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Abstract

The integration of Large Language Models (LLMs) with Convolutional Neural Networks (CNNs) is significantly advanc-
ing the development of large models. However, the computational cost of large models is high, necessitating optimization
for greater efficiency. One effective way to optimize the CNN is the use of depthwise separable convolution (DSC), which
decouples spatial and channel convolutions to reduce the number of parameters and enhance efficiency. In this study, we focus
on porting and optimizing DSC kernel functions from the GPU to the Deep Computing Unit (DCU), a computing accelera-
tor developed in China. For depthwise convolution, we implement a row data reuse algorithm to minimize redundant data
loading and memory access overhead. For pointwise convolution, we extend our dynamic tiling strategy to improve hardware
utilization by balancing resource allocation among blocks and threads, and we enhance arithmetic intensity through a channel
distribution algorithm. We implement depthwise and pointwise convolution kernel functions and integrate them into PyTorch
as extension modules. Experiments demonstrate that our optimized kernel functions outperform the MIOpen library on the
DCU, achieving up to a 3.59x speedup in depthwise convolution and up to a 3.54% speedup in pointwise convolution. These
results highlight the effectiveness of our approach in leveraging the DCU’s architecture to accelerate deep learning operations.

Keywords Depthwise separable convolution - Deep computing unit - Dynamic tiling - Channel distribution

1 Introduction demonstrated exceptional performance in a variety of tasks,
such as image recognition, video processing and object
detection (Szegedy et al. 2015; He et al. 2016; Redmon
et al. 2016; Real et al. 2019; Bochkovskiy et al. 2020; GAO

et al. 2022; LU and ZHENG 2023). In recent years, the great

Since AlexNet (Krizhevsky et al. 2012) achieved a tre-
mendous breakthrough in the ILSVRC (Russakovsky et al.
2015) in 2012, convolutional neural networks (CNNSs) have
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success of transformer-based large language models (LLMs)
(Vaswani et al. 2017; Devlin et al. 2018; Brown et al. 2020;
Sun et al. 2021; JI et al. 2023; Achiam et al. 2023; Zhao
et al. 2023) with hundreds of billions of parameters has sig-
nificantly pushed the boundaries of natural language pro-
cessing techniques, driving the growing scale of models.
To combine the advantages of both powerful architectures,
some studies (Dai et al. 2021; Yuan et al. 2021; Srinivas
et al. 2021) integrate CNNs for local feature extraction
with transformer-based models for establishing long-range
dependencies, resulting in better generalization capability.
These new applications indicate that CNNs remain highly
relevant and useful in modern Al research.

Despite their success, large models require massive com-
puting power and are computationally expensive (Thompson
et al. 2020; Shoeybi et al. 2019) during the training and
inference processes. As the size and complexity of models
increase, the need for reducing computational cost becomes
critical. Many researchers have focused on this field and
proposed various methods targeting large models (Li et al.
2020; Yao et al. 2022; Zhu et al. 2023). One effective solu-
tion to reduce the computational cost for CNNss is the use
of depthwise separable convolution (DSC) (Chollet 2017).
This technique decomposes the standard convolution opera-
tion into two simpler operations: a depthwise convolution
followed by a pointwise convolution. By doing so, it signifi-
cantly reduces the number of computations and parameters
required, leading to more efficient models. DSCs have been
successfully implemented in various architectures, such as
MobileNet (Howard et al. 2017; Sandler et al. 2018) and
EfficientNet (Tan and Le 2019), demonstrating substantial
improvements in computational efficiency without compro-
mising performance.

Many works have focused on optimizing DSCs to further
improve their efficiency and performance. Lu et al. (2021)
designed a data reuse algorithm to reduce memory access
latency and a dynamic tiling algorithm to improve hard-
ware utilization. Wu and Huang (2019) presented methods
to improve data reusability by managing the execution order
of matrix multiplication and to reduce data transfer overhead
by fusing layers. Qin et al. (2018) introduced a diagonalwise
refactorization method to address low GPU utilization and
accelerate depthwise convolution. Wei et al. (2022) pro-
posed an optimized separable convolution, which features
an optimal design for the number of groups and filter sizes
compared to standard DSC. Beyond studies on NVIDIA
GPUs, Bai et al. (2018) implemented optimization methods
on FPGAs. Indeed, the landscape of hardware development
has diversified, with numerous companies now developing
their own computing accelerators, e.g. the Google Tensor
Processing Unit (TPU) (Jouppi et al. 2017). In response to
the escalating demands for developing domestic comput-
ing accelerators, the Deep Computing Unit (DCU) was

developed by Hygon (Hygon 2023) for the Chinese super-
computer and Al market.

A DCU works as a hardware extension to the CPU host
system via a PCI-E connection. The most critical compo-
nent of a DCU is its computing units, as shown in Fig. 1. A
significant hardware design difference from the GPU is that
DCU groups 64 threads into a wavefront, which serves as
the basic scheduling unit, whereas GPU organizes 32 threads
into a warp. This can affect the hardware resource alloca-
tion and parallelism. On the software side, GPUs utilize
the CUDA (Compute Unified Device Architecture) (Guide
2020) platform developed by NVIDIA, while DCUs are built
upon AMD’s open-source ROCm software stack and use
the HIP (Heterogeneous-Compute Interface for Portability)
programming model (AMD 2024). These differences present
challenges when porting code from GPUs to DCUs, as we
need to re-implement code in the new programming model
and consider the hardware resources of the new device to
optimize performance.

Our study aims to identify optimization opportunities and
port our previous optimization methods (Lu et al. 2021) to
the DCU, an area that has been under-explored in previous
research, thereby contributing to the development of a robust
ecosystem for this new device. For depthwise convolutions,
we employ a row data reuse algorithm to minimize unneces-
sary memory access overhead. For pointwise convolutions,
we extend and modify the existing dynamic tiling strategy
and implement an automatic optimization pipeline.

