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A B S T R A C T

With the rapid development of mobile devices and deep learning, mobile smart applications using deep learning
technology have sprung up. It satisfies multiple needs of users, network operators and service providers, and
rapidly becomes a main research focus. In recent years, deep learning has achieved tremendous success in image
processing, natural language processing, language analysis and other research fields. Despite the task performance
has been greatly improved, the resources required to run these models have increased significantly. This poses a
major challenge for deploying such applications on resource-restricted mobile devices. Mobile intelligence needs
faster mobile processors, more storage space, smaller but more accurate models, and even the assistance of other
network nodes. To help the readers establish a global concept of the entire research direction concisely, we
classify the latest works in this field into two categories, which are local optimization on mobile devices and
distributed optimization based on the computational position of machine learning tasks. We also list a few typical
scenarios to make readers realize the importance and indispensability of mobile deep learning applications.
Finally, we conjecture what the future may hold for deploying deep learning applications on mobile devices
research, which may help to stimulate new ideas.
1. Introduction

The development of smart phones, laptops and other new mobile
devices has further promoted the development of AI applications on
mobile devices. In this paper, we define a deep model that has been
trained and applied to a specific service and is designed to run on mobile
devices as Mobile Deep Learning Applications(MDLA). Its training may
be cloud-based, or it may be based on edge devices using federated
learning technology, which is not our focus. The focus of our investiga-
tion is the reasoning process of these mobile deep learning models.
Cameras, microphones, and sensors can obtain various types of infor-
mation like video, audio, and acceleration from the real world. These
kinds of data are then provided to MDLAs. Based on this, MDLAs have
developed rapidly and attracted widespread attention due to their
tangible benefits for users from all sides. For example, MDLAs benefit
users by performing malicious software detection [1], app recommen-
dation [2], user verification [3,4], mobile visual tasks [5,6], mobile web
browsing optimization [7], human activity monitoring [8], medical
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health monitoring [9,10] and other smart fields [11–17].
For network operators and third-party service providers, the

deployment of MDLA can support mobile crowdsourcing scenarios
[18–21], distributed machine learning [22–24], federated learning [25],
multiple smart IoT applications [26], and other fantastic services using
mobile big data [27,28], etc. The intelligence in mobile applications is
changing the way people live, work and interact with the world.

Deep learning is the main method of MDLAs. Even though these smart
mobile vision applications are wonderful, they require a lot of storage,
calculations, and high consumption of power and network bandwidth,
and users may be reluctant to download them to their mobile devices.
These requirements in contradiction with the limited resources of mobile
devices become the main bottleneck for the development of MDLAs. For
example, CNN, serving as the main method in mobile vision tasks, is
executed for each input as a cascade of layers, mainly including convo-
lution layers, pooling layers and FC, and it produces intermediate results
called feature maps, and outputs inference results. Such CNN executions
are known for their high time and space complexity. A typical CNN
1
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Fig. 1. Overview of the deployment of MDLAs.
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model, such as AlexNet, occupying more than 200 M of memory, has 60
million parameters and needs 720 million FLOPs. The other, VGG-16,
occupying more than 500 MB of memory, has 138 million parameters
and needs 15300 million FLOPs. Even though these smart mobile vision
applications are wonderful, they need so much storage, calculations, and
high consumption of power and network bandwidth, yet users may be
reluctant to download them to their mobile devices.

It is very important to study the deployment of MDLAs on mobile
devices, which makes it possible to migrate a large number of centralized
applications to mobile end. Some of them have changed our daily lives.
Users may need to manually record their meal information in the past,
but now it can be achieved by just using a smart spoon. Besides, there are
many other important public scenes. For example, by carefully designing
the offloading strategy, Lu et al. make it possible to deploy CNN on the
user's mobile phone to detect important targets like criminals by crowd
sensing. Without MDLAs, the intelligence of the machine will stay in the
centralized cloud and will never appear in front of people at the edge. So
our work is dedicated to investigating some classic and state-of-the-art
research on deploying MDLA.

Recently, two methods have been explored to solve this problem. The
first addresses this problem from the perspective of software and hard-
ware of local mobile devices, which means that the goal is to run MDLAs
locally on mobile devices without the help of a third party. The key
method is to reduce the resource requirements for running a deep
learning model or optimize mobile device hardware that is more suitable
for MDLAs. There are some popular solutions. One approach is to
compress the deep learning model. Even though this might influence its
accuracy, it decreases the demand for computation and storage resources.
An essential problem is how to balance the two counterparts [29–35].
Another possible solution is to reduce computational needs by reusing
intermediate computing results [6,29,36,37] or maximizing the rate of
utilizing device resources through precise dispatching among multiple
deep learning tasks [5,38,39]. Moreover, much work has been done to
develop deep learning frameworks suitable for mobile devices [40–46].
Finally, improving the hardware of mobile devices to support the oper-
ation of MDLAs can be taken into consideration.

Another research direction is to gain support from background
servers with sufficient resources. Here, "sufficient resources" means that
the current resources of background servers are sufficient for the running
of tasks to be offloaded and that the servers are not limited to cloud
servers. The target offloading servers can be mobile edge computing
servers, peer devices, or any places that are both resource-sufficient and
network reachable. First, in 2006, Amazon launched the Elastic Compute
Cloud (EC2) [47], and the concept of cloud computing was proposed.
Offloading to cloud servers with abundant computation and storage re-
sources can remarkably reduce computing delay. However, this approach
might introduce a major network delay due to the unstable and restricted
bandwidth of the radio channel. Hence, how to reduce transfer latency
has become the focus of mobile offloading systems based on clouds
[48–50]. Second, in 2014, ETSI and IBM jointly established the Mobile
Edge Computing(MEC) standardization group, and formally proposed
the concept of standardized MEC [51]. MEC offers IT and cloud
computing in a Radio Access Network (RAN); its location is closer to
mobile users, which further reduces transfer latency. However, due to the
limited resources compared with cloud resources, problems such as
multi-user resource allocation [52–54], service placement location [55],
and offloading task allocation on multiple servers [56] have appeared.
Third, the emergence of ad hoc cloudlets and D2D communication in
recent years enables mobile devices to transfer computing to other
nearby computing devices like smart phones, home-use computers, etc.
[57]. Even though such a strategy minimizes the distance between
task-initiated devices and its computing location, considering the
complicated mobility of users and the resource availability of the
cloudlet, the offloading strategy needs to be delicately designedwithin its
limited coverage area. In addition, the caching of services and data on
background servers and communication optimization between mobile
2

devices and backgrounds are also key research areas, but these are not
the focus of this paper.

Fig. 1 shows an overview of deploying MDLAs. Mobile users can
execute local computation or choose distributed deployment (by off-
loading). The up arrow indicates the offloading process. Computing tasks
from mobile devices are firstly offloaded to the edge server. If the edge
server cannot satisfy its resource needs, it can be further offloaded to the
remote cloud with sufficient resources. We can also use D2D communi-
cation to transfer some relatively light computing to devices of ad-hoc
cloudlets due to the closer distance.

Some investigations have been carried out in related fields. Mao's
work [58] mainly discusses mobile edge computing from the perspec-
tives of communication technology and computing resources, and studies
the offloading of mobile computing to edge servers through computing
architecture, communication models and resource management. Another
work that also focuses on MEC [59] introduces some mobile edge
computing cases and service environments, followed by a detailed
illustration of the standardized MEC infrastructure. Finally, this work
discusses three key areas of MEC computation offloading: offloading
strategy, edge server resource allocation and user mobility management.
Dao's work [60] discusses how to deploy multimedia applications using
deep learning on mobile devices. This paper focuses on the local
computation of deep multimedia applications on mobile devices and
discusses it from two aspects of software and hardware. Kumar's work
[61] focuses on the distributed deployment of mobile computing tasks,
surveying it from the perspective of computation offloading. However, in
these works, we can learn the running of MDLA only based on certain
aspects: offloading its computation to certain places such as edge servers,
only learning distributed deployment using offloading techniques and
only discussing a special kind of MDLA such as deep multimedia appli-
cations. None of these works studied MDLAs in a comprehensive way.

This paper studies MDLAs from perspectives of systematization and
networking, and conducts a comprehensive survey on the challenges and
corresponding state-of-the-art solutions from two directions: local opti-
mized running and distributed deployment. The rest of this paper is
organized as follows: Section 2 introduces the deployment of MDLAs on
mobile devices; Section 3 illustrates the distributed deployment of
MDLA; Section 4 classifies MDLAs according to different beneficiaries;
Section 5 lists future possible research directions of related fields; Section
6 summarizes this article.

2. Deployment on mobile devices

In this section, we discuss how to run MDLAs locally on mobile de-
vices. Its main idea is to reduce the resource requirements for running
deep learning tasks or to design deep learning frameworks suitable for
mobile devices to optimize an MDLA's computation. To reduce resource
usage, we can make the following considerations: firstly, the natural idea
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is to reduce the amount of calculation and storage space required by the
model itself; second, for different input data, we can consider the reuse of
some calculation results to reduce the computing resource requirements;
what's more, there are usually multiple deep learning tasks running on a
single mobile device. By well-dispatching resources between multiple
deep tasks, the purpose of "resource-saving" can also be achieved. The
details are as follows.
2.1. Reducing the deep learning model's complexity

Deep learning tasks often involve large models and massive compu-
tation. Hence, when running MDLAs locally, problems such as insuffi-
cient memory or computational resources are quite obvious. A direct
solution is to compress deep learning models so that they can be executed
completely on mobile devices. Currently, this compression method is
widely used in deep neural networks. Although the types of deep neural
networks are different, fundamentally, they comprise a general feature
extraction part and a decision part for certain tasks. The bottom feature
extraction layers dominate computational costs due to their relatively
heavy computation, while the decision layer dominates storage costs due
to the large number of parameters that strongly influence the model size.
In recent years, there are many kinds of research about model com-
pressing, and this paper summarizes them based on space-memory and
time-computation.

