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Abstract

In recent years, machine learning, especially neural networks arouses unprecedented

influence in both academia and industry. The reason lies in the state-of-the-art

performance of neural networks on many critical applications such as object detec-

tion, translation, and games. However, the deployment of neural network models on

resource-constrained devices (e.g. edge devices) is challenged by their heavy mem-

ory and computing cost during execution. Many efforts have been done in previous

literature for efficient execution of neural networks, including the perspectives of

hardware, software, and algorithm. My research focus during my Ph.D. study is

mainly on software, and algorithm targeting at mobile platforms. More specifically,

we emphasize the system design, system optimization, and model compression of

neural networks for better mobile user experience.

From the system design perspective, we first propose MoDNN – a local distributed

mobile computing system for DNN testing. MoDNN can partition already trained

DNN models onto several mobile devices to accelerate DNN computations by allevi-

ating device-level computing cost and memory usage. Two model partition schemes

are also designed to minimize non-parallel data delivery time, including both wakeup

time and transmission time. Then, we propose AdaLearner – an adaptive local dis-

tributed mobile computing system for DNN training. To exploit the potential of our

system, we adapt the neural networks training phase to mobile device-wise resources

and fiercely decrease the transmission overhead for better system scalability.
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From the system optimization perspective, we propose MobiEye, a cloud-based

video detection system optimized for deployment in real-time mobile applications.

MobiEye is based on a state-of-the-art video detection framework called Deep Feature

Flow (DFF). MobiEye optimizes DFF by three system-level optimization methods.

From the model compression perspective, we propose Tprune, a model analyzing

and pruning framework for Transformer. In TPrune, we first proposed Block-wise

Structured Sparsity Learning (BSSL) to analyze Transformer model property. Then,

based on the characters derived from BSSL, we apply Structured Hoyer Square (SHS)

to derive the final compressed models.

The realization of the projects during my PhD study could contribute to the

current research on efficient neural network execution and thus result in more user-

friendly and smart applications on edge devices for more users.
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1

Introduction

1.1 Testing on Mobile Devices

With the emergence of massive mobile network bandwidth, novel interactive applica-

tions in mobile devices utilize more multimedia processing and boost the performance

requirement of object recognition, classi�cation, language processing, etc.

Deep Neural Network (DNN) is a widely used technique in object recognition

and classi�cation tasks due to its high accuracy, scale 
exibility, and data-driven

property. However, optimal performance incurs huge computing costs and memory

consumption. A representative example isV GG [8], which achieved satisfactory per-

formance on ImageNet Large Scale Visual Recognition Challenge 2014 (ILSVRC14),

using 15M neurons, 144M parameters and 3:4B connections. If deployed on Nexus5,

V GG consumes approximately 16 seconds for a single image identi�cation procedure,

which is intolerable in practical usage.

A signi�cant gap exists when we want to apply DNN models to mobile devices.

The contradiction is between the limited mobile resource and the high requirement

of DNNs, which requires substantial energy consumption. Many research works

1



have been done to �ll this gap. To e�ciently o�oad the huge computing cost and

memory consumption to outside infrastructure, the client-server computing paradigm

is the most straight-forward solution. [9] research the data o�oading scheme in a

pipelined machine learning structure; [10] focuses on the establishment of an e�cient

distributed parameter server framework for the training phase of DNNs.

To enable local execution of DNN models on mobile devices, attempts have also

been made in model compression during the training phase of DNN. [11] deeply com-

pressed the DNN models using a three-stage pipeline: pruning, trained quantization,

and Hu�man coding; [12] used a low-cost hash function to group weights into hash

buckets for parameter sharing purpose. Because the convolutional layer consumes

intensive computation cost. Many e�cient layer structures are invented to substitute

the original convolutional layers. MobileNet [13] decompose convolutional layer to a

D � D deep-wise convolution followed by a 1� 1� M pixel-wise convolution. Because

D � D deep-wise convolution only contributes a tiny part of the total computation

cost, the main cost is on 1� 1� M pixel-wise convolution. Therefore, the theoretical

speedup of MobileNet is aboutD � D. MobileNetV2 further optimize MobileNet

by adding linear bottleneck layer [14]. Instead of decoupling the convolutional layer

into multiple concatenated layers in depth. SqueezeNet decouples the convolutional

layers both in depth and width [15]. SqueezeNet �rst uses 1� 1 pixel-wise convo-

lution to reduce the input channel number. Then, the output feature maps will go

through two convolutional layers, which are 1� 1 pixel-wise convolution and 3� 3

convolution. The whole procedure is named as a Fire Module in SqueezeNet. In [16],

Shu�eNet identi�es the key idea of Shu�eNet: for each feature map in the neural

network, they are divided into many groups of feature maps in the channel dimen-

sion. For example, if the original channel size is 512 and the group size is 4, then the

convolution �lters' channel size is 512/4 (128). The computation cost is one-quarter

of the original model. The inspiration of Shu�eNet is that the author thinks that

2



Figure 1.1 : Average computing time and memory usage of the layers in DNNs.

not all the features are correlated with each other. However, by using Shu�eNet,

the output features are derived by part of the previous feature map. Inspired by the

work called "Deep networks with stochastic depth" [17], the authors of DenseNet �nd

that 2 important facts. One is that the feature ofn layer may not only rely onn � 1

layer but also rely on previous layers. The other is that the feature of di�erent layers

consists of much redundancy. Therefore, in the structure of DenseNet , the current

output feature map of layern is the output of all the previous feature maps. In this

way, each layer can learn fewer features than before. One obvious defect of DenseNet

is its high memory consumption. The reason is that current neural network frame-

works realize concatenate operation by allocating a new memory space. In order to

deal with high memory consumption, CondenseNet further optimize DenseNet by

adding the idea of group convolution in Shu�eNet [18]

Convolutional layers and fully-connected layers are two key layers in modern

DNNs. To further dig out their individual properties, Fig. 1.1 summarizes the layer-

wise experiment results performed on smartphones (Nexus 5) from the perspectives of

computing cost and memory consumption. Without loss of generality, three famous

models of di�erent scales are tested, which includeLenet [19], Inception-BN [20]

and V GG [8]. Two common properties are derived as follows:
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� Convolutional layers drain approximately 87% to 98% of the over-all computing

cost.

� Fully-connected layers cost from at least 94% of the memory consumption

caused by large model weights.

Sparse fully-connected layers are another emerging research topic arousing tremen-

dous attentions [21], which achieves high layer sparsity with marginal or even zero

accuracy drop [11]. For example, the sparsity of fully-connected layers inV GG-16

reaches over 96% without accuracy drop [22].

