide its usage from the application developer. d) some

AMT systems allow the programmer to omit specifying which nodes/processors will execute particular tasks.

This paper first presents a survey of seven representative AMT models, examining how each implements the key

features outlined above. Subsequently, we analyze the challenges inherent in the AMT paradigm, including those related

to programmability, performance portability, and runtime complexity. Finally, we highlight representative scientific

applications for each of these AMTs, illustrating where their use is advantageous and providing guidance on the types

of workloads and characteristics that benefit from AMT models, as well as those for which they may be less effective.

Goal of the survey paper. This survey aims to guide readers in understanding and selecting suitable distributed

AMT runtime systems for their specific use cases. First, we present a comparative analysis of the key features and

architectural distinctions of existing distributed AMTs, enabling readers to assess which solutions align best with their

requirements. Second, we explore a range of application domains where distributed AMTs have demonstrated tangible

benefits, highlighting patterns of adoption and performance gains to support informed decision-making.

Structure. The paper is structured as follows: Section 2 covers related work. Section 3 defines the terminology used in

this paper. Section 4 provides an overview of all participating distributed AMTs. Section 5 discusses the challenges and

opportunities of AMTs. Section 6 showcases applications that used the surveyed AMTs. Section 7 discusses application

characteristics for which AMTs are beneficial. Finally, Section 8 concludes the work.

2 RELATEDWORK

This work focuses on distributed AMTs, many of which are surveyed in this work. However, two notable exceptions

are worth mentioning: (1) UPC [21]/UPC++ [18] provides an asynchronous communication framework using Remote

Procedure Call (RPC) and Partitioned Global Address Space (PGAS) and (2) DARMA/VT [22] supports a distributed

AMT programming model while seamlessly integrating with MPI.

Notable AMTs with shared memory support are Cilk Plus [15], which extends the C++ programming language

and adds parallel for loops and fork-join support; Intel
©
Thread Building Blocks (TBB) [23], now Intel

©
oneAPI TBB,

which is a C++ template library which supports tasks that can be run in parallel; Qthreads [14], which is a lightweight,

locality-aware, user-level threading runtime; Rust, which provides asynchronous programming and futures; Go [12],

which provides concurrency via goroutines similar to coroutines; OpenMP [24], which is a widely used language

extension for C/C++ and Fortran that provides—among other things—task dependencies for shared memory and GPU

programming; OmpSs [25] and OmpSs-2 [26], which extend OpenMP with new directives to support asynchronous

parallelism and heterogeneity; IRIS, which is a portable runtime system exploiting multiple heterogeneous programming

systems [27]; Julia [19], which provides tasking via coroutines and channels; Taskflow [28] is a C++ library that provides

control-flow synchronization between tasks; and nOS-V [29], a low-level threading and tasking library that enables

co-execution of different runtime systems, was released.
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Fig. 1. Timeline of the AMTs. The blue-colored AMTs are covered in this study and provide distributed capabilities. The green-colored
AMTs also has distributed capabilities but is not part of the survey. All other AMTs only provide shared memory parallelism. Most of
them can be extended to distributed runs using the MPI+X paradigm. For the date, we chose either the first publication mentioning
the AMT or the first open source release.

Note that most of these can be used with the MPI+X paradigm; however, communication is done explicitly by the

user via the MPI API and is not automated by the AMT as with the other AMTs reviewed in this paper. For a detailed

comparison, we refer to [30] and for a comparison on software metrics to [31].

There are notable distributed memory AMTs past and present. IBM
©
’s X10 [32], which appears to be discontinued.

XcalableMP (XMP) [33] is a directive-based language extension and provides an interface to MPI for distributed

programming. However, the latest release of the specification, 1.4, was done in 2018. Control-flow dependencies have

been proposed as an extension to the Partitioned Global Address Space (PGAS) model [34]. Itoyori (糸撚魚 ) is a

distributed multithreading runtime system for global-view, fork-join task parallelism [35]. Julia’s Dagger offers a

distributed with automatic data dependency analysis [36]. Other research efforts such as HTGS/Hedgehog from NIST

have shown great promise in delivering high performance on GPUs [37].

While the AMTs listed above are primarily focused on HPC, it is worth noting that many other AMTs exist in

the domains of data science, data analysis, and machine learning. These alternatives, however, differ significantly in

their characteristics. They typically incur substantially higher overhead compared to HPC-focused systems and are

designed to support different capabilities—such as elasticity and resilience—which are often essential in cloud-native

environments. Despite these differences, their relevance merits mention. These include MapReduce [38], Ray [39],

Spark [40] (data analytics), PyTorch [41], and Jax [42] (machine learning).

Task Bench2 is an effort to evaluate the efficiency and performance of parallel and distributed programming models,

runtimes, and languages. Many of the models discussed in the related work and surveyed in this work are compared

here [43, 44].

Figure 1 shows the evolution of AMTs with Charm++ as one of the earliest ones and UPC++ being one of the newer

ones. The large cluster from 2006-2012 indicates a golden era of AMTs whereas fewer new AMTs have appeared recently.

2
https://github.com/StanfordLegion/task-bench

4
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3 TERMINOLOGY

In this section, we define common terms used to describe the semantics of these models.

Tasks. Tasks are work packages that are typically executed as asynchronous activities with defined data input and

output. In general, tasks are either required or assumed to be free of any side-effects, except on their declared arguments,

operating on those arguments to produce one or more results.
3
Tasks can be created explicitly by the application

through a spawn function or implicitly as part of a broader algorithm. Tasks are managed by a runtime system, which

assigns the execution of individual tasks to execution resources. The execution of a task may lead to the discovery of

new tasks; i.e., tasks may, in general, dynamically launch subtasks. In some models, the output of a task will become the

input of successive tasks, forming a directed acyclic graph (DAG) of tasks. Tasks are typically used to oversubscribe

available resources to hide imbalances and communication latencies.

Compute Node

GPU

MemMem

Execution 
Domains CPU0

CPU1

Memory Domains

Fig. 2. Memory and execution domains.

Execution Domains. Distributed AMTs generally utilize multiple distinct hard-

ware nodeswith one ormore CPUs andGPUs.
4
The runtime system itself typically

runs on one or more CPUs on each node and controls the resources of that node.

Tasks are commonly assigned a discrete set of resources by the runtime system,

such as one or more CPU cores and GPUs, to perform the work of the task. As

shown in Figure 2, the host and GPU form distinct execution spaces.

Memory Domains. Separate execution domains typically utilize separate data

domains, e.g., host memory for CPU cores and GPU memory for computations

executed on kernels. When executing across multiple physical nodes, the memory

of these nodes can be viewed as separate domains or combined into a single

domain accessible by all processes, e.g., using the PGAS [45] paradigm. Figure 2 shows separate memory domains with

explicit transfers between host and device memory.

Listing 1. Data dependency example computing N val-

ues and reducing them to a single value.

v a l s [N] , v a l

f o r ( i i n 0 . . N−1 )

add_ t a sk ( fn : { v a l s [ i ]= e v a l ( i ) } } ,

OUT : v a l s [ i ] )

add_ t a sk ( fn : { v a l = reduce ( va l s , + ) } ,

IN : v a l s [ 0 . . N] , OUT : v a l )

f en c e ( )

p r i n t ( v a l )

Data Dependencies. Dependencies are a mechanism for describing

the synchronization and potential dataflow between tasks. In their

basic form, they describe the input and output of tasks based on

existing (distributed) data structures. Dependencies are a backward-

looking mechanism where input/output dependencies declared on

a task synchronize that task’s execution with previously discovered

tasks that have declared conflicting dependencies on the same data,

expressing required happens-before relations between tasks. In the

example of Listing 1, a number of 𝑁 tasks are submitted to the

runtime, with an OUT dependency specifying that the task will write

a value to the position in array vals. A second task declares IN

dependencies on each element in the array and reduces them into

a single value val. The resulting task-graph is depicted in Figure 3.

3
In practice, however, some models allow tasks to access global and thread-private variables but do not provide any ordering based on these accesses

unless they are visible to the runtime system.

4
Though accelerators other than GPUs are also of potential interest, we limit the scope of our discussion to GPUs. At the time of this writing, none of the

AMTs discussed in this paper support upcoming accelerators with alternative architectures.
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eval eval eval...

reduce

Fig. 3. Task graph resulting from the example codes.

Dependencies may provide data-movement or synchronization-

only capabilities. For example, while OpenMP task dependencies

provide only synchronization in shared memory, some models de-

scribed in this article are dataflow models that utilize dependencies

to express the required data movement in distributed memory.

Listing 2. Listing 1 expressed using futures.

f u t f s [ ] , f 2

f o r ( i i n 0 . . N−1 )

f s [ i ] = async ( fn : { r e t e v a l ( i ) } )

f 2 = whena l l ( f s ) . then (

fn : ( v a l s ) {

r e t r educe ( va l s , + )

} )

p r i n t ( f 2 . g e t ( ) )

Futures. Futures (such as std::future introduced in C++11) are

a particular approach for moving data from a producing to a con-

suming task. Futures are handles to a value (or set of values) that will

be generated by a task. They can be used to wait for and access the

resultant value. Such a value is set by the producer via a promise. The

connection between a promise and a future forms a unidirectional

channel that connects the producer to the consumer. Futures can be

used by the runtime system to guide scheduling decisions, either by

suspending a task waiting for a future or by deferring the execution

of a task until all input futures have been fulfilled. Listing 2 shows

the same task-graph depicted in Figure 3 expressed using futures.

Listing 3. Listing 1 expressed using a data-flow lan-

guage.