2.1.1. Reducing model spatial complexity
The spatial complexity of deep neural networks is determined by the

number and size of parameters in the deep model. By reducing the spatial
complexity of the deep model, its memory can be greatly reduced. Based
on this, we can classify related works into two categories: cutting down
the number of model parameters, including pruning and sharing, and
reducing its size like weight quantization. Specific research contents are
as follows.

2.1.1.1. Pruning. Pruning aims to reduce the number of model parame-
ters. The basic idea is to select and delete some trivial parameters that
have little influence on the model's accuracy, and then retrain the model
to recover the model performance.

Nonstructural pruning removes trivial neurons to refine the model
size, including the parameters of layer size and the network depth. For
instance, in Han's work, inessential connections in a trained network will
be pruned to reduce parameters, thus reducing memory and CPU con-
sumption [30].

Structural pruning exploits the structural sparsity of the model at
different scales, including filter sparsity, kernel sparsity, and feature
mapping sparsity, which saves computation resources for embedded
devices, parallel computing and distributed systems. In Anwar's work
[31], for example, they propose a particle filtering approach to determine
the importance of different network connections. The weight of impor-
tance of each particle is assigned by computing the misclassification rate
of the corresponding connectivity pattern. The pruned network is
retrained to compensate for the loss caused by pruning. In Fang's work
NESTDNN [5], the offline phase includes three subphases: model prun-
ing, model recovery, and model analysis. In the model pruning phase,
NestDNN adopts the state-of-the-art Triplet Response Residual (TRR)
approach to sort the filters in the given deep learning model according to
their relative importance and then prunes the filters iteratively. In each
iteration, the approach prunes relatively unimportant filters and retrains
the pruned model to compensate for the loss of accuracy. The iteration
ends when the pruned model fails to reach the minimum accuracy set by
the users.

Middle hidden-layer pruning directly deletes some layers in net-
works. Rueda et al. [32] propose a method to maximize units to combine
neurons into more complex convex functions and select neurons based on
the local relevance of each neuron's activation on the training set. Li et al.
3

[62] divide the network layers into weight layers, such as convolutional
layers or fully connected layers, and non-weight layers, such as pooling
layers or activation layers. The non-weight layer incurs less theoretical
computation but a longer computation time due to memory data access
time and for other reasons. The authors combine a non-weight layer with
a weight layer and eliminate independent non-weight layers, which
significantly reduces the inference time.

2.1.1.2. Parameter sharing. There are weighted edges between layers,
and the number of weight parameters will increase with a rise in the
number of nodes. Therefore, to reduce parameters, approaches are
designed to share the weights of certain edges. A simple example is that if
every layer has 1000 nodes, then we need to store 1000 � 1000 wt pa-
rameters. However, if we cluster edges with approximate weights, the
model size will be sharply reduced. Similarly, if we have 1000 cluster
centers, we only have to store 1000 parameters in this way.

For example, the main idea of Han's work [63] is to compute the
multiple clustering centers of weights using k-means clustering. This
approach clusters the weights to the nearest centroids and compensates
the weight through fine-tuning training. Chen hashes parameters into
corresponding hash buckets, and parameters in the same bucket share a
single value [33].

2.1.1.3. Network quantization. Network quantization compresses initial
networks by reducing the number of bits for each weight parameter.
Quantization uses low precision data to represent the original high pre-
cision data. The traditional technique is to convert 32-bit floating-point
to 16-bit floating-point, 16-bit fixed-point, 8-bit fixed-point, and so on.
There are some related technologies like Binarized Neural Networks,
Ternary Weight Networks, XNOR Networks. In Li's work [34], he pro-
poses a higher-order binarization scheme and executes binarization both
on the input layer and the weight layer of the CNN. Specifically, this
method recursively performs residual quantization to improve the effect
of binary approximation. Yin et al. accelerate the operation of DNN on
low-power computing hardware by understanding Straight-Through
Estimator in training activation quantized neural nets [64].

2.1.1.4. Direct design of small models. Some works expect to yield small
and accurate deep models by more delicate model design or direct
training of promising network architectures rather than iterative execu-
tion of training and pruning.

For instance, the authors of [65] propose a small CNN architecture
called SqueezeNe and put forward a network architecture similar to
inception and call it a "Fire Module", which consists of a squeeze con-
volutional layer with 1 � 1 filters and an expanded convolutional layer
with both 1� 1 and 3 � 3 filters. It reduces the computation overhead of
convolutional layers by reducing the size of filter kernels and the number
of channels.

The authors of [66] learn from factorized convolution and divide
convolution into two parts. The first part is depthwise convolution, in
which each filter only convolutes certain input channels. The other part is
pointwise convolution, using a 1 � 1 filter to combine the multichannel
outputs of depthwise convolution layers.

Lin et al. [35] attempt to overthrow the previous idea of network
pruning. Their goal is not to prune after training a large model, but to
design a small model architecture and train it at the beginning. By a large
number of assessments of state-of-the-art pruning algorithms, they found
that it is the network structure that counts, rather than which weights are
retained.

2.1.2. Lowering time complexity
Time compression of models means lowering the inference time

complexity of deep models with no notable increase in the training time
complexity. By reducing the time complexity of the deep model, we may
be able to reduce the amount of battery power it requires. Common
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methods that reduce the time complexity are as follows:

2.1.2.1. Low-rank tensor decomposition. Low-rank tensor decomposition
is often based on the theories and methods of low-rank approximation,
which is a very useful tool for speeding up large CNNs. It decomposes the
original weighted tensor into two or more tensors, and optimizes the
decomposed tensor, and it usually uses standard SVD to unfold three-
dimensional tensors into two-dimensional tensors, or uses the outer
product sum approximation of multiple unidimensional tensors to
decrease the time complexity. For instance, Cheng et al. compute the low-
rank tensor decomposition to eliminate redundancy in the convolution
kernels. Their method obtains the global optimizer of the decomposition,
and based on this, they use a new method to train low-rank constrained
CNNs from scratch [67].

2.1.2.2. Computation acceleration. Computation acceleration usually
speeds forward propagation by improving matrix multiplication, abating
numeral resolution, etc. Park's work proposes a tensor-based multipli-
cation to achieve efficient computation between a dense matrix and a
sparse matrix. It pre-locates the values that will be zero to avoid calcu-
lating them when multiplying matrixes [68].

2.1.2.3. Knowledge distillation. The concept of knowledge distillation
was first proposed by Bulica in 2006 [69], and Hinton summarized and
developed it in 2014 [70]. The main idea of knowledge distillation is to
train a small network model to imitate the knowledge of a large network
trained in advance, similar to the relationship of the teacher and the
student. The large network is the "teacher", and the small network is the
"student". The general method is to learn softmax classification outputs of
teacher models. For example, Hinton et al. reduce the amount of
computation in a deep learning network by following a less cumbersome
model. To transfer the generalization ability of the cumbersome model to
a small model, they use the class probabilities produced by the
cumbersome model as "soft targets" for training the small model and add
a small term to the objective function to encourage the small model to
predict the true targets.

2.1.2.4. Data transformation. In this method, the input data is trans-
formed to speed up the calculation. For example, Chen et al. use the idea
of wavelet to decompose the original input image into two low-resolution
subimages, one of which carries high-frequency information and another
carries low-frequency information. In this way, their work reduces image
resolution without losing original information and finally achieve deep
computation speed [71].

2.1.2.5. Direct design of small models. To reduce the inference latency of
mobile deep models, we can directly design small, fast mobile models
and ensure their accuracy at the same time. There are various types of
MDLA, and each of them has different trade-offs between model size and
accuracy. Manually balancing these trade-offs and designing deepmodels
for each of them are very difficult because there are so many factors to
consider. In the most recent work [72], the authors propose an auto-
mated Mobile Neural Architecture Search (MNAS) approach that uses
deep reinforcement learning to search for a model for a specific trade-off.
They also propose a novel factorized hierarchical search space to obtain a
good trade-off between flexibility and search space size. Using deep
learning and automatic searching to avoid the complexity of manual
design is a promising new direction to build mobile deep models. And for
these lightweight convolutional neural networks (such as MobileNets)
designed for reasoning on mobile devices, Depthwise Convolution
(DWConv) and Pointwise Convolution (PWConv) are their key opera-
tions. Taking into account the characteristics of current mobile hardware
and software systems, Zhang et al. proposed techniques to re-optimize
the implementations of these operations based on the ARM architec-
ture [73].
4

2.2. Reuse of intermediate results

In addition to modifying the structure of deep learning models, it is
applicable to reuse the intermediate computing results of deep models by
caching part of the computing results based on the partial similarity of
the data. As a result, it can decrease the model's computational resource
needs. The intermediate results to be reused can be considered at mul-
tiple granularities, including the middle layers' computational results for
the same model and a similar input, a shared similarity search for
different models and the same input, similar semantic computational
results for the same models on different devices and a similar input, etc.
The basic idea of these techniques is to reduce the computational re-
sources for running MDLAs.

2.2.1. Data reuse among image frames
Data reuse among image frames is often applied to the same model

and similar input, typically in continuous mobile vision. It is a serial
mobile video image stream obtained from omnipresent cameras on mo-
bile and wearable devices to support diverse vision MDLAs, including
recognition assistance, lifestyle monitors, street navigation, etc. The CNN
is a state-of-the-art vision processing method, which can be regarded as a
group of stacked layers. Each input frame generates intermediate results
called a feature map and outputs reasoning results. Because of these
characteristics, we can reuse its layer processing results for similar
continuous images.

For example, DeepCache discovered temporal locality from the inner
structure of the input video, that is, the similarity between frames with
similar time. Referencing the heuristic approach in video compression,
DeepCache propagates areas of reusable results in frames using the
model's inner structure. These inner elements are not pixels. Instead, they
are high-dimensional, inexplicable data [6]. In Ref. [29], the authors
design an intelligent caching mechanism, especially for convolutional
layers. The key idea is to utilize the similarity between successive frames
in the first-person video. It computes the current frame by reusing the
middle results of the previous frame through the inner structure of the
convolution layer rather than simply reusing the final output.