Di�erent from previous works on network design, we focus on how to partition and

deploy a single large DNNs on several mobile devices and execute it on those devices

in parallel. In section 2, a more dedicated illustration will be presented about the

framework of our proposed local distributed mobile computing system. Furthermore,

algorithms used in our proposed model partition schemes will be provided in detail so

that the reason why our partition schemes can e�ciently decrease the data delivery

time will be clari�ed.

1.2 Training on Mobile Devices

Triggered by the unprecedented development in neural networks, a broad range of

applications have emerged because of their state-of-the-art performance, e.g. object

classi�cation, language processing, and motion estimation [8, 23, 24]. Due to the

plethora of embedded sensors available on the platform, mobile devices represent

the largest market where these applications are fed into practical use, enabling mo-

bile navigation systems [25], speech-based human-device interaction, and augmented

reality games [26]. However, a signi�cant limitation of neural networks is the re-

quirement for the neural network models to be trained before their practical use as
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testing. In comparison with the testing phase, the training phase has signi�cantly

higher computational complexity and memory consumption than the training phase.

As a subset of machine learning, deep neural networks (DNNs) have come to

outperform many traditional algorithms, even surpassing human-level performance,

e.g. AlphaGo [27]. However, a signi�cant limitation of DNNs is that they require the

DNN model to be trained in order to learn the characteristic features and patterns in

the underlying data. During training, taking supervised learning as an example, the

weights of the DNN are iteratively updated along the opposite direction of gradients

in the loss function w.r.t. the training data and corresponding labels until conver-

gence. In comparison with the testing phase, the training phase has signi�cantly

higher computational complexity and memory consumption.

Many works have been done to minimize the time required for the training phase,

ranging from algorithm-level optimization (e.g. low variance Stochastic Gradient

Descent (SGD) [28]) to hardware-level acceleration (e.g. Resistive Random Access

Memory (ReRAM) [29]), allowing DNN training to be applied to increasingly chal-

lenging real-world problems. Recent developments in deep learning software also shift

the focus away from frequency scaling and towards massive parallelization. In [30],

Abadi et al. build TensorFlow, which enables distributed training by converting the

neural network into an executable graph, with each device responsible for a unique

subgraph. In [10], Liet al. propose parameter server, featuring many architecture-

level optimizations resulting in excellent execution scalability during the training

phase of neural networks.

However, these previous works focus mainly on designing around powerful, ded-

icated server clusters, neglecting that it is mobile devices that catch the primary

source for the majority of data collected from the outside world. Thus, in this paper,

we explore an important research topic that is barely touched: distributed learning

on multiple mobile devices under a wireless local area network (WLAN). By utiliz-
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ing such a solution, neither private data nor trained models will be accessible by

the outside world, and no extra cost is needed for the establishment of cloud-based

resources. Unlike previous works regarding distributed mobile computing systems

for neural networks [31], we advocate a distributed mobile system that can not only

test but also train a neural network. In order to train a model, it is expected that

large quantities of privacy-sensitive data will be transmitted to the data center, in-

curring inevitable privacy problems. Moreover, this client-server paradigm requires

dedicated infrastructure and strong network support, incurring additional imple-

mentation costs, and lower user experience. In section 3, the detailed methods and

implementation of our distributed mobile training system will be discussed.

1.3 DNN Models for Video Detection System

Deep neural networks (DNNs) are now widely utilized in many cognitive tasks, such

as automated speech translation [32], Natural Language Processing (NLP) [23], ob-

ject detection [33] and classi�cation [34], facial recognition [35], etc. In this work,

we focus on the optimization of the DNN-based video detection application. Video

detection is tremendously adopted in the mobile context, which aims at detecting

the objects in continuous computer vision captured by the mobile cameras for the

purpose such as video analytics. Video detection is one of the most computationally-

demanding DNN applications because of many reasons. First, compared to the voice

or text signal in NLP applications, the inputs (image) of the video detection system

usually get a larger size. Second, as mentioned before, convolutional layers in video

detection models are more computation-intensive than fully-connected layers in NLP

models. Last, compared to object detection, video detection involves a sequence of

video frames to be detected in real-time.

Many attempts have been made to accelerate the video detection system using

DNNs. The works could be concluded to model compression and system optimiza-
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tion. For the method of model compression, it designs a compact model structure

by minimizing model parameters from the over-parameterized DNNs. Model com-

pression methods can e�ectively decrease the inference time of DNNs by reducing

the number of network weights. Structure search [36, 37, 38], weight pruning [39],

low rank approximation [40], and quantization [41] are three representative methods.

Another solution is system optimization, which accelerates the DNN-based system

through system-level or application-oriented methods. In [9], Hauswaldet al. divide

the computation pipeline of computer vision tasks into a pipeline and examine the

tradeo� between di�erent workload partition schemes on local mobile devices and

outside server; In [42], Zhuet al. utilize the motion data from Image Signal Processor

(ISP) to relax the number of expensive CNN inferences during video detection. In

most cases, system optimization can reach a better performance than model compres-

sion method because it focuses on the optimization of a certain kind of application

such as NLP or video detection. In this work, we propose three application-oriented

optimizations for the DNN-based video detection system, the details of which will

be discussed in Section 4.

1.4 DNN Models for Neural Machine Translation

Transformer comes to be an emerging network structure in the Neural Machine Trans-

lation (NMT) tasks as a promising paradigm for sequence modeling [3]. Empowered

by the stacking of attention and large feed forward layers, Transformer successfully

achieves state-of-the-art performance in many NMT benchmarks as well as related

language tasks [23]. Figure 1.2 depicts the architecture of Transformer model in [3].

Transformer is a sequence-to-sequence model which are composed of decoder (left

part of Figure 1.2) and encoder (right part of Figure 1.2). Both encoder and decoder

are composed of several identical Transformer blocks (e.g. 6 blocks in [3]). The

input and output of each block in Transformer are of the same dimensions (dmodel ),
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Figure 1.2 : Transformer Architecture in [3]

which is the same as the embedding dimension (dembed) of the source/target language

dictionary. In each Transformer block, there exist two main components, which are

Multi-Head Attention (MHA) and Feed Forward Network (FFN). In [3], translation

tasks are adopted in the experiment on NMT English to German translation task.

In recent years, the performance of many pre-trained attention-based models has

been further enhanced by larger datasets as well as larger model sizes [23, 43, 44].