EVAL ( k = 0 . . N−1 ) : va l −>REDUCE[ k ]

{ v a l = e v a l ( k ) }

REDUCE ( )

: v a l s [ k]<−EVAL ( k ) , va l −>PRINT ( )

{ v a l = reduce ( va l s , + ) }

PRINT ( ) : va l <−REDUCE ( )

{ p r i n t ( v a l ) }

Parameterized Task Graphs. Parameterized task graphs express

an algorithm as a set of task classes with inputs and outputs that

are connected explicitly. During the execution of the algorithm, task

classes are instantiated into tasks, with data flowing between them.

The completion of one task will lead to the discovery of successor

tasks, potentially dependent on the result itself. In such a system,

the runtime has a priori information on all possible tasks and the

flow of data between them. At runtime, only a subset of these tasks

may be instantiated, based on the parameters of the algorithm and

the results of each task.

Listing 3 demonstrates the use of a parameterized task graph where the flow of data is expressed through arrows

connecting inputs and outputs of task classes (EVAL, REDUCE, and PRINT).

Listing 4. Listing 1 expressed using parallel algorithms.

f u t f1 , f 2

f 1 = pa r _ t r an s f o rm ( 0 . . N−1 ,

fn : ( i ) { r e t e v a l ( i ) } )

f 2 = f 1 . then (

fn : ( v a l s ) {

r e t r educe ( va l s , + )

} )

p r i n t ( f 2 . g e t ( ) )

Parallel Algorithms. Typical algorithms used in computing in-

clude sorting, searching, accumulating, transforming, and iterating.

Parallel algorithms (as introduced in C++17) are higher-level ab-

stractions for such computing patterns that execute the algorithm

in parallel from a single entry point. In the case of AMTs, an im-

plementation may spawn a number of tasks that are orchestrated

to implement the semantics of the specific algorithm. For example,

parallel accumulation over a set of values may spawn a DAG of

tasks that resemble a binary tree through which the initial and in-

termediate values are accumulated to arrive at the result at the root

of the tree.

6



Parallel algorithms simplify the use of AMTs by shifting the responsibility of expressing concurrent operations from

the application to the implementation of the algorithm. They can form the building blocks that can be composed into

more complex algorithms. However, not all algorithms can be efficiently expressed solely as a composition of parallel

algorithms.

Parallel Composition. A programming system is said to support parallel composition when multiple independently

developed algorithms, each running on most/all/many execution domains (nodes and processors of the system), are

able to interleave their execution on individual execution domains. In the absence of this property, the system or the

programmer is reduced to either running the algorithms one after the other or running them on disjoint execution

domains. Notably, MPI does not support such parallel composition. AMT systems have a potential to support it because

tasks are executed based on availability of data, thus permitting the interleaving of execution.

Performance Portability. The proliferation of various GPU programming models (e.g., CUDA, HIP, SYCL, OpenCL, and

OpenMP) requires constant adaptation of applications to be able to fully utilize the computational resources provided

by new architectures. Approaches for performance portability such as Kokkos [46] and RAJA [47] provide a restricted

set of parallelization primitives that can be mapped to all the supported architectures without modifications to the

application code. Not all AMTs covered in this article provide full-stack performance portability. Some focus only on

data movement and the orchestration of tasks while relying on applications to cover intra-task parallelism (e.g., within

a GPU kernel).

Load Balancing. Load imbalances are a common occurrence in parallel applications, stemming from hardware

inconsistencies [48], operating system (OS) noise [49], non-uniform data distribution across processes, and shifts in

workload between processing elements inherent to the algorithm. In order to maximize the utilization of hardware

resources, runtime systems may track and balance the load within a process and across processes. The oversubscription

of resources within a task-based application enables load balancing across CPU cores within a single process, i.e.,

intra-process. Runtime systems may also balance the load between multiple accelerators controlled by a single process

by moving data between devices. Some AMTs provide distributed (i.e., inter-process) load balancing; however, a trade-off

exists between the benefits of load-balancing and the potential costs incurred by tracking load at a global scale as well

as the required data movement and constraints on tasks (i.e., absence of side-effects).

4 OVERVIEW OF AMTS

This section provides an overview of all distributed AMTs surveyed. The features of each AMT are described concisely

on one page and summarized in Tables 1 and 2. The timeline in Figure 1 shows the first occurrence of the AMT; the

length of existence may affect feature completeness. The following AMTs are surveyed: 4.1 Chapel, 4.2 Charm++,

4.3 HPX, 4.4 Legion, 4.5 PaRSEC, 4.6 StarPU, and 4.7 Uintah.

4.1 Chapel

Chapel [10, 50, 51] is a scalable parallel programming language made available under the Apache 2.0 license and is part

of the High Performance Software Foundation. The name Chapel derives from the moniker ’Cascade High Productivity

Language.’ Chapel is a compiled, statically typed language designed for productive parallel computing at scale. It aims

to improve the programmability of parallel and distributed computers while matching the performance and portability

of existing models. Chapel features a modern syntax, similar to that of Python, yet its performance is as good as Fortran

7



or C++. In addition, Chapel applications have scaled to thousands of nodes and over a million cores, competing with

MPI and SHMEM [52, 53].

Unlike other programming models built on top of existing languages or frameworks, Chapel was developed from the

ground up to help programmers reason about their algorithms with features designed to support scalable parallelism in

a natural and optimizable manner.

Chapel supports a high-level fork-join model for general task parallelism [54]. All Chapel programs begin as a

single task, but the language provides three primary constructs for introducing additional tasks: begin, cobegin, and

coforall. The begin statement spawns a single, fully asynchronous task, while cobegin allows a fixed number of

tasks that must all complete before the original task continues. The coforall loop enables a loop-based approach to

task creation, where each iteration runs the loop body as its own independent task. These constructs can be nested to

introduce arbitrary and asynchronous task-based parallelism. Tasks coordinate and synchronize through variables in

their shared lexical scopes, including sync variables that support full-empty semantics and atomic variables supporting

the standard set of atomic operations.

Chapel’s design incorporates a global view, enabling users to reason about their code’s execution context through the

concept of locales. A locale typically refers to a node or socket in a distributed system. Execution starts on Locale 0, and

users can move tasks to different locales using on statements. This is enabled by Chapel’s compiler and runtime, which

support migrating tasks to remote locales. Chapel supports a lexically based partitioned global namespace in which

tasks can read and write data on remote locales by referring to variables and arrays in shared scopes. These operations

are implemented in Chapel’s runtime using active messages and one-sided PUTs and GETs. Unlike traditional SPMD

programming models, in which the programmer codes from the perspective of a single process, Chapel’s global view

allows for more intuitive expression of distributed parallel applications. That said, Chapel users can also create an

SPMD-style region by combining a coforall loop with an on statement.

Chapel also features forall loops that support high-level data parallelism. When used in conjunction with Chapel’s

distributed arrays, forall can spawn tasks globally across the system wherever the data resides, enabling easier

expression of distributed computation and resource utilization. The forall loop relies on the distribution that is being

iterated over to specify how and where to spawn tasks. Notably, all forall loops and distributed arrays are implemented

within the language itself by writing distributed data structures and parallel iterators that are defined using lower-level

tasking constructs like coforall loops and on statements. Users can define their own custom parallel iterators and/or

arrays, allowing additional flexibility in how parallelism is implemented. Chapel also supports programming GPUs

using the same forall loops to create GPU kernels in a vendor-neutral manner [55, 56]. This capability enhances the

power and expressiveness of Chapel, allowing developers to tailor parallelism to their specific needs.

4.2 Charm++

Charm++ [6–8] is a C++-based parallel programming system based on migratable objects. A Charm++ computation

comprises one or more individually indexed collections of a special type of C++ objects called Chares that can be

migrated between nodes/PEs. A chare has entry methods, which may be asynchronously invoked from any processor. A

chare is uniquely identified by its collection ID and its index within that collection, without any need for the callers to

know its location. An Entry method of a chare can usually only access its own data directly (except global read-only data

for example) and is allowed to run to completion, without preemption, unless it decides to suspend. No two methods of

a chare can execute concurrently. A notation, structured dagger [57], (SDAG) allows expression of task dependencies.
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Fig. 4. LeanMD in 2 dimensions, with a kxk array of cell
chares and a kxkx3x3 sparse array of pair chares

Consider LeanMD
5
, a Lennard-Jones molecular dynamics

mini-application (Figure 4). Atoms are partitioned into a 3-

dimensional dense collection (aka array) of chares called cells

and a 6-dimensional sparse array of chares calculates force in-

teractions between nearby pairs of cell chares. The programmer

specifies interactions between members of these chares, without

concerning themselves with the processor they are housed on.

A user-space scheduler selects method invocations (tasks)

from queues, with optional priorities. A distributed location man-

agement module tracks current locations of chares and forwards

messages when needed. Since the runtime system is mediating

communication and scheduling chares, it is able to track com-

putation loads and communication patterns, which is used by

its dynamic load balancers to migrate chares across nodes/PEs

to balance loads and minimize communication.

Overdecomposition (using many more chares than the num-

ber of PEs), asynchrony (due to message-driven scheduling) and migratability are the key features of Charm++. They

empower its intelligent runtime system to support unique capabilities such as (a) distributed dynamic load balancing,

(b) automatic and adaptive overlap of communication and computation, (c) energy optimizations for sustainability,

where chip temperature and power are constraints while energy and execution time are metrics to optimize [58],

and (d) multiple fault tolerance schemes [59], including a practical in-memory checkpoint with an automatic failure

detection/restart scheme. Migratability can be leveraged to support elasticity [60], which is the dynamic shrinking and

expansion of Charm++ programs to fit available resources, which is especially useful in cloud environments.

