Reconfigurable Acceleration of 3D-CNNs for
Human Action Recognition with Block
Floating-Point Representation
Hongxiang Fan∗ , Ho-Cheung Ng, Shuanglong Liu§ , Zhiqiang Que, Xinyu Niu, Wayne Luk
Dept. of Computing, School of Engineering, Imperial College London, UK
Email: {h.fan17, h.ng16, s.liu13, z.que, niu.xinyu10, w.luk}@imperial.ac.uk
Abstract—Human action recognition (HAR) has been widely
employed in various applications such as autonomous cars and
intelligent video surveillance. Among the algorithms proposed
for HAR, the 3D-CNNs algorithm can achieve the best accuracy. However, its algorithmic complexity imposes a substantial
overhead over the speed of these networks, which limits their
deployment in real-life applications. This paper proposes a novel
customizable architecture for 3D-CNNs based on block floatingpoint (BFP) arithmetic, where the utilization of BFP significantly
reduces the bitwidth while eliminating the need to retrain the
network. Optimizations such as locality exploration and block
alignment with 3D blocking are performed to improve performance and accuracy. An analytical model and tool are developed
to predict the optimized parameters for hardware customization
based on user constraints such as FPGA resources or accuracy
requirement. Experiments show that without retraining, a 15bit mantissa design using single-precision accumulation on a
Xilinx ZC706 device can be 8.2 times faster than an Intel i7950 processor at 3.07 GHz with only 0.4% accuracy loss.

I. I NTRODUCTION
Recent technological advancements and cost reduction of
cameras have resulted in a huge demand for human action
recognition (HAR) in various domains such as surveillance,
assisted living, autonomous vehicle, etc. Very often, these cameras are installed in an environment with limited bandwidth
and power budget, and it is therefore imperative to have HAR
handled in the vicinity of the cameras with embedded devices
to reduce data transfer and power consumption [1].
Deep 3-dimensional convolutional networks (3D-CNNs)
have demonstrated their outstanding classification performance
in HAR compared to other algorithms. However, the algorithmic complexity and memory bandwidth demands of 3DCNNs impose a huge overhead on the processing speed.
Therefore, different hardware devices such as FPGAs, ASIC
and GPUs have been utilized to accelerate 3D-CNNs for
HAR. In particular, FPGAs are gaining popularity because of
their better reconfigurability and shorter turn-around time than
ASICs and higher energy efficiency than GPUs.
In spite of these advantages, there are several challenges
when accelerating 3D-CNNs on FPGA for HAR:
1) Compared to 2-dimensional convolutional networks (2DCNNs), 3D-CNNs require a lot more memory and computational resources since they consist of a large number
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of layers with a massive amount of computations. Widely
studied approach to FPGA implementation of 2D-CNNs
may not be suitable for 3D-CNNs [2].
2) FPGA implementations of 2D-CNNs tend to utilize low
bitwidth fixed-point arithmetic to increase the overall
throughput, and retraining is required to guarantee the classification accuracy. However, proper selection of bitwidth
and the subsequent retraining process usually necessitate
days of analysis and computation for 3D-CNNs.
3) The accuracy loss after quantization varies in different
neural networks [3]. In particular, previous work on FPGA
acceleration of 3D-CNNs with fixed-point arithmetic does
not showcase reasonable classification accuracy [4].
To address the above challenges, we introduce a novel
FPGA architecture of 3D-CNNs based on block floating-point
(BFP) arithmetic [5], where the use of BFP can reduce the
bitwidth while eliminating the need of retraining. A thorough
exploration of the mantissa bitwidth and accumulation methods for BFP with respect to the accuracy and performance is
also presented. BFP adopts fixed-point arithmetic to emulate
floating-point (FP) representation by assigning a block of data
with an exponent instead of having an individual exponent
for each data. The advantages of using BFP in 3D-CNNs are
twofold: First, it significantly reduces the memory and DSP
requirements compared to the standard FP calculation. Second,
as all the calculations are still based on FP arithmetic, the
network can offer competitive classification accuracy without
the need to retrain the network, which can take more than 4
to 5 days even on a TITAN X GPU. This is important because
nowadays a new network model can appear within months.
Moreover, we provide an automatic tool that determines the
optimal parameters to customize the proposed 3D-CNNs architecture based on the given constraints including the resource
budget and the accuracy requirement. This also ensures the
scalability of the 3D-CNNs accelerator when the hardware
design is implemented onto a larger FPGA.
The main contributions of this work are the following:
•

•

A customizable FPGA implementation of 3D-CNNs that
performs fast and accurate HAR with BFP which eliminates
the need to retrain the network (Section III).
Different optimization strategies including locality optimization and block alignment with 3D blocking which improve