2.2.2. Data reuse among multiple deep tasks
Data reuse among tasks is often implemented for different deep

models and the same input. MDLAs might have several models for
different but related tasks with the same input executed during a similar
time, and it is a waste of resources to repeat the underlying feature
extraction calculation. The popular idea is to share partial computing
results of models for multiple tasks. For example, an MDLA may aim to
infer the race, age and gender of the user. One choice is to train a DNN for
each task, which incurs a cost of four inferences. DNNs can be treated as
bottom layers for extracting the feature representation and high layers
aiming for different tasks. The abstract features computed at the bottom
could be used by multiple high layers. Hence, the main idea of data reuse
among multiple deep tasks is that feature representations computed by
lower layers could be shared among different high layers to save
computational cost.

The authors of MCDNN apply the idea above and present "class"
clustering, a DNN classifier specialized for similar tasks. They aim to
dominate the context and provide similar classes with specialized, light
models. More importantly, the model needs to perform well in recogni-
tion when the input does not belong to any of the classes and the classifies
it as the "other" class. Concatenating this specialized model with a generic
model, and only if the specialized model reports the input as the "other"
class does the general model perform further classification [36].

2.2.3. Data reuse across devices
Computational data reuse across devices is applied for the same

models on different devices and similar inputs. There are many scenarios
of running the same MDLA on adjacent multiple devices, and these
application cases often process similar contextual data mappings for the
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same results. The authors of foggy reuse approximate computation
reused inputs across devices, which minimizes redundant computation
by harnessing the "equivalence" of similar input values and reusing pre-
vious computation outputs with high confidence. They designed Adap-
tive Locality-Sensitive Hashing (A-LSH) and Homogenized k Nearest
Neighbors (H-kNN). The former achieved extensible and constant
lookup, while the latter provided high-quality reuse and a tunable ac-
curacy guarantee [37].

2.3. Resource dispatch among multiple tasks

There is usually more than one MDLA running on a mobile system.
The joint resource dispatch optimization among all these deep models
instead of independent optimization for a single deep task can maximize
the sum of the performance of all MDLAs. For instance, the architecture
of DeepEye eliminates a crucial limitation of executing multiple deep
learning models on resource-limited mobile devices by presenting a
novel inference software pipeline. Its goal is to combine the execution of
heavy computational convolution layers with high-memory-cost fully
connected layers, which realizes partial execution of multiple models
simultaneously, especially for CNNs [38].

NestDNN considers that resources available in mobile devices are
dynamic due to events such as starting new applications, closing current
applications or modifying the application priority. Based on this
consideration, the approach presents a multitask resource-aware deep
learning framework for mobile vision systems. It selects the optimal
resource balance and accuracy for each deep learning model dynamically
so that the models'resource needs are compatible with the available re-
sources in the runtime system [5].

Geng et al. solve an energy-saving local core-offloading problem for
multiple deep learning tasks running on multicore mobile devices. They
formalize the problem as a mixed-integer nonlinear programming prob-
lem and then propose a heuristic algorithm to jointly solve the offloading
decision and task scheduling problems. This strategy prioritizes tasks of
various applications to satisfy both application time constraints and task-
dependency requirements. To reduce the search cost, they recursively
inspect tasks and move them to the right CPU cores to minimize the
energy cost [39].

2.4. Deep learning frameworks on mobile devices

There have been many well-established deep learning frameworks on
resource-sufficient computation platforms, such as Caffe, TensorFlow,
and Torch. They display good performance in various deep learning tasks
and have been widely used. However, for resource-restricted mobile
platforms, these heavy frameworks are not appropriate. Firstly, although
these frameworks are very complete, most of them have third-party de-
pendencies, which makes the framework cumbersome and unsuitable for
deployment on resource-constrained mobile devices. Secondly, the mo-
bile deep learning framework should be more focused on the inference
phase, which is inconsistent with the traditional framework design.
Moreover, there is no model compression or mobile hardware-oriented
calculation optimization in a non-mobile deep learning framework,
which is exactly the focus of mobile deep computing optimization.
Although some frameworks have released corresponding versions for
mobile platforms, they are primarily optimized for the powerful GPU
chips that facilitate the training process while bringing little profit in the
inference phase. Recently, some work has focused on developing pro-
fessional software libraries to train and deploy deep models on resource-
limited mobile devices. The general idea is to combine traditional
frameworks and accelerate the inference process of trained networks to
significantly reduce the resource of running MDLAs.

For example, DeepLearningKit supports the use of CNNs on mobile
devices with GPUs under the IOS system. It can speed up the inference
phases of deep models trained by Caffe [74]. DeepX, as a software
accelerator, also optimizes the computation, memory, and energy cost of
5

the inference phases of deep networks trained previously. Its method is to
divide the network's computation into simpler pieces that can be ar-
ranged more efficiently. Each piece can be run on different processors
(e.g., GPU, CPU) to achieve sufficient utilization of the computation
ability of mobile devices [75].

In Table 1, we list some current state-of-the-art deep learning
frameworks on mobile devices.

2.5. Summary of this chapter

This section illustrates the local deployment of MDLAs and presents
four ideas: reducing deep model complexity, reusing intermediate
computing results, performing resource dispatch among multiple deep
tasks and developing deep learning frameworks for mobile systems. In
Table 2, we give a brief summary of this section:

3. Distributed deployment

In addition to local deployment, MDLAs can be executed in a
distributed way, especially for computationally intensive applications.
The development of communication techniques makes this possible.
Offloading is a solution to enhance the capabilities of mobile systems by
migrating computing to computable nodes with more resources. With
good network connections, we can offload tasks from various MDLAs to
resource-sufficient backgrounds and use abundant storage resources in
different locations of the network to support its operation.

3.1. Position

3.1.1. Remote cloud
Before mobile-edge computing and D2D communication techniques,

people usually offloaded computation to traditional cloud service plat-
forms and introduced Mobile Cloud Computation (MCC). Cloud services
deployed on core networks have rich computation and storage resources,
enabling the running of more complicated applications on mobile devices
and saving devices' resources. In most cases, this approach can be a good
choice for MDLAs with small data transference needs, large computation
needs and low interaction needs.

For example, Shea et al. provide a platform to offload AR content that
requires real-time image analysis and a great deal of image rendering to
powerful cloud servers [50]. This kind of AR MDLA is computationally
intensive, has a high power cost and is a typical application type to be
offloaded to clouds. The authors use Pokemon Go, a popular AR game, to
test their platform.

However, the mobile cloud still faces multiple challenges. Obviously,
because of its relatively long distance from users, mobile cloud compu-
tation is not suitable for all offloading cases, especially for interaction-
intensive applications. MCC also places massive additional loads on the
radio and backhaul of mobile networks. Dinh et al. list the technical
challenges of MCC in detail [81]. In mobile communication, because of
the characteristics of wireless networks, e.g., lack of wireless resources,
traffic congestion and multi-rates, MCC faces challenges, including low
bandwidth, service availability, heterogeneity, etc. Regarding the
computational aspect, there are difficulties such as efficient and dynamic
computation offloads under variable conditions, user and data security
problems, the productivity of data access, and contextual awareness.
These are not the focus of this article.

3.1.2. Edge network
Due to the long distance from the user and the limited backhaul

bandwidth, it is difficult for MCC to cope well with all offloading sce-
narios, especially for latency-sensitive and interaction-intensive MDLAs
in recent years. Over time, people have continued to explore how to
promote resources and services closer to users to reduce access delays
and energy consumption. Then, mobile edge computing, ad hoc clouds,
and other novel computational architectures emerged. Mobile Edge



Table 1
An overview of the popular deep learning frameworks for mobile terminals.

Name Company Android IOS CPU GPU DSP Time Open
source

Characteristic Training

TensorFlow lite
[40]

Google ✓ ✓ ✓ ✓ 2017 ✓ Lightweight, cross-platform, fast �

Caffe2 [41] Facebook ✓ ✓ ✓ ✓ 2017 ✓ Lightweight, modular, scalable ✓

core ML2 [42] Apple � ✓ ✓ ✓ 2018 � Weight quantification, batch forecasting �
NCNN [43] Tencent ✓ ✓ ✓ � 2017 ✓ Cross-platform, no third-party dependence, compiler-level

optimization is extremely fast and scalable
�

Feather cnn [44] Tencent ✓ ✓ ✓ � ✓ Lightweight (hundreds of KB), no third-party dependency,
scalable

✓

SNPE [45] Qualcomm ✓ � ✓ ✓ ✓ ✓ Executes any depth model, greatly limited by hardware �
MACE [46] Xiaomi ✓ ✓ ✓ ✓ ✓ 2018 ✓ Heterogeneous acceleration, compiler-level optimization,

supports various framework model transformations
�

Paddle model
[76]

Baidu ✓ ✓ ✓ ✓ ✓ 2017 ✓ Multi-hardware platform, deep model quantization compression �
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Computing (MEC) is a promising solution to compensate for the MCC
problem. It is closer to mobile users by providing IT and cloud computing
in wireless access networks [51]. As one of the key techniques in the 5G
era, MEC has some advantages, including low latency, high bandwidth,
real-time wireless network information, and location awareness. In
recent years, there have been many works studying offloading mobile
computation to MEC servers.

For instance, Liu et al. study the offloading of computation-intensive
Mobile AR (MAR) tasks to servers in edge networks. They design an edge
network orchestrator and build a measurement-based analytical model to
express the trade-off between latency and accuracy. They also propose a
corresponding algorithm as the core component of the orchestrator to
perform server assignment and frame resolution. In their edge-based
MAR system, mobile tasks are first offloaded to the orchestrator and
then sent to the edge server [56].

