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Optimization for Depth-Wise
Convolution on Xilinx Devices

Depth-wise convolution can achieve better performance
with fewer FLOPS compared to standard convolution among
different tasks. Owing to its wide adoption for Al networks,
Xilinx's adaptable platform offers a deep convolution
engine, which achieves outstanding performance in edge
and cloud accelerator cards.

ABSTRACT

This white paper explores depth-wise convolution deep learning operations
implemented on Xilinx adaptive devices. This white paper aims to provide
multiple optimization strategies for different Xilinx devices to meet a variety of
task requirements. For the edge side, Xilinx implements a lightweight depth-
wise convolution engine that supports the corresponding computing
requirements. The white paper also describes how the top-ranking MobileNetv1
latency was achieved using specially designed DSAs on a Xilinx Alveo™
adaptive platform, targeting latency-critical autonomous driving applications.
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Introduction

Deep learning brings incredible improvement in both accuracy and reliability compared with
traditional algorithms in various computer vision tasks. Everyday, new Al models are being invented
to achieve higher accuracy or lower hardware requirements. However, fixed Al accelerators such as
GPUs and ASICs struggle to meet real-life performance due to increasing complexity in network
layers, layer-to-layer dataflow, and lower mixed precisions. Xilinx programmable devices (FPGAs,
SoCs, and ACAPs) can implement various domain specific architectures (DSAs) to optimize CNN,
LSTM, and MLP in different vectors such as throughput, latency, and hardware utilization. In this
white paper, the focus is on MobileNet, which contains depth-wise separable convolution (DSC).

DSC reduces computations compared with standard convolution (SC). The basic idea of DSC is to
split standard convolution into two operations: Depth-wise convolution (Dwcv) and Point-wise
convolution (Pwcv). Dwcv applies a single convolutional filter per input channel. The number of
convolution filters is the same as the number of input channels. Pwcv is a 1x1 standard convolution
following the depth-wise convolution in the model structure. It is used to aggregate feature
information from different channels in the same spatial position. In this way, separable convolution
can reduce computational cost and memory utilization of networks. See Figure 1.
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Figure 1: Standard, Depth-wise, and Point-wise Convolution

FLOPS and Parameters Analysis: Figure 1 demonstrates standard convolution and DSC. The size
of input feature map is /,, x I, x M, the kernel size is K, x Kj,, and the output feature size is

Oy % Oy, x N, O is the output feature map, M is the number of input channels, N is the number of
output channels. For a stride length of 1, the amount of operations is computed as:
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Equation 1
Oy =1, XI, XK, XK, XM XN
For DSC, the amount of operations is:
Equation 2
Oyse =1, XIn XK, XK XM+, XI, XMXN

which is the sum of Dwcv and Pwcv. Splitting an SC into a Dwcv and a Pwcv permits the reduction
operation of:

E):

Odsc _
Osc

1 1

N TR XK,

Equation 3

DSCs are the vital block in many efficient neural network architectures (e.g., MobileNet and
EfficientNet series) for different compute vision tasks. Table 1 compares popular networks with
standard convolution and depth-wise separable convolution in different tasks. In general, networks
with DSC can achieve better performance with fewer FLOPS compared with SC among different

tasks

Table 1: Standard Conv to Depth-wise Conv Comparison

FLOPS Evaluation (%6)
Model Tasks —
(Billion) (top/mAP/mlou)

VGG16 [Ref 1] Classification 15.3 71.5

ResNet101 [Ref 2] Classification 7.6 77

Inceptionv3 [Ref 3] Classification 5 78.2

VGG16-SSD [Ref 4] Object Detection 35.2 23.2
Standard Conv YOLOV3 [Ref 5] Object Detection 71 33

RetinaNet Object Detection

(ResNet101) [Ref 6] 127 37.9

DeeplLabv3+ Segmentation

(ResNet101) [Ref 7] 81.02 7721
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Table 1: Standard Conv to Depth-wise Conv Comparison (Cont’d)

(Xception) [Ref 7]

FLOPS Evaluation (%6)
Model Tasks —
(Billion) (top/mAP/mlou)

MobileNetv3 [Ref 8] Classification 0.219 75.2
EfficientNet-BO Classification
[Ref 9] 0.39 77.3
EfficientNet-B7 Classification
[Ref 9] 37 84.4
MobileNetV3- Object Detection

_ SSD[Ref 8] 0.51 22.0

Depth-wise Separable — - -

Conv EfficientDet-DO Object Detection 55 32.4
[Ref 10] ’ ’
EfficientDet-D5 Object Detection
[Ref 10] 136 49.8
EfficientDet-D7 Object Detection
[Ref 10] 326 51.0
DeeplLabv3+ Segmentation 68 79.17

Implementation of Depth-wise Conv Engine

The Xilinx® Deep Learning Processor Unit (DPU) is a programmable engine of INT8 operations
optimized for convolutional neural networks. The mult-add operations of CNN are processed in
parallel in the computation engines including standard convolution (SC) engine, depth-wise

separable convolution (DSC) engine, etc.

Pipeline Schedule Among Layers

The most common CNN structure is shown in Figure 2. The output result of one layer is the input
feature of the following layer. It indicates that the following layer can start calculating after its
sliding window (Kh x Iw) fills up on the outputs of the current layer. It is feasible to achieve the on-
chip pipeline schedule to efficiently process the Pwcv layer and Dwcv layer in parallel, and to
reduce the off-chip memory access. The Dwcv engine uses much less computing power than the
original Conv engine and focuses on the processing of Dwcv layer. The Conv engine computes the
SC and Pwcv layer.
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Figure 2: Convolution Blocks in Model

The pipeline schedule combines the three contiguous layers: Conv-Dwcv-Conv into one layer,
which is shown in Figure 3(b). The input feature or weights of some layers can be too large to be
filled into the on-chip memory. In that case, only the Conv-Dwcv layer is combined, while the next
Conv layer is not incorporated, as shown in Figure 3(c). With the on-chip layer-combination, the
Conv layer and Dwcv layer can be processed in parallel for higher efficiency, and the reduced off-
chip memory access further decreases the run-time of latter layers. The schedule controls the data
dependency among layers at row level. The process of each latter layer should wait for its Kh rows
of input feature, i.e., the output feature of its previous layer. When profiling different strategies of
the proposed parallel schedule, the height and width of the rectangle qualitatively indicate the
contrasts of compute parallelism and computing time. Only the first layer in the combination needs
read access to off-chip memory, and only the last layer needs write access. The profiling shows that
the pipeline schedule of combined-layer can make the system more efficient.

WP522 (v1.0) www.xilinx.com 5
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Figure 3: Strategy Profiles

Scalable Computation Engines

The Conv engine can process in parallel on the three dimensions: output channel parallel (OCP),
input channel parallel (ICP), and parallel pixel (PP) (along |h direction), while the Dwcv engine only
needs ICP and PP, and Dwcv does not combine the input channels to produce one output channel.
The parallelism ratio Rp of the Conv engine to the Dwcv engine is calculated by the following:

R. = OCPConv * ICPConv * PPConv
P ICPchv * PPDWCU

Typically, the following are the default. ICP,,, = ICP 4y, and ICP = OCP = CP. Thus the R, can be
simplified as:

PP,
Rp — CP « Conv
PPDWCU

In the case of MobileNets, the operation amount of Conv is nearly 32 times of that of Dwcv. Thus
the R, can be tuned to 32 to balance the run-time (along /,, dimension) between Conv engine and
Dwcv engine to achieve the profiling illustrated in Figure 3. Typically, the system can be faster when
CP and PP are larger, but the system is also limited by on-chip resources. The CP can be set to 16
and PP_,,, to 8, because the number of IC in most layers in MobileNets are multiples of 16, and the
height of most layers are no more than and close to multiples of 8. For the smaller chip, CP and
PP on, might need to be smaller. Figure 4 illustrates the scalable computing parallelism of Conv and
Dwcv engines.

WP522 (v1.0) www.xilinx.com 6
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Figure 4: Computing Parallelism of Conv Engine and Dwcv Engine

Optimization of Depth-wise Convolution on Xilinx
Edge Adaptive Devices

Data Flow Optimization

The on-chip memory (block RAM, distributed RAM, or UltraRAM) is partitioned into banks that are
used as caches of feature, weight, and bias data. The bias data can be configured as channel-wise
or layer-wise. When the accelerator starts to execute a layer, the feature, weight, and bias data are
first loaded from off-chip memory to their corresponding banks. If the data in the banks is enough
for an engine to work, the engine reads inputs from the banks, does the calculation, and then writes
the result back to the banks. Finally, the result is saved from the banks to off-chip memory. The
scheduling module controls the work timing of the engines. Figure 5 shows the data flow of
features when Conv engine and Dwcv engine work in a pipeline. The Conv engine reads its input
feature from bankO and writes its result to bank1, Dwcv engine reads Conv engine's result as its
input from bank1 and writes its result to the same bank.

WP522 (v1.0) www.xilinx.com 7
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There is no need to instantiate a new bank for Dwcv to store its result because the output data of
Dwcv is much less than that of Conv. Reuse of bank1 could save the on-chip memory, but when
there is enough on-chip memory on the device, a new bank can be used to achieve high
performance. The configurable bank utilization makes the design more scalable.

Performance and Competitive Analysis on the Edge Side

The DPU runs at 430MHz frequency on the Zynq® UltraScale+™ ZU2EG MPSoC and runs at
333MHz on the ZCU102 Evaluation Board. The ZU2EG device can achieve higher frequency because
it has more routing resources.

Classification Results for Zynq UltraScale+ ZU2EG and ZU9EG MPSoCs: Table 2 provides a
comparison between the Xilinx results and other similar accelerators on an ImageNet classification.
The input image size of the Xilinx MobileNetV2 on the Zynqg UltraScale+ ZU2EG and ZU9EG
MPSoCs is 224 x 224; the operation is 608M. The input image size of the Xilinx MobileNetV2+SSD
is 360 x 480; the operation is 6.57G. The Xilinx module is based on a Caffe model. The Xilinx
accelerator achieves 205.3fps on the ZU2EG MPSoC, which is 2.13X faster than that of Synetgy on
the Zynq UltraScale+ ZU3EG MPSoC[Ref 14]. Even though Xilinx's ZU9EG MPSoC and Intel's
Stratix-V and Arria 10 SoCs have comparable logic resources, the Xilinx accelerator's performance
on the ZU9EG device is 3.04X faster than the competitors.

Table 2: Performance Comparison in Classification

Design Network Platform Speed (fps) Top-1 Prec.(W/A)
[Ref 11] MobileNetVv2 CPU 13.3 72.0 32b

[Ref 12] RR-MobileNet ZU9SEG 127.4 64.6 8-4b
[Ref 13] MobileNetvl Stratix V 231.7 - -

[Ref 14] DiracDeltaNet ZU3EG 96.5 68.47 1-4b
[Ref 15] MobileNetV2 ArrialO 266.2 - 16b
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Table 2: Performance Comparison in Classification (Cont’d)

Design Network Platform Speed (fps) Top-1 Prec.(W/A)
Xilinx MobileNetV2 ZUZ2EG 205.3 68.1 8b
Xilinx MobileNetV2 ZU9EG 809.8 68.1 8b

Detection Results on Zynq UltraScale+ ZU2EG and ZU9EG MPSoCs: MobileNets can also be
applied as an effective base network in modern object detection system [Ref 16]. Xilinx also
implemented DPU for object detection in MobileNetV1 + SSD model on ZU2EG and ZU9EG devices.
Rare neural network accelerators provide results for object detection in a MobileNet-like network,
so Xilinx just compared the performance of object detection between different sizes of DPU. As
described in Table 3, the Xilinx accelerator achieves 31fps on ZU2EG devices and 124.3 fps on
ZU9EG devices compared to CPU.

Table 3: Runtime and Frame Rate in Detection

Framework Platform Speed (fps) Prec. (W/A)
MobileNetV1l + SSD | Xilinx Zynq UltraScale+ ZU2EG MPSoC 31.0 8b
MobileNetV1 + SSD | Xilinx Zynq UltraScale+ ZU9EG MPSoC 124.3 8b

Optimization of Depth-wise Convolution on Xilinx FPGA with HBM

DPUs implemented on devices without High Bandwidth Memory (HBM) often face restrictions with
on-chip memory space. The device must frequently exchange data between on-chip storage and
the DDR, and the bandwidth of the DDR limits the computing power of DPU, making it difficult to
be used as a low latency solution. As shown in Figure 6, when implementing DPU on devices with
HBM, full advantage can be taken of the high bandwidth of HBM and the on-chip feature map
buffer banks can be allocated into HBM device. The HBM is so large that there is no need for data
movement between other DDR devices, and the high bandwidth of HBM easily supports larger
computing arrays, which provide high compute power. The DPU micro-architecture implemented
on the Xilinx Alveo™ accelerator U50 and U280 cards can be used as an excellent low latency
solution.

WP522 (v1.0) www.xilinx.com 9
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Figure 6: Data Flow of Feature when Conv and Dwcv Work in Pipeline

Performance of the Xilinx Design and Competitive Analysis

One V3ME DPU can provide up to 4.9 TOPS computation power for convolution, with a separate
Dwcv engine for pooling and element-wise layers. The DPU is an excellent low latency solution for
networks that have depth-wise layers or big image size. Some test data is demonstrated and

compared with other solutions.

MLPerf SSD w/ MobileNet-v1 (224 x 224) Stream Test: The stream test results are shown in

Table 4.

Table 4: MLPerf Top 5 Test Results

. Benchmark
ID Submitter System Results/ms
Inf-0.5-22 Intel Intel® Xeon® Platinum 9200 processors 1.4
Inf-0.5-28 | NVIDIA NVIDIA Jetson AGX Xavier 1.5
Inf-0.5-3 Dell EMC Dell EMC R740xd with 2nd generation Intel® Xeon® 154
Scalable Processor
Inf-0.5-32 Centaur Technology | Centaur Technology Reference Design v1.0 1.54
Inf-0.5-4 Dell EMC Dell EMC R740xd with 2nd generation Intel® Xeon® 1.69
Scalable Processor
Xilinx DPU V3ME 1.59

Other Non-MLPerf Benchmark (224 x 224) Test Results: Some non-MLPerf standard benchmark
stream test results are shown in Table 5.
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Table 5: Non-MLPerf Benchmark Test Results (224 _ 224)

Benchmarks Stream Test Results/ms Comment
MobileNetV2 0.8 —
Pruned MobileNetV1-SSD MLPerf benchmark MLPerf SSD w/
0.84 . . .
MobileNet-v1 with pruning

High Resolution Benchmark (1920 x 1080) Stream Test Results: Table 6 shows the test results of
a subset of the high-resolution (1920 x 1080) test sets on the V3ME DPU. Networks with and
without depth-wise layers (such as Renet50 and YoloV2) can be accelerated, but the performance
of networks with depth-wise layers is much more significant, such as MobileNetV2, which is as
short as 13ms.

Table 6: High Resolution Benchmark Test Results

Benchmarks Stream Test Results/ms
ResNet50 108.00
MobileNetv2 13.00
YoloV2 77.00
L]
Conclusion

This white paper explores how depth-wise convolution deep learning operations are optimal on
Xilinx devices. Edge devices (e.g., Zynq UltraScale+ ZU2EG and ZU9RG MPSoCs) and Alveo Data
Center accelerator cards with HBM (e.g., U50, and U280) achieve excellent performance gains.
Xilinx is well suited for Dwcv workloads for deep learning applications (e.g., image classification
and object detection). Xilinx is continuing to innovate new hardware- and software-based
methodologies to accelerate deep learning applications.

For more information on Xilinx's Al acceleration solution, go to: https://github.com/Xilinx/Vitis-Al/

WP522 (v1.0) www.xilinx.com 11
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products. To the maximum extent permitted by applicable law: (1) Materials are made available “AS IS” and with all faults,
Xilinx hereby DISCLAIMS ALL WARRANTIES AND CONDITIONS, EXPRESS, IMPLIED, OR STATUTORY, INCLUDING BUT NOT
LIMITED TO WARRANTIES OF MERCHANTABILITY, NON-INFRINGEMENT, OR FITNESS FOR ANY PARTICULAR PURPOSE;
and (2) Xilinx shall not be liable (whether in contract or tort, including negligence, or under any other theory of liability)
for any loss or damage of any kind or nature related to, arising under, or in connection with, the Materials (including your
use of the Materials), including for any direct, indirect, special, incidental, or consequential loss or damage (including loss
of data, profits, goodwill, or any type of loss or damage suffered as a result of any action brought by a third party) even
if such damage or loss was reasonably foreseeable or Xilinx had been advised of the possibility of the same. Xilinx
assumes no obligation to correct any errors contained in the Materials or to notify you of updates to the Materials or to
product specifications. You may not reproduce, modify, distribute, or publicly display the Materials without prior written
consent. Certain products are subject to the terms and conditions of Xilinx's limited warranty, please refer to Xilinx's
Terms of Sale which can be viewed at http://www.xilinx.com/legal.htm#tos; IP cores may be subject to warranty and
support terms contained in a license issued to you by Xilinx. Xilinx products are not designed or intended to be fail-safe
or for use in any application requiring fail-safe performance; you assume sole risk and liability for use of Xilinx products
in such critical applications, please refer to Xilinx's Terms of Sale which can be viewed at http://www.xilinx.com/

legal.htm#tos.

Automotive Applications Disclaimer

XILINX PRODUCTS ARE NOT DESIGNED OR INTENDED TO BE FAIL-SAFE, OR FOR USE IN ANY APPLICATION REQUIRING
FAIL-SAFE PERFORMANCE, SUCH AS APPLICATIONS RELATED TO: (I) THE DEPLOYMENT OF AIRBAGS, (II) CONTROL OF A
VEHICLE, UNLESS THERE IS A FAIL-SAFE OR REDUNDANCY FEATURE (WHICH DOES NOT INCLUDE USE OF SOFTWARE IN
THE XILINX DEVICE TO IMPLEMENT THE REDUNDANCY) AND A WARNING SIGNAL UPON FAILURE TO THE OPERATOR, OR
(1) USES THAT COULD LEAD TO DEATH OR PERSONAL INJURY. CUSTOMER ASSUMES THE SOLE RISK AND LIABILITY OF
ANY USE OF XILINX PRODUCTS IN SUCH APPLICATIONS.
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