We evaluate our methods by implementing HIP kernel
functions for depthwise and pointwise convolutions and

| Global Memory
rr - i ________________ I
I_ L2 cache |
Computing Unit
i L1 cache i
SIMD 0
| Register File |
» » w
(] o ] 1
= = =
AIBIAREIREIREIR IR
oz e = = = w
iz =
(] e [ 5 n

| R

Shared Memory |

Fig. 1 Main architecture of a computing unit in DCU. Best viewed in
color
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comparing them to the MIOpen library (Khan et al. 2019),
which provides high-performance machine learning primi-
tives in the AMD ROCm stack. Based on these kernel func-
tions, we implement extension modules for PyTorch (Paszke
et al. 2019), a widely-used deep learning library in both
industry and academia and use native PyTorch convolution
modules as the benchmark. Experiments demonstrate that
our depthwise convolution kernel functions achieve up to a
3.59x speedup, and pointwise convolution kernel functions
achieve up to a 3.54x speed up compared to those in MIO-
pen. For the extension modules, the new depthwise convo-
lution extensions achieve a speedup of up to 4.54%, while
the new pointwise convolution extensions achieve a speedup
of up to 1.78%. All experiments were conducted on a DCU
provided by Sugon’s cloud computing platform.
In this study, we make the following key contributions:

e  We explore the optimization of DSC on DCU and imple-
ment additional HIP kernel functions to demonstrate the
generality and applicability of our methods across differ-
ent configurations.

e We develop PyTorch extension modules based on opti-
mized kernel functions, facilitating their use in both aca-
demic research and industrial applications.

e We conduct experiments on a DCU, validating our
approach and quantifying the performance gains.

In Sect. 2, we briefly discuss the DCU hardware architecture
and depthwise separable convolution. In Sect. 3, we present
an overview of our study. In Sects. 4 and 5, we elaborate on
optimization strategies for depthwise and pointwise convolu-
tions, respectively. We show experimental results in Sect. 6
and discuss future work in Sect. 7. Finally, in Sect. 8, we
conclude the paper.

Online Material. The source code of this work is publicly
available at https://github.com/HIT-HPC-Group/DSCOp
timization.

2 Background

In this section, we briefly introduce the Deep Computing
Unit and the Depthwise Separable Convolution.

2.1 Deep computing unit

The Deep Computing Unit (DCU) is a computing accelera-
tor developed and launched domestically in China by Hygon
(Hygon 2023). Designed with a GPU-like architecture, it
features low latency and high throughput and is suitable for
highly parallel tasks, typically operating as a coprocessor
to the CPU. In this setup, the host-side program runs on
the CPU while the device-side kernel functions run on the
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DCU. Although the DCU is scheduled as a device by the
host CPU system, it independently manages its computing
units, memory system, and thread scheduling, maintaining
relative autonomy during execution.

Computing units are the most crucial components in a
DCU. The DCU in our experiment comprises 64 independ-
ent computing units. As illustrated in Fig. 1, each comput-
ing unit contains 4 SIMD units, and each SIMD unit has 16
ALUs. When the DCU is executing, threads are assigned to
these ALUs, with 64 threads grouped into a wavefront as
the basic execution unit. This structure enables all threads
within a wavefront to execute the same instruction simulta-
neously, thereby enhancing computational efficiency.

Figure 1 also shows the memory hierarchy of the DCU,
which is similar to that of the GPU (Mei and Chu 2016). The
global memory is independent of the host system’s memory
and is used to store data for the computing units. To meet the
demands for high throughput, the DCU supports advanced
HBM?2 memory (Jun et al. 2017), providing over 16 GB of
space with bandwidth up to 1 TB/s. Although global mem-
ory offers the largest capacity on the DCU, it also has the
highest access overhead, often becoming the main perfor-
mance bottleneck in many programs. The next level of mem-
ory hierarchy is the shared memory within each computing
unit. Each computing unit has 64 KB of shared memory
accessible by the thread blocks living on it. Shared memory
can be utilized as a fast cache controlled by the developer.
By loading necessary data into shared memory, threads can
avoid multiple accesses to the slower global memory (Xu
et al. 2009). On the contrary, L1 and L2 caches cannot be
programmed directly, but by carefully managing data access
patterns to improve data locality, programmers can leverage
the caching system to enhance program performance. Next,
each SIMD unit provides registers for threads, which have
the shortest access latency. Each thread can use up to 256
registers. For compute-intensive tasks, frequently used data
can be stored in registers to further reduce memory access
overhead (Iandola et al. 2013). Data in registers can also
be transferred between threads using specific APIs. Both
registers and shared memory are crucial hardware resources
for threads, as these resources are limited, which in turn
limits the number of active threads and thus the degree of
parallelism. Our study leverages the feature of the memory
hierarchy to optimize performance.

The DCU utilizes the AMD ROCm software stack, which
includes the HIP (Heterogeneous Interface for Portability)
C/C++ based programming model and runtime library
(AMD 2024). A typical HIP program involves transferring
data from the host to the device, launching kernel functions
on the device, and copying the results back to the host for
further processing. To launch a kernel function, develop-
ers need to configure the grid size and the block size. The
device then determines the index for each thread based on
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these parameters. Because hardware resources are limited
and arbitrary configuration can reduce hardware utilization,
finding a balanced configuration is crucial for maximizing
performance. This is especially important when optimizing
pointwise convolution.

Recently, a growing number of studies have focused
on developing optimization techniques for various appli-
cations running on the new DCU platform. For instance,
Liu et al. (2024) introduced D-TADOC, a compressed data
direct computing method for Chinese datasets on the DCU.
Their approach accelerates the processing of Chinese text
data by designing a parallel processing module specifically
for the DCU architecture. Ma et al. (2022) optimized the
Quantum Fourier Transform (QFT) algorithm by reducing
communication overhead between the host and device while
enhancing thread activity on the DCU. Our work aligns with
these efforts, as we aim to reduce data movement overhead
across the memory hierarchy and refine thread assignment
strategies for improved efficiency. Furthermore, Zhou et al.
(2023) present algorithmic improvements at the compiler
level, incorporating DCU hardware characteristics to adjust
thread allocation. Our tiling method also takes hardware
resources into account to achieve better workload balance.
In addition, Guo et al. (2024) focus on optimizing Sparse
General Matrix-Matrix Multiplication (SpGEMM). Their
solution improves load balancing, maximizes the utiliza-
tion of registers and shared memory, and enhances global
load distribution through fine-grained grouping and kernel
configurations.

2.2 Depthwise separable convolution

Depthwise separable convolution can improve computa-
tional efficiency while maintaining inference accuracy. This
technique was popularized by the MobileNet architecture,
which demonstrated its effectiveness in reducing the number
of parameters and computational cost (Howard et al. 2017).

In a conventional convolution operation, each filter is
applied to all input channels, and the results are summed
to produce the output feature map, as illustrated in Fig. 2.
If there are M input channels and N filters, and assuming a
stride of 1 to maintain the same spatial dimensions for the
output as the input, the computational complexity of the

Standard Input Filter Output
Convolution

Fig. 2 Illustration of standard convolution. Best viewed in color

operation is O(M X N X K X K X H X W), where K is the
filter size, and H and W are the height and width of both the
input and output feature maps, respectively. This process
involves a substantial number of multiply-add operations,
which makes it computationally expensive.