However, the ever-growing model size of the transformer models introduces tremen-

dous memory consumption and computational cost, making the models hard to be

deployed onto real-time embedded systems [45]. Running the transformer models on

remote servers may potentially cause latency, privacy, and security problems [46, 47].

In order to solve these problems, the execution of a transformer on mobile platforms
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becomes an important research �eld [4, 48, 49, 50]. In order to make the family of

Transformer models more execution-friendly on resource-constrained platforms (e.g.

mobile devices), many e�orts have been done to compress the Transformer model

size.

Transfer Learning method aims at using the knowledge from a pre-trained large

model to guide the training of a smaller model structure. In [51], Sanhet al. initially

remove 1 out of every 2 layers of the teacher model to form the student model.

Then, the student model is trained based on the KL-divergence of the logits from

the student and teacher model. In [52], Sunet al. transfer the knowledge of the

Transformer model using both the MSE of feature maps and the KL divergence of

per-head self-attention distribution between the student and teacher models as the

loss.

E�cient Transformer Variants method tries to substitute the original costly

Transformer modules with more e�cient operators. For example, in [53], Zhang

et al. introduce average layer and gating layer to summarize history attention via

a cumulative average operation over previous positions to replace the original self-

attention scheme. In [54], Wuet al. introduce Long-Short Range Attention, which

designates di�erent heads for local heads modeling and a long-distance relationship

to broaden the functionalities of attention structure in Transformer.

Model Pruning has been proven as an e�ective way to reduce the resource needs of

transformer model execution. Current model compression techniques for Transformer

models mainly fall into three categories { Model Pruning, Transfer Learning, and

E�cient Transformer Variants.

Model Pruning method �ne-tunes the original pre-trained model to force the

weights [55, 39, 56] or activations [57, 58, 59] to be zeros as many as possible.

A transformer model may be pruned at four di�erent pruning granularity levels,

which are layer-wise pruning [60], head-wise pruning [1, 61], line-wise pruning [2]
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and element-wise pruning [62].

Model Pruning is a straight-forward technique among the model acceleration

methods. Compared with transfer learning and e�cient Transformer variants, model

pruning neither requires extra human e�ort in model structure design nor needs to

train the model from scratch. Therefore, in this paper, we propose TPrune, which

analyzes and prunes Transformer so that if could be better accommodated in mobile

devices. Section 5 will present the details of TPrune, an analyzing and pruning

pipeline for Transformer models.
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2

Distributed Testing on Mobile Devices

2.1 Preliminary

2.1.1 Testing on Mobile Devices

With the increasing research of e�cient testing of neural networks, the industry gets

involved in machine learning development for mobile and cloud platforms. Some

widely-used deep learning toolkits includes PyTorch [63], MxNet [64], Ca�e [65], and

TensorFlow [30]. In order to reach better DNN execution, we propose MoDNN in

this section, a distributed DNN testing system for mobile devices.

Figure 2.1 : GEMM steps: (a) Patch to column step. (b) Matrix multiplication
step.
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2.1.2 Traditional Convolutional Neural Networks

We �rst characterize the computing overhead of convolutional layers in Neural Net-

works (NNs). Modern deep learning libraries leverage GEneral Matrix to Matrix Mul-

tiplication (GEMM) to realize convolution operations. GEMM achieves consistent

memory access patterns and instruction-level optimization. As shown in Fig. 2.1(a)

and Fig. 2.1(b), GEMM consists of two steps. The patch to column step is shown

in Fig. 2.1(a) and the matrix multiplication step us shown in Fig. 2.1(b). Patch

to column step reshapes the input feature map into columns while matrix multipli-

cation steps multiply the reshaped matrix with the �lter matrix. When performed

on mobile CPU, the patch-to-column step consumes 71.6% of the computing time

while the matrix multiplication step consumes the remaining 28.4%. A conclusion

could be made that the long execution time of DNN on mobile devices is because

of both the memory intensity of patch-to-column steps and computing intensity of

matrix-to-matrix multiplication steps.

2.1.3 Model Pruning

Besides e�cient model structure, another hot area to speed up model execution of

neural network is model pruning, especially for convolutional layers. As mentioned

before, the convolution operation is essentially a matrix-to-matrix multiplication.

The left matrix is the input feature map while the right one stands for the convolution

kernel, also known as model parameters. Therefore, to prune a neural network model,

we can either try to decrease the size of the model weights or the size of the input

feature map.

Structured Weight Pruning

Structured weight pruning means the model weights are discarded in the unit of

groups [39]. The group granularity is manually de�ned. The weights of convolutional
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layers can be represented as a collection of 4-D tensors:Trls P RF l � Cl � H l � W l , where

Fl , Cl , H l , and Wl denote the �lter number, channel size, spatial height, and spatial

width of the l-th layer in the model ofL total layers. To learn the structured sparsity

of the DNN model, The error function is de�ned as:

EpT q �
n¸

i � 1

Vpf px i q; yi q � �R pT q �
L¸

l � 1

� gRgpTrlsq; (2.1)

where function Vp�qgenerates the loss induced by the training data corresponding

to their labels and the term �R pT q represents the original regularization method

(e.g., L2-norm) utilized to avoid the over�tting problem. Rgp�q is the additional

structured sparsity regularization. More speci�cally, � gRgpTrlsq � � g
° G

g� 1

�
�
�
�
�
�T g

rls

�
�
�
�
�
�,

meaning the sum of theG group lasso regularization terms in layerl with their

corresponding weight decay� g. Mind that T g
rls represents a collection of partial

tensors in groupg of layer l . Here we denote||�|| as the group lasso operator, which

is de�ned as:
�
�
�
�
�
�T g

rls

�
�
�
�
�
� �

b
° SizepT g

rl sq

i � 1 tg
i , in which SizepT g

rlsq is the number of tensors in

T g
rls and tg

i PT g
rls. Compared to weight pruning, feature map pruning is less exploited.

However, there is a growing trend about such research �eld because of the extensive

research on weight pruning. The concept of channel-wise feature map pruning is the

same as the �lter-wise pruning for model weights. The only di�erence lies in that

channel-wise feature map pruning prunes di�erent channels based on di�erent inputs

because di�erent inputs contain di�erent features. Thus, the extracted features are

dynamically decided.

Element-wise Weight Pruning

On the other hand, weight can also be pruned element-wise [66]. In [66], the author

describes a method to reduce the storage and computation required by neural net-

works by an order of magnitude without a�ecting their accuracy by learning only the
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important connections.[66] prunes redundant connections using a three-step method.

