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Optimization of Dataflow Architecture for YOLO Neural Networks
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Abstract  The YOLO (You Only Look Once) Object Detection Algorithm stands out in the
realm of computer vision for its remarkable speed, accuracy, and straightforward architecture.
It’s particularly favored in applications where real-time processing is crucial such as Autonomous
Driving and Vehicle Detection. Despite these advantages, implementing YOLO neural networks
on traditional control flow architectures presents significant drawbacks, including underutilization

of computational resources, excessive energy consumption, and poor power efficiency. By contrast,

WA 30 - 2023-10-18 5 FE £k e Aii F I : 2024-06-20 . AR PRI 21 6 5y BHEEHT 2 31300 B3 Bl (20220484054, 20230484420) (b 5T AR 2 4
G- BT QBTG A 3 4 e B H (L234078) rh E AR B AE AU R % 0. BT BEFF A R RIS S (CCR ¥ R & 5, £ %
T 5T 160 Ay K5 U SR A 30 vk L B S B T TE A 4244 . E-mail: muyudongl9 @mails. ucas. ac. en, ZESCER, M, @0 5¢ 5L, o B 15 HL
45 (CCF) £ 5, F I Uy 2 308 12t 40 AR 9040 BUR IR R 4540 . SER S GAGIER W+ BhRLAF 5T 5, o B R L% £ (CCF)
43 54, R HF ST AR B R B S5 T T BE 28 . E-mail: fanzhihua®@ict. ac. cn, R 8. W HWF5EAE £ RS 7 1] 9 B0 U 42
B Rl AL . R, B RSO ) RO AR K mE R T AN REFE W IR S SRR, P E AL
42 (CCP)4x A, FEMFFTT 0] Jy AL FREE A K o P fg HLER I 2% . MESE & 4 058 01, o BT HL 2 45 (CCF) 43 Bt = S0 98 Uiy o 3
WAL AR, SERE L HESE 5  EH ELE S (CCP) 43 Bt . 2 BEF 5 4008 60 0 4 T WL b M o P B AT LR A



14 RFHRAE T YOLO &2 0 45 1 K080 I 2244 18 AL F 2 83

dataflow architectures offer a promising alternative. The execution pattern of the dataflow
architecture allows an operation to be executed once its operators are ready. which are inherently
aligned with the operational demands of neural network algorithms, enabling more effective
exploitation of data parallelism and reducing the redundant data transfers. Nevertheless, adapting
YOLO neural networks to conventional dataflow architectures will confront with three key issues:
(1) YOLO neural networks are distinguished by their reliance on convolution operations that utilize
small kernels. However, traditional dataflow architectures, with their inflexible Data Flow
Graph (DFG) designs, are incompetent to handle these operations efficiently. This incompatibility
results in a diminished rate of data reuse, consequently leading to suboptimal utilization of
computational resources. (2) The execution mechanism between operators does not effectively
utilize the linked structures of specific layers in YOLO neural networks. This is particularly
evident in the interaction between the convolution and activation layers, where recurrent data
transfers between the Processing Element (PE) array and on-chip memory lead to substantial
execution overhead and diminished energy efficiency. (3) The inherent limitations of traditional
dataflow architectures, which perform data transfer and processing in a bounded and sequential
manner, result in significant delays. To overcome these obstacles, we present an enhanced
dataflow architecture and introduce a YOLO accelerator, designated as DFU-Y. This solution
encompasses three key strategic improvements: First, through a detailed analysis of the execution
patterns of nested convolution loops, we have crafted an innovative Data Flow Graph (DFG)
mapping algorithm with a particular focus on the challenges posed by convolutions with small
kernels. This algorithm is meticulously designed to optimize the parallelization patterns across
various dimensions within dataflow architectures, thereby enhancing data reuse at the level of
individual Processing Elements and boosting computational efficiency. Second, DFU-Y integrates
an operator fusion mechanism into the data flow graph. This innovative mechanism classifies
operation nodes and strategically recouples operations with data dependencies. The aim is to
maximize data reuse among interconnected operators and reduce superfluous data transfers.
Third, to surmount the constraints of sequential data transfer and processing, DFU-Y utilizes a
double buffering mechanism. This approach effectively separates data transfer from execution,
enabling balanced task partitioning that mitigates data transfer delays and augments the utilization
of computing units. Experiments show that compared with the dataflow architecture (DFU) and
GPU (NVIDIA Xavier NX), DFU-Y achieves 2. 527X and 1. 334 X of performance improvement
and 2.658x and 3.464X of energy efficiency improvement respectively. Compared to the
dedicated YOLO accelerator (Arria-YOLO), DFU-Y obtains 72.97% of acceleration rate and
87.41% of energy efficiency with good versatility. In end-to-end experiments, DFU-Y achieves
an average energy efficiency of 7. 11 FPS/W on different YOLO models.

Keywords YOLO algorithm; dataflow architecture; optimization of data flow graph; convolutional

neural network; neural network acceleration
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Background

The topic of this research focuses on enhancing the
execution efficiency of the YOLO neural network. particularly
emphasizing the optimization on dataflow architectures. YOLO
neural networks are applied in various scenarios that require
real-time performance such as Autonomous driving and vehicle
detection, hence there is extensive research on YOLO’s
execution efficiency. However, previous studies have mainly
concentrated on control flow architectures such as GPUs and
FPGA-based domain-specific accelerators, which have apparent
bottlenecks in energy efficiency and design cost, respectively.

The execution mechanism of dataflow architecture allows
an operation to be executed once its operands are ready,
which are inherently aligned with the acceleration of neural
networks. This research group has accelerated sparse neural
networks, scientific computing, and graph neural networks
on dataflow architectures. Nevertheless, after analyzing the
execution of YOLO neural network on the dataflow architecture,
this research discovers that accelerating convolutional neural
networks on dataflow architectures has not fully leveraged its
advantages due to poor mapping effects of dataflow graphs of
convolution operations with small kernels, redundant data
transfers between operators and significant off-chip data access
overhead.

This paper optimizes the execution on dataflow architectures

targeting these issues. Firstly, it analyzes the parallelization
pattern of the dataflow architecture and proposes dataflow
graph mapping algorithm for convolution operations with
small kernels to fully utilize the data reuse of nested loops in
convolution. Secondly, to fully exploit the data reuse between
structurally coupled operators, this paper introduces an
operator fusion scheduling mechanism at the dataflow graph
level to reduce data access frequency and enhance neural
network execution efficiency. Lastly, by decoupling data
access and execution through double buffering, this paper
enables parallel execution of off-chip data access and on-chip
data computation. thereby amortizing the data transmission
delay and increasing the utilization rate of the function unit.

Experiments show that compared to representative dataflow
architectures and GPUs, this topic achieves a performance
improvement of 2.527 X and 1.334 X, respectively, and an
energy efficiency improvement of 2. 658 X and 3.464 X. In
end-to-end experiments, this topic achieves an average energy
efficiency of 7. 11 FPS/W on different YOLO networks.
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