On the other hand, depthwise separable convolution
decomposes the traditional convolution operation into two
steps: depthwise convolution and pointwise convolution.
This is presented in Fig. 3. In depthwise convolution, a
single-channel filter is applied to each input channel sepa-
rately. This means that if there are M input channels, there
will be M separate spatial convolutions. The computational
cost of depthwise convolution is O(M X K X K X H X W).
After depthwise convolution, a 1 X 1 pointwise convolu-
tion is applied. This operation squeezes and combines
the depthwise convolution’s output along channel dimen-
sion. If there are N filters, the computational complexity
is O(M X N x Hx W). In total, depthwise separable con-
volution significantly reduces the computational cost to
OMXKXKXHXW+MxN xHxW). This reduction
leads to fewer parameters and operations, making depthwise
separable convolution an efficient alternative to traditional
convolution.

Depthwise separable convolutions have been successfully
utilized in various networks, including MobileNet and Effi-
cientNet, which are lightweight and suitable for deployment
on resource-constrained devices, such as embedded systems
and mobile phones. Our work further optimizes the perfor-
mance of this efficient operation.

3 Overview

We optimize depthwise and pointwise convolution sepa-
rately. The optimization framework is shown in Fig. 4.

For depthwise convolution, we adopt the row data reuse
algorithm (Lu et al. 2021). The motivation is to maximize
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Fig.3 Illustration of depthwise separable convolution. Best viewed in
color
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Fig.4 Optimization Framework. Best viewed in color

the reuse of loaded data, thereby minimizing redundant
memory access overhead. Such a strategy enhances data
locality within a row and significantly improves the perfor-
mance, as demonstrated in experiments.

For pointwise convolution, the objective is to increase
hardware utilization and improve data arithmetic intensity.
We adapt and extend our previous dynamic tiling strategy
(Lu et al. 2021) to achieve balanced hardware allocation
among threads and blocks and the channel distribution
algorithm to enhance the reuse of loaded data in multiple
operations. Moreover, we implement a three-stage optimi-
zation pipeline, integrating the model-and-profile approach
to select the optimal configuration. The pipeline consists of
three main components:

1 Tiling Parameter Generator: This component defines
all relevant tiling parameters, with candidate values
depending on both hardware limitations and problem
size. Given the hardware resources, constraints are
applied to discard invalid tiling configurations.

2 Code Generator: The code generator processes each
viable configuration to produce the corresponding ker-
nel function code. A key part of this stage is the channel
distribution algorithm, which increases data arithmetic
intensity by reusing loaded data, and the double buffer-
ing mechanism, which reduces data loading latency.

3 Profiler: The profiler measures the execution time of ker-
nel functions generated from each tiling configuration
and selects the fastest one.

4 Depthwise convolution optimization
In this section, we elaborate on the row data reuse algo-
rithm adopted from our previous work for optimizing

depthwise convolution. We begin with a simple example
to illustrate the data reloading problem and its impact on

@ Springer

Fig.5 Illustration of naive depthwise convolution. Best viewed in
color

memory efficiency. For simplicity, we assume that the input
and output data are single-channel and only one thread
block is used. We then explain how the data reuse algorithm
mitigates memory access overhead and provide a detailed
description of the algorithm.

4.1 Datareloading problem

Assume that an input data with size 5 X 5 (including the pad-
ding size of 1) is convolved with a 3 X 3 filter. If the stride is
1, then the output data will be 3 x 3. We use a 3-thread block
to compute one output row at each step. Then one thread is
assigned to one output element in the row, and they load
required input and filter data to compute the output. This
simple row by row computation process is shown in Fig. 5.
I, F and O denotes the input, filter and output data,
respectively. R; represents i-th row of the data. Initially, I ,
Iy, and I are loaded and perform convolution with Fy , Fy,
and Fy to compute O . Then O and O are calculated in
a similar manner by loading different input and filter rows.
Mathematically, this process is expressed as:

Og, =Ig, * Fg, +1Ig % Fg +1g * Fp
O
Og, =Ig, * Fg +1Ig % Fg +1g * Fpg,

= I, >|<FR0+IR2 *FRI +IR3 *FR2

1

Clearly, the central input rows are loaded multiple times.
As the number of filter rows increases, the repetition also
increases. These repeated loads lead to unnecessary memory
access overhead, which negatively impacts performance.
An intuitive mitigation strategy is to leverage the relatively
faster shared memory to hold prefetched input data, allowing
threads to load data from shared memory. However, the data
reloading pattern still exists.
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4.2 Row data reuse

To eliminate the reloading pattern and enhance efficiency,
we shift from the output-centric approach to an input-centric
method by reordering the computation process. This allows
each loaded input row to be reused as many times as possible
in multiple operations. Specifically, after loading an input
row, it performs convolutions with multiple filter rows to
generate intermediate results for multiple output rows that
depend on this input row. Intermediate results are temporar-
ily stored in registers to mitigate potential latency caused
by frequent writing access to the output matrix in global
memory. As this process continues, corresponding partial
results for each output row are accumulated in the registers,
and some rows complete their accumulation, then they can
write the final result to global memory and release the reg-
isters. Then these registers can be used to store intermediate
results for future output rows, ensuring a cyclic and limited
register usage.

This process is illustrated in Fig. 6. Initially, upon loading
Ig,, it only performs an convolution with F, because only
Ok, requires this partial result. However, after loading I,
it is used to produce partial results for O , O , and O, by
performing convolutions with F , F , and Fp, , respectively.
At this point, OR0 finishes accumulating, so the result can
be written to the output matrix in global memory, and the
registers are used to hold new partial results for O, in future
steps. The process continues, with each step efficiently using

Input Filter Output
IR * +
0 \ FRD T, ORO
Step 1
i F - 0
I, Ry Ry
Step 2 <: F Ry ><: ORz
* +
Fp, Og, Done
Step3 I, é Fry >< Or,
Ry R,
+
oRo Done
Step 4 * FRI 0R1 Done
In, S Fp, > op.
* +
3Ro Done
Step 5 Ry Done
/ FRZ — ORZ Done
IR4

Fig. 6 Illustration of row reuse algorithm. Best viewed in color

loaded data to compute necessary partial results until all
are accumulated for each output row. The new computation
process can be expressed as:

Load Iy : Op =1Ip * Fg

Load Iy : Op = Og +1Ig * Fp

=1 * Fg

Load Iy, : Op = Og + I * Fp — Write O
Ok, = O, + 1y, * Fg,
Og, = Ig, * Fg,

Load Iy, : Og
Ok, = Og, + 1, * Fp,

Load Iy, : Og, = Og +1Ig * Fp — Write O,

= Og, + I, * Fg, — Write Op,

Previously, in the simple implementation, input rows are
loaded 9 times in total. In contrast, this optimized implemen-
tation requires only 5 loads. By decomposing the computa-
tion for each output row into multiple steps as input rows
are loaded, this strategy significantly reduces the number of
data loads, thereby minimizing memory access overhead and
enhancing overall computation efficiency.