First, a network is trained to learn which connections are important. Next, the unim-

portant connections are pruned. Finally, the network is retrained to �ne-tune the

weights of the remaining connections. On the ImageNet dataset, a factor of 9� of

parameters of AlexNet is reduced, from 61 million to 6.7 million, without incurring

accuracy loss. The feedback of element-wise weight pruning is that it will result in a

sparse matrix instead of a smaller dense matrix. Although the theoretical Floating-

point Operations (FLOP) is largely decreased, no much practical computation time

is saved except when the matrix is sparse enough to get a computation bene�t.

2.2 System Framework of MoDNN

Although pruning e�ectively accelerates model execution. There still exist some

times where we want to deploy a large DNN on mobile devices with high performance.

In order to deal with such a case, we propose MoDNN, which executes a single DNN

on multiple mobile devices under the local network. We call our system MoDNN.

Fig. 5.2 presents an overview of MoDNN which includes three main components: 1)

A local distributed network cluster formed by Group Owner (GO) and several worker

nodes; 2) A model processor that partitions the DNN model onto the worker nodes;

and 3) A module that performs data delivery and identi�cation services of the DNN.

We note that the computing cost of Convolutional Layers (CLs) is primarily de-

pendent on its input size. Hence, we introduce a Biased One-Dimensional Partition

(BODP) scheme to partition the CLs. On the contrary, the memory usage of Fully-

connected Layers (FLs) is mainly decided by the number of weights in the layer. As

a result, a weight partition scheme that consists of Modi�ed Spectral Co-Clustering

(MSCC) and Fine-Grain Cross Partition (FGCP) is introduced speci�cally for sparse

FLs. It is worth noting that here the DNN model partition only needs to be per-

formed once in the application once the DNN is trained. Thus, the partition cost
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can be amortized over the execution of the system as long as the trained DNN keeps

the same.

2.2.1 De�nition of Terminologies and Variables

We de�ne the terminologies and variables that are referred to in the following sections

here:

� Total Worker Nodes ( k): Total number of the available worker nodes within

the computing cluster;

� Workload ( Wri s): The workload assigned to nodei ;

� Estimated Time ( ETri s): Estimated time for nodei to execute workloadWri s

plus data delivery time;

� Computing Ability ( CAri s): The normalized performance of nodei . Com-

puting ability is used to decide the workload partition imbalance ratio for node

i .

� SpMV Time ( SPTri spnq): Time for node i to do Sparse Matrix-Vector mul-

tiplication (SpMV) in which the matrix is represented by a linked list of size

n;

� GEMV Time ( GETri spr; cq): Time for node i to perform General Matrix-

Vector multiplication (GEMV) in which the matrix is represented by r � c

array;

� Sparsity Threshold ( Thldri spr; cq): Sparsity threshold of nodei that achieves

equivalent computing time of ther � c matrix using SpMV and GEMV;

� Data Delivery Time: Data delivery time denotes the total time consumption

for the data being transmitted between nodes. Data delivery time includes two
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parts: wakeup time and transmission time. Wakeup time denotes the time for

the head of the data traveling from the sender to the receiver and transmission

time denotes the amount of time for the receiver receiving from the �rst bit to

the last bit of the data.

2.2.2 Network Establishment and Setup

Network Topology of MoDNN

In MoDNN, each worker node is assigned a subset of the layer inputs. After the

execution of a certain layer, the outputs are reduced back to the GO, which generates

the inputs for the new layer in the next iteration.

In order to form a computing cluster, GO �rst enables its WiFi module to act

as an Access Point (AP) that is prepared for responding to potential worker nodes.

In the meantime, the available worker nodes with extra computing resources are

searching for the GO in the same local network.

Connection and Registration

In our design, after getting permission from the user, a mobile device will be per-

manently trusted by the GO and automatically connected to the group when it is

within the reachable WiFi range. Once connected, in addition to the device IP ad-

dress, performance-related metadata are also sent to the GO for later utilization

in partition schemes. The meta data includes the previously de�ned variables and

functions like CAri s, SPTri spnq, GETri spr; cq, Thldri spr; cq, etc. The motivations to

de�ne and generateSPTri spnq, GETri spr; cq and Thldri spr; cq will be discussed in the

following methods.

2.2.3 Input Partition for CL

Traditional partition method of CLs on other platforms maintains a symmetry pat-

tern for the input feature map of CLs. As shown in Fig. 2.2(a), in [67], Coateset
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Figure 2.2 : Two partition schemes for CLs.

al. arrange a GPU cluster into 2D-grids and partitioned the input neurons along the

two-dimensional space evenly. However, such a 2D partition is not satisfactory for

our MoDNN system.

Unlike in the GPU cluster, the wakeup time, rather than the transmission time,

dominates the data delivery time in the transmission among mobile devices. It is

because of the Opportunistic Power Save Protocol that supports the sleep mode of

the clients. If a mobile device has not been active for a certain time period, it will

turn o� its radio modules automatically [68]. Turning on the radio modules and

establish the transmission channel takes a time period signi�cantly longer than the

data transmission time.

In MoDNN, BODP is proposed to partition the input feature map along the

longer edge of the input matrix according to the computing abilitiesCAri s of an

individual node, as illustrated in Fig. 2.2(b). There are two sets of neurons in the

�gures: input neurons and output neurons of a CL. Takingnode3 as an example:

the input feature map ofnode3 overlaps all the other three nodes in the 2D partition

in Fig. 2.2(a). However, the feature map ofnode3 in Fig. 2.2(b) only overlaps with

that of node2. Note that only the overlapped parts of the feature map need to be

transmitted among devices during DNN execution.
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Figure 2.3 : Hybrid matrix representation for SpMV and GEMV.

Because the wakeup time in MoDNN is greatly impacted by the number of the

established transmission channels, reducing the number of the neighbor nodes from 4

(in the conventional 2D partition) to 2 (in BODP) will decrease the high propagation

time e�ectively.

2.2.4 Weight Partition for Sparse FLs

For FLs, if executed and partitioned in a conventional way, not only exhaust unneces-

sary computing cost and memory consumption but also cost redundant transmission

size in a local distributed mobile computing system. The partition of FLs is straight-

forward, where the weight matrix is divided by columns. Beyond FLs, we focus on

the optimization space for Sparse FLs. Because of the comparatively short execution

time of FLs, mobile devices will keep the wireless radio in an active state and the

transmission time dominates the data delivery time. The object of the proposed

partition scheme is to reduce the size of the data to be transmitted for reducing the

transmission time between mobile devices.

