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Abstract. In recent years, domain-specific hardware has brought significant performance improvements in deep learning (DL). Many frequentlyused optimization techniques, such as data parallelism, model parallelism, data pipeline, weights pruning and quantization have been proposed to accelerate the inference phase of DL workloads. However, there
is still lack of a comparison of these optimization techniques to show their
performance difference on dedicated accelerators. This paper evaluates
these frequently-used optimization techniques on a commercial accelerator, namely Cambricon MLU100. Considering the requirement of accuracy of DL nature, our metric not only measures the inference throughput but also has an accuracy constraint. Based on our analysis methodology and performance numbers, we have some key observations and
implications that are valuable for the future DL hardware and software
co-design. Furthermore, we explore the upper bound of MLU100 inference performance under the standard ResNet-50 model and CIFAR-10
dataset.
Keywords: Deep Learning · Domain Specific Hardware · Performance
Analysis
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Introduction

Deep learning (DL) has revolutionized many challenge AI domains, such as image
recognition [14, 23] and natural language processing [28, 29]. However, the large
quantity of numerical operations and parameters induced by deep neural networks (DNNs) pose a signicant challenge to general-purpose processors. To keep
pace with the growing computational demand in modern DL workloads, hardware specialization has become a popular way [15, 21, 3, 5, 25]. Therefore, many
dedicated accelerators are gaining popularity for their performance efficiency.
They have been deployed in edge devices, servers, and datacenters. For example, Huawei Meta10 and P20 cellphones integrated Cambricon-1A DL processor
core [27]. Cambricon released MLU100 [1], which is a custom ASIC deployed in
datacenter to accelerate the inference phase of morden DL workloads. And likewise, Google proposed Tensor Processing Unit to accelerate distributed machine
learning [20].
?
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Meanwhile, there are many frequently-used optimization techniques which
enable the acceleration of the inference phase of modern DL workloads. These
optimization techniques include but not limited to data parallelism, model parallelism, data pipeline, weights pruning and quantization [32, 9, 10, 17]. The performance variance among these optimization techniques poses a challenge for
the future DL hardware and software co-design. Design or select appropriate
optimization techniques on the dedicated DL accelerators is important and not
easy. Moreover, there is still lack of a comparison of these optimization techniques to show their performance variance on dedicated accelerators. In this paper, we evaluate these frequently-used optimization techniques on a commercial
DL accelerator—Cambricon MLU100. To systematically evaluate the platform,
we sweep these frequently-used optimization techniques as hyperparameters. We
take the standard ResNet-50 [13] model and CIFAR-10 [22] dataset as our benchmark, which is provided by BenchCouncil 2019 International AI system and Algorithm Challenges (Cambricon Track3 ). Our workload is from AIBench [7, 6],
which is an AI benchmark for datacenter. The source code of AIBench is publicly available from http://www.benchcouncil.org/benchhub/AIBench (Sign up
to get access). BenchCouncil organizes the international AI system challenges
based on RISC-V [16], Cambricon chips [24, 30] and X86 platforms [2, 12, 4], and
the international 3D face recognition algorithm challenges [31, 8]. BenchCouncil
also provides AI benchmark for Edge [11], AIoT [26] and HPC [19]. Based on our
analysis methodology and performance numbers, we conclude our observations
and implications as following:

– Data pipeline and data parallelism significantly reduce the inference time
while maintain the qualified accuracy.
– Compared with data parallelism, the impact of model parallelism on end to
end inference throughput is not so significant.
– Weight pruning leads to a decline in accuracy although it may bring faster
inference.
– High hardware throughput does not mean high end to end throughput.
Our observations and implications should help other researchers and practitioners to better the future DL hardware and software co-design. Furthermore, we
explore the upper bound of MLU100 inference performance under the standard
benchmark and reach an inference time of 384ms while preserving the target
accuracy.
The rest of this paper is organized as follows: Sec. 2 introduces the background. Sec. 3 presents the evaluation methods and result is shown in Sec. 4.
Sec. 5 concludes and discusses the future work.
3
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Background
Hardware Characteristics

Cambricon MLU100 [1] is a DL accelerator deployed in datacenter to accelerate the inference phase of modern DL workloads. Its ISA is based on Cambricon [25]. The general architecture of MLU100 is shown in Fig. 1. Cambricon
MLU100 is based on the multi-core architecture. It includes four channels connected via a network on chip (NOC). Each channel contains one DDR and eight
computational cores. For example, Channel0 contains one DDR memory controller (DDR0) and eight computational cores, namely C0, C1, ..., C7. DDR is
responsible for the storage of DNN model, input and output of DL workloads.
While those computational cores perform the execution of DNN computation
tasks.