Algorithm 1 RowDataReuse

Require: I, F

Ensure: O = DepthwiseConv(I, F)

1: for i < 0 to Iy — 1 do # each row
2: Load Row I[i];

3 if i < Fg — 1 then

4 for j < 0toi+1do

5 Olj] <= Olj] + I[i} - F[i — jl;

6: end for

7 elseif Fy —1<i<Iy— Fyg+1 then
8 for j < 0 to Fyg do

o rii—Fg+j+1;

10: O[r] <~ Olr]| + I[i] - F[Fg — 1 — j|;

11: end for

12: else

13: for j < Fp —1to 0 do

14: r«Ig—Fyg+1;

15: O[r] < Olr]| + I[i] - F[Fu — jl;
16: end for

17: end if

18: end for

As described in Algorithm 1, it is important to note that
for the input rows located at the edges, they are not con-
volved with all filter rows, unlike those positioned centrally.
These edge cases require meticulous handling to prevent
invalid memory accesses. In practice, when a data batch
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contains multiple samples and each sample has multiple
channels, the DCU can launch a large number of thread
blocks to process them in parallel. Within each block, a
group of threads processes one output channel, as described
in the algorithm. And each block can contain multiple
groups to handle multiple output channels in parallel. Data
is prefetched from global memory to shared memory by each
thread block, ensuring efficient data loading and reuse by
threads. Experimental results suggest that the row data reuse
algorithm can substantially accelerate depthwise convolu-
tion, and we present the results in Sect. 6.

5 Pointwise convolution optimization

In this section, we introduce our optimization methods for
pointwise convolution and implementation of model-and-
profile three-stage optimization pipeline.

5.1 Tiling parameter generator

When launching a kernel function, developers need to
configure the grid size and block size, which influence the
amount of shared memory allocated to each block. Addi-
tionally, the way a thread block processes a data tile can
also affect the hardware usage per thread. Given that shared
memory and registers are crucial yet limited resources pro-
vided by a computing unit, arbitrary allocation and tiling can
lead to low hardware utilization and poor performance. To
address this, we employ the dynamic tiling strategy that
defines some parameters to describe the workload for each
block and wavefront. To find viable parameter combina-
tions, we define resource constraints based on the available
resources and problem size to eliminate unachievable ones.

5.1.1 Identify tiling parameters

Our dynamic tiling strategy is model-based. We describe the
data tiling for thread blocks and wavefronts using a two-level
tiling strategy. The first level tiling represents the part of the
output data to be processed by each thread block. Within
a block, the data is further partitioned to be processed by
wavefronts, as the second level tiling. This approach extends
our previous work by introducing more tiling parameters,
which in turn affect the constraints of resource usage. We
introduce the parameters in a bottom-up way.

To describe a wavefront’s workload, we use Wavey, and
Wave, to represent the width and channel of the output
data tile handled by a wavefront (i.e. second-level tiling),
respectively. Therefore, the total number of elements in the
output data tile for a wavefront is Wavey, X Wave. Note
that, in order to calculate the output tile, the wavefront is
responsible for the corresponding input tile with the same
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Wave,, width. To minimize control divergence problem
(Xiang et al. 2014), which makes those allocated hardware
resources wasted, we require candidate values for these
parameters to be integer factors of the output data sizes.
For example, if the output width is 16, then Wavey, can be
1,2, 4, 8, 16. This ensures that the data is always parti-
tioned exactly and wavefronts receive balanced workloads.
Next, we use Wavey, to denote the number of wavefronts
contained in each thread block. Given that the wavefront
size is fixed at 64 on current DCUs, the block size is
Wavey X 64. These wavefronts can be arranged in vari-
ous ways to process different data tiles. To describe this
layout, we use the (Repeat,,, Repeat ) pair to represent the
number of wavefronts arranged along the width and chan-
nel directions of the output data. This represents a signifi-
cant modification to our previous work. Now, Wave,, can
have multiple candidate values, rather than being fixed at
4, and wavefronts can be arranged in various configura-
tions, rather than just (2, 2). Since the maximum block
size is 1024 in the current DCU design, the maximum
candidate value for Wavey, is % = 16. Moreover, we
require Wavey = Repeaty, X Repeat. For a given Wave,,,
there can be multiple layout strategies, described by the
(Repeaty,, Repeat ) pairs. Additionally, we ensure that the
candidate values do not lead to control divergence. Fig-
ure 7 illustrates this with an example where Wavey = 4,
(Repeaty, = 2, Repeat, = 2), Wavey, = 4, and Wave, = 2.
As the second-level tiling of each wavefront is
described, the first level tiling is simply aggregate the
workload of the wavefronts. The size of the data tile pro-
cessed by a thread block (i.e. first-level tiling) is calculated
as Wavey, X Wave X Repeaty, X Repeat. All thread blocks
are arranged along the height, width, and channel direc-

tions in the output data. Consequently, the grid size of the
Total Output Elements

kernel function is calculated as .
Wave, xWave -XRepeaty, XRepeat -

Width
Height /
| Block 1 Block 1 Block N| Black
Wavefront 1 avefront 2 Vavefront 1 avefront 2
[ | Bloek1 Black 1 Block N| Black
Channel avefront 3 Vavefront 4 Vavefront 3 avefront 4

By Other
Blotks

Fig.7 Example of wavefronts logical layout on output. Best viewed
in color
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5.1.2 ldentify resource parameters

In addition to the tiling parameters, we define two resource
parameters that determine the resource allocation constraints
of a computing unit and the resource usage of blocks and
threads. These parameters, used together with the tiling
parameters, help eliminate unachievable tiling cases. We
discuss these constraints in Sect. 5.1.3.

The first resource parameter is Block,, which describes
the number of thread blocks scheduled onto one computing
unit. Since the DCU explicitly limits the maximum number
of wavefronts per computing unit to 40, the candidate values
for Blocky, depend on Wave,,.

The second resource parameter is Group, which is used
in the channel distribution algorithm (Lu et al. 2021) to
describe the number of input channels grouped together. It
affects the number of filter elements processed by a thread,
denoted as Thread-, which in turn affects the register usage.
We use a concrete example to explain the channel distribu-
tion algorithm and how Group changes register usage.