Parallel composition of algorithms: Independently written parallel algorithms, each using all processors, can run

concurrently, interleaving their execution on individual processors because of its message-driven scheduler.

Evolution: There have been many architectural changes over 24 years of modern Charm++ [6]. For example, Charm++

supports asynchronous orchestration of accelerator tasks, via device-specific kernels or Kokkos, while Torus topologies

led to a new class of load balancers. Charm++’s basic parallel model has remained largely invariant, which attests to the

resilience of its foundational concepts.

Ecosystem: Charm++ comes with a pioneering visual performance analysis system (Projections [61]), and a record-replay-

based debugging system. Adaptive MPI [62] is an MPI implementation atop Charm++ that virtualizes the notion of MPI

ranks. Several higher-level languages have been implemented [63] on top of Charm++ including Charisma, Multiphase

shared arrays, and divCon. Charm4Py [64] is an implementation of the Charm++ model in Python. CharmNumerics,

a Numpy-style library, is being developed as part of a larger project called charmTyles, which focuses on interactive

computing in Charm++. We believe that charmTyles [65] can act as an ideal back-end for HLLs, automatically providing

features such as load balancing.

5
https://charmplusplus.org/miniApps
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4.3 HPX

HPX [9, 66] is a high-performance asynchronous many-task (AMT) runtime system, released under the Boost Software

License, and is part of the High Performance Software Foundation (HPSF). It delivers flexibility, efficiency, portability,

and scalability up to ExaScale [67]. HPX offers a C++-standard conforming API, extending Futures to support distributed

and heterogeneous computing, enabling seamless local and remote parallelism.

HPX is the first implementation of the ParalleX execution model [68], built from the ground up for scalability. It

efficiently exploits computational resources by minimizing overhead, latency, and contention. HPX supports fine-

grained asynchronous parallelism, scaling to millions of lightweight tasks in shared- and distributed-memory systems,

with support for Nvidia, Intel, and AMD GPUs via Kokkos [46]. The integration is two-fold: 1) HPX-Kokkos allows

for asynchronously launching Kokkos functions [69], and 2) HPX as a Kokkos CPU backend. Its abstraction of low-

level hardware ensures performance portability across diverse heterogeneous platforms, including A64FX [70] and

RISC-V [71, 72].

Abstract Runtime Interface

Parcel Transport 
Layer

Active Global Address 
Space

Platform Specific Runtimes

Local Control ObjectsThreading Subsystem

C++ Concurrency/Parallelism APIs

Domain Specific Libraries

Applications

Fig. 5. HPX’s architecture from the application level
down to the hardware level.

Architecture. Figure 5 illustrates the core components of HPX

that underpin its capabilities. The Threading Subsystem manages

lightweight threads for fine-grained parallelism; AGAS (Active Global

Address Space) offers a unified view of distributed memory; the Parcel

Transport Layer enables efficient inter-node communication; and Lo-

cal Control Objects support constraint-based thread synchronization.

HPX addresses the demands of large-scale high-performance ap-

plications through key features: asynchronous execution and com-

munication with message batching, dynamic load balancing and task

partitioning, and portability of code and performance. Its architecture

emphasizes efficiency, modularity, and scalability, aiming to deliver a

cutting-edge AMT runtime system as a robust foundation for modern

parallel applications.

• Active global address space (AGAS): Dynamic load balancing of distributed data is simplified by a unified

global address space. AGAS enables transparent migration of global objects across localities without changing

their addresses and supports distributed garbage collection for these objects [73].

• Threads and thread management: The HPX thread manager uses a work-queue execution model with

work-stealing. Ready tasks are wrapped in lightweight, cooperatively scheduled HPX-threads, reducing context

switching and scheduling overhead.

• Message transport and message management: HPX’s inter-locality communication relies on Parcels, an

extended form of active messages, enabling asynchronous, message-driven control flow and dynamic resource

management. Parcels move work to data or retrieve small data fragments to the caller. HPX supports multiple

networking backends, including TCP/IP, MPI, LCI [74, 75], OpenSHMEN, and GASNet.

• Local and global synchronization objects: These abstractions support event-driven task creation, asynchro-

nous flow control, race condition protection, and Futures-based synchronization. HPX also offers standard C++

synchronization primitives (e.g., mutexes, condition variables, semaphores) adapted for cooperative use with

HPX-threads, avoiding blockage of underlying kernel threads.
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• Performance Counter Infrastructure: HPX provides a unified, extensible API for accessing runtime and

application performance data. It supports both built-in and user-defined metrics, enabling adaptive, on-the-fly

tuning of algorithms and system parameters [76].

4.4 Legion

Legion is a tasking programming model that guarantees sequential semantics while the implementation extracts as

much parallelism for performance as possible [17]. The sequential semantics significantly eases development and

debugging, as the pitfalls of explicitly parallel programming (such as race conditions and coherence bugs) are not

possible. A program begins with its top-level task, which may recursively launch subtasks. Data is organized into

multi-dimensional tensors/arrays called regions, following a long history in programming languages of region-based

memory management [77, 78] (the name Legion is a contraction of the term logical region).

Tasks are dynamically submitted to the Legion runtime system, which analyzes the task stream on-line for dependen-

cies among the tasks’ region arguments and maps the tasks and their regions to the available processor and memory

resources. Legion is designed for distributed execution and supports multiple kinds of CPUs and GPUs.

The most radical aspect of the Legion design with respect to other tasking systems is the model for partitioning

data. Legion allows multiple overlapping partitions of regions to exist simultaneously. For example, a mesh might be

partitioned into contiguous pieces, where each piece 𝑝 is further partitioned into 𝑝’s interior points that do not sit on

the boundary with another piece, 𝑝’s boundary points, and 𝑝’s ghost points, which are boundary points of a different

piece that are adjacent to the boundary of 𝑝 . Since one piece’s boundary point can be another piece’s ghost point, these

sets represent different views onto the same data. During execution, the runtime manages access to instances of regions

(which may include multiple copies of the same region as well as regions that overlap) to guarantee coherence of the

data. The great flexibility of being able to define overlapping, or aliasing, views of data has been crucial to the design

and implementation of many Legion applications as well as a source of research challenges [79]. Legion provides an

expressive sublanguage of highly performant partitioning operators; by composing these primitives, sophisticated data

partitioning strategies can be written in a few lines of code [80].

Legion also takes a novel approach to mapping, exposing almost all performance-relevant decisions in the runtime

system to applications through a mapping interface that allows applications to set their own policies rather than relying

on heuristics built into the runtime system. Among other options, mappers can exercise full control over the processor

on which a particular task is placed, the memories in which the task’s region arguments are placed, and how the data

for each region is laid out. Importantly, performance decisions made by the mapper never influence the correctness of

the application. Multiple mappers can coexist simultaneously in the same application to coordinate execution of tasks

from different libraries. Legion comes with a default mapper, so writing and tuning mappers for better performance is

optional, and quite recently there has been significant progress on generating high-performance mappers automatically

through autotuning [81] and using generative AI [82].

A third important feature is Legion’s approach to scale-out parallelism, which, perhaps surprisingly, can be a

challenge in task-based systems. Since each task is a single thread of control, launching thousands of tasks from

one parent task can be a performance bottleneck. To address this challenge, Legion supports control replication, a

novel technique that transparently replicates the execution of a task’s control logic on multiple processors (perhaps

distributed) while preserving the abstraction that they execute as a single logical task [83, 84]. The effect is to provide

SPMD-style scalability while still guaranteeing sequential semantics.
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Legion has a mature and growing set of tools. Regent is a programming language for Legion, providing syntactic and

typechecking support for the Legion programming model but also supporting optimized kernel code generation for

CPUs and GPUs. The Legion profiler, legion-prof, provides extensive, detailed visualization of the timeline of execution,

showing when every operation starts and ends and each task 𝑡 ’s critical dependency (of all the operations 𝑡 depends on,

𝑡 ’s critical dependency is the last one to finish and so the primary reason 𝑡 could not run earlier).

Legion also has a growing set of applications that are described in Section 6.4. All three of these systems heavily

leverage the novel data partitioning, mapping, and control replication features discussed above.

4.5 PaRSEC

The Parallel Runtime Scheduling and Execution Controller (PaRSEC) is a distributed runtime system that manages

task execution and data movement [16]. PaRSEC itself provides a core runtime system and two programming models,

the original Parameterized Task Graph (PTG) and the Dynamic Task Discovery (DTD) [85]. PaRSEC is also the main

backend the Template Task Graph (TTG) model [86, 87]. These models will be described below.

Initially developed as a runtime for distributed linear algebra (i.e., DPLASMA [88]), PaRSEC is a fully distributed

dataflow engine. It provides distributed data structures that can be used to organize an initial data distribution, such as

2D block-cyclic and irregular sparse matrices. Data flows through the task graph and the life time of the objects (and

their representations in different data domains) is transparently managed by PaRSEC. Tasks ready for execution will be

presented with a valid copy of their input data (that is, the runtime stages data to the target node and device memory

implicitly, before enabling the task execution) and the scheduler ensures that there are no conflicting accesses to data,

provided the task adheres to its declared access modes.

The PaRSEC runtime system consists of various engines controlling different aspects of the distributed parallel

execution (Figure 6). The distributed dataflow engine takes care of data flows between tasks, signaling task completion

between nodes, moving the output of one task to the input of another task, managing object life-cycles, communication,

and task life-cycle. A separate device execution engine manages the access to accelerators present in the system. Tasks

that have a suitable incarnation for a given device type are sent to the device manager, which then inspects the tasks

inputs, selects a suitable device, and ensures that all input data is available on that device. The task may then insert the

corresponding kernel into a provided stream and the device manager will manage the data movement out of the device

(if necessary) once the kernel(s) have completed their execution.

