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Abstract  In recent years, field-programmable logic gate arrays (FPGAs) have attracted much
attention in hardware-accelerated convolutional neural network (CNN) research and applications
due to their flexible customizability and excellent parallelism. In particular, FPGA-based accelerators
have excellent performance in specific network structures and low-precision inference scenarios by
customizing at the hardware level. These works have focused on two main areas: the design and
optimization of specific hardware acceleration modules and the design of generic acceleration
hardware for a class of network models. The former is generally a dataflow-based design for a
fixed network, sacrificing generality for performance; the latter is generally an instruction
set-based design capable of accelerating a class of models, sacrificing performance for generality.
An accelerator under stream-based architecture accelerates CNN models by instantiating several
processing units (PU). Usually, each PU only provides a specific functionality, such as computing
a convolution layer. Compared with instruction-based architecture, stream-based architecture is
more friendly to network-dependent optimizations. In an instruction-based architecture, the

hardware accelerator comes with an instruction set. The software compiles the CNN model into a
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sequence of instructions, which is then executed by the accelerator. That is, flexibility comes
from software rather than from firmware for the FPGA. As a result, the reconfigurability of
FPGAs is not fully utilized. To respond to different requirements flexibly, this paper proposes
the fGrain framework that balances performance and generality by managing the granularity of
operators. The design of {Grain is based on modern machine learning systems. It combines the
hardware accelerators design and the software framework, which are both based on dataflow
graph design. We provide the abstraction of FPGA hardware resources as operators and manage
FPGA resources at the granularity of operators in the software machine learning framework. We
also introduce a user-mode virtualization layer between software framework and hardware operators,
which decouples the computing model from the target platform and improves resource utilization
and scalability. Equipped with the virtualization layer, we can fully utilize the computing resource
in FPGA by employing multiple virtual FPGA devices to run several operators in parallel. This
design also allows {Grain to optimize the execution of inference tasks at the software level. Also,
we provide a series of configurable operators to support various types of CNN models. They are
replaceable and specially optimized. The applicability of our framework is constrained by these
kernels. We have already implemented kernels that are required to support most of the CNN
models until now. Based on the design mentioned above, we implemented a {Grain prototype
based on TensorFlow and OpenCL. We evaluate our implementation on a heterogeneous platform
with a CPU, a GPU, and an FPGA device. Our evaluations show that f{Grain provides better
inference latency than GPU-based solutions for inference tasks with small batch sizes. fGrain
achieves a 20% and 11% latency for AlexNet and ResNet inference latency at batch size 1,
respectively. Optimization based on fGrain design brings more than 25% optimization to AlexNet
execution. Furthermore, the virtualization performance loss is just under 1. 3%.
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FPGA ecosystem, such as high development threshold,
cumbersome toolchain, and not being friendly enough for
software, algorithm developers, it has become a widespread
problem to make FPGAs efficiently manageable and exploitable
by existing machine learning systems.

Related work considers the use of mapping. The mapping
workflow input is the model code from the machine learning

framework; it is mapped to the corresponding FPGA accelerator
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design; workflow also includes the optimization of these
designs; the output is the binary stream used to configure the
FPGA. the designs of FPGA accelerators can be divided into
two types., instruction-based and data stream-based. These
works based on mapping generally target instruction-based
FPGA accelerators. The accelerator based on the data stream
still lacks the support of machine learning frameworks.
Besides, mapping-based solutions are only connected to the
upper-level machine learning framework during the mapping
phase and are relatively independent during the execution phase,
preventing framework-based optimization and management at
runtime,

The work presented in this paper proposes a machine

learning framework optimization for data stream-based FPGA

accelerators, which allows the existing framework to manage
and optimize the runtime of FPGA accelerators based on the
data stream. Furthermore, using the user-state virtualization,
a virtual FPGA based on the processing unit in the accelerator
design is proposed, which is more in line with the abstraction
of the device in the machine learning system and also enables
the fine-grained management, use, and optimization of the
FPGA device by the upper framework.
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