Hybrid Matrix Representation in MoDNN

There are two ways to compute matrix-vector multiplication for FLs: General Matrix-

Vector multiplication (GEMV) and Sparse Matrix-Vector multiplication (SpMV).

GEMV is used to compute a dense matrix that often uses arrays as the data struc-
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Figure 2.4 : Two-stage processing: MSCC&FGCP.

ture. SpMV is adopted for sparse matrix that can be e�ciently stored as linked-list,

as illustrated in Fig 2.3. In MoDNN, we assign di�erent operations to di�erent

sub-matrix based on their sparsity level. The sparsity level is de�ned as:

Thldri spr; cq �
SPT� 1

ri s pGETri spr; cqq

r � c
: (2.2)

HereSPTri spnqand GETri spr; cqare the time spent on the computation of the matrix-

vector multiplication using SpMV and GEMV, respectively. They can be obtained

from real measurements on mobile devices via a linear regression method. The

selection of the appropriate data representation is based on the comparison between

target matrix sparsity and pre-de�ned thresholdThldri spr; cqWhen the sparsity of the

matrix is larger than Thldri spr; cq, SpMV will be used for the computation; otherwise,

GEMV will be applied.

Modi�ed Spectral Co-Clustering (MSCC)

Generally, GEMV is more e�cient per matrix element than SpMV due to its higher

computing parallelism. Hence, it will be bene�cial to partition the weight matrices

onto the worker nodes in a dense structure. In the weight partition scheme of FLs
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in MoDNN, a clustering algorithm is leveraged to group the nonzero weights into

several clusters and minimize the number of the nonzero weights outside the clusters.

Considering the weight matrix as an undirected graph, generatingk clusters with

minimal connections between them is an NP-hard problem [69]. In MoDNN, we use

spectral clustering to �nd the solution heuristically.

Targeting at minimizing between-cluster similarities [70], Spectral clustering tech-

nique is widely used in graph partition problems. In MoDNN, the sparse FLs are

treated as undirected graphs where the graph vertices represent the input and out-

put neurons and the edges represent the network weights. Hence, we re-de�ne the

similarity in spectral clustering technique as the number of between-clusters con-

nections. However, traditional spectral clustering technique works only on a matrix

with the same row and column size, which greatly limits its generality of DNN type.

Therefore, spectral co-clustering algorithm is introduced to address this drawback by

normalizing the original connection matrixA to Anorm and then performing Singular

Value Decomposition (SVD) onAnorm [71]. Here the elements of weight matrix A

are binary, where '1' represents there exists a connection between two neurons and

'0' otherwise. This algorithm convertsr rows andc columns of the original matrix

A to a matrix Z of r � c rows using the results generated in obtainingAnorm . Each

column of Z is an eigenvector ofA so that we can cluster matrix together based

on the rows ofZ . Then, we apply appropriate data structure to each cluster based

on their sparsity for computing time reduction. We name this clustering procedure

as modi�ed spectral co-clustering (MSCC). A rationale of the proposed MSCC is

depicted in Fig. 2.4(a) and 2.4(b). After applying MSCC,k dense clusters are gen-

erated and the corresponding input neurons are transmitted to the assigned worker

nodes for parallel executions.
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Fine-Grain Cross Partition (FGCP)

Spectral co-clustering focuses on reducing the external connectivity between the clus-

ters without considering the internal cluster density. To solve this problem, we pro-

pose FGCP to partition the remaining outliers in the weight matrix after MSCC to

balance the workloads between the GO and the worker nodes. The basic idea here

is to identify the sets of weights with the minimal number of nonzero elements and

keep them computed on the GO rather than sending to the worker nodes to avoid

the high cost introduced by the long data delivery time.

For the sparse outlier matrix shown in Fig. 2.4(c), for example, because the

number of the columns is smaller than rows, FGCP initially assigns the elements on

the same rows where the clusterCri s (obtained in MSCC) resides to nodei . Then,

FGCP iteratively �nds the worker node i with the maximum ETri s and o�oads the

initially assigned weights on the same column in the outlier matrix with the minimal

number of non-zero elements from the worker nodei to the GO. In addition, FGCP

needs to consider the discrepancy of execution time between the GO and the worker

nodes during the o�oading process, especially the data delivery time on the network

between the worker nodex and the GO, which can be conceptually formulated by:

Initial ET pxq �
p
° x

i � 0 Ccolumn ri s �
° k

i � x Crow ri sq
TPT

; (2.3)

where TPT is the mobile network throughput;
° x

i � 0 Ccolumn ri s and
° k

i � x Crow ri s de-

scribe the total non-overlapping data size of the input and output neurons to be

transmitted during the execution. Obviously, higher sparsity of the outlier matrix

leads to more elements to be o�oaded to the GO and thus balance the workload.
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Figure 2.5 : Processing 
ow of convolutional-related layers.

Figure 2.6 : Processing 
ow of sparse FLs.

2.2.5 Processing Flow of DNN

Fig. 2.5 and Fig. 2.6 illustrates the proposed pre-processing pipeline of CLs and

FLs in MoDNN and how the two parts are integrated. Given an original trained

DNN model, the model processor extracts each layer and identify its type. If a CL

is detected, the layer input will be partitioned by BODP into small pieces, which

are then combined with the subsequent non-overlapping layer structures e.g., ReLu

layers, pooling layers, normalization layers, etc. for computation. If a sparse fully-

connected layer is detected, MSCC and FGCP will be applied in sequence to assign

the workloads to the worker nodes in clusters and the workloads for outliers, respec-

tively, in order to achieve the minimum total execution time.
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Figure 2.7 : Experimental setup.

2.3 Experiments

2.3.1 Environment Setup and Test bench Selection

The implementation of MoDNN is based on MXNet, which is a deep learning frame-

work developed by the Distributed Machine Learning Community (DMLC) team for

the desktop platform using C++ [64]. We modify and recompile the MXNet libraries

Figure 2.8 : Performance character. of Nexus 5.
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Figure 2.9 : Computing time and transmission time of CLs inV GG-16.

Figure 2.10 : Transmission size decrease ratio of MoDNN to baseline.

so that it can support Android systems with ARM architecture with JAVA Native

Interface (JNI) [64]. We adopt a pre-trained DNN model calledV GG-16 [8], as the

target DNN model to be partitioned in our experiments. The model is trained on Im-

ageNet dataset [72].V GG is a famous Convolutional Neural Network (CNN) model

that includes all mainstream layer types so that the signi�cance of each component of

MoDNN can be distinctly evaluated. In our experiments,V GG are executed locally

or distributed to di�erent numbers of worker nodes by MoDNN; the adopted mobile
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devices are LG Nexus 5 running Android 4.4.2 with a 2.28 GHz processor and 2GB

RAM. The experiment setup is depicted in Fig. 2.7.