Application

PTG / DTD TTG

MPI POSIX Threads CUDA HIP Level0

Communication

Engine

Task Execution

Engine

Device Execution

Engine

Distributed Dataflow

Engine

Fig. 6. PaRSEC architecture from the application
layer to the hardware level.

The communication engine provides active message and one-sided

communication semantics and is currently built on top of MPI. An

experimental version using LCI has shown that alternative commu-

nication backends are feasible and beneficial [89].

Parameterized Task Graph (PTG): The task graph of an al-

gorithm is expressed through a compact, symbolic language (JDF)

where task identifier ranges are defined based on parameters and

named output terminal are connected to named input terminals. This

provides the runtime system with full knowledge of the structure of

the task graph once the parameters are known at runtime. Despite

its scalability, the use of a custom language has posed an adoption

challenge for applications, which has driven to the creation of additional input languages for PaRSEC.
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Dynamic Task Discovery (DTD): While PTG provides a symbolic structure for task graphs, the DTD model is

closer to OpenMP task dependencies and the StarPU STF model (described in Section 4.6). It provides a C API for

inserting tasks with dependencies on global data structures. This entails that all processes sequentially discover the

task graph, that is then pruned by the runtime system. Communication between tasks on different domains (nodes,

accelerators) remain implicit, inferred from the dataflow by the runtime.

Template Task Graph (TTG): While not directly part of PaRSEC, TTG can be considered a direct descendant of

PTG. Using C++, it provides a more flexible API that enables data-dependent task graph discovery by allowing tasks to

select successors after the computation in a forward-looking model. In contrast to PTG and DTD, TTG does not rely on

distributed data structures and instead allows for arbitrary C++ objects to flow through the task graph. Template tasks

are objects that define the inputs of tasks, with unnamed input and output terminals connected through named edges.

These edges facilitate the composition of task graphs by connecting inputs and outputs of template task graphs [90].

4.6 StarPU

StarPU [11, 91–96] is a high-performance AMT runtime system, released under the GNU LGPL v2.1 Software License. It

implements the Sequential Task Flow (STF) programming model, in which tasks are submitted by the applicative code

in the natural, sequential algorithmic order, and are scheduled and executed in parallel by StarPU in the background,

while enforcing data dependence constraints.

On homogeneous nodes, StarPU uses a locality-aware work-stealing scheduling policy to map tasks on computing

resources. It takes into account the topology of the node such as NUMA domains and the cache hierarchy to let worker

threads attempt to steal works from the most tightly related computing units first.

On heterogeneous, accelerated platforms, StarPU can schedule a kernel task on any computing unit (CPU, GPU,

FPGA) for which a kernel implementation is available. A variety of heterogeneous scheduling policies are supplied to

decide how to map tasks on the most relevant computing units. Such policies rely on StarPU’s performance modeling

support to estimate the execution time of a task kernel on the various available computing units given its input data

size. Additional components can be taken into account such as data transfer costs to move data from one memory space

(for instance, the main memory) to another memory space (for instance, an accelerator embedded memory), or such as

user-hinted task priorities.

Data transfers, replication, and consistency management between discrete memory spaces are handled by StarPU’s

internal distributed shared memory (DSM) in a transparent manner for the application developer. Replication and

consistency management services enable StarPU to elide redundant data transfers between memory spaces, by keeping

read-only data replicates in embedded accelerators’ memories as long as they are not invalidated by a write access, or

evicted to make room for other contents.

Granularity management is handled dynamically through StarPU’s recursive tasks, together with its splitter compo-

nent which is in charge of decidingwhen to transform tasks into sub-graphs at runtime. A linear programming policy [96]

aims at minimizing execution time and maximizing resource usage, resulting in a well balanced, heterogeneity-aware

workload comprising both small tasks to fill multiple CPU cores, and large tasks for efficient execution on accelerators

like GPU devices.

StarPU exposes two models for distributed computing. The first follows a scheme master-worker, where the master

process schedules tasks and ensure load balancing on the worker processes. The second one follows a fully distributed

scheme, where all participating processes execute a subset of the logical global task graph using a data owner computes

rule to allow each process’s StarPU instance to decide on task execution entirely locally. In both schemes, distributed

13



data transfers are handled transparently on top of MPI. However, the fully distributed scheme is much more scalable by

design, since it avoids the bottleneck of the master process, and since the distributed STF programming model allows for

extensively pruning the logical global task graph into thin local task graphs: For instance, for a stencil-like application,

each process’s local graph would consist only of the local tasks and the immediate neighbor tasks, independently of the

number of processes in the distributed execution session.

4.7 Uintah

The Uintah computational framework was originally developed by Steven Parker, drawing on his experience in designing

the SCIRun Problem Solving Environment [97]. Uintah solves complex fluid-structure interaction problems [13] using a

task-graph representation of parallel computation and communication on adaptive, block-structured meshes. Uintah

features the material point method (MPM) for structural mechanics, a multi-material fluid mechanics capability (ICE),

and a finite-volume, large-eddy simulation code for combustion applications (ARCHES). Uintah is also composable in

that external software such as linear solvers (PetSC, Hypre) or visualization components (VisIt) can be and have been

added [98]. A key feature of Uintah is a clean separation between application-specific tasks and the runtime system that

executes them. The application tasks for a target simulation are assembled from an XML input file specification. Each

component parses input parameters from a section of an XML document while the scheduleComputeStableTimestep

routine computes a stable timestep for the next integration interval, and the scheduleTimeAdvance routine schedules

tasks that complete a timestep integration. Application components delegate decisions about parallelism to a scheduler

component. As a global task-graph is unlikely to scale, Uintah uses a distributed “tensor product task-graph,” in which

each node contains only the tasks it owns and has the implicit ability to communicate with tasks on other nodes. For

each task-graph, there is a Data Warehouse containing the data required by the tasks. The DataWarehouse abstraction is

sufficiently high-level that it can be efficiently mapped onto both message-passing and shared-memory communication

mechanisms, including Kokkos [99].

The original Uintah framework (1997-2008) used static task-graph execution. When static execution became a barrier

to scalability due to MPI_wait times growing on large runs, Parker’s original vision was expanded to use asynchronous

task execution [100, 101] and block-structured adaptive mesh refinement (BSAMR) [102]. This tiled BSAMR mesh

refinement algorithm is an embarrassingly parallel method with linear complexity. Asynchronous task execution made it

possible to choose alternate tasks to help avoid communication delays by overlapping computation with communication.

This approach allowed Uintah to achieve both weak and strong scalability on three of the seven fastest computers in

2012, DOE’s Titan and Mira and NSF’s Stampede, and on almost every "leadership class" DOE parallel computer since.

Uintah relies on task parallelism of the computation exceeding the physical parallelism available. Furthermore, even if

each task-graph is linear, there is the potential to hide delays by switching to another task-graph.

Although Uintah worked well with PDE stencil methods with local communication, thermal radiation, the dominant

mode of heat transfer in next-generation clean coal boilers [103], proved to be challenging due to its all-to-all physical

(and computational) connectivity. The scaling of these calculations in the Uintah code on Titan to 16, 384 GPUs was

achieved through a combination of 1) reverse Monte Carlo ray tracing (RMCRT) techniques combined with AMR to

reduce the amount of global communication and 2) a novel lock- and contention-free, thread-scalable data warehouse

for managing MPI communications.

In moving Uintah as a whole to heterogeneous, GPU-based systems, the Kokkos performance portability layer was

used to create a GPU-portable code. This GPU requirement needed a new, heterogeneous, MPI+Kokkos task scheduler

which, when combined with a challenging benchmark involving CFD loops, Hypre and RMCRT, allowed us to achieve
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GPU support Others Sections

AMT AMD Nvidia Intel Perf Port Communication Memory AMT App

Chapel ✓ ✓ LLVM

libfabric, GASNet, MPI,

UDP, uGNI

PGAS 4.1 6.1

Charm++ ∼ ✓ Kokkos

LCI, UDP, MPI, libfabric,

UCX, uGNI, PAMI

Actor model 4.2 6.2

HPX ✓ ✓ ✓ Kokkos

MPI, LCI/libfabric, GasNet,

OpenSHMEM

AGAS 4.3 6.3

Legion ✓ ✓ ∼ Kokkos, LLVM GASNet PGAS 4.4 6.4

PaRSEC ✓ ✓ ∼ Agnostic MPI, (LCI) DMS, Dataflow 4.5 6.5

StarPU ✓ ✓ ✓ OpenCL MPI DMS 4.6 6.6

Uintah ✓ ✓ ✓ Kokkos MPI DMS 4.7 6.7

Table 1. Technical aspects of AMTs. Support of GPUs, performance portability (abstraction to avoid written raw GPU kernels, whether
provided by the AMT or the AMT is agnostic to it), communication libraries, and memory models (partitioned global address space
(PGAS), active global address space (AGAS), and distributed memory system (DMS)) for all surveyed AMTs. For GPU support, the
following classification is used: ✓full support, ∼ partial or experimental support, and 𝑋 no support at the time the paper was written.

good strong scaling on most of the DOE Summit and NSF Frontera systems [99]. The initial heterogeneous task scheduler,

which used raw CUDA in scheduling infrastructure, was later updated to use Kokkos equivalents, resulting in a single

code that could be run unchanged on Nvidia, Intel and AMD GPUs [104]. With the resulting scheduler, an RMCRT

benchmark calculation was successfully run across up to 9,216 nodes and 10,240 nodes on the DOE Frontier and Aurora

systems, respectively. These experiments demonstrate the remarkable ability of Uintah to produce scalable results at

extreme scale and to provide important indications about the path to scalability on post-exascale architectures [105, 106].