Fig. 1: Architectural information of Cambricon MLU100. Note that this picture
is from Cambricon Caffe V0.9.7 documentation.

2.2

Software Stack

Fig. 2 shows the software stacks of Cambricon MLU100. As we all know, Caffe [18]
is an open-sourced software framework used for DL training and inference. It is
written in C++ and widely adopted in research experiments and industry deployments. Cambricon MLU100 provides Caffe as its high-level programming
framework. Application programmers can simply deploy their applications via
Cambricon Caffe. CNRT is the runtime toolkit of Cambricon MLU100. It provides some common low-level utility APIs, such as device and memory management, kernel launch, task queue scheduler and etc. CNML is a wrapper of
CNRT. It provides some helper functions for DNN models’ loading and execution
and common highly-tunned DNN operators at MLU100, e.g., convolution and
pooling operators. Driver and kernel is responsible for the handling of memory
management and interrupts of MLU100.
2.3

Optimization Techniques

Cambricon Caffe provides some common utilities for optimization, such as data
parallelism, model parallelism and data pipeline. These optimization techniques
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Fig. 2: Software Stacks of Cambricon MLU100. Note that this picture is from
Cambricon Caffe V0.9.7 documentation.

usually improves the execution performance and preserves the final top-1 accuracy of DNN models during the inference phase. Besides, Cambricon Caffe
supports weight pruning and quantization. While these optimization techniques
usually have side effects over the final top-1 accuracy but improves the throughput. All these optimization techniques are not mutually exclusive.
Data Parallelism. In the inference phase of DL workloads, data parallelism
means that given a CNN model, the input data is partitioned and assigned to
different computational cores. As is shown in Fig. 3a, different cores have a
complete copy of the DNN model. Each core simply gets a different part of the
input data, and results from each core are somehow combined to get the final
output. Data parallelism can greatly improve the throughout, since different
parts of the input data can be executed concurrently.
Model Parallelism. As is shown in Fig. 3b, model parallelism means that
different cores are responsible for the computations of different parts in a single
network. For example, each layer in the neural network may be assigned to a
different core. In the DL domain, we can take use of model parallelism by dividing
a neural network into several subnets, and then putting each subnet into different
cores of MLU100. Model parallelism can also improve the throughout, since for
a single input, different parts of the DNN model can be executed concurrently.
Data Pipeline. In the inference phase of DL workloads, the input data flow
will be fetched into host memory of CPUs from the disks, and then they will be
uploaded into the device memory of MLU. Finally they will be fed to the computational cores of MLU. In this case, data pipeline can improve the workload
balance of data prefetching, transfering and infeeding.
Weights Pruning and Quantization. As the large amounts of synaptic weights
incur intensive computation and memory accesses in the inference phase of DL
workloads, researchers have proposed a number of effective techniques to explore the sparsity of DNN, including weight pruning, model compression and
quantization [32, 9, 10, 17]. Cambricon MLU100 trys to exploit the sparsity and
irregularity of DNN models for the performance and power efficiency. It provides tools for weights pruning by setting the sparsity of the weights of input
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Fig. 3: Illustration of data parallelism and model parallelism.

Fig. 4: Illustration of data pipeline. Note that to improve the throughput, we
can launch multiple threads to read data from disks into the CPU memory
and then dispatch the computational tasks into a queue that will be executed
asynchronously. For those computational tasks within the same queue, they will
be executed by their dispatching FIFO order. While those inter-queue tasks will
be executed concurrently.

DNN model. Besides it provides tools to quantize the weights of DNN models
into low-precision fixed-point numbers, e.g., INT8. We will discuss the effects of
these optimization techniques over execution performance and top-1 accuracy in
Sec. 4.

3

Evaluation Methods

Our experiments run on a heterogeneous environment. The host CPU is a 2.10
GHz Intel(R) Xeon(R) CPU E5-2620 v4 machine and 16 cores/32 threads and 20
MB of L3 cache per socket and 128 GB of memory, running Ubuntu 16.04.10 LTS
and GCC 5.4.0. The device accelerator is Cambricon MLU100 [1]. For Cambricon
MLU100, its device memory is 8GB, whose bandwidth is 102.4 GB/s. The peak
performance of MLU100 is 16 TFLOPS.
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Table 1: The ranges of the hyperparameters chosen in this paper.
Variable Batch Size Data Parallelism Model Parallelism Thread Number Sparsity
Min
1
1
1
1
0.10
Max
1024
32
32
128
0.90
Inc
*2
*2
*2
*2
+0.01

(a) Batch size vs thread number.