Fig. 2.8 presents the results ofSPTri spnq and GETri spr; cq on Nexus5. Linked

list and array structures are used in characterizingSPTri spnq and GETri spr; cq, re-

spectively. Here x-axis denotes the amount of computations, i.e.,n non-zeros for

SPTri spnq and r � c matrix for GETri spr; cq, respectively. The results show that the

calculation time of the worker nodes is proportional to the calculation number. For

the same workload, SpMV is much slower than GEMV. Hence, we setThldri spr; cqto

15.8% in our scheme. The measured average WLAN wakeup time and transmission

throughput are 54:7ms and 43:8Mbps, respectively.

2.3.2 Data Delivery Time Evaluation of BODP

Fig. 2.9 shows the computing times of 13 CLs inV GG-16 during the testing phase,

without considering the data delivery time. The results of running locally and on

2, 3, and 4 worker nodes in MoDNN are depicted. For comparison purpose, the

results of using conventional 2D-grids partition scheme for 4 worker nodes is also

included in this �gure. When the number of worker nodes increases, the execution

time of each CL keeps reducing, proving the e�ectiveness of MoDNN in parallel

computing. The results of BODP with 4 worker nodes and 2D-grids partition are

very close, implying little impact of the input shapes of the CLs on the computing

time. As also illustrated by the dot lines in Fig. 2.9, compared to 2D-grids partition,

BODP also slightly increases the average data transmission size of each CL from

41048bytesto 59856bytesand hence, increases the average transmission time from

7:15ms to 10:43ms. Nonetheless, when taking into account that the total wakeup

time contributes to approximately 30% of the total data delivery time in each data

sharing procedure, BODP still achieves shorter total data delivery time than 2D-grids

partition for 4 worker nodes as fewer transmission channels need be established.
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Table 2.1: Overall evaluation of MoDNN with 2-4 worker nodes.

Execution (ms) Delivery (ms) Size (KB)
Local 15809 0 0

2 Workers 8509 1819 1196
3 Workers 6884 2563 2257
4 Workers 5208 2567 3336

4 Workers 2D-grids 6324 3073 2256

2.3.3 Transmission Size Evaluation of MSCC & FGCP

In order to evaluate the e�ectiveness of MSCC and FGCP on large-scale, sparse

FLs, the FLs in V GG-16 are sparsi�ed byL1-norm group lasso with a prede�ned

discarding threshold to control the sparsity [11]. We de�ne the evaluation baseline

as the one-dimensional partition that divides the weight matrix along its longer side

without any overlaps between the partitioned parts. The experiments are performed

on the layer sparsity varying from 70% to 96% and the results of the transmission

size reduction are normalized by the baseline, as shown in Fig. 2.10.

According to the results, MSCC and FGCP e�ectively reduce the transmission

size by at least 22.6% compared with the baseline implementation. In most cases,

the transmission size reduction ratio keeps increasing with the layer sparsity, e.g.,

reaches as high as 49.3%, 69.2%, and 69% for FC6, FC 7, and FC 8, respectively

at di�erent numbers of worker nodes. One exception occurs in the FC8 with 2

worker nodes, which shows a decrease in the transmission size reduction ratio with

when the lay sparsity increases. It is because of the residual unbalance in the clus-

tering due to the limited solution space of the small-scale layers (e:g: 1000� 4096

for FC 8). Nonetheless, following the increase of the number of the worker nodes,

the e�ectiveness of MSCC and FGCP also increases, demonstrating a good design

scalability.
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2.3.4 Overall Evaluation of MoDNN

In table 2.1, we summarize the overall execution time to compute the wholeV GG-16

model in MoDNN over di�erent numbers of mobile devices. Following the increase

of the number of the worker nodes, the overall execution time reduces signi�cantly,

demonstrating excellent computing parallelism: the computation time improves by

2.17-4.28� with 2 to 4 worker nodes. We also summarize the data delivery time

and the data transmission size of di�erent scenarios in table 2.1, indicating the

extra cost introduced by the distributed computing mechanism of MoDNN. MoDNN

outperforms the conventional 2D-grids partition scheme by substantially reducing

the data delivery time though the data transmission size is slightly increased.

2.4 Conclusion

In this section, we introduce MoDNN, a local distributed mobile computing system to

enable the parallel computation of DNN on mobile platforms. As convolutional layers

and fully-connected layers are identi�ed as the major DNN components that con-

tribute to the total execution time, several advanced partition schemes, i.e., BODP,

MSCC, and FGCP are proposed to well balance the workloads of each worker nodes

and minimize the data delivery time. Experiments show that MoDNN can achieve

better than linear performance speedup on DNN computations, demonstrating the

great potential of mobile platforms in DNN-related applications.
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3

Distributed Training on Mobile Devices

Unlike previous works regarding distributed mobile computing systems for neural

networks [73, 31], in this section, we advocate a distributed mobile system that can

both test and train a neural network in a distributed fashion. We term our system

AdaLearner, because we need to adaptively tailor DNN hyper-parameters during the

training phase for the distributed mobile scenario from the perspectives of system

architecture and training con�guration scheduling.

Concretely, our contributions include:

� We propose AdaLearner{an adaptive distributed mobile system for neural net-

works training, consisting of two core distributed training architectures;

� We design an adaptive scheduler for AdaLearner in Section 3.5, which adapts

the training con�guration (e.g. number of worker nodes (WNs), batch size,

transmission data size) to heterogeneous mobile resources and network circum-

stances.

� We adopt and improve 1-bit quantization in AdaLearner, which can increase

the system scalability by �ercely compressing the transmission data size to only
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1-bit with little or no accuracy drop;

� We implement and experiment AdaLearner on ARM-based smartphones by

modifying and combining the state-of-the-art libraries for neural network train-

ing.

We evaluate AdaLearner on three neural network models that are trained from

two well-known image classi�cation datasets (MNIST, CIFAR-10). Take the exper-

imental results of LeNet on MNIST as an example, compared with local training,

AdaLearner accelerates the training by 1:75-3:37� , when increasing the WNs from

2 to 8.

