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Abstract. Due to increasing amounts of data and compute resources,
the deep learning achieves many successes in various domains. Recently,
researchers and engineers make effort to apply the intelligent algorithms
to the mobile or embedded devices. In this paper, we propose a bench-
mark suite, AIoT Bench, to evaluate the AI ability of mobile and em-
bedded devices. Our benchmark 1) covers different application domains,
e.g. image recognition, speech recognition and natural language process-
ing; 2) covers different platforms, including Android and Raspberry Pi;
3) covers different development frameworks, including TensorFlow and
Caffe2; 4) offers both end-to-end application workloads and micro work-
loads.
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1 Introduction

Due to increasing amounts of data and compute resources, the deep learning
achieves many successes in various domains. Recently, researchers and engineers
make effort to apply the intelligent algorithms to the mobile or embedded de-
vices, e.g. smart phone, self-driving cars, smart home. On one hand, the neural
networks are made more lightweight to adapt the mobile or embedded devices by
using simpler architecture, or by quantizing, pruning and compressing the net-
works. On the other hand, the mobile and embedded devices provide additional
hardware acceleration using GPUs or NPUs to support the AI applications. Since
AI applications on mobile and embedded devices get more and more attention,
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the benchmarking of the AI ability of those devices becomes an urgent problem
to be solved.

Benchmarking the AI ability of mobile and embedded devices is non-trivial.
We consider that the benchmark should meet the following requirements. 1)
It should cover typical AI application domains. Currently, the AI application
mainly focuses on the image, speech, and text domain. The workloads should
satisfy the diversity of the AI application domain. 2) It should cover the typical
platforms of the IoT devices. Android devices and Raspberry Pi are the widely
used in IoT environments. 3) It should consider the different development frame-
works of the AI applications on the mobile and embed devices. 4) Beyond the
end-to-end application workloads which can reflect the performance of the sys-
tem comprehensively, we also need micro workloads to obtain the fine-grained
analysis of the performance.

Recently, there are several AI related benchmarks have been proposed. For
example, ETH Zurich AI benchmark [10] aim to benchmark the Android smart-
phone using different vision tasks implemented with TensorFlow Lite. Other AI
related benchmarks have Fathom [2], DAWNBench [4]. The existing AI related
benchmarks do not satisfy the requirements mentioned above.

In this paper, we propose a benchmark suite, AIoT Bench, to evaluate the
AI ability of mobile and embedded devices. Our benchmark 1) covers different
application domains, e.g. image recognition, speech recognition and natural lan-
guage processing; 2) covers different platforms, including Android devices and
Raspberry Pi; 3) covers different development tools, including TensorFlow and
Caffe2; 4) offers both end-to-end application workloads and micro workloads.
Coordinated by BenchCouncil, we also release AIBench [5, 6], HPC AI500 [12],
Edge AIBench [8] and BigDataBench [14, 15].

2 Benchmarking Requirements

Here we will discuss the requirements of benchmarking mobile and embedded
devices intelligence.

– Domain diversity. Computer vision is the most active research area for AI
applications, typical vision tasks include image classification, face recogni-
tion, and object detection. Speech recognition, to map an acoustic signal into
the corresponding sequence of words, is another active area of AI research
and application. Natural language processing (NLP) is one of the main AI
areas. Natural language processing includes applications such as language
model, machine translation, sentiment analysis and so on [7]. There are dif-
ferent features in different areas. The AI benchmarks should cover those
typical application areas.

– Platform diversity. Android is designed primarily for touchscreen mobile
devices such as smartphones and tablets. In addition, Google has developed
Android TV for televisions, Android Auto for cars, and Wear OS for wrist
watches. Because of its openness, Android becomes the world’s most pop-
ular mobile platform. The Raspberry Pi is a series of small single-board



AIoT Bench 3

computers. The Raspberry Pi is a powerful platform when it comes to AI.
Because of its strong processing capability, the small form factor, and low
power requirement, the Raspberry Pi is very popular for smart robotics and
embedded projects.

– Framework diversity. There are a number of popular deep learning frame-
works. The benchmarks should cover the main frameworks, which are widely
used on mobile and embedded devices. TensorFlow [1] is an open-source ma-
chine learning library, released by Google in 2015. TensorFlow Lite, designed
for mobile and embedded devices, is presented in 2017. Caffe [11] is another
popular open-source deep learning framework, developed at UC Berkeley.
Facebooks releases Caffe2 in 2017, the mobile version for iOS and Android
platforms.

– Testing Hierarchy. The end-to-end application benchmark can reflect the
performance of the system comprehensively, while micro benchmark can get
the fine-grained analysis of the performance. Both of them are useful for
evaluating the mobile and embedded devices.

3 AIoT Bench

We propose a benchmark suite, AIoT Bench, to evaluate the AI ability of mobile
and embedded devices. Our benchmark 1) covers different application domains,
e.g. image recognition, speech recognition and natural language processing; 2)
covers different platforms, including Android and Raspberry Pi; 3) covers differ-
ent development frameworks, including TensorFlow and Caffe2; 4) offers both
end-to-end application workloads and micro workloads.

Image classification workload. This is an end-to-end application workload
of vision domain, which takes an image as input and outputs the image label.
The model we use for image classification is MobileNet [9], which is a light weight
convolutional network designed for mobile and embedded devices.

Speech recognition workload. This is an end-to-end application workload
of speech domain, which takes words and phrases in a spoken language as input
and converts them to the text format. The model we use is the DeepSpeech 2 [3],
which consists of 2 convolutional layers, 5 bidirectional RNN layers, and a fully
connected layer.

Transformer translation workload. This is an end-to-end application
workload of NLP domain, which takes the text of one language as input and
translates into another language. The model we use is transformer translation
model [13], which solves sequence to sequence problems using attention mecha-
nisms without recurrent connections used in traditional neural seq2seq models.

Micro workloads. In our benchmarks, we provide the micro workloads,
which are the basic operations to compose different networks. In detail, the mi-
cro workloads include convolutional operation, pointwise convolution, depthwise
convolution, matrix multiply, pointwise add, ReLU activation, sigmoid activa-
tion, max pooling, average pooling.
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The workloads in AIoT Bench are implemented using both TensorFlow Lite
and Caffe 2 on the platform of Android as well as Raspberry Pi. We only include
the prediction procedure since the training are usually carried out on datacenters.

4 Related Work

ETH Zurich AI benchmark [10] contains workloads covering the tasks of ob-
ject recognition, face recognition, playing atari games, image deblurring, image
super-resolution, bokeh simulation, semantic segmentation, photo enhancement.
Those tasks are mainly focus on the vision application. The benchmark suite
is implemented only using TensorFlow Lite and aims to evaluate the Android
smartphones.

Table 1. The comparison of AIoT Bench against ETH Zurich AI benchmark.

AIoT Bench ETH Zurich AI benchmark

Domain diversity
Vision Yes Yes
Speech Yes No
NLP Yes No

Platform diversity
Android Yes Yes

Raspberry Pi Yes No

Framework diversity
Tensorflow Lite Yes Yes

Caffe2 Yes No

Testing Hierarchy
End-to-end Yes Yes

Micro Yes No

5 Conclusion

In this paper, we analyze the requirements of benchmarking IoT devices intel-
ligence. And to meet the requirements, we propose a benchmark suite, AIoT
Bench, to evaluate the AI ability of mobile and embedded devices. Our bench-
mark covers different application domains, different platforms, different devel-
opment frameworks. Moreover, we offer both end-to-end application workloads
and micro workloads in our benchmark.
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