4.8 Summary

Table 1 provides a summary of technical aspects, such as GPU support, communication libraries, and memory models,

across the evaluated AMT systems. The table first assesses GPU compatibility with AMD, NVIDIA, and Intel devices.

Performance portability indicates if GPU-agnostic code can be written. For communication, all libraries supported by

each AMT are listed. In most cases, these libraries are used via a runtime abstraction layer, meaning that no direct

interaction with their native APIs is required by the application developer. Lastly, the memory model is listed. Table 2

indicates if the parallelism or functionality with respect to the terminology in Section 3 is provided by the AMT.

5 CHALLENGES AND OPPORTUNITIES

MPI+X dominance. While AMTs are designed to address potential weaknesses inMPI+X software solutions (Section 1),

a major challenge for AMTs is that the vast majority of codes running on HPC architectures still adopt the MPI+X

approach [107, 108]. There are many reasons for this, starting with the relative simplicity of MPI+X and the low

entry bar for computational scientists with non-CS application backgrounds. However, around 80% of the open-source

HPC codes surveyed in [109] use the MPI 2 standard and do not make use of modern MPI features. More complex

asynchronous backgrounds may be unattractive if performance may be obtained using MPI+X with explicitly managed

communications and synchronization. The capability of theMPI+X model is paradoxically illustrated by the AMT codes,

which are built upon MPI+X, albeit using MPI in asynchronous mode and hiding MPI from the application programmer.

At the same time, as applications require more sophisticated solvers with unpredictable communication patterns or run
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Execution

Domains

Memory

Management

Parame-

terized

Depen-

dencies

Futures

Parallel

Alg

Parallel

Comp

Load

Balancing

Chapel Application Process & GPU ✓ ✓ ✓ CPU

Charm++ Application Process ✓ ✓ ✓ Process

HPX

Application,

CPU

Process ✓ ✓ ✓ ✓ CPU

Legion CPU, GPU Process, GPU ✓ ✓ ✓ ✓
Process,

CPU, GPU

PaRSEC CPU, GPU Process, GPU ✓ ✓ ✓ CPU, GPU

StarPU CPU, GPU Process, GPU ✓ ✓
Process

CPUs+GPUs

Uintah CPU, GPU Process, GPU ✓ ✓ ✓
Process

CPU, GPU

Table 2. Conceptual aspects of AMTs. Execution Domains: the runtime may assign a CPU and/or GPU to a task, or leave the selection
to the Application. Memory Management : the runtime manages the transfer of data between Process and may manage memory
allocations on and data transfer between GPU. Load Balancing: the runtime balances the load work across CPU cores, across GPUs
within a process, or Inter-Process (i.e., distributed load balancing). The other terms are as described in Section 3.

on ever larger node counts, the automated and adaptive nature of AMTs prevails in continued scaling when simpler

fixedMPI+X models fail to deliver [67, 75]. It is for these reasons that AMTs do particularly well in dealing with complex

applications on large node counts.

A compelling counterpoint to the dominance ofMPI+X in HPC is the widespread adoption of task-based programming

models in data analytics and machine learning. Task-based approaches allow them to write code in a familiar, sequential

style, while parallelism is automatically extracted and managed by AMTs. Some examples are: MapReduce [38], Ray [39],

Spark [40], PyTorch [41], and Jax [42].

Debugging and profiling. The advantages of adaptive execution models used by AMTs also provide challenges when

debugging as in order to maximize performance, execution patterns may vary with network loads and node counts.

Debugging is helped by continuously improving parallel debuggers and even more so by the provision of multiple

layers of trace information generated by the AMTs. However, some AMTs use their own thread manager on top of the

OS threads. In this case, parallel debuggers do not work well since they are not agnostic of the AMT’s thread manager

and do not provide all details. Consequently, some AMTs provide special profilers [110].

Interplay with non-AMT libraries. Given the dominance of MPI+X, the majority of HPC libraries—such as solvers, I/O

frameworks, and visualization tools—are built around this paradigm. Given that most of the surveyed AMT runtimes

are implemented in C/C++ or offer C/C++ bindings, integrating these libraries is generally feasible. However, challenges

arise when these libraries rely on MPI or OpenMP for parallelism, as they utilize OS threads, which can conflict

with the thread management system of the AMT runtime. While there are solutions [98] to this problem in AMTs,

this may lead to contention between the OS thread scheduler and the AMT’s internal thread manager, potentially

degrading application performance. To address this issue, the nOS-V runtime system [29]—developed by the Barcelona

Supercomputing Center—offers a low-level tasking runtime that supports cooperative co-execution. This enables more

efficient integration with higher-level programming models by allowing shared control over computational resources.

16



Community building. The AMT community remains relatively small and is primarily concentrated in North America

and Europe, with a smaller contingent based in Japan. In recent years, research papers and presentations on AMT

runtimes have been featured at various conferences and workshops. However, until recently, there was no dedicated

venue exclusively focused on AMT systems. The establishment of the “Workshop on Asynchronous Many-Task Runtime

Systems and Applications” (WAMTA)
6
—inaugurated in 2023 and now held annually—marks a significant step toward

fostering a cohesive community and providing a dedicated platform for collaboration and knowledge exchange. Another

workshop, not solely dedicated to AMTs, is the “Annual Parallel Applications Workshop: Alternatives to MPI+X” (PAW-

ATM)
7
, held in conjunction with the SC conference. Another effort was the Task-Based Algorithms and Applications

(TBAA) panel at SC20 [111].

Ecosystem and continuity. Most of the surveyed AMTs are developed and maintained by small teams based at

universities or national laboratories. Among them, only Chapel and Legion benefit from industrial backing—by HPE and

NVIDIA, respectively. Following the “golden era” of the early 2000s, securing funding for fundamental AMT research

has become increasingly challenging, likely due to the proliferation of established runtimes in the field. As a result, the

development and long-term sustainability of many AMTs now depends on small groups—often composed of graduate

students, postdoctoral researchers, and/or a few faculty members. This situation gives rise to the so-called “bus problem”:

if a key contributor graduates, leaves academia, or retires, development may stall, and the project risks stagnation or

abandonment [112]. Further, this problem poses challenges related to adopter buy-in. It is not uncommon for potential

adopters to seek signs of long-term commitment to a project before choosing to develop on top of an AMT system.

Systems impacted by the "bus problem" may be less attractive to potential adopters and difficult to justify adopting.

Complexity creep. Increasing amounts of functionality and complexity in underlying technologies, like C++, poses

challenges relating to the complexity of AMT implementations. As more functionality is introduced, it is not necessarily

the case that new functionality need be adopted by a given AMT. It is important to carefully consider when and how to

add new functionality to an AMT. Rather than allowing the underlying technology to drive AMT development, it could

be advantageous to allow application-specific needs to drive AMT development. Such a practice would help ensure that

the AMT better meets the needs of the target application’s science domain.

Think outside the box and education. Asynchronous programming is inherently challenging for most humans, as it

deviates from our natural, sequential mode of thinking. In AMT systems, all compute kernels and I/O operations must

be explicitly defined as tasks. These tasks are represented differently depending on the AMT runtime, adding another

layer of abstraction and complexity.

To achieve good performance, task granularity must be carefully balanced as tasks that are too small incur high

overhead, while tasks that are too large limit concurrency. Additionally, to enable effective overlap of communication

and computation, developers must describe precise task dependencies. This requires a non-traditional mindset, as it

often involves rethinking program structure and control flow beyond conventional bulk-synchronous paradigms.

What are often perceived as “bugs” in AMT-based applications are not necessarily flaws in the runtime system,

but rather cognitive mismatches-anomalies in the user’s mental model of task behavior and scheduling. Therefore,

successful use of AMTs demands not only a different problem decomposition strategy, but also a shift in algorithmic

thinking, embracing concurrency, latency hiding, and dynamic execution.

6
https://wamta26.stellar-group.org/

7
https://sourceryinstitute.github.io/PAW/
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SWOT matrix for AMTs: Challenges and Opportunities

Strengths (Benefits) Weaknesses (Challenges)

Opportunities (Benefits) Threats (Challenges)

• Can enable better scaling than MPI+X for
irregular and unbalanced applications

• Task-based approaches already proven success-
ful in some applications

• WAMTA workshop and TBAA panel foster a
growing AMT community

• Dominance of MPI+X makes adoption difficult
• Debugging and profiling is complex due to

adaptive execution models
• Integration issues with non-AMT libraries (e.g.,

MPI/OpenMP)
• AMT programming is inherently challenging,

requiring new thinking
• HPC treated as peripheral in CS education;

limited AMT-trained workforce

• Long-term sustainability if funding and industry
backing increase

• Potential for broader adoption through commu-
nity growth

• Support for diverse accelerator architectures
(GPU, FPGA, AI chips)

• Small development teams vulnerable to the
“bus problem”

• Funding challenges risk stagnation or abandon-
ment

• Resistance from established MPI+X user base
• Limited support for Apple Silicon, FPGAs,

DSPs, and new accelerators

Fig. 7. SWOT matrix [115] with strengths, weaknesses, opportunities, and threats reflecting the challenges and opportunities of
AMTs.

HPC is often treated as a peripheral or “orphan” topic within the computer science curriculum. As a result, some

CS students are only introduced to the standard MPI+X programming model—where X typically refers to OpenMP

or CUDA—during limited course exposure or elective modules [113, 114] and others not at all. This MPI+X approach

emphasizes bulk synchronous parallelism, which may not fully prepare students for the diverse range of HPC paradigms

encountered in practice. Furthermore, students frequently gain hands-on experience with these paradigms only

during internships or thesis projects. Consequently, the pipeline produces relatively few graduates with prior AMT

programming experience, leading to a workforce that often requires significant on-the-job training. This is particularly

true for multidisciplinary students in computational science.

Support for alternative accelerator architectures. Most of the surveyed systems provide GPU support across major

vendors, including AMD, NVIDIA, and Intel (Table 1). However, support for other architectures, like Apple Silicon,

remains limited. In parallel, specialized AI accelerators have recently emerged to address the demands of AI training and

inference workloads. Since AMT runtimes are not yet widely adopted in AI workloads, support for these accelerators

remains minimal.

A similar situation exists for FPGAs and DSPs, which are still largely unsupported across AMT implementations.

These gaps do not reflect fundamental limitations, but rather practical constraints—such as small development teams,

limited user demand, or lack of targeted funding. Thus, while support for these platforms is technically feasible, it has

not yet been prioritized or implemented.

Summary. Figure 7 shows the SWOT matrix [115] for AMTs with the strengths, weaknesses, opportunities, and

threats extracted by the SWOT decision-making method.
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6 APPLICATIONS

Applications using the following AMTs are surveyed: 6.1 Chapel, 6.2 Charm++, 6.3 HPX, 6.4 Legion, 6.5 ParSec, 6.6

StarPU, and 6.7 Uintah.

6.1 Chapel

Chapel simplifies parallel programming while maintaining high performance, enabling scientists in fields as varied as

astrophysics, CFD, oceanography, and quantum physics to write scalable scientific applications with a lower barrier

to HPC adoption. One of its most notable applications is Arkouda [116], a NumPy-/Pandas-like library designed for

massive-scale data analytics.

Arkouda bridges the gap between data science workflows and HPC systems, providing a familiar Python front-end to

data scientists, backed by a Chapel server for distributed computing. Its modular design allows developers to integrate

new data sources, algorithms, and workflows, making it a versatile platform for a wide range of applications, illustrated

by Arachne [117], which adds graph analytics capabilities on top of Arkouda. A key objective of Arkouda is to facilitate

exploratory and interactive data analysis on massive datasets. To achieve that, the server stores data in distributed

memory on the HPC system.

Fig. 8. Arkouda’s argsort performance on HPE Cray
Supercomputing EX (Slingshot 11) and HPE Apollo
(Infiniband)

The client communicates with the server using ZeroMQ mes-

sages [118] to perform tasks such as data manipulation and pro-

cessing. The server responds with results, including small amounts of

data, which can be processed locally by the client, often eliminating

the need for downsampling data that can lead to missing key insights.

Arkouda has a highly performant sort [119] which can scale to

thousands of compute nodes and hundreds of terabytes of datawritten

in just ~100 lines of Chapel code. This efficient sorting capability is

critical in data science as it enables fast groupby operations, which

form the basis of a lot of data science workflows.

Arkouda’s sort uses Chapel’s aggregation features [120] to minimize fine-grained communication, which is often

a suboptimal way of communicating on networks. The aggregators combine remote copies and execute them asyn-

chronously once their buffer is full. Additionally, Arkouda introduces automatic checkpointing, which asynchronously

saves the server state, allowing users to save their work and resume later.

Another application that benefits from Chapel’s asynchronous parallelism features is ChOp (Chapel-based Optimiza-

tion) [121]. ChOp is a library designed to solve branch-and-bound optimization problems in distributed memory. As a

combinatorial optimization problem, branch-and-bound is known to be prone to load imbalance, requiring significant

engineering to be able to scale to large problem sizes. Meanwhile, the load imbalance becomes an even bigger challenge

in a distributed memory setting where multiple compute nodes have to synchronize and share the work as efficiently as

possible. ChOp uses Chapel’s DynamicIters and DistributedIters modules to load-balance in distributed settings.

These modules provide several parallel iterators, implemented at the user-level via Chapel’s user-defined iterator inter-

face [122], where the latter can specifically be used to distribute an iteration space across multiple nodes. Orthogonally,

ChOp can also utilize GPUs via Chapel’s native vendor-neutral GPU programming support [55]. Overall, ChOp uses

Chapel’s DistributedIters to dynamically distribute workloads across nodes. Then, within a node, the load is divided

between the CPU and the GPU using one of Chapel’s asynchronous task constructs, cobegin. Finally, while the CPU
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Fig. 9. NAMD Timeline of a small subset of processors in a run on 527 nodes (~16,000 cores) on IBM© Power7-based PERC machine.

workload is parallelized dynamically with the help of DynamicIters, multiple GPUs within the node are used by

statically dividing the work and spawning a task per GPU using a coforall loop. Combining Chapel’s asynchronous

tasks, load balancing iterators, and other parallelism and locality constructs, ChOp has been shown to scale up to 1024

AMD MI250X GPUs and 512 NVIDIA A100 GPUs on Frontier and Perlmutter respectively [121].

For additional examples of Chapel in real-world applications, see the 7 Questions for Chapel Users blog series [123].

6.2 Charm++

Charm++ was co-designed with multiple applications as an explicit strategy [124], and many features in Charm++ are

the result of fulfilling the needs of these applications. The precursor to Charm++, the chare kernel, was developed

as a runtime system to implement the Reduce-Or Process Model for parallel logic programs [125]. The Reduce and Or

“processes” were essentially suspendable tasks. Each typically created other such processes and awaited responses from

them, combining responses to form results to send to their parent "processes". These "processes" were implemented

as activation record-like data structures called chares, where responses from children were implemented as remotely

invokable functions, called entry methods. This design sufficed for newer but related classes of applications in divide-

and-conquer parallelism and combinatorial search [126].

In the early 1990’s, science and engineering applications became important. A CFD code, and a much larger

biomolecular simulation code (NAMD) drove the next sets of abstractions. As entities in physical simulations, chares

encoded iterative behavior of internal tasks with dependencies on incoming data and local task completions. This led

to the development of the structured dagger notation [57] that weaves entry methods into DAGs within individual

chares. Spatial over-decomposition of the simulation space in these applications led to the idea of indexed collections

of chares [6], so you could easily address messages to a specific member of a collection. Unlike transient chares in

tree-structured applications, chares in these applications were long lived; this necessitated the ability to migrate existing

chares, including location management and measurement-based load balancing strategies.

NAMD was successful and widely adopted for biomolecular simulations that needed to scale on the largest super-

computers. It won a Gordon Bell award in 2002 for a simulation scaling to 3, 000 processors of ASCI Red supercomputer.

It has demonstrated scaling, e.g., to 224, 000 cores of Cray XK6 [127]. It has been ported and used on almost all US

supercomputers. At one point, a survey of major US academic supercomputers indicated that about 10 − 15% of their
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supercomputing cycles were used for NAMD. NAMD’s capability and utility was demonstrated in its use to simulate

the Coronavirus responsible for the Covid-19 epidemic, which led to another Gordon Bell Award [128]. From the AMT

perspective of this paper, NAMD achieved high strong scaling, using a huge number of fine-grained tasks orchestrated

by the Charm++ RTS. As an example, Figure 9 shows timelines from simulation of a 92, 000 atom system. Note that the

time steps (indicated by the red boxes) are not synchronized globally and that many tens of tasks are scheduled on each

core, based on their data dependencies, all within the small time interval of 230 𝜇s.

Fig. 10. ChaNGa time profile showing activities over time on a 8K
core run on Blue waters, taken from [129] .

ChaNGa is another Charm++ application in computa-

tional astronomy, a particle-based code for gravity and

SPH calculations. Charm++ supported it with sophis-

ticated load balancing strategies, management of fine-

grained request-response pairs for tree-nodes, commu-

nication imbalances, and prioritization among tasks. It

has demonstrated excellent performance, for example,

scaling efficiently to about 500, 000 Blue Waters cores

for relatively uniform datasets and 128k cores for highly

clustered datasets [129]. Figure 10 shows the time-profile,

where each time interval shows a stacked chart of the

activities added across all 8k cores simulating a highly clustered dataset. Using priorities for tasks allows Charm++ to

run local tasks but switch to critical-path-sensitive tasks with remote dependencies as soon as they become available.

Many other applications have been developed [130] using Charm++ that are in regular use on supercomputers,

including SpECTRE for multiscale simulations in gravitational physics, the Enzo-P framework (astronomy/cosmology),

Quinoa (Fluid Dynamics), and OpenAtom (Quantum Chemistry for ground state and excited state).

6.3 HPX

A major application that has been built from the ground up using HPX is Octo-Tiger. Octo-Tiger is a grid-based

astrophysics application used for the simulation of binary star mergers [131]. For example, recently it has been used

to investigate the origin of R Coronae Borealis stars as the result of such mergers [132]. In Octo-Tiger, these binary

star systems are modeled as self-gravitating astrophysical fluids, which requires two interleaved hydrodynamics and

gravity solvers. These solvers operate on an adaptively refined grid that is implemented using an octree. Still, even with

adaptive mesh refinement, Octo-Tiger has to rely on distributed runs on supercomputers to meet the computational

and memory requirements posed by the intended production scenarios.

Achieving a scalable implementation is usually a daunting prospect for an application such as Octo-Tiger when

faced with multiple interleaved solvers and a continuously, adaptively refined data-structure. For instance, the adaptive

refinement might lead to load-balancing issues, the limited parallelism during distributed tree-traversals may lead

to poor scalability and low workload per individual tree-node might lead to the starvation of the compute devices.