3.1 Preliminary

3.1.1 Backpropagation with SGD

When training a neural network onn examples:px1; y1q; :::; pxn ; ynq, we often target

at optimizing the following problem:

Mint F pwqu; F pwq �
1
n

n¸

i � 1

Lpw; x i ; yi q; (3.1)

where Lp�qdenotes the loss function andw denotes the weights. For instance, if

we use a square loss in the training phase, then the loss function will be:Lpwq �

pwJ x i � yi q2. In order to update the weights for the minimization ofF pwq, a partial

derivative with respect to each weight inw is calculated by backpropagating through

all the layers in the neural network. The update procedure from iterationl to l � 1

can be formulated as:

wl � 1 � wl �
BF pwq

Bw
; (3.2)

where is the learning rate. However, in each iteration of gradient descent, backpropa-

gation is applied to all then training examples, encountering expensive computation
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justi�cation=centering

Figure 3.1 : (a) Model parallelism and (b) Data parallelism in distributed train-
ing. [4].

cost. Stochastic Gradient Descent (SGD) is thus introduced where each iteration only

consists a mini-batch of the whole training examples. Hence, theF pwq in Eq. 3.2

can be approximated as:

F
1
pwq �

1
t

t¸

i � 1

Lpw; x i ; yi qq; (3.3)

wheret is the minibatch size for a single update.

3.1.2 Parallel Schemes for Distributed NN Training

There are two common ways to train a model distributedly in a centralized system,

which are model parallelism and data parallelism. From the perspective of communi-

cation network topology, there are centralized topology and decentralized topology.

Model parallelism

In model parallelism, all the nodes are provided with the same input data while

each node holds only a part of the full model [74]. As exempli�ed in Fig 3.1(a),

each node contains a single layer of the model and the nodes need to communicate
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justi�cation=centering

Figure 3.2 : Two network topology for distributed training. [5].

with each other as long as there is a connection between them. Model parallelism is

generally used when training a large-scale model so that the model parameters can

be scattered on each node with less node-wise memory consumption. However, this

scheme requires frequent transmission due to its smaller computation granularity

(need to communicate layer-wise).

Data parallelism

In data parallelism, as illustrated in Fig 3.1(b), each node holds a model replica but

is fed with a di�erent subset of total dataset (minibatch) [10]. After �nishing the

minibatch round of all the worker nodes, there will be a node in charge of gathering

all the computation results and send them back. The model will be updated on

that node. Whether there is an independent node acting as the scheduler varies in

di�erent training scenario [74][75]. In most cases, data parallelism enjoys a looser

communication pattern and simpler partition complexity than model parallelism.

Network Topology for Distributed Training

Model parallelism and data parallelism are main-stream distributed neural networks

training paradigms [76] [31] [4]. Both of these two methods can be accommodated

to di�erent distributed system network topologies. Fig 3.2(a) illustrates centralized
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topology. In centralized topology, there exists a central controller called parameter

server, taking care of the whole workload partition and scheduling. All the nodes

beside the central controller are worker nodes. They receive the command from

the central controller and return the computation results back. Fig 3.2(b) gives an

example of decentralized topology, which is more 
exible in connection. Di�erent

from the centralized topology, the nodes in decentralized topology play the same

role among the whole system. Each node of the system only communicates with its

neighbors. The bene�t of decentralized topology is that it enables better scalability

and 
exibility of the system while the drawback is that it requires that all the nodes

are secure and trustable.

3.1.3 Quantization Methods

Scalability is a critical optimization target of distributed systems, where the com-

munication between nodes is always the main bottleneck that restricts the system

scalability. In a distributed system, the communication costs grow quadratically

with the increase of the number of the nodes grows. In order to decrease the com-

munication cost during neural network training, quantization methods are widely

used.

Quantization is a very popular method, which can be applied to both testing

and training procedures. Here, I introduce two quantization methods, namely 1-bit

quantization and TernGrad quantization.

1-bit Quantization

Among many data compression technologies targeting at e�cient neural network

training [75][77]. 1-bit quantization has two important features: (1) The compres-

sion rate is the highest among all the existing technologies. Each number to be

transmitted is quantized to 1 bit, the compression ratio of which is 1{32 because the
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original data are represented as 
oating-point numbers, which are 32 bits in length;

(2) 1-bit quantization enables less extra computation cost because of its simple quan-

tization function. In 1-bit quantization, 0 is set as the quantization threshold. All

the number larger than or equals 0 is set as 1 while all the negative numbers are set

as 0.

In order to make up of the loss introduced by 1-bit quantization, the quantization

error of last minibatch will be added to the current one [75]. Assume the gradients

calculated byk-th minibatch is Grks, the quantization can be expressed as:

Gquantized rks � QpGrks � � rk� 1sq; (3.4)

whereQp�qstands for the quantization function. � rk� 1s represents the quantization

error of (k-1) minibatch and Gquantized rks is the quantized 1-bit results to be transmit-

ted. After the quantization procedure in Eq 3.9, a new quantization error feedback

is calculated for next minibatch.

� rks � Grks � Q� 1pGquantized rksq: (3.5)

With the e�ect of error feedback, the quantization errors are accumulated and

expressed in the subsequent iterations of minibatch. Therefore, it can losslessly

compress the gradients between nodes to 1 bit with little or no accuracy drop and

the experimental results will be presented in the experiment section.

TernGrad Quantization

Although 1-bit quantization reduces the transmission amount by the highest factor

and requires tiny computing overhead, it inevitably exists little accuracy degradation.

Therefore, we adopted another quantization technology, namely, TernGrad [78], to

tradeo� computing resources and quantization bits with a higher neural network

model accuracy.
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Di�erent from 1-bit quantization, TernGrad maps the original gradients to ternary

values: � 1, 0, and� 1. The quantization function for training iteration k can be ex-

pressed as:

Gquantized rks � maxpabspGl
rksqq �signpGrksq � B rks: (3.6)

The �nal quantized gradients are the product of three parts, which represent scalar,

sign, and probability respectively. As shown in Eq 3.6, the �rst partmaxpabspGrksqq

is the scalar of all the layer-wise gradients, which is de�ned as the maximum number

among all the absolute values of each layer inGrks. The layer-wise scalar introduces

negligible transmission overhead while brings tremendous bene�t for convergence

speed. For the purpose of distinguishing the gradient descent direction, the second

part, signpGrksq, denotes the sign of each gradient inGrks. The third parts, B rks, is

either 1 or 0 for each gradient in the neural network model. The probability of the

i th element Gi
rks to be equivalent to 1 follows the Bernoulli distribution:

P rpB i
rks � 1q �

Gi
rks

maxpabspGrksqq
: (3.7)

Hence, the probability of thei th element Gi
rks to be equivalent to 0 is 1� P rpB i

rks �

1q. Mind that signpGrksq and Prks apply to individual gradient, meaning that the

results are vectors. So, the operator� is the Hadamard product.