(b) Batch size vs data parallelism.

(c) Batch size vs model parallelism.

(d) Data parallelism vs model parallelism.

Fig. 5: The effects of batch size, thread number, data parallelism and model
parallelism over execution performance. Note: the blank space means NaN. The
FPS values are normalized to the speedup ratio over the end to end case where
batch size, data parallelism, model parallelism and thread number are 1, 1, 1, 1
respectively.

Table 1 summarizes the hyperparameters chosen in this paper and how they
are swept. Cambricon Caffe provides tools to set the data parallelism and model
parallelism for the inference task. Thread number is the number of threads to be
launched to read data from disks. Batch size is a hyperparameter that defines
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the number of image samples to be loaded in current iteration of inference tasks.
Sparsity is a hyperparameter that specifies the degree of zeros of the weights.
For example, if its value is 0.3, that means 30% of the weights data will be
zero. We evaluate the performance of Cambricon MLU100 under the standard
ResNet50 [13] model and CIFAR-10 [22] datasets. The programming framework
in this paper is Cambricon Caffe. For all workloads, we run 20 times and calculate
the average.

4

Performance Numbers

All these hyperparameters in Table 1 are not mutually exclusive, we group these
hyperparameters based on whether they affect the final top-1 accuracy. In this
section, we discuss the effects of these hyperparameters over the final accuracy
and execution performance.
4.1

Optimizations Preserving Accuracy

Hyperparameters like batch size, thread number, data parallelism and model parallelism usually have no side effects over the final top-1 accuracy. By sweeping
the first four hyperparameters in Table 1, we find that the final top-1 accuracy
of ResNet-50 over CIFAR-10 datasets at MLU100 preserves at 84.39%. In the
terms of end to end FPS, the best configuration for the first four hyperparameters in Table 1 is 16, 4, 1, 8. To demonstrate the effects of batch size, thread
number, data parallelism and model parallelism over execution performance, we
choose this best configuration as guideline. For each case in Fig. 5, we sweep the
corresponding two hyperparameters by fixing the other twos. As we can see from
Fig. 5a and Fig. 5b, data pipeline and data parallelism significantly improve the
end to end throughput. Meanwhile, we can see from Fig. 5c and Fig. 5d that the
impact of model parallelism on end to end throughput is not so significant. For
ResNet-50, best model parallelism is 1 in the terms of end to end throughput.
4.2

Optimizations Affecting Accuracy

As we mentioned in Sec. 4.1, the best configuration for the first four hyperparameters in Table 1 is 16, 4, 1 and 8 separately in the terms of end to end
FPS. To demonstrate the effects of weight pruning over execution performance
and top-1 accuracy, we choose this best configuration as guideline. We sweep
the sparsity hyperparameter from 0.1 to 0.9 by fixing the other fours to the
best configuration. As we can see from Fig. 6, weights pruning significantly affects the end to end and hardware throughput. In Fig. 6a, the hardware FPS
increases when the input weight sparsity increases, since higher sparsity means
more zeros in the weights data and higher throughput of the device accelerators.
However, as is shown in Fig. 6b, with the increase of weights sparsity, the end to
end FPS improvement slows down. That means high hardware throughput does
not mean high end to end throughput, because of the load imbalance of data
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(a) Sparsity over accuracy and end to end (b) Sparsity over accuracy and hardware
FPS.
FPS.

Fig. 6: The effects of weight pruning over execution performance and top-1 accuracy. Note that the x-axis is the sparsity of weights; the left y-axis is the global
top-1 accuracy; the right y-axis is normalized FPS (frame per second), which
can be treated as a proxy of FLOPS. The FPS values are normalized to the
speedup ratio over the end to end case where batch size, data parallelism, model
parallelism and thread number are 1, 1, 1, 1 respectively.

feeding between host CPUs and device accelerators. Besides, the top-1 accuracy
drops significantly with the increase of weights sparsity. In the real production
environment, although weights pruning brings higher end to end throughput,
a very low accuracy may not be acceptable. For the quantization optimization
techiniques, the top-1 accuracy of MLU100 maintains at a qualified level.

5

Conclusion and Future Work

In this paper, we investigate many frequently-used optimization techniques including but not limited to data parallelism, model parallelism, data pipeline,
weights pruning and quantization. And compare these optimization techniques
to show their performance difference at throughput and top-1 accuracy on Cambricon MLU100. Based on our analysis methodology and performance numbers,
we conclude our observations and implications which will help to better the future DL hardware and software co-design. As future work, we are planning to
evaluate more DNN models on more DL accelerators.
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