Similar to the row data reuse algorithm discussed in
Sect. 4.2, the main motivation behind channel distribution
is to improve arithmetic intensity, defined as
number of mulliplications ' py; oher arithmetic intensity helps to

number of loaded elements
hide memory access overhead by overlapping computation

with data loading. Specifically, we achieve this by distribut-
ing input and filter elements to the threads in a wavefront.

Assume that a wavefront handles 8 X 64 output data, so
Wavey, = 8 and Wave = 64, and the input data has 56 chan-
nels, resulting in a filter of size 56 x 64, where there are 64
output channels and each output channel has 56 elements.

In a simple pointwise convolution process, each thread
can be assigned to calculate an output channel with 8 output
elements in a row. Accordingly, each thread is responsible
for one filter channel with 56 elements. Each time, a thread
loads 8 input data elements in a row and 1 filter element
from its filter channel. By multiplying each input element
with the filter element, a total of 8§ partial output results are
calculated. This process is repeated 56 times to accumu-
late the final result, as illustrated in Fig. 8. With this simple
method, at each step, each thread loads 8 input elements and
1 filter element, resulting in a total of 9 elements. These 9
elements are used in 8 multiplication operations to produce
8 partial results. Thus, the arithmetic intensity is g, and the
register usage is low.

The channel distribution method, as shown in Fig. 9,
can improve arithmetic intensity. Assume that Group. = 8,
so every 8 input channels (Wavey, X Group, = 8 X 8 = 64
input elements in total) are grouped to be processed by the
wavefront at each time. The goal is to convolve them with
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Filter Simple Pointwise
Convolution Method
N
s rlc=56 Output
Input . ¢ _
Wavey, =8 B By thread 0 Wavey =8

$ Flc=56 .
. c= . =

Ic =56 : B By thread 1 : Wave =64
-
:
i EE=====s)
$ FIe=56
B By thread 63

Fig. 8 Illustration of simple pointwise convolution method. Best
viewed in color

corresponding filter elements in each channel
(Wave X Group, = 64 X 8 = 512 elements in total) to pro-
duce partial results. With many threads available, these
filter elements are distributed among threads. If we regard
every 8 consecutive elements in the filter channel as a
group, then threads O to 7 take a group from filter channel
0, threads 8 to 15 take a group from filter channel 1, and
so on. Each thead takes 1 element. If each thread only

loads 1 filter element, then a wavefront can load
F _ Wavefront Size __ 64 __

num Groupe 8
can produce partial results for 8 output channels with these

elements. However, to calculate partial results for all 64
output channels simultaneously, each thread must load
more elements into more registers.

In our example, each thread needs to load
Thread, = Bavee — & 8 filter elements. Specifically,

num 8

threads O to 7 take groups from filter channels 0, 8, 16, 24,
32, 40, 48, 56, while threads 8 to 15 load from filter chan-
nels 1, 9, 17, 25, 33, 41, 49, 57, and so on. Each thread
takes one filter element from each group. Grouped input
channels (Group. = 8) are also distributed to threads row
by row, according to the filter elements, so each thread also
loads Wavey, = 8 input elements. Each input element is
multiplied with each filter element to produce a partial
output result (Wavey, X Thread, = 64 in total).

By distributing the workload, the arithmetic intensity is
Wavey xThread. _ 8x8

= —— = 4. This approach improves arithmetic
Wavey,+Thread 8+8 pp P

intensity by more than 4 times. This process repeats
Input Channels

8 groups, meaning the wavefront

= 7 times to process all 56 input channels. In
Groupc

the end, threads use segmented parallel reduction to accu-
mulate the partial results. The challenging part of this
algorithm is mapping threads onto data correctly.

This example illustrates how Group - and Thread affect
register usage, which is useful when applying resource
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Filter
Each thread takes 8 filter elements (Thread; = 8§
A
f \
C!lan_nel . By thread By thread
Distribution 0-7 0-7
Algorithm $ L Ic=56 eee s F Ic=56 Partial Result
Channel 0 Channel 56 (thread 0 as example)
Input Wavey =8
w =
- avey =& - g out channel 0
" out channel 8
By thread By thread | o out channel 16
8-15 8-15 H out channel 24 =
Groupc=8 "¢ | |.=56 s L 1.=56 out channel 32 Threadc =&
. ¢ oo . ¢ out channel 40
Channel 1 O | Channel 57
o u out channel 48
Ic =56 u out channel 56
N J H |
. . M Repeat 7 steps
° 0 Accumulate in each row
By thread By thread H
- 56 - 63 56 - 63 :
Each step s LIc=56 ,, e L Ic=56
8 channels processed S | Channel 7 0 | Channel 63
8 elements per thread
Repeat 7 steps

Parallel
Reduction
to group head

Partial
Results of
8-thread

group

Fig.9 Illustration of channel distribution algorithm. Top part
shows how input and filter are distributed to threads, assuming that
Group. = 8. Bottom part shows how parallel reduction is performed

Table 1 Summary of tiling and resource parameters

Parameter Description

Wavey, Output width handled by a wavefront
Wave - Output channel handled by a wavefront
Wavey No. of wavefronts in a block

Repeaty, No. of wavefronts along width direction
Repeat No. of wavefronts along channel direction
Blocky No. of thread blocks per CU

Group No. of grouped channels
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Output

Wavey =8

From thread 0

From thread 8

From thread 16
From thread 24
From thread 32
From thread 40
From thread 48
From thread 56

~ Wave, = 64

From thread 0
From thread 8
From thread 16
From thread 24

From thread 32
From thread 40
From thread 48
From thread 56
Each group head
writes to
8 channels

to aggregate partial values, and how threads are assigned to write out-
put data. Best viewed in color

constraints in Sect. 5.1.3. Table 1 lists all the tiling
and resource parameters and their purposes as a short
summary.

5.1.3 Apply resource constraints

To eliminate invalid tiling cases, we define two constraints
based on the size of shared memory and the number of reg-
isters of a computing unit. We then calculate the resource
usage of each tiling case, which must satisfy both constraints
to be considered valid.
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Firstly, we calculate the shared memory that can be allo-
cated to each block, represented as LimitS, and the number
of registers that can be allocated to each thread, denoted as
LimitR, as follows:

LimitS SMEM
§=—2"
o Blocky, M
Re
LimitR = Scu )
Blocky x Wavey x 64

where SMEM -, = 64 KB is the size of shared memory and
Reg -y = 65536 is the number of registers on a computing
unit. The value 64 in Eq. 2 is the wavefront size. Because
wavefronts and blocks are work balanced, we also require
the resources are partitioned equally.