3.2 Methods

In parallel training, the total execution time consumed in the training phase withN

WNs can be expressed as:

Ttotal � Maxp
Wcompri s

Cri s
q �

Wtrans

B
� N �

Ņ

j � 1

D rj s; i � 1; 2:::N: (3.8)

Where Wcomp and Wtrans respectively denote the device-wise minibatch size and the

transmission data size of nodei in a single training iteration; Cri s describes the
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computing capability of node i , which illustrates the minibatch size that can be

completed per unit of time;B is the available WiFi bandwidth; while D rj s stands for

the wakeup time for WN j . In AdaLearner, we setWcomp and Wtrans in Eq. 3.8 as

our main optimization target.

Adaptive Con�guration for Computation: To minimize MaxpWcomp ri s

Cr i s
q in

Eq. 3.8, we need to excellently balance the computing workload within each WN

in Eq. 3.3. From Eq. 3.3, we can �nd that there is a signi�cant solution space

w.r.t. the optimal size t= Wcomp of the minibatch. Therefore, in AdaLearner, we

adaptively determine the minibatch size allocated to each WN as a function of the

mobile device's available computing resources for optimal parallelism.

Beyond this, it can be seen from Eq. 3.8 that as the number of WNs increases,

the contribution of the actual training computations decreases due to their paral-

lel nature, causing the total execution time to be dominated by the transmission

overhead. In such cases, we also need to adaptively choose the optimal number of

WNs.

Adaptive Con�guration for Communication: Communication is always a

big bottleneck for a distributed training system because of the tremendous amount

of data to be transmitted between WNs, which are unavoidable for each update

iteration. Such data includes model gradients, parameters, and etc. Traditionally,

each number in the model is a full-precision, 32-bit 
oating-point value, which is

actually unnecessarily accurate in certain situations.

In response to this, AdaLearner adopts a �erce quantization technology{1-bit

quantization [75], aimed at compressing the precision of model parameters in order

to signi�cantly reduce transmission size. Besides greatly minimized transmission

data size, 1-bit quantization need little extra compression overhead.
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Figure 3.3 : System overview of AdaLearner.

3.2.1 Software Components

Fig. 3.3 gives an overview ofAdaLeaner including 3 components:

Model Initializer: The model initializer generates the necessary �les for train-

ing a model: symbol �les and parameter �les. Symbol �les record the structure of

the layers while parameter �les de�ne connection weights. Additionally, the model

initializer of AdaLeaner generates a con�guration �le that contains metadata such

as learning rate, batch size, and etc.

Execution Middleware: Execution middleware is the fundamental component

in AdaLearner. This execution middleware includes both the computation and com-

munication scheduler, which is deployed to each WN and be responsible for their

identical computation and communication works in the training phase.

Computing Cluster Generator: When training a neural network, the mobile

device held by the user is designated as the GO and all the other assisting devices

are designated as WNs. The computing cluster generator runs on the GO, which

�rst enables its Wi-Fi hotspot feature and determines the number of WNs which

subsequently connect to it. The GO then collects the IP addresses of all connected

WNs for future communication. Last, the GO collects metadata, which includes the

computing capabilities from each of the WNs.

36



Figure 3.4 : Distributed architecture for e�cient computation.

3.2.2 System Architecture of AdaLearner

In AdaLearner, we provide two training architectures to deal with the tradeo� be-

tween computation cost and communication cost.

Architecture for E�cient Computation

Fig. 3.4 details the distributed architecture in AdaLearner for e�cient computation,

which is leveraged when the communication network is less congested, all WNs �rst

load the training data and model into memory. Then, the model is trained on a

minibatch of data using forward and backward propagation. This results in the

generation of model gradients, which are then transmitted back to the GO. As data

is being transmitted to the GO, each WN begins to load the training data for the next

minibatch. After gathering all the gradients from the WNs, GO merges the gradients,

updates its local model parameters, and transmits the updated model parameters

to all the WNs. Once the WNs have received the updated model parameters, a

new iteration is triggered. The total training procedure here is similar to the local

training scheme with high parallelism and computation e�ciency.
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Figure 3.5 : Distributed architecture for e�cient communication.

Architecture for E�cient Communication

As mentioned, scalability is a critical optimization target for distributed systems,

with communication costs always being the main bottleneck. Compared with the

training in data centers, communication in mobile networks su�ers greater limita-

tions due to the limited radio channels and comparatively low transmission band-

width. Under such a circumstance, an alternative training architecture is proposed

in Fig. 3.5, which is tailored to minimize communication overhead. Di�erent from

Fig. 3.4, there are additional steps of data encoding and decoding performed by both

the GO and WNs before and after every data transmission. The encoding process

is utilized to compress the data which will be transmitted, thus reducing transmis-

sion overhead. The detailed compression technology utilized and the corresponding

tradeo� between the transmission data size and the extra cost for encoding decoding

procedures will be described in Section 3.4.

Synchronization Mechanism

Because of the hardware limitations of the radio module in mobile devices, the com-

munication between GO and WNs is performed sequentially. Only one pair of devices

can communicate at any time. To maintain high parallelism, the GO maintains a
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Figure 3.6 : Message format in AdaLearner.

First In First Out (FIFO) synchronization mechanism. For example, in Fig. 3.4, as

WN0 is the �rst to transmit gradients to GO, and is followed by WN1, the GO sends

back weights in the same sequence, �rst to WN0, then to WN1.

This FIFO scheme establishes the communication sequence by considering the

execution parallelism yet neglects the fault tolerance of the system where there exists

potential disorder during message passing. Hence, the communication establishment

in our system is set as non-blocking. In such a case, it will neither pause nor fail

when any worker loses its connection to the GO.

Message Format

The message format utilized in AdaLearner is detailed in Fig. 3.6. The head of the

messages in AdaLearner is the ID of the sender and the receiver of the message.

The following number of bytes contain the metadata such as the learning rate for

the current minibatch. If the data is compressed, the compression parameter for

decoding is also included. The last part is the main body of the message, containing

the gradients or the weights of the neural network.

3.3 Computation Cost in Adaptive Scheduler

In Eq 3.8 and Eq 3.3, we assume the computing time is linearly related to minibatch

size, which is consistent with our experimental results. Fig 3.7 shows the time con-

sumption for the forward and backward procedures with increasing minibatch size

on Nexus 5X. For LeNet and ConvNet, the time consumption is proportional to the

39



minibatch size. An exception occurs on MLP, where the computation e�ciