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ABSTRACT

The rapid growth of deep-learning applications has invoked the R&D of artificial intelligence (Al) processors.
A dedicated software framework such as a compiler and runtime APIs is required to achieve maximum
processor performance. There are various compilers and frameworks for Al training and inference. In this
study, we present the features and characteristics of Al compilers, training frameworks, and inference engines.
In addition, we focus on the internals of compiler frameworks, which are based on either basic linear algebra
subprograms or intermediate representation. For an in-depth insight, we present the compiler infrastructure,
internal components, and operation flow of ETRI's “Al-Ware.” The software framework’s significant role is
evidenced from the optimized neural processing unit code produced by the compiler after various optimization
passes, such as scheduling, architecture-considering optimization, schedule selection, and power optimization.

We conclude the study with thoughts about the future of state-of-the-art Al compilers.
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ONNX TensorFlowL} PyTorch®} Z10| LIt Elaid =
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Yot =H HEYIE B35ty et 37 2F
ONNXRuntime MicroSoftOilA FEHOZ Jietstn Q=
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ACL Arm Compute Library

Al Artificial Intelligence

API Application Programming Interface
BLAS Basic Linear Algebra Subprograms
CNN Convolutional Neural Networks



42

HXIEASEHEAM H36H 25 20214 42

CPU Central Processing Unit

DAG Directed Acyclic Graph

DNN Deep Neural Networks

GEMM GEneral Matrix Multiplication

GPU Graphics Processing Unit

HIP Heterogeneous—computing Interface
for Portability

HLO High Level Operations

HPC High Performance Computing

IR Intermediate Representation

LIVM Low Level Virtual Machine

LSTM Long Short—Term Memory

MLIR Multi—Level Intermediate
Representation

NPU Neural Processing Unit

ONNX Open Neural Network eXchange

OpenCL  Open Computing Language

RNN Recurrent Neural Network

ROCm Radeon Open Compute stack

SDK Software Development Kit

SIMD Single Instruction Multiple Data

SSA Static Single Assignment

STC Systolic Tensor Core

SVE Scalable Vector Extension

XLA Accelerated Linear Algebra
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