Secondly, we calculate the size of shared memory allo-
cated to a thread block, defined as:

UsedS = 4 X (Repeaty, X Wavey, X Group

+ Repeat- X Wave- X Group) X 2 )
where 4 represents the number of bytes in a floating-point
number, and 2 accounts for the double buffering used.
Repeaty, x Wavey, X Group denotes the size of the loaded
input data, and Repeat- X Wave X Group represents the
size of the loaded filter data. Thus, the shared memory con-
straint is defined as:

UsedS < LimitS )

Thirdly, we calculate the register usage. Each thread needs
to compute partial results for resultR = Wavey, X Thread,
output elements, with the operands stored in
operandR = Wavey, + Thread - registers. Moreover, because
double buffering is used, a thread block uses registers as
temporary fast cache by loading data into registers before
moving them to shared memory. The number of these tem-
porary registers used is calculated as follows:

Repeaty, X Wavey, X Group -

tempR =
enp [ Wavey x 64 |
Repeat X Wave X Group )
Wavey x 64

Equation 5 is similar to Eq. 3, because data is collaborately
loaded by threads in a block, and each thread contributes few
registers for the block. Additionally, we leave 30 registers
for the HIP compiler. The total number of registers used by
a thread is defined as:

UsedR = resultR + operandR + tempR + 30 6)

To ensure that a tiling case satisfies the register usage, the
second resource constraint is defined as:

UsedR < LimitR )

By applying constraints defined in Egs. 4 and 7, our tiling
parameter generator efficiently produces potential tiling con-
figurations that improve hardware utilization while adhering
to the resource limitations of the DCU. To measure the per-
formance of each configuration and identify the fastest one,
we implement a code generator and a profiler.

5.2 Code generator and profiler

The code generator takes a potential tiling configuration
as input and automatically generates kernel function code
to be executed on the DCU. It calculates the grid size and
block size for kernel function launch parameters based on
the given configuration, as discussed in Sect. 5.1.1. Within
the generator, it utilizes the channel distribution algorithm
introduced in Sect. 5.1.2 to map the wavefronts to the cor-
rect output data tiles and allocate the necessary registers
to hold operands, partial results, and temporary values.
Additionally, it incorporates the double buffering mecha-
nism to further exploit optimization opportunities. Data
is transferred between global memory, shared memory,
and registers to fully utilize the DCU’s memory hierarchy,
with the computation process proceeding as outlined in
Algorithm 2.
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Algorithm 2 Code Generator Workflow

Require: Tiling Parameters, In, Fiilter
Ensure: Out = PointwiseConv(In, Filter)
1: # Calculate all related parameters

. . _ Total output elements .
gT‘ZdSZZG T Wavew X Wavec X Repeatyw X Repeatc’

blockSize = Wavey x 64;

InBufl = Repeatyy X Wavey x Groupgc;
InBuf2 = Repeatyy x Wavey x Groupg;
Filter Bufl = Repeatc X Wavec X Groupc;
Filter Buf2 = Repeatc X Wavec X Groupc;
opInR = Wavey;

opFilter R = Threadc;

N

© ® 3T w

Repeatyw X Wavew X Groupc '| .
Waven X 64 )

11 tmpFilterR = [RepcataxWavee ¥ Groupe |,

10: tmpInR = |

12: resultR = Wavey x Threadc;

13: # Start Calculation

14: Map threads onto data;

15: Load Groupc input to InBufl;

16: Load Groupc filter to Filter Bufl;
17: __syncthreads();

18: for iter < 0 to Mé,#pc do
19: Load Groupc channels of input and filter

into tmpInR and tmpFilterR;
20: Move InBufl — opInR;
21: Move Filter Bufl — opF'ilterR;
22: Fach opInR x opF'ilterR;
23: Accumulate into resultR;
24: Move tmpInR — InBuf?2;
25: Move tmpFilter R — Filter Buf2;

26: __syncthreads();
27: # Double Buffer
28: Repeat in this iteration,

29: but swap Buf1l and Buf2;

30: end for

31: Use __shfl() to do segmented parallel reduc-
tion to accumulate the partial results;

32: Write to Out by corresponding threads;

In the end, we implement a profiler to evaluate the
performance of each kernel function, and select the fast-
est tiling configuration for a given problem as the final
solution. With the automatic optimization pipeline, we
significantly broaden the search space and speed up the
whole development workflow.
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6 Experiments

This section introduces the DCU experiment platform and
experiments for evaluating our methods and results.

6.1 Platform

We conducted our experiments on Sugon cloud comput-
ing platform. The configuration of the computing node for
experiments in this work is shown in Table 2. It has a Hygon
C86 7285 32-core CPU. And we choose DTK—23.04 as our
software development toolkit. The computing node supports
a DCU Z100SM as the accelerator, which provides 16 GB of
global memory and integrates 64 computing units.

6.2 Testing new kernel functions
6.2.1 Setup

In this experiment, we evaluate the performance of our
approach against the MIOpen library (Khan et al. 2019) and
calculate the speedup relative to the MIOpen kernel func-
tions. MIOpen provides various convolution algorithms,
including General Matrix Multiplication (GEMM) (Vasude-
van et al. 2017; Li et al. 2019), Direct Convolution (Ferrari
et al. 2023; Zhang et al. 2018), Fast Fourier Transform (FFT)
indirect convolution (Li et al. 2019), Winograd indirect con-
volution (Yan et al. 2020), and Implicit GEMM (Wang et al.
2019), each with different performance depending on the
problem size. To identify the fastest algorithm as a bench-
mark, we use the miopenFindConvolutionForwardAlgo-
rithm() API function provided by MIOpen. We use the layer
configurations from four popular depthwise separable net-
works, MobileNet V2, EfficientNet BO, MnasNet (Tan et al.
2019) and ShuffleNet V2 (Ma et al. 2018), which together
include 30 different depthwise layers and 45 different point-
wise layers. The batch sizes are set to 1, 8, 16, 32, and 64.

Tables 3 and 4 list the layer configurations used in this
experiment. In the tables, I, I;; and I, represent input chan-
nel, input height and input width, respectively. Fj; and Fy,
denote the height and width of filter. In the end, O is the
output channel.

6.2.2 Results

The performance comparison between kernel functions and
the MIOpen library is shown in Figs. 10 and 11 for depth-
wise convolutions and pointwise convolutions, respectively.