In recent years, ad hoc mobile cloudlets [57] have emerged as a closer
offloading point for mobile users. They can offload their computation to
peer devices ad hoc to save local energy and resources. When we use
cloudlets, there are more communication methods than MEC and MCC,
such as Bluetooth, Wi-Fi Direct, and other direct communication tech-
niques, which may lead to lower latency. Van et al. discuss the optimal
offloading decision for mobile users in ad hoc mobile clouds. Mobile
users can offload computation to nearby cloudlet devices through
Device-to-Device (D2D) communication-powered cellular mobile net-
works. The authors developed an offloading scheme based on Deep
Reinforcement Learning (DRL), aiming to make an optimal offloading
policy by considering the uncertainty of users and cloudlets as well as the
resource availability of cloudlets [82].

3.1.3. Collaboration of remote cloud and edge networks
MCC offers high-capacity service and rich computing resources, but it

is too far from mobile terminals and faces high latency. MEC is closer to
mobile users and offers low latency, but it has limited computing re-
sources and low-capacity queries. Ad hoc mobile cloudlets are the closest
to mobile users and offer more communication methods and low latency.
Users can access cloudlets through one hop in the wireless network, but
resources on cloudlets are extremely limited and offer few services.
Therefore, when multi-mobile users offload their tasks to cloudlets, re-
sources on cloudlets are likely to be depleted, and the rejection rate of
new requests is high. Each type of MDLA has different characteristics,
such as latency sensitivity and computation intensity. Therefore,
combining MCC, MEC and ad hoc mobile cloudlets, learning from others'
strong points and closing the gap would be a promising approach for
MDLAs.

For example, Teerapittayanon proposes a Distributed Deep Neural
Network (DDNN) based on distributed computing hierarchies, including
clouds, edge networks and terminal devices. The DDNN can accommo-
date DNN inference in the cloud, as well as rapid and local inference at
edge servers and terminal devices using shallow parts of the DNN. Under
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the support of extensively distributed computing hierarchies, a DDNN
can extend neural networks and geographic scales [83]. Its distributed
method also improves the sensor fusion ability, fault tolerance and data
confidentiality of DNNs and can be applied to large MDLAs because of its
more robust and safer operation.

In [84], Vitor et al. provide a new strategy to simplify the combina-
tion of cloud and fog facilities in IoT scenarios, called the Combined
Fog-Cloud (CFC). It introduces the QoS-aware service allocation problem
and expresses it as an integer optimization problem to meet capacity
requirements and minimize latency.

Lin et al. coordinate the computational resources of cloudlets and
remote clouds to fully utilize these two systems. Additionally, they
develop a system reward model for wireless bandwidth and computa-
tional resource allocation. They formulate the problem as a semi-Markov
decision process and use the LP solver tool to solve it as a linear pro-
gramming problem [53].
3.2. Computation mode

3.2.1. Single-server single-user
Under the condition of the single-server single-user, we mainly focus

on making the offloading strategy, that is, running MDLAs locally, per-
forming complete offloading or dividingMDLAs into several independent
subtasks to partially offload. Our goal is to minimize energy cost or tasks'
total latency or make a trade-off between the two. We discuss the off-
loading strategy in detail in subsection B.

3.2.2. Single-server multi-users
The single-server multi-user mode is more complex than single-user

situations since we must consider issues of computational resource
allocation andwireless channel competition. Whenmultiple users offload
their computation to one server to reduce the processing time of their
MDLAs simultaneously, their response time may not be as perfect as
expected. On the one hand, this situation may cause resource contention
over limited servers. On the other hand, there will be competition for
various resources, including wireless connections. Under such circum-
stances, to achieve better system performance, joint optimization of
offloading strategies of individual users under multiple constraints on
their time and energy should be taken into consideration.

Josilo et al. study the resource allocation problem of multiple self-
benefiting mobile users offloading to mobile clouds [52]. They define
this as a non-cooperative game problem and present an efficient decen-
tralized algorithm to jointly optimize their offloading strategies. Their
algorithm converges to a pure-strategy Nash equilibrium. Finally, an
upper bound for the price of anarchy in the game is provided for the two
cloud resource models they propose.

Liu et al. introduce a joint multi-resource allocation framework
located in a cloud computing system based on the Semi-Markov Decision
Process (SMDP). The goal of the framework is to maximize the overall



Table 2
Overview of work for local deployment of MDLAs.

Key idea Bibliography
list

Work content

Decrease the complexity of the deep learning model and
make it suitable for mobile execution

[30] The unimportant connections in the network are pruned after training to reduce the parameters needed
by the network and the consumption of memory and CPU

[31] Using a particle filter, the importance weight of each particle is allocated by calculating the error
classification rate with corresponding connected modes

[77] The most advanced Triple-Response Residual (TRR) method is used to sort the filters in a given deep
learning model according to the importance of the filters as well as to prune the filters iteratively

[32] Output units are maximized and multiple neurons are merged into more complex convex function
representations

[33] The parameters are mapped to the corresponding Hasi bucket, where parameters in the same bucket have
the same value

[34] The weight and input of CNN network layers are binarized so that the computing speed is faster and the
memory consumption is smaller

[35] The original pruning point of view is overturned and the acquired network architecture rather than the
retained weight is treated as more important

[68] Amultiplication method based on vector form is used, and the values that will be 0 are locked in advance;
Reuse intermediate results [78] The internal structure of the model is used to propagate areas with reusable results in the matrix

[50] An intelligent caching mechanism is designed for the convolution layers, which makes use of the
similarity between consecutive frames in first-person video

[37] Computing results are reused across devices between similar applications
[51] The idea of "class" clustering is used to specialize a DNN classifier for similar classes. The specialized

model is connected with the original "generalized model" variant of the model
Resource call between multiple deep learning tasks on a
single mobile device

[79] A new reasoning software pipeline is proposed, which aims to interweave the execution of the
convolution layer with a large amount of computation and the loading of the full connection layer with a
large amount of memory in order to realize the local execution of multiple depth vision models
(especially CNNs)

[77] A framework is proposed that considers the dynamic changes of runtime resources to realize deep
learning for resource-aware multi-tenant devices in a mobile vision system

[80] The aim is to solve the problem of energy-saving computational offloading of multiple deep learning
tasks running on multicore mobile devices

Mobile deep learning framework [40–46,76]
Automatic design of small models [72] Deep reinforcement learning is used to search for mobile models, which has a good trade-off between

accuracy and latency to reduce inference latency
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advantages of the entire system by constructing an optimal strategy of
wireless bandwidth and computing resource allocation for multiple
mobile users in MCC that has a low service-denial rate and processing
latency [53].

Zheng et al. adopt a multi-user stochastic game-theoretic approach in
an MCC dynamic offloading environment. Mobile users are in a dynamic
state, active or inactive, and radio channels vary stochastically. The au-
thors formulate an offloading strategy for multiple users in a dynamic
environment as a stochastic game due to its selfish character and prove
that it is equivalent to a weighted potential strategy with at least one
Nash Equilibrium (NE). They propose a multiagent stochastic learning
algorithm with convergent speed to solve the problem [54].

3.2.3. Multi-servers single-users
In this case, we first set the premise that the server is not a remote

cloud; it is a set of edge servers or computable devices not far frommobile
devices running MDLAs. When considering different offloading modes of
MDLAs, the multi-server single-user mode can be divided into two situ-
ations: (i) the MDLAs are offloaded completely, which means that the
mobile device needs to choose one point among multiple computable
locations according to the current wireless channel state, task queue and
available resources on edge servers and nearby computable devices. It is
defined as a request routing problem, and we discuss it in paragraph D;
(ii) MDLAs can also be divided into several subtasks and offloaded to
multiple edge servers and computable devices. In this case, the hetero-
geneity and time-varying nature of edge devices pose difficult challenges
for the division and allocation of tasks and the collection and consoli-
dation of calculation results. Keshtkarjahromi et al. propose a Coding
Cooperative Computing Protocol (C3P). It dynamically offloads encoded
subtasks of MDLAs to multiple computable locations in the edge network
and can adapt to time-varying edge resources [85].
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3.2.4. Multi-servers multi-users
Under multi-server multi-user conditions, there are more problems to

be noted. We define them as follows:
Resource allocation on a single server: Resources on edge servers are

limited and may fail to satisfy all requests from the covered area. We
define the allocation of limited resources on servers amongmultiple users
as a resource allocation problem.

Users' routing requests on multiple servers: The density of base sta-
tions in the 5G era will reach 50 BSs/km2 [86], which will lead to users
being located in a complex multi-base station environment with over-
lapping areas. Such complicated, multi-unit situations make it difficult
for users to decide where to offload their MDLA tasks to achieve the
optimal performance of MDLAs, and we define this as a request routing
problem.

Placement of service: Services can be cached on edge servers not far
from users to provide lower service access latency. There are three pre-
requisites: (i) edge servers can only cache a limited number of services;
(ii) users' requests can only be routed to servers with the service they
request; and (iii) users are in a complex multi-unit environment. We must
decide how to allocate various services among multiple edge servers to
respond to more requests and maximize overall performance. We define
this as a service placement problem and discuss its solution in subsection
C.

Balancing offloading among edge servers: The distribution of mobile
users presents great spatial variety and mobility. These characteristics
cause an imbalance in the workload among edge servers and influence
the request-response time. We can define two problems from this: a load-
balancing problem and a resource-sharing problem.

With the definitions of these problems, we can now provide some
examples of offloading under multi-server multi-user modes. Each
example faces one or more of the problems above.

Poularakis et al. formulate the Joint Service Placement and Request
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Routing problem (JSPRR) in a multi-unit MEC network. Its optimization
target is to minimize the amount of centralized offloading to the cloud
caused by a lack of service caching or insufficient resources at the edge.
Then, they propose a bicriteria algorithm that provably achieves
approximation guarantees while violating resource constraints in a
bounded way [87].

Liu et al. primarily focus on users' request-routing problems. They
study dynamic allocation of users' offloading requests under multiple
edge servers in a MAR system [56].

Chen's work focuses on resource-allocation and request-routing
problems. It studies offloading in a superdense computing network
based on the idea that the software defines the network. The authors
transfer the offloading strategy as an NP-hard mixed integer nonlinear
programming problem and further divide it into two subproblems: the
convex subproblem of resource allocation and the 0–1 program sub-
problem of request routing. They use alternative optimization techniques
to find a solution [88].