Octo-Tiger addresses these challenges by leveraging the features offered by HPX. Its task-based approach simplifies

exploiting the available parallelism during the distributed tree traversals, as the tree-structure can be naturally mapped

to a task-graph. HPX’s distributed features also ease the burden for load-balancing and communication, as we can call

functions the same way on local and remote objects, simplifying the implementation of the tree-traversals. Furthermore,

HPX’s twofold integration with Kokkos (see Section 4.3) and recent developments enabling dynamic GPU kernel fusion

with HPX [133] paved the road for portable and efficient GPU implementations of tree-based codes such as Octo-Tiger.
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By leveraging the task-based and distributed features HPX offers and combining themwith the performance portability

Kokkos provides, we are able to use a wide-range of CPU and GPU supercomputers with Octo-Tiger. We recently

conducted several large-scale runs with Octo-Tiger, where we showed scalability on a full system run on Perlmutter [67].

Moreover, highlighting the portability offered by Kokkos and HPX, we were also able to show Octo-Tiger’s scalability

on Frontier and are currently collecting initial results on Aurora, covering the major DOE supercomputers. We further

showed scalability on the Supercomputer Fugaku.

Although Octo-Tiger has emerged as the flagship HPX application that showcases its capabilities at large scale, there

are ongoing efforts to apply HPX to a broader range of scientific computing and machine learning domains. Notable

examples include GPRat, HPX-FFT, and the HPX backend for FleCSI [134].

GPRat is a Gaussian process regression (GPR) library that leverages HPX for portability and scalability [135]. GPR

occurs in various fields ranging from Kriging in geostatistics to non-linear system identification tasks in control theory.

Exact GPR requires solving a dense system of linear equations. Due to its triangular structure, the applied Cholesky

solver suffers from work starvation when using conventional approaches. In contrast, HPX’s dataflow concept naturally

captures data dependencies and ensures fully asynchronous execution. Using HPX, GPRat can be deployed in a variety

of established and emerging computing architectures. Combined with a high-level Python API, GPRat provides an

accessible, portable, and scalable tool for exact GPR. Current research focuses on extending GPRat’s capabilities to

distributed computing and integrating portable accelerator support.

HPX-FFT addresses the performance challenges associatedwithmultidimensional large-scale Fourier transforms [136].

In distributed FFT implementations, communication is the main bottleneck. HPX mitigates this limitation by utilizing

asynchronous collectives that work hand in hand with asynchronous computation tasks. A core advantage of this

approach is the HPX parcelport communication layer, which enables HPX-FFT to use different communication backends.

6.4 Legion

To date Legion has been used for three distinct classes of applications: simulations and data analysis for science, high

performance libraries used as components of other applications, and higher-level programming tools. We briefly survey

examples of all three classes.

The original Legion applications were scientific simulations, with a port of S3D to Legion, an explicit combustion

simulation, being the original flagship Legion code [137, 138]. Over a decade on, S3D-Legion is still used in production,

continues to be updated with new features and algorithms, and has been run at scale on almost all of the top super-

computers in recent years. Much more recently, HTR, the Hypersonic Task-based Research solver, is another large

chemistry simulation code built on Legion; while HTR has general capabilities including simulating combustion and

turbulent flow, it has so far been used primarily to study the ignition of rockets in the vacuum of space [139, 140]. On

the data analysis side, SpiniFel is a code that reconstructs molecular structure (possibly with multiple conformations)

using data generated by single-particle imaging experiments [141].

Legion’s expressive data partitioning and mapping have made it possible to write domain-specific languages that

compile specifications into high-performance library code. Legion’s dynamic nature then generally makes it straightfor-

ward to integrate the Legion code with a larger system that uses the library. We have already mentioned FlexFlow,

which is a deep learning compiler built on Legion [142]. When FlexFlow was developed, the dominant strategies for

distributed training were data parallelism and model parallelism. FlexFlow’s innovation was to leverage Legion’s data

partitioning to allow every operator in a model to have its own partitioning strategy—for example some operators might

be data parallel, others could instead partition the weights across GPUs, use model parallelism, or any combination of all
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three. A search procedure, guided by a cost model, tried many per-operator partitioning strategies to find one that was

highly performant, and finally FlexFlow embedded the best parallelization strategy found in a Legion program. Because

the choice of data partitioning strategy often greatly affects communication costs, finding a better data partitioning

could result in dramatic speedups. Many deep learning compilers have been built in the wake of FlexFlow, exploring

additional dimensions for parallelization and different search strategies (e.g., Alpa [143] and Unity [144], a direct

successor to FlexFlow, among others). Another important library built on Legion is DISTAL, the DIStributed Tensor

ALgebra Compiler [145]. Given a tensor algebra expression, a data partitioning strategy, a description of the machine to

be targeted and a kernel schedule, DISTAL combines Legion and TACO [146] (for generating optimized kernels) to

produce a specialized implementation of that specific tensor algebra computation as a Legion library. Importantly, the

total specification for all four components (target expression, data partitioning, machine description, and schedule)

is typically under 20 lines of code. DISTAL and the sparse version spDISTAL [147] are used commercially and code

generated by these libraries has been incorporated into Legate libraries (see below).

The third class of Legion applications is higher-level programming systems. We have already mentioned Regent [148,

149], a programming language with syntactic and typechecking support for the core concepts of the programming model

with the aim of providing a safer and more concise framework for writing programs compared to Legion, which is a C++

library. Interestingly, users show no consistent preference for the Legion C++ API or the Regent programming language.

Some users have begun in C++ and switched to Regent because it is more productive for developers; S3D is an example.

Other users have begun in Regent and switched to C++ because the C++API is less restrictive than Regent and eliminates

a dependency; HTR is an example. Pygion provides Regent-like support for the Legion programming model within

Python [150] and is used for scientific projects where the users prefer a Python interface, such as SpiniFel (discussed

above). FleCSI is a framework developed at Los Alamos National Laboratory for the construction of multiphysics

simulations on both structured and unstructured meshes. In addition to targeting Legion as one of its backends, many of

the key abstractions in the FleCSI programming model were directly inspired by Legion concepts [134]. A more recent

project is NVIDIA’s Legate [151], which provides a Python interface to Legion and also adds a layer that automates

data partitioning and mapping, allowing users with no parallel programming experience at all to use Python to write

distributed Legion programs. Legate is also designed to support the Python model of using multiple, interacting libraries.

cuPyNumeric is a Legate library that parallelizes NumPy programs, and there are Legate libraries for the sparse subset

of SciPy (with many of the key kernels generated by spDISTAL) and Pandas dataframes.

6.5 PaRSEC

PaRSEC started as a runtime for the DPLASMA [88] linear algebra library that provides dense, distributed, accelerated

linear algebra routines to solve large systems of equations. Among the provided algorithms are the Cholesky, QR,

and LU factorizations, Cholesky inversion, and Eigenvalue decomposition using a bulge-chasing algorithm [152].

The DPLASMA library employs the PaRSEC PTG representation, redistributable datasets [153], as well as recursive

decomposition [154] to expose parallelism to the PaRSEC runtime. Key routines are GPU enabled [155–157].

PaRSEC has subsequently been used in other contexts. LibChemist is part of the NWChemEx ECP application; it

consists of a large collection of computational tools for chemistry, among them a set of tensor operations implemented

over TiledArray [158], within the Massively Parallel Quantum Chemistry framework (MPQC, see [159]). TiledArray

has been augmented to delegate tensor contractions to the PTG DSL [152]. Initially, this migration targeted the dense

scenario [160], followed by adaptation for the block-sparse situation [161].
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Fig. 11. Mixed precision Tile-low rank
matrices in HiCMA [162].

PaRSEC has been used to port the HiCMA library to provide scalable sparse

tile-low rank factorization of matrices (Figure 11) used in various scientific fields,

including climate science [163] and genomics [164]. Its application in climate

science has won the 2024 Gordon Bell award for climate modeling. We integrate

linear algebra innovations around mixed-precision and low-rank computations

into a tile-based Cholesky solver, featuring on-demand precision casting and

dynamic runtime support from PaRSEC to efficiently manage tasks and data

movement [162]. This adaptive methodology achieves scalability across diverse

supercomputing platforms, including the Intel-based CPU system Shaheen II,

AMD-based CPU system HAWK, ARM-based CPU system Fugaku, and IBM
©
-

based multi-GPU system Summit.

MADNESS is a framework for solving integral and differential equations using

adaptive, fast methods with guaranteed precision based on multi-resolution

analysis and novel separated representations [165]. MADNESS employs a continuation-passing style using distributed

futures to implement operations over adaptively refined tensors representing functions in a multi-wavelet basis. This

approach is being used in quantum chemistry for Hatree-Fock and density-functional theory computations, among

others [166]. PaRSEC has been integrated as a task scheduler, utilizing PaRSEC’s low-level infrastructure. Efficiently

utilizing GPUs has been a particular challenge for MADNESS, due to the small matrices involved in representing

functions in the multi-wavelet basis. Following early experiences [87], the TTG programming model is currently used

to port the compute-intensive operators of MADNESS to its dataflow model, utilizing PaRSEC’s robust GPU support.

This work requires a rewrite of MADNESS data structures to accommodate the computational characteristics of GPUs.

6.6 StarPU

StarPU is the foundation AMT on which SolverStack@Inria Bordeaux [167] is built. This initiative integrates

a selection of general purpose task-based numerical libraries and solvers. Chameleon [168–171] is a library that

supplies routines to solve dense general systems of linear equations, symmetric positive definite systems of linear

equations, and linear least squares problems, using LU, Cholesky, QR and LQ factorizations. PaStiX [172–175] is a

sparse linear algebra, supernodal direct solver. Numerical algorithms are implemented in single or double precision (real

or complex) using LLt, LDLt and LU with static pivoting (for non symmetric matrices having a symmetric pattern). This

solver also provides some low-rank compression methods to reduce the memory footprint and/or the time-to-solution.

qr_mumps [176, 177] is a sparse linear algebra, multifrontal direct solver. It implements a direct solution method

based on the QR or Cholesky factorization of the input matrix. Therefore, it is suited to solving sparse least-squares

problems, to computing the minimum-norm solution of sparse, underdetermined problems and to solving symmetric,

positive-definite sparse linear systems. Composyx [178, 179] is a linear algebra C++ library focused on composability.

Its purpose is to allow the user to express a large panel of sparse and dense linear algebra and algebraic domain

decomposition algorithms using a high-level interface, for usages ranging from laptop prototypes to many nodes

supercomputer parallel computations. FMR [180, 181] is a software package that supplies Fast and accurate Methods

for Randomized numerical linear algebra. Cppdiodon [182] is a C++ library for Multivariate Data Analysis of large

datasets. It provides methods such as Singular Value Decomposition (SVD), Principal Component Analysis (PCA),

Multidimensional Scaling (MDS), and Correspondence Analysis (CoA).
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The FLUSEPA® application [183, 184] is an unstructured finite-volume solver developed by Airbus Safran Launcher /

ArianeGroup, in particular for simulations related to Ariane launchers. It relies on task parallelism through the StarPU

task-based runtime system.

TBFMM [185] is a high-performance C++ 17 package that implements the parallel fast multipole method (FMM) in a

task-based manner. TBFMM is designed to be easily customizable through C++ templating.

NNTile [186] is a task-based framework for training neural networks on heterogeneous platforms built on top of

StarPU. NNTile can train the GPT2 model with 50 B parameters on a single node with 8 NVidia A100 GPUs.

6.7 Uintah

The development of the Uintah software with its multiphysics components (including MPM, ICE, and ARCHES) was

application driven. Hence, the resulting Uintah AMT has been and can be used to solve complex, multiphysics problems

involving fluids and solids.

The first scenario was the focal point of the Center for the Simulation of Accidental Fires and Explosions, a DOE

Accelerated Strategic Computing Initiative center. The scenario consists of a steel container filled with explosive

(PBX-9501) placed in a pool fire of JP-8 fuel [187]. Radiative heat flux from the fire heats the container and the PBX,

the explosive decomposes into a gas and pressurizes the container, and the container ruptures. The gaseous products

of reaction form a blast wave that expands outward along with pieces of the container and the unreacted PBX. This

scenario was simulated with the original form of Uintah using ARCHES to compute the radiant fluxes to the container

and the fluid–structure code (MPM/ICE) to simulate the container heating and rupture and the resulting blast wave.

The second scenario involved an actual deflagration-to-detonation-transition situation that occurred on Utah’s

Highway 6 when a semi-truck with 30, 000 lbs of explosives rolled over, caught fire, and detonated. To simulate this

complex fluid-structure-interaction problem at the required scale, Uintah needed to scale on much larger systems

using asynchronous task execution coupled with AMR to resolve the different physical scales. These improvements

enabled scalable runs for the target problem and the capability to model the transition to detonation. The simulation

results provided insight into the detonation’s cause and a remediation strategy (changing the detonator-box packing

configuration to intersperse one empty box between two full boxes in a checkerboard). Implementation of the strategy

resulted inmuch lower simulated pressures, suggesting a safer but more expensive approach to explosives transport [188].

The third and fourth scenarios were part of the Carbon Capture Multidisciplinary Simulation Center, a DOE Predictive

Science Academic Alliance Program (Phase II). The third scenario is a 1000 MWe GE Power ultra-supercritical (steam

temperature > 600°C, net efficiency of 40%), coal-fired boiler. The boiler is very large (65 m × 35 m × 15 m) with a

complex geometry, including 8 corner burners firing pulverized coal (100 kg/s), 430 separated overfire air inlets, and 210

miles of piping of varying metal alloys and thicknesses [189]. The boiler was simulated using ARCHES, with simulation

results identifying optimization opportunities in GE’s design. However, the boiler’s scale necessitated a faster approach

to solving the radiative transfer equations. A spatial transport sweeps method was implemented that reduced the

solve times by up to a factor of 100. Further performance improvements were obtained by adding support for spatial

scheduling within Uintah, since it was only necessary to schedule tasks such as radiation transport sweeps on a subset

of the overall domain [189]. Other Uintah enhancements that improved simulation and data analysis efficiency included

a restructuring-based parallel I/O scheme and a data parallel visualization system using OSPRay.

The final scenario, the design of a full digital twin for the 200 MW, biomass-fired tower boiler at Ontario Power’s

Atikokan Generating Station, extended the application-based approach to developing Uintah capability even further.

In order to optimize boiler performance, a digital twin was devised that applies Bayesian inference to data from
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Usage

Applications

molecular

dynamics

(NAMD) [127]

/ DCP++

computational

astronomy

(ChaNGa /

Enzo-P [129])

chemistry

(Open Atom

[191] / MPQC

[159] /

libChemist

gravitational

physics

(SpECTRE)

fluid dynamics

(Quinoa)

Combustion

(S3D)

FLUSEPA®

(unstructured

finite-volume

solver)

[183, 184]

Applications with

Adaptive Mesh

Refinement

stellar merger

(Octo-Tiger)

[131]

Fluid-

Structure

Interactions

(MPM/ICE)

[188, 192]

Turbulent

Reacting Flows

(ARCHES)

[188–190]

Linear Algebra

SolverStack

[167]

Chameleon

(Dense)

[168–171] /

PaStiX (sparse)

[172–175]

BLAZE / blis

qr_mumps

[176, 177]

Hypersonic

Task-based
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Fig. 12. Mind map of the usage of the surveyed AMTs. The color indicates the underlying AMT: Chapel, Charm++, HPX, Legion,
Parsec, StarPU, and Uintah.

science-based models (ARCHES simulations) and from observations (Atikokan boiler) and couples it with decision

theory to predict operating-variable set points that optimize boiler performance in the presence of uncertainty [190].

This digital twin moved Uintah into the domain of artificial intelligence. The development of the digital twin required

data from hundreds of simulations, each requiring ∼165,000 CPU-hours. The need for improved performance in such

digital twin simulations has been met with the moves to the heterogeneous (CPU-GPU) runtime system as described

above [104–106]. This runtime system now makes it possible to write the next generation of GPU-ready simulation

codes for future simulations.

6.8 Summary

Figure 12 illustrates a mind map summarizing the aforementioned use cases. The visualization highlights three key

observations: 1) StarPU and PaRSEC predominantly target linear-algebra applications; 2) AMT systems, including

Charm++ and Legion, support a broader set of use cases than other frameworks; and 3) AMTs have been applied across

a wide range of computational domains.

7 APPLICATION CHARACTERISTICS USING AMTS

Applications that can effectively leverage AMT runtime systems typically exhibit the following characteristics:
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• Irregular workloads. Such workloads arise in particle-based methods and adaptive mesh refinement. Additional

representative examples are provided in Figure 12.

• Decomposability into fine-grained computational tasks. The application should be expressible as a collection
of fine-grained tasks; however, tasks that are excessively small must be aggregated to achieve a balanced

computation-to-overhead ratio.

• Fine-grained synchronization and data movement. The application should enable explicit synchronization

and localized data exchange between tasks, while avoiding coarse-grained, bulk-synchronous execution patterns.

These characteristics address the SLOW aspects of most legacy applications:

• Starvation occurs when insufficient concurrent work is available to fully utilize all resources.

• Latencies occur due to the delay in accessing remote resources and services.

• Overheads are introduced for parallel execution, and these context switches introduce overheads.

• Waiting for contention resolution due to unavailable, oversubscribed shared resources.

A nice visualization of these limitations is the woodcarving “Four Horsemen of the Apocalypse” by Albrecht Dürrer

from 1511
8
. For more details, we refer to [66, Chapter 5].

8 CONCLUSION AND OUTLOOK

From a historical perspective, AMTs began to appear in the late 1980s, with only a few emerging during the 1990s. The

golden era occurred in the 2000s, when the majority of AMTs were developed. Since that period, only a handful of new

AMTs have emerged. It is notable that many of the golden-era AMTs are still actively being developed.

This survey indicates that AMTs provide notable benefits for adaptive and irregular applications (Section 7). The

surveyed AMTs either emphasized a flagship application or presented a broader overview across multiple domains

(Section 6). Use-cases included linear algebra, data analysis and machine learning, adaptive mesh refinement, molecular

dynamics, computational astrophysics and chemistry, fluid dynamics, and combustionmodeling (Figure 12). Nevertheless,

relative toMPI+X, the integration of AMTs into scientific high-performance production codes in academic and laboratory

settings remains limited. By contrast, AMTs have achieved broader adoption in software ecosystems that support

machine learning and data science.

The reasons for the limited use of AMTs have been discussed in Section 5. This comprehensive survey offers readers

guidance by: 1) outlining the features of the surveyed AMTs to support decisions regarding their suitability for particular

applications, 2) providing insights into whether specific application types can benefit from AMTs, and 3) identifying

the key challenges associated with their adoption.

May this guidance inspire others to become curious and to foster a broader adoption of AMTs in suitable applications.
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