For depthwise convolution kernel functions, we observe
that as the batch size increases, the average time for our
kernel functions remains significantly lower than that of the
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Table 2 Experiment platform Tal?le 4_ Conﬁgurat.ions of I Iy X Iy, O¢
pointwise convolution layers
Host System P 32 112x112 16
CPU Hygon C86 7285 32-core P2 16 112x 112 96
Memory 128 GB P3 96 56 X 56 24
Storage 480 GB P4 24 56 x 56 144
Operating System CentOS release 7.6.1810 P5 144 56x56 24
Development Toolkit DTK—23.04 P6 144  28x28 32
Device P7 32 28 x 28 192
Type DCU Z100SM P8 192 28x28 32
Computing Units 64 PO 144  28x28 40
Shared Memory / CU 64 KB P10 40 28 x 28 240
Registers / CU 65,536 P11 240 28x28 40
Global Memory 16 GB P12 192 14x14 64
P13 64 14 x 14 384
P14 384 14x14 64
Table 3 Configurations of depthwise convolution layers PIS 384  14x14 96
P16 96 14 x 14 576
Ie Iy X Iy, Fy X Fy Stride P17 576 14x 14 9%
D1 32 112x 112 3x3 1 P18 240 14x14 80
D2 144 56 X 56 3%x3 1 P19 80 14 x 14 240
D3 240 28 x 28 5%5 1 P20 480 14x14 80
D4 384 14x 14 3x3 1 P21 480 14x14 112
D5 960 7x7 3x3 1 P22 112 14x14 672
D6 96 112x 112 3%x3 2 P23 672 14x14 112
D7 240 28 x 28 3%x3 2 P24 576  Tx7 160
D8, D9 480 14x 14 3%x3,5%5 1 P25 160 7x7 960
D10, D11 1152 7x7 3%x3,5%5 1 P26 960 7x7 160
D12,D13 144 56 X 56 3%x3,5%5 2 P27 960 7x7 320
D14, D15 192 28 % 28 3%x3 1,2 P28 320 7x7 1280
D16, D17 576 14x 14 3x3 1,2 P29 672 Tx7 192
D18, D19 672 14x 14 55 1,2 P30 192 7x7 1152
D20 72 56 X 56 3%x3 1 P31 1152 7x7 192
D21 120 28 x 28 55 1 P32 1152 7x7 320
D22 24 28 % 28 3x3 1 P33 16 112x 112 48
D23 48 14x 14 3x3 1 P34 48 56 X 56 24
D24 96 7x17 3x3 1 P35 24 56 X 56 72
D25 48 112x 112 3x3 2 P36 72 56 X 56 24
D26 72 56 X 56 55 2 P37 72 28 x 28 40
D27 576 14x 14 5%5 2 P38 40 28 x 28 120
D28 24 56 X 56 3x3 2 P39 120 28x28 40
D29 48 28 x 28 3x3 2 P40 480 14x14 96
D30 96 14x 14 3%x3 2 P41 576 Tx7 192
P42 24 28 x 28 24
P43 48 14 x 14 48
MIOpen library. This demonstrates the effectiveness of our Pad 96 Tx7 96
P45 192 7x7 1024

row data reuse algorithm in maintaining low memory access
overhead, leading to substantial performance gains across
all tested batch sizes. Table 5 shows the average speedup of
the depthwise convolution kernel functions over MIOpen
for each batch size. The average speedup is largest when the
batch size is 16, indicating optimal utilization of the row
data reuse strategy at this configuration.

For pointwise convolution kernel functions, MIOpen uti-
lizes different algorithms for different batch sizes, resulting
in a performance boost when the batch size is 16. How-
ever, the runtime of our kernel functions increases as the
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Fig. 10 Performance comparison between depthwise convolution ker-
nel functions and MIOpen
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Fig. 11 Performance comparison between pointwise convolution ker-
nel functions and MIOpen

Table 5 Average speed up of depthwise convolution kernel functions
over MIOpen for different batch sizes

Batch Size Ours MIOpen Speed Up
52.88 (us) 173.59 (us) 3.32

8 81.83 (us) 283.82 (us) 3.47

16 113.82 (us) 387.94 (us) 3.59

32 183.84 (us) 606.12 (us) 3.44

64 279.16 (us) 782.29 (us) 3.35

batch size grows. By improving hardware utilization, our
optimized pointwise kernel functions run faster when the
batch size is small, though the speedup decreases with
larger batch sizes. Table 6 illustrates the average speedup

@ Springer

Table 6 Average speed up of pointwise convolution kernel functions
over MIOpen for different batch sizes

Batch Size Ours MIOpen Speed Up
1 94.55 (us) 332.32 (us) 3.54

8 160.96 (us) 366.22 (us) 2.48

16 232.26 (us) 300.86 (us) 1.49

32 349.77 (us) 371.69 (us) 1.31

64 626.09 (us) 449.29 (us) 0.9

of the pointwise convolution kernel functions compared to
MIOpen for each batch size. The optimal performance is
observed when the batch size is 1, with an average speedup
of 3.54x.

In real-world inference scenarios, models typically pro-
cess user requests as they arrive, forming small batches
rather than the large, pre-processed batches used during
training. This is especially important in real-time or inter-
active applications, where minimizing latency is critical. By
optimizing for smaller batch sizes, we aim to ensure faster
response times and enhance user experience by reducing
delays.

6.3 Testing extension modules
6.3.1 Setup

We implement PyTorch extension modules based on the
new kernel functions and evaluate the performance of them.
PyTorch provides a C++ extension mechanism (Golds-
borough 2024) that allows developers to create custom
PyTorch operations separate from the PyTorch backend.
Utilizing this mechanism, we implement backend C++
operations by wrapping our kernel functions as the forward
pass functions. These backend operations are then bound
to Python frontend using pybind11 (Jakob 2017). In the
Python frontend, we further wrap the backend operations
with forch.autograd.Function and torch.nn.Module to imple-
ment extension modules, making them callable as PyTorch
modules. Our extension modules work in the same way as
native PyTorch modules and take width, height and channel
of input and output data as parameters.

To evaluate the performance, we feed random data with
correct dimensions to the modules and set the batch sizes
to 1, 8, 16, 32, and 64. Then we measure the forward pass
execution time of our modules and compare them to those
of PyTorch.

6.3.2 Results

Figures 12 and 13 show the performance comparison results
between depthwise and pointwise convolution extension
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Fig. 12 Performance comparison between depthwise convolution
extension modules and PyTorch
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Fig. 13 Performance comparison between pointwise convolution
extension modules and PyTorch

modules, respectively. Compared to the evaluation results
for kernel functions, while our modules maintain similar
performance, PyTorch runs much faster than MIOpen.

The depthwise convolution extension modules exhibit
a consistent performance improvement over the PyTorch
native modules. Table 7 highlights the speedup achieved,
with the maximum observed at a batch size of 32, where our
modules achieve a 4.54% average speedup.

For pointwise convolution extension modules, the per-
formance varies with batch size. As shown in Fig. 13, our
modules outperform PyTorch’s native modules for smaller
batch sizes, achieving an average speedup of 1.78X at a batch
size of 1, as shown in Table 8. However, the performance
improvement diminishes as the batch size increases, indicat-
ing that our methods can work well on small batch cases.

Table 7 Average speed up of depthwise convolution extension mod-
ules over PyTorch for different batch sizes

Batch Size Module PyTorch Speed Up
1 68.52 (us) 118.87 (us) 1.73

8 76.66 (us) 230.21 (us) 2.92

16 90.88 (us) 353.04 (us) 3.7

32 126.09 (us) 598.39 (us) 4.54

64 202.65 (us) 786.51 (us) 4.49

Table 8 Average speed up of pointwise convolution extension mod-
ules over PyTorch for different batch sizes

Batch Size Module PyTorch Speed Up
78.45 (us) 140.21 (us) 1.78
115.74 (us) 145.06 (us) 1.33

16 165.80 (us) 166.84 (us) 1.11

32 260.97 (us) 202.99 (us) 0.9

64 461.68 (us) 300.53 (us) 0.76

6.4 Ablation study
6.4.1 Setup

The primary goal of our ablation study is to assess how our
depthwise and pointwise convolution optimization methods
individually and jointly impact the performance of various
networks. We select four representative networks for this
study: EfficientNet BO, MnasNet, MobileNet V2 and Shuf-
fleNet V2. Our setup is designed to minimize interference
from non-convolution layers (such as batch normalization,
pooling, and linear transformations) and reduce potential
data transfer overhead, by isolating the depthwise and point-
wise convolution layers and profiling their running time. To
showcase the optimizing effect for the inference process with
small batch size, we simply assume the batch is 1 here.
For each model, we run the following four cases:

e Baseline: We measure the performance of the original
PyTorch depthwise and pointwise layers as a baseline.

e Only Depthwise: We replace the depthwise convolu-
tion layers with our optimized extension modules while
retaining PyTorch’s native pointwise layers.

e Only Pointwise: We replace the pointwise convolution
layers with our optimized extension modules while
retaining PyTorch’s native depthwise layers.

e Both Optimized: We replace both depthwise and point-
wise layers with our optimized extension modules.

This approach enables us to determine the impact of each
optimization direction individually and in combination.
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6.4.2 Results

Table 9 summarizes the results of our ablation study. For
each model, we report the execution time of the baseline,
the speedup obtained by optimizing only depthwise convolu-
tions, the speedup from optimizing only pointwise convolu-
tions, and the combined speedup from optimizing both.

From the results, we observe that optimizing depthwise
layers alone yields a consistent performance improvement
across all models, with a speedup around 1.20x, depending
on the model. Similarly, optimizing only the pointwise layers
also results in performance gains, with a speedup ranging
from 1.47x to 1.51x. This can be attributed to the dynamic
tiling and channel distribution strategies that improve hard-
ware utilization for pointwise convolutions. When both
depthwise and pointwise layers are optimized together, we
observe the highest overall speedups, ranging from 1.71x to
1.98x. This demonstrates the cumulative benefits of reducing
memory access and improving hardware efficiency across
both types of convolutions. These results provide strong
evidence that our proposed optimizations are effective in
reducing the computational cost of depthwise separable con-
volutions in real-world deep learning models.

7 Discussion and future work

In this section, we discuss potential directions for future
research.

Firstly, our optimization pipeline for pointwise convolu-
tion is model-and-profile-based. Utilizing a reinforcement

Table 9 Ablation study result

learning-based method (Arulkumaran et al. 2017) can be a
compelling alternative. One advantage of this solution is
its flexibility to accommodate various layer configurations
and hardware resource constraints. However, collecting
the training data can be challenging and requires careful
handling.

Secondly, we observe that the backpropagation steps
cost longer time than the forward pass phase (Narayanan
et al. 2019). This indicates that optimizing the backpropa-
gation operations is also important for accelerating the
overall training process, and this can be a focus of future
work.

Thirdly, implementing and calling depthwise and point-
wise convolutions separately in the model training and
inference process can introduce additional context switch
overhead. Using kernel fusion techniques (Wang et al.
2010) to combine depthwise and pointwise convolutions
into a single kernel function can mitigate this overhead.
This would reduce the number of kernel function calls, but
it may couple the convolutions more tightly, sacrificing the
modularity of the components.

Lastly, TensorRT (Jeong et al. 2021), specifically
designed for NVIDIA GPUs, is a highly optimized deep
learning library built on CUDA to accelerate inference. It
employs various optimization techniques, including preci-
sion calibration, dynamic memory reuse, layer and tensor
fusion, and kernel auto-tuning. While our work incorpo-
rates similar concepts, there are opportunities to enhance it
further with additional strategies. More importantly, devel-
oping a high-performance inference library tailored for the
DCU platform presents a promising research direction that
could drive significant advancements.

Model Baseline Only Depthwise Speed Up
EfficientNet 5.43 (ms) 4.54 (ms) 1.20
MNasNet 5.59 (ms) 4.71 (ms) 1.19
MobileNet 5.74 (ms) 4.87 (ms) 1.18
ShuffleNet 5.89 (ms) 4.99 (ms) 1.18
Model Baseline Only Pointwise Speed Up
EfficientNet 5.43 (ms) 3.70 (ms) 1.47
MNasNet 5.59 (ms) 3.79 (ms) 1.48
MobileNet 5.74 (ms) 3.86 (ms) 1.49
ShuffleNet 5.89 (ms) 3.91 (ms) 1.51
Model Baseline Both Optimized Speed Up
EfficientNet 5.43 (ms) 3.17 (ms) 1.71
MNasNet 5.59 (ms) 2.89 (ms) 1.94
MobileNet 5.74 (ms) 2.97 (ms) 1.93
ShuffleNet 5.89 (ms) 2.98 (ms) 1.98
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8 Conclusion

We port our optimization methods for depthwise separable
convolution from the GPU onto DCU, a computing accel-
erator developed in China. For depthwise convolution, we
use the row data reuse algorithm to eliminate repeated data
loading, thereby reducing memory latency and improving
performance. For pointwise convolution, we modify the
dynamic tiling strategy to enhance hardware utilization
and utilized the channel distribution algorithm to increase
arithmetic intensity for threads. Experimental results show
that our optimization methods are effective for both depth-
wise and pointwise convolutions on DCU, especially when
the batch size is small.
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