The work of [89] mainly focuses on the resource-allocation problem
and resource sharing among multi-edge computing servers. It models
these problems as a multi-objective optimization problem and constructs
a framework based on Cooperative Game Theory (CGT) in which every
edge server first satisfies its own offloading request and then shares the
remaining resources with other servers. The authors present an O(N)
algorithm and achieve Pareto optimal allocation.
3.3. Offloading decisions

Offloading the tasks of various MDLAs to backgrounds with sufficient
resources is the basic idea of the distributed deployment of MDLAs. A key
challenge when we make an offloading decision is deciding when and
how to offload, because offloading is not always beneficial; unstable
network conditions, frequent interactions or large amounts of input data
may lead to large transmission latency and high energy consumption.
However, making the best offloading decision is not an easy and
straightforward task. For different MDLA types, there are different factors
to be considered and different weights of demands, including accuracy,
latency, energy consumption, etc. We also need to consider the state of
the whole system, including the device temperature, current task num-
ber, network type, state of the background server, etc. The inherent
complexity and diversity of these factors have led to a variety of studies
on computing offloading decision-making. For the offloading mode,
computing offloading can be divided into two strategies: complete off-
loading and partial offloading. Decision-making methods can be divided
into rule-based and learning-based methods.

3.3.1. Offloading mode
A typical MDLA can be simply divided into three parts: data acqui-

sition, data preprocessing and data analysis. Data acquisition often re-
quires hardware to be integrated into mobile devices. Therefore, due to
the limitation of hardware settings, it must stay on mobile devices and
cannot be offloaded. For the other two subtasks, the optimal offloading
decision should be made under the premise of comprehensively consid-
ering the resources needed, the amount of communication data between
subtasks, battery power and the current network bandwidth. In addition,
it should be noted that during partial offloading, the order of offloading
among subtasks is reverse to the running order.

3.3.1.1. Complete offloading. Highly integrated or relatively simple tasks
cannot be partitioned and must be executed locally or offloaded as a
whole to a server or peer-to-peer device. Alternatively, MDLAs can be
partitioned, but after making offloading decisions, complete offloading is
considered to be the current optimal solution. In Ref. [58], the authors
define such a computing task model as a binary offloading task model
and use three field symbols to represent its properties: the task input data
size, time limitation and calculation workload. These three features are
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the basic attributes of an MDLA, and we can essentially use them and the
current network bandwidth dynamics to make offloading decisions.

In a study [59], Pavel Mach and Zdenek Becvar investigate complete
offloading from three perspectives: minimizing latency, minimizing en-
ergy consumption under delay constraints, and trading off delay and
energy consumption. In another project [50], the authors present a
platform for offloading MAR tasks to powerful cloud servers completely.
They implement this system using a thin-client design.

3.3.1.2. Partial offloading. An MDLA consists of many components and
can be divided into multiple partitions to achieve fine-grained (partial)
computing offload.

In partial offloading, we must note the following three points: (i) The
dependence of partitions and components influences the executive order
of components and the offloading sequence. The components higher in
the executive order have a lower offloading priority. (ii) Hardware-
constrained components must be executed locally on mobile devices;
for example, in a mobile video analysis application, we obtain an image
or video stream through a camera on the mobile device that cannot be
offloaded. (iii) The size of data exchanged between components and the
amount of computation of each component should also be taken into
consideration. The tendency is usually to offload components with a large
amount of computation or less data traffic with other components, or to
offload in the reverse order of execution.

We may consider three aspects of potential strategies: (i) offloading
some subtasks of the MDLA to the background to reduce the calculation
delay and energy consumption of mobile devices; (ii) offloading part of
the processed data instead of all initial data to reduce the transmission
delay and energy consumption; and (iii) protecting the security and
privacy of user mobile data. We give some examples of previous work to
illustrate each aspect.

For point a, the work in Ref. [18] aims to detect a specific object in
videos on mobile devices. It can be divided into three subtasks: video
capture, video frame extraction and frame detection. Video capture can
only be done by cameras on mobile devices and must be performed on
mobile devices locally because of hardware limitations. Video frame
extraction and frame detection can be offloaded sequentially according
to network connection conditions and battery power. Notably, the order
of offloading of these two subtasks is limited. The first subtask to be
executed is the last subtask to be offloaded.

For point b, Jain et al. aim to use environmental fingerprinting to
achieve immersive, highly contextualized MDLAs, especially MAR. This
visual diversity requires matching match a unique visual signature with
millions of databases. Its computation is heavy, and it needs to offload
considerable visual data to the cloud. The authors identify the low-
entropy characteristics of visual "features" and design a system named
VisualPrint to offload only the most distinctive visual data, reducing the
time of network transmission [49].

For point c, when offloading the data of an MDLA to the background
for better and faster execution, mobile users face the risk of data privacy
exposure. Partial offloading is beneficial to privacy protection in data
exchange [20,22,23]. Intermediate data in deep learning models usually
have semantics different from those of row data. For example, it is
difficult to understand original information by only observing the fea-
tures extracted from the original data by CNN filters. Therefore, we can
offload high layers of the deep learning model, and then offload abstract
data processed at the bottom layer of the mobile side to the background.
In many works of distributed deep learning, the model on mobile devices
is regarded as a worker, and is combined with a central server to train the
whole deep model. Partial local computing abstracts the user's private
data to a certain extent and protects data privacy and safety when it is
offloaded to the central server. This can also be applied in a similar way
to most mobile crowdsourcing scenarios.
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3.3.2. Decision method

3.3.2.1. Rule-based offloading decisions. A rule-based offloading decision
usually considers whether to offload as the output result of a combina-
torial optimization problem under a set of constraints. This method for-
mulates the problem by measuring the context of current task execution
under specific constraints and optimizing objectives, and uses certain
mathematical knowledge to solve the problem and output the decision
scheme.

In the field of vision, we list some works of rule-based offloading
decisions. In Refs. [90,91], Ran et al. make extensive measurements to
understand the trade-offs between video quality, network conditions,
battery consumption, processing delay, and model accuracy, and
formulate them as an optimization problem; then, they use a
measurement-driven mathematical framework to efficiently solve this
combinatorial optimization problem.

In [18], Lu focuses on mobile video analysis; the task publisher needs
mobile crowdsourcing videos to identify specific objects. A video crowd
processing platform is designed and offloading decisions are made in
both Wi-Fi and mobile cellular network connections. Under Wi-Fi
connection, the optimal goal is minimizing completion time, and an al-
gorithm named split-shift is proposed. Under cellular connections sub-
jected to data usage constraints, the optimization goal is the trade-off
between processing time and energy consumption.

The authors of [56] consider dynamically assigning the workload of
the mobile AR system to multiple mobile edge servers to maximize the
performance of the MAR system. Liu et al. formulate the trade-off of
network latency, computational latency, and analytic accuracy in MAR
systems and develop a multi-objective optimization problem to select the
optimal edge server and video frame resolution for MAR users. They
design a fast and accurate (FACT) algorithm to solve this multi-objective
optimization problem based on convex optimization theory.

In other fields, for offloading of one MDLA, the following works make
rule-based offloading decisions. Sundar et al. study offloading decisions
of MDLA in terms of a set of dependent tasks in a general cloud
computing system consisting of a heterogeneous local processor network
and a remote cloud server. Their optimization target is to minimize the
execution cost of the entire application under each subtask completion
time constraint. They propose a heuristic algorithm named ITAGs to solve
this NP-hard problem [80].

The work of [92] aims at minimizing task delay. This optimization
problem takes the queue state of the task buffer, the execution state of
local processing units and the state of transmission units as inputs to
determine whether to offload completely.

Xu, Chen and Zhou regard the minimization of the computational
delay and device energy consumption on the server as the optimal target,
and their constraint condition is the cache capacity of the edge server, the
maximum delay limitation of tasks, and the battery power of the device.
Their system outputs a service placement layout on servers and an off-
loading decision for devices.

Third, for offloading multiple MDLAs on multiple mobile devices, we
list the following works, most of which jointly optimize the offloading
decision of these tasks. The authors of [93–95] study the joint optimi-
zation problem of multi-task offloading under multiple mobile devices.
They measure the arrival rate of the data packet of each time slot and the
current network channel conditions as input, use the complete time
limitation of each task as a set of constraints, and aim to minimize the
energy consumption of these mobile devices. They finally output the
offloading decision for each mobile device and the allocation of wireless
resources and computing resources on the server among multiple tasks.

The work of [96] also considers the joint optimization of multitasks
on multi-mobile devices. It minimizes the trade-off between the energy
consumption of mobile devices and task execution latency and the output
offloading decision for each task and its optimal wireless channel
selection.
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3.3.2.2. Learning-based offloading decisions. Making offloading decisions
based on learning begins by collecting, quantifying and characterizing
the current running context of the program, including battery power,
application properties, user mobility, network status, etc., and then uses
them as input to the deep learning model to output whether and how to
offload at the current moment. At present, learning-based methods
mainly use two basic strategies: DNNs, which are usually used to
construct classifiers, and DRL, which has an excellent performance in
decision-making.

In [97], the authors propose a novel mechanism for optimizing off-
loading performance by using crowd-sensed evidence traces and con-
structing a DNN offloading-decision classifier. They believe that for
MDLAs, data from one device is obviously not enough to quantify indi-
vidual factors affecting offloading due to their inherent complexity and
diversity. Huber Flores et al. aggregate samples from a larger community
of devices and design an evidence analyzer using a DNN to identify times
beneficial for offloading by analyzing evidence traces collected through
crowdsensing.

Duc Van Le et al. propose a Deep Reinforcement Learning (DRL)-
based offloading scheme that enables users to make near-optimal off-
loading decisions under consideration of uncertainties of user and
cloudlet movements and cloudlet resource availabilities. They propose a
Markov Decision Process (MDP)-based offloading problem formulation
and then use a deep reinforcement learning scheme called a Deep Q-
Network (DQN) to learn an efficient solution for the proposedMDP-based
offloading problem [82].

In addition to making an appropriate offloading decision, we can
improve the effectiveness of offloading by special offloading means. For
example, Wasiur et al. use a queuing theoretic description of a collabo-
rative uploading scenario, split data into chunks and offload them over
multiple paths; finally, these chunks are merged at the destination [98].
This method can reduce the network transmission delay significantly and
can be generally applied to other offloading work. This approach is a
special offloading technique rather than a black box that generally uses
the network state as input and outputs an offloading decision. We can
also consider other special offloading methods for each field, although
this may be unusual and not suitable for general work; however, for
offloading tasks in certain fields, compared with the conventional
method, it is a good way to further improve the performance of
offloading.
3.4. Distributed cache

In the broad use of MDLAs, we can observe two points. First, a user-
requested service has a high degree of repeatability; that is, the same
application is downloaded and run on thousands of different mobile
devices by thousands of users in the application store. By deploying these
services in a mobile edge network, mobile users can easily offload their
MDLA data to edge servers under good network conditions, which can
greatly reduce the MDLA's execution latency. Whether the service can be
cached in a certain edge server directly determines whether the user in its
coverage region can offload their computing to the edge. Second, in MAR
applications and many other video image MDLAs, similar video content
may be repeatedly requested by many users. Because the video trans-
mission takes up a large bandwidth, if we take the video from the CDN for
each request, the repeated content transmission will cause great band-
width waste. Therefore, we should adopt an intelligent cache strategy in
a mobile network to enable mobile users to obtain the content from a
nearby cache, which could significantly reduce the data accessing time of
the MDLA and greatly eliminate the influence of the network connection
dynamics. It has been proved that caches in 3G mobile networks and 4G
LTE networks can reduce mobile traffic by 1/3 to 2/3 [99]. In addition,
the energy efficiency of the 4G network can be improved. The evolution
of the green 5G network can be effectively promoted by the intelligent
caching of popular content to reduce traffic load.
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3.4.1. Cache content
For MDLAs, there are two kinds of content to be cached at the edge

network: deep models of MDLAs, which we call services, and the MDLA
input data. Caching services requested by a large number of users on the
edge network enable mobile users to offload their corresponding
computation, and the benefit depends on the popularity of the cached
services. MDLA input data is generally data types with large transmission
bandwidths, such as videos, images and common data.

3.4.1.1. Service. A service cache is a deep model of the cache in an edge
server or nearby computable device and its associated databases, which
allows users to offload the corresponding computing tasks on the edge.
Since we can only cache a limited number of MDLA services in resource-
constrained edge servers at the same time, we must carefully decide
which services to cache to maximize the profit of offloading for the
overall system. The services that we cache on the edge server decide
which tasks the user can offload. If we cache themost popular service, the
system may obtain the maximum performance benefit.

Xu et al. formalize the joint service caching and task-offloading
problem in MEC-enabled dense cellular networks to minimize ccompu-
tational latency under a long-term energy consumption constraint. They
develop a novel online algorithm named OREO to perform stochastic
service caching online without without the need for future information
[55].

Wang et al. focus on mobile VR applications with the support of on-
line social networks. They divide VR applications into two parts: service
entities on servers and client entities on mobile devices. They define the
Edge Service Entity Placement problem (ESEP) as the problem of
deciding where to place the SE of each user among the edge servers to
maximize the economic profits of the edge servers as well as achieve the
desired level of QoS for users, and they propose an iterative algorithm
named ITEM to solve this problem [100].

3.4.1.2. Data. The input data of MDLAs can be divided into two types:
(i) real-time data acquired by hardware on mobile devices such as images
for object classification; and (ii) offline data acquired from the content
provider in the central storage center, for example, multimedia data to
support VR/AR and panoramic views. Distributed data caching works
only for offline data, not for real-time data. Therefore, for real-time data,
we discuss data compression and transmission; for offline data, we
discuss distributed caching.

First, for real-time data, the operation is offloading, and the main
problem is limited, dynamic wireless bandwidth. In addition, we have to
face the reality that most depth models are very sensitive to data noise
[101], so we need to offload high-quality data. Xie and Kim developed a
DNN-aware basic data compression framework named "GRACE" to
compress the real-time image and video data acquired on IoT devices,
which reduces the network bandwidth consumption for data trans-
mission without affecting the performance of DNN interference on edge
servers [102].

Second, for non-real-time data, in many distributed deployment
MDLAs, users need to exchange data frequently with the server, or many
users may request the same multimedia content from the CDN repeat-
edly. In traditional cloud-based architecture, content is usually obtained
from the central data storage center, far away from users, which is not
suitable for the characteristics of frequent data exchange and a large
number of access requests. It produces considerable delay and influences
users' QoS. Therefore, in recent years, it has become increasingly popular
to cache data at places close to users, such as edge servers or ad hoc
devices that are nearby.

Zhang et al. propose that more bandwidth is required for VR video
applications to achieve high temporal and spatial fidelity content. They
design a VR video delivery system based on Named Data Networking
(NDN) and propose an integrating hotspot-based and popularity-based
caching policy to cache the content that is most likely to be requested
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to reduce the transmission delay of VR videos and enhance user experi-
ence [103].

Hao et al. study knowledge-centric proactive edge caching in mobile
content distribution networks. The high dynamics of mobile video
streams and complex user playback behaviors make it difficult to decide
which content should be cached through popularity-based investigations
or probability-based predictions. This work optimizes the caching
configuration based on semantic information of the online playback
behavior of 5G multimedia service users. They mathematically formulate
this NP-complete caching optimization problem and propose a greedy-
based online caching configuration algorithm to minimize the overall
delivery cost of video streaming and the maximum edge caching utili-
zation ratio [104].

Mohan et al. propose an efficient edge caching mechanism leveraging
edge resources to predict and store data required for upcoming compu-
tations. Their solution is to group caches according to the workloads of
different services. They further develop methods for populating caches
and ensuring the coherence of cached data [105].

3.4.2. Cache location
From ad hoc devices to remote clouds, there are many cache loca-

tions. Considering the characteristics of the all-IP-based cellular network,
we can divide them into three main storage locations: EPC core networks,
Radio Access Networks (RANs) and ad hoc devices. However, when
deciding the caching location, we need to consider a basic problem:
although a closer cache reduces the redundant transmission of identical
content in the rest of the network and releases the core, most networks
are organized according to a tree distribution hierarchy. And the closer
the caching location is to the user, the fewer users it covers. There are
fewer users served by edge servers than by more central cloud storage,
and if no user requests data at a certain cache point, it may not be
necessary to actively bring replicated content to the edge point. There-
fore, intelligent selection of cache locations and optimization of content
placement are required.

In Fig. 2, we show the transmission of content in four cases: no cache,
using a core network cache, using the wireless access network cache and
using an ad hoc device cache with D2D communication.

In the case of "no cache", every content request needs to be trans-
mitted through a complex network to retrieve content from a remote ISP,
resulting in great storage redundancy and transmission delays. After
adding the core network cache, the communication between the ISP and
the core network device can be reduced somewhat; after adding the RAN
cache, the communication traffic between the access network and the
core network can be significantly reduced; if the device cache and D2D
communication are further added, the transmission delay can be further
reduced.

3.4.2.1. Core network. The centralized deployment of cache servers and
PC nodes in EPC greatly simplifies the management of mobile content
distribution networks and is easy to expand as content demand diversity
increases. The hit rate of the EPC cache can be extremely high because of
its massive repository and mass users. Moreover, since the content is
encapsulated and transmitted by the GPRS Tunneling Protocol (GTP)
downstream of the EPC, it is easier to deploy a content-aware cache on
the EPC than in the other locations [99].

However, the core network cache has two main shortcomings: (i) the
core network is far from users, which will result in great latency when
users access data; and (ii) the core network covers a large range of users,
and multiple users request the same content repeatedly, which will waste
more network transmission resources.

3.4.2.2. RAN. Although deploying a cache in a core network is easier,
recently, many works prefer pushing content cache to edges closer to
users. Especially in the emerging 5G network, Base Stations (BS) are
naturally equipped with edge servers (such as Nvidia Jetson TX21) and



Fig. 2. Different content transfer requests due to different cache locations. From left to right: No cache, Core network caching, Edge network caching, Ad hoc cloudlet
and D2D link.
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provide storage capabilities for cache services. By caching appropriate
content at the nearby edge, viewers can obtain the target content locally
instead of from a remote CDN server, which not only provides better QoE
with lower latency, but also saves core network traffic costs. RAN cache
usually caches content in the eNB and it is mainly divided into two
categories:

Macro base station: a macro base station has a large coverage to serve
more users and has rich storage resources for a better cache hit ratio. In
the work of Gu [106], the authors analyze the caching distribution
problem in a macro base station as an NP-hard problem and propose a
heuristic algorithm to solve it.

Micro base station: compared with a macro base station, a micro base
station has less storage space and a smaller coverage, so it may have a
lower cache hit ratio in terms of the diversity of cache content. However,
micro base stations bring greater flexibility, and more importantly,
cooperative content sharing between micro base stations can jointly
optimize users' requests to improve the cache hit rate. In addition, one of
the greatest advantages of micro base stations over macro base stations is
that they are closer to the user, so they can bring smaller delays to reduce
the impact of unstable network connections.

However, current large-scale content tracking analysis shows that,
unlike CDN-based caching, the edge caching environment has a large
number of dynamic and diversified request patterns, which is more
complicated. Therefore, what content is stored at each base station and
how the base stations can coordinate storage to meet the needs of more
users is an important issue in this subfield. In the latest work [107], Wang
et al. propose MacoCache, which uses Multi-Agents Deep Reinforcement
Learning (MADRL), in which each edge can combine with other edges to
adaptively learn its own best strategy for intelligent caching.

3.4.2.3. Ad hoc devices. The emergence of D2D communication tech-
nology makes it possible to carry out convenient and direct point-to-point
communication between terminal devices. It is common to cache content
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on devices that are geographically close auxiliary nodes or belong to
users with similar characteristics and use D2D communication to assist its
transmission.

Aravindh Ramane et al. cache data on family auxiliary nodes or
mobile devices of social-related users and then connect them together in
a distributed way to realize content sharing. They design an edge-caching
architecture named "Wi-Stitch", which is an "edge-stitching" distributed
content transmission network [108]. In their recent work [109], the
Wi-Stitch is extended by solving two main problems: (i) the shared node
may not have enough bandwidth to share content associated with the
limited Wi-Fi AP; and (ii) Wi-Stitch may produce multiple copies of
popular content but insufficient copies of less popular content. The au-
thors formulate these as optimization problems and solve them by stra-
tegically placing content for sharing within a geographically localized
cell.

Akshay Mete and Sharayu Moharir combine a central server with
multiple end-users. They form a content delivery system that supports
three content delivery modes: (i) the central server stores the entire
content catalog and delivers the requested content to mobile users; (ii)
mobile devices have a limited cache and can transmit content to each
other through D2D communication; and (iii) the central server transmits
the content to mobile users and then transmits it to other users. Their goal
is to decide which content to cache on the end devices to minimize ser-
vice cost [110].

Zhang et al. consider the QoS of a two-hop wireless connection with a
delay constraint in a multimedia big data offloading architecture. When
two mobile users request the same multimedia data content, one user
downloads the data from a BS and uses D2D to forward the data to
another. The authors propose three optimal single-hop transmission
power allocation schemes to solve the problem of supporting this double-
hop wireless link transmission while ensuring the bounded QoS re-
quirements of two single hops [111].
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3.4.3. Cache policy
The caching strategy determines the caching content and locations as

well as the time when to release its storage. Making a perfect cache
scheme is one of the keys to improving the performance of MDLAs. It is
important to estimate the benefits of caching certain content by evalu-
ating its current popularity, potential popularity, storage size, and the
location of its existing copies in the network topology. It is more chal-
lenging than traditional cache strategies, including LRU, LFU, FIFO, etc.,
and its goal is to improve the cache hit rate and reduce the network
transmission bandwidth consumption.

3.4.3.1. Popularity-based. Caching content with higher popularity can
maximize the total QoE of all users within a certain region. The popu-
larity of content is defined as the ratio of the number of requests for
specific content to the total number of user requests. It is restricted to a
certain area within a certain period [112]. However, it is worth noting
that the popularity of content is not static; it follows a Zipf distribution,
which is a power-law distribution [113]. Therefore, it is necessary to
update the popularity of content in a popularity-based cache strategy.

Zhang et al. design a data structure to record the content popularity of
each router. In addition, each router needs to communicate with others
to calculate global popularity information [103]. The work of [114] re-
cords the global popularity of every video segment at every viewpoint.
Large popularity means that this video segment has been requested many
times by users, so the cache of the segment is even more meaningful.

The work of [115] analyzes the dynamic adaptability of popularity in
the cache algorithm from two aspects: (i) learning the accuracy of fixed
popularity distribution; and (ii) learning the changing speed of popu-
larity for certain content. Based on both of these aspects, they propose a
novel hybrid algorithm to learn popularity changes faster and better.

Another important fact is that the distribution of content popularity in
a large area is often different from the distribution in a small area.
Therefore, the measurement of content popularity faces the difficulty of
spatial granularity knowledge, not only because the coverage of various
types of edge servers is different but also because the users are in dy-
namic flow between multiple units. This will also have an impact on the
prediction of content popularity, especially for edge servers in SBs with a
small coverage.

3.4.3.2. Hot spot-based. In many multimedia MDLAs such as VR/AR,
video streaming services, and real-time interactive games, the user usu-
ally looks at the most attractive viewpoint. For example, in a football
game, the viewpoint of users moves with the movement of the football. In
the game, most players are only concerned about their own situation.
These areas of interest, or video clips, are defined as hot spots and should
be prioritized in caching. Sometimes, there are multiple hot spots in a
view. For example, the work of [103] models the attraction of all view-
points in a VR view to cache the content that is most likely to be
requested.

3.4.3.3. User preference-based. The user preference profile includes the
probabilities of a specific user requesting each content over a certain
period of time, and there are significant differences among different in-
dividuals. This is because users usually have a strong preference for
specific content categories. Users' preferences can be predicted according
to the historical content requirements of users and the similarity between
users. This information can be widely used in recommendation systems.
Because of the character of preference, user numbers under a certain
preference category will not be too large, so it is suitable to be applied to
cache servers with small coverage, such as SBs or home cloudlets.

3.4.3.4. Learning-based. First, content popularity is region-specific and
not fixed, so it is difficult to capture. Second, in most cases, the content
we cache is a video stream that faces highly dynamic and complex user
playback behavior. Therefore, a learning-based caching policy using
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knowledge of content demand history is very promising. For instance, in
the work of [78], the authors use multiagent reinforcement learning to
design content cache policy in mobile D2D networks without the need for
acquiring real-time requirements and popularity. They propose a
belief-based Modified Combinatorial Upper Confidence Bound (MCUCB)
algorithm to solve the problem of large joint action.

Hao et al. implement a cache policy based on user playback behavior
[104]. They use deep belief networks to capture the semantic informa-
tion of users and infer the video that will be requested in the future based
on the user's playback mode. The video is actively cached in the edge
network.

3.5. Summary of this chapter

This section investigates the distributed deployment scheme of
MDLAs from three perspectives: deployment architecture, offloading
decisions and distributed caches. The main work is summarized in
Table 3:

4. Typical applications

We provide a brief overview of new MDLAs. First, according to the
application scenario or the main beneficiaries, we divide them into user-
oriented and third party-oriented MDLAs, including service providers
and network operators.

User-oriented MDLAs operate mainly to provide diversified and
personalized intelligent services for mobile users, and the user is the main
beneficiary. They use lightweight portable data collection devices inte-
grated on mobile devices, including cameras, microphones, sensors, etc.,
and use these data to compute on nearby mobile devices or edge servers.
If the calculation is complex, it can be further offloaded to the remote
cloud. This deep learning is lightweight, portable, and close to users.
User-oriented MDLAs are user-centric. For example, the real-time video
or image acquired by a mobile-side camera provides support for
deploying object recognition and tracking technology on the mobile
terminal so that the mobile device has vision, which can be used in tasks
such as face recognition for user authentication and local video analysis.
We can use the camera on amobile device to collect lip motion video, and
the lip-reading information can be used not only for deaf and mute in-
formation input but also for lip-reading authentication [3]. Augmented
reality and virtual reality technology provide a virtual superhuman
vision for us, and it has attracted much interest from academia and in-
dustry and has appeared in many relevant emerging applications, such as
remote conferencing, which provides an immersive experience through
mobile devices. This technology frees people from a specific space so that
they can meet at any time. Various sensors provided on a mobile terminal
enable the mobile device to intelligently have a range of awareness
similar to humans, such as an acceleration sensor, which gives mobile
devices a motion-awareness capability. For example, the data collected
can be used to recognize human actions, which can be applied in
monitoring human activities [8,118] and in medical scenarios [119].
Another work for human health [12] uses sensors to collect spectral in-
formation and design intelligent tableware named Smart-U, which can
recognize food composition and analyze dietary information, driving
progress in the healthcare system. There are MDLAs that are beneficial
for users in many other aspects, such as accelerated browsers on the
mobile side [7], mobile malware detection and application recommen-
dation [2], recommendation systems based on historical information and
other smart applications [11–14]. MDLAs completely change our lives.

Third party-oriented MDLAs mainly benefit from service providers
and network operators. The wide application of MDLAs heralds the
generation of massive data. The question of how third parties can
effectively use these data to find valuable information and develop better
services and new business opportunities is very important. Some typical
scenarios are as follows. (i) Mobile crowdsourcing [18–21]: For instance,
criminal tracking analysis crowdsources multimedia data to locate



Table 3
Overview of distributed deployment of AI applications on mobile devices.

Specific content Classification Paper List Note

Computing Offloading
Policy

Learning-based [82,97] Collects running context as model input to auto-output offloading decisions

Rule-based [18,56,80,90,
92,94–96]

Takes the minimum time delay and/or the energy consumption of the mobile terminal as the
optimization target, under a set of constraints, and formulates and solves an optimization problem

Offloading
content

Reducing transmission [49,90,98] By reducing the quantity of data that needs to be transferred

Protecting data privacy [20,22,23] Uploads pre-processed data
Offloading
location

Remote cloud [50,81] Remote cloud networks are rich in resources but have large transmission delays

Edge network [56,82,116] Network resources are not as great as those of the cloud but are closer to users
Collaboration of Cloud
and Edge

[83,84] Combines the edge network with the core network, makes use of the advantages of both, and realizes
complementary disadvantages

Offloading
mode

SS-SU 3.2.2 Offloads decision-making on a single device

SS-MU [52–54] Server resource allocation and radio channel contention issues
MS-SU [85] Users have to choose where to offload their tasks among multiple servers
MS-MU [56,88,117] Server resource allocation, wireless channel contention, user request routing, service entity

placement, load balancing between servers and resource sharing
Cache Cache content Services [55,100] Caching app services and related databases in edge servers

Data [103,105] Caching data frequently requested by users, particularly for video
Cache
locations

Core network [99] Caching at the cloud with rich memory,but with far distance, and large transmission delay

RAN [99,106] Caching at the eNB or edge servers nearby, leading faster response speed and lower latency
Peer devices [108,110,111] Caching data closer users,further reducing transmission waiting

Cache policy Popularity [103,112–115] Uses the probability of certain content being requested in a certain period of time, which is related to
the specific region. The cache of content with greater popularity is more important

Hot spot [103] The highest-interest point of users in images or videos; caching high-quality hot-spot content can
improve users' experience

Preferences of users The user typically has a strong preference for a particular content category; we need to predict and
cache the content that individuals prefer

Learning [104] Learning-based caching strategy with content-requesting history knowledge, which has high
dynamic adaptability
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criminals; traffic forecasting collects complaints from a large number of
mobile users about accidents and congestion on the ground in the early
peak period so that service providers can providemore accurate real-time
traffic condition reports and obtain better economic benefits. (ii)
Distributed deep learning tasks [22–24]: Distributed deep learning on
mobile devices to make more efficient and convenient use of the large
quantity of data generated by mobile terminals not only solves the
problem of large data sets and large models in the traditional centralized
training mode but also effectively aims at the problem of data privacy of
mobile terminal users. (iii) There are also various internet of things ap-
plications [26] and applications that use mobile big data to develop
various services [27,28].

5. Future directions

To better promote the development of MDLAs, we summarize some
possible development directions based on the following points:
5.1. Mobile devices

As the carrier of MDLAs, mobile devices should be improved in many
aspects, such as more comprehensive information acquisition, stronger
power of processing units with larger storage, and greater endurance.

5.1.1. Mobile information acquisition device
The human brain cannot make better judgments without careful

observation of life. Similarly, the improved operation of mobile deep
learning cannot be achieved without good contextual data input and
continuous feedback. Therefore, first, we should consider how to enrich
mobile information acquisition devices, which are not limited to existing
cameras, microphones, temperature sensors, etc., to obtain more
comprehensive feature-dimensional data. Second, how to improve the
accuracy of the data acquired by mobile information acquisition devices,
reduce the amount of dirty data and improve the ability to acquire
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accurate data in poor environments is also an area that needs improve-
ment in mobile information collection equipment. Third, the heteroge-
neity of sensor quality in various devices is also one of the key issues
[120]. On the one hand, mobile devices are usually equipped with
nonprofessional sensors. The sensor quality of different devices may be
uneven, which leads to the uneven quality of sensor data obtained. For
example, in third-party mobile applications, this has a great impact on
the accuracy of deep tasks. On the other hand, the workload of the mobile
system is unpredictable, which may result in different sampling rates in
different time periods, so the quality of sensor data may be unstable over
time. Work has been done [121] to solve these problems, but there are
still some shortcomings, such as the execution time and energy con-
sumption of the whole optimization framework on mobile devices. In
terms of mobile sensor data acquisition, we still need more work.

5.1.2. Mobile device design
From the current development trend of the mobile device market, it

can be seen that mobile devices tend to be smaller, thinner, more
portable, while reducing their size. All of these factors limit the size of the
device hardware, such as the CPU, heat sink area and memory chip,
which restricts the performance of MDLAs. Improving the computing and
storage ability of mobile devices, similar to the introduction of deep
learning chipsets and GPUs in mobile devices, is one of the key devel-
opment directions of mobile devices in the future.

5.1.3. Mobile device power consumption
As is well known, the computation of most MDLAs is very powerful,

especially for those vision applications. In contrast, most of the battery
capacity of mobile devices is restricted and not enough to support com-
plete local operation. Although we can offload it to the background for
high-performance computing, sometimes, due to high data privacy and
poor network conditions, some users may prefer to run their applications
locally on the mobile end. Besides, offloading itself is also energy-
consuming work. So, how to improve the endurance of mobile devices
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is a key problem. We can study it by reducing the energy consumption of
MDLAs and improving the battery capacity of mobile devices.
5.2. Data management

5.2.1. Data personalized management
Smart phones have become the main computing platform for millions

of people. They also represent a new set of input devices, millions of
cameras, microphones, GPS devices and many other types of sensors that
generate massive data at every moment. With the increase in the number
of connected devices, including mobile phones, tablets and laptops, there
is an urgent need for personalized management of mobile user data.
There are two main questions: The first is how to store massive data.
First, these data cannot be completely stored in mobile devices. The
limited storage capacity of a mobile device can only support it in storing a
small quantity of running data and personalized digital media data. For
many devices with insufficient storage, users also need to clear the cache
regularly. Apple iCloud is a good example of cloud storage replacing local
storage. The second point is to store a large quantity of user data in the
cloud or edge servers, or even in peer devices such as domestic micro-
clouds and other mobile devices. How can massive data be managed in a
personalized way? For users, it is convenient for data acquisition, data
consistency, data recovery, data updating and cleaning, etc. For enter-
prises, in core data mining, marketing, maintenance of member service
data, etc., there are many factors to be considered. Because of the massive
size and frequent updates of data, a more detailed design is needed in
MDLA data management.

5.2.2. Data privacy and security
Offloading user data to the background will inevitably face data

privacy and security problems. First, for highly private data, privacy is-
sues in communication, such as eavesdropping, may occur in the process
of offloading. Second, there is a problem of how to protect the privacy of
user data when offloading the user data to the background server. Third,
massive data have brought great value, including a large number of data
models and information; this raises the question of how to obtain the
user's consent to use them and how to protect the user's privacy while
using these data with the user's consent. The former may require the
design of nontechnical issues such as reward mechanisms. The latter
requires the design and support of data encryption, feature abstraction
and other technical issues.
5.3. System and network

5.3.1. Distributed system for MDLAs
Most offloading of MDLAs is related to the work of distributed

computing and caching. The traditional design of highly available
distributed systems usually needs to achieve redundancy, state syn-
chronization, resource scheduling, system self-inspection, fault recovery,
convenient scaling, etc. In the process of offloading MDLAs, we need to
consider not only the typical factors above but also the characteristics of
mobile devices and deep learning models, as well as the challenges
brought by the diversity of offloading locations. Mobile devices have
mobility and rely on unstable wireless networks and cellular connections,
which makes it difficult for offloading to achieve high fault tolerance and
a stable state. It also affects offloading and caching decisions by changing
devices' locations among multiple servers. This raises the questions of (i)
how to model the spatiotemporal characteristics of users; (ii) how to
cache the user's content in a mobile-aware way; (iii) how to improve the
hit rate of the edge cache when users request cached content; and (iv)
how to ensure the continuity of services when the mobility of users is
unknown. All of these questions have to be considered after the intro-
duction of mobility. What's more, now we have to consider the deep
learning model's distributed training and parallel inference.
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5.3.2. Advancing communication
With the migration of content and computing to the edge, the

vigorous development of MDLAs shows the characteristics of low delay
and high reliability in computing, and distributed and high bandwidth in
content. This poses the development requirements of ultra-large band-
width, ultra-large connection, ultra-reliability and low delay for new
communication networks. Bocardi's work has identified five key tech-
nologies of 5G: device-centered architecture, millimeter-wave technol-
ogy, large-scale MIMO systems, more intelligent devices, and Machine-
to-Machine (M2M) communication [122]. We will discuss the commu-
nication challenges of MDLAs based on these five technologies.

a) Device-centered architecture: In the past, as the basic unit of the
wireless access network, the cell plays an important role in control-
ling the uplink and downlink transmission of data services. However,
recently, the focus has gradually moved from core networks to pe-
ripheral devices, and the traditional cell-centric architecture has been
destroyed. We need to redefine the network architecture of the new
era, and we face some challenges. First, we study an ultra-dense
heterogeneous network: MDLAs make the density of heterogeneous
access in mobile cellular units rapidly increase, and the simple and
single communication network architecture is not enough to meet
intensive and diversified user needs. The design of communication is
now affected by the type of popular MDLAs in this area and user's
mobility, and the coordination compensation between different
layers of the network architecture also needs to be considered; In
addition, with the rapid increase of base station density, achieving
more flexible adaptive resource scheduling between them for MDLAs
also urgently needs to be solved. Secondly, MDLAs also need 5G
technology with strong connectivity and highly intensive
deployment.

b) Communication technology: (1) Millimeter waves: 5G has drawn
attention to millimeter-wave, which brings greater bandwidth, richer
spectrum resources, more high-frequency antennas and higher
propagation accuracy. However, millimeter waves are easily affected
by the environment, and the propagation distance is short, so we need
more technologies to improve signal anti-interference abilities and
reduce path loss. (2) Communication between mobile devices: To
share content and jointly computation between mobile devices
wirelessly, more efficient D2D communication need to be developed.
Efforts need be made to design user-sharing schemes, including
hardwares and content.

5.4. New application types

People always need more types of MDLAs and newmobile devices. To
start with, the recent App market has shown us its unlimited possibilities.

For example, Apps that run on traditional mobile devices (including
but not limited to recommendations from nearby smart friends) are voice
recognition modules that allow users to issue voice commands in social
software. Besides, the combination of visual services and DL results in a
super-visual service: auto-beatifying for multi-media data, 360-degree
panoramic transmission, viewpoint HD, super-resolution reconstruc-
tion, post-occlusion visual extension, visual authentication, etc. More-
over, intelligence in online shopping can be applied to building a user
image for commodity recommendations, false goods, poor seller analysis
[123], etc. In addition, some novel applications on new types of mobile
devices appear in recent years, such as wearable mobile devices [124],
AR/VR glasses, smart tableware [12], and driverless cars [125]. In fact,
these apps are not enough. Human social activities, work activities,
physical activities as well as sensory activities such as vision, hearing,
smell, taste, touch and vision, hearing, smell, taste, tactile, and vision,
will be combined with mobile deep learning in the future. The new
design of MDLAs will make our lives much easier.
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6. Conclusions

In this paper, we discuss two aspects of deploying MDLAs. One way is
to execute them locally on mobile devices. The main methods include (i)
reducing complexity by improving the deep learning algorithm or by
redesigning the model architecture to be suitable for mobile terminals;
(ii) reusing intermediate results of deep models to reduce the amount of
computation; and (iii) developing a lighter deep learning framework for
mobile devices. The second way is to use the cloud, mobile edge servers,
and ad hoc cloudlets to enable the distributed deployment of MDLAs. We
discuss this scheme from three perspectives: a distributed deployment
framework, computing offloading decisions and cache configuration. In
section 4, we classify current MDLAs and then give some promising
future development directions for MDLAs.
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