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Abstract—Contemporary high performance computing, cloud,
and embedded systems are equipped with various combinations
of heterogeneous processors. This has led to the development of
portable abstractions to target these heterogeneous systems. How-
ever, these abstractions fail to deliver performance portability as
they cannot easily modify key parameters such as the amount
of concurrency, the representation of the computation graph, the
kernel implementation, and data transfers for varying problem
sizes and hardware architectures. To address this wide parameter
space, this work presents IRISX, a framework that dynamically
finds the performance portable solution based on application
characteristics and underlying hardware. By changing the rep-
resentation of the computation at the kernel level, task level, and
graph level, IRISX finds the appropriate set of heterogeneous
processors that provides the best performance while ensuring
the portability to different heterogeneous systems.

A. Motivation

In-node heterogeneity is ubiquitous in contemporary high
performance computing (HPC), cloud, and embedded systems.
Although it facilitates the increase in computational power,
it also introduces two main portability challenges [41]. The
first is functional portability, where the software stack is made
portable through various abstractions for higher programming
productivity, not ensuring the best performance. The second
challenge is performance portability that depends on optimized
kernels, as well as seamless scalability and utilization of het-
erogeneous processors. To harness heterogeneity for obtaining
the best performance, an ideal combination of different factors
from application and hardware needs to be considered. These
include architecture-optimized kernels, the right granularity
of the computation (kernels), efficient representation of the
computation that exposes concurrency to be utilized, the
number of devices to be used, and seamless orchestration
of the heterogeneous devices with efficient scheduling that
reduces unnecessary data movement.

This work presents IRISX, a dynamic trade-off system for
harnessing multi-accelerator heterogeneity that strives towards
providing the ideal solution mentioned above (motivated by
the findings in previous explorations [1], [2]). IRISX ex-
poses architecture-agnostic high-level interfaces to applica-
tions which provide functional portability, and at runtime,
it establishes an active interaction between the SPIRAL [3]
code generation engine that generates architecture-optimized
kernels and the heterogeneous runtime IRIS [4] to efficiently
orchestrate computation to ensure performance. IRISX goes
beyond the state-of-the-art efforts by employing dynamic

adaptation through reorganizing the computation at the kernel
and task graph levels to provide efficient execution using
various underlying heterogeneous processors.

B. IRISX Design

For a given application, the IRISX design flow consists
of three main components shown in Fig.1. 1 The code
generation system, SPIRAL [5], which generates architecture-
specific optimized kernels for different scientific applications
such as spectral methods [6], graph algorithms [7], partial
differential equations (PDE) [8], and cryptography [9], using a
mathematical declarative language called Operator Language
(OL) [10]. 2 The intelligent runtime system (IRIS) reads
the optimized kernels generated by SPIRAL and generates a
directed acyclic graph (DAG) of tasks that are run on various
available CPU-GPU architectures. A task in IRIS can contain
multiple application kernels.

In SPIRAL, a given OL expression generates a set of
computation kernels that can provide varying levels of con-
currency through kernel fusion. These kernels are then passed
to IRIS to generate a computational task graph (DAG) with
three representations. First, each input DAG can be executed
serially (DAG serial) with concurrency opportunities only at
the kernel level. Second, each input DAG can be merged into a
single task graph (DAG Fusion), with each sub-DAG running
concurrently. Finally, all IRIS tasks in a given sub-DAG can
be combined into a single task (Task Fusion), with each task
executing concurrently. 3 The model-seeded tuning takes
into account an analytical memory model that runs through
all viable kernel combinations from SPIRAL and task graph
representations from IRIS and dynamically finds the one that
works best for the given size and architecture.

C. Performance Variability

To demonstrate the performance variability and the efficacy
of IRISX, we used a structured grid problem (3D Euler
equation) implemented using the Proto library [11], which
is designed for optimized numerical approximations to vari-
ous PDE-based model problems. To showcase the interplay
between various optimizations in IRISX and a variety of
hardware architectures, multi-GPU nodes from Frontier (eight
AMD MI250X GPUs), Aurora (six Intel Max series GPUs),
and Equinox (four NVIDIA V100 GPUs) were considered.
Considering various input sizes and number of GPUs, we ran
84 combinations (# of GPU configurations × # of machines
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Fig. 1: IRISX Design. Left: The three main components and the flow of the IRISX system are shown. Right: The detailed
software stack of the IRISX system is shown.

(a) Frontier-32 (b) Aurora-256 (c) Equinox-128

Fig. 2: Results for various box and domain sizes across Frontier, Aurora and Equinox. These charts show the dynamic
relationship between the problem size and the underlying hardware configurations.

× # of Box and Domain combinations) for each optimization
of IRISX. While the scalability results in a multi-GPU envi-
ronment exhibited consistent trends from one to the maximum
number of GPUs, a wide variety of observations were found
when the problem size changed depending on the architecture,
demonstrating the need for model-seeded tuning of IRISX.

Three cases of performance variability are shown in Fig. 2
where partial results from 84 combinations are considered.
Here, the blue line represents the performance without any
optimization of IRISX, which consistently shows the worst
results in all three cases because of the serial execution of each
box. In this scenario, each box (sub-DAG) utilizes multiple
GPUs, leading to increased data transfers. However, the orange
(DAG Fusion) and green (Task Fusion + DAG Fusion) lines in
Fig. 2 show different results and trends. More fusion (Task +
DAG Fusion) provided better results in Frontier (in Fig. 2a) for
smaller box sizes because of the reduction of task management
overhead through fusing tasks. On the other hand, Aurora
showed invariance with or without task fusion for larger box
sizes, indicating a proper balance between task overhead and
concurrency. Interestingly, the Equinox results in Fig. 2c show

an opposite trend to Frontier, with DAG fusion providing the
best result, which can be correlated with good utilization of
multi-stream execution. Moreover, kernel fusion also provides
such variations. Although performance varies widely, IRISX is
capable of finding the best-performing configurations through
its model-seeded tuning.

D. Conclusion
IRISX provides a portable solution for multi-accelerator

systems by integrating the SPIRAL code generation engine
and the IRIS Runtime. It goes beyond contemporary portable
abstractions by dynamically optimizing the shape of the
DAG and kernels. IRISX demonstrates automatic scalability
through a structured grid application across various hardware
platforms. We believe that a system like IRISX is critical
for addressing the challenges of performance portability in
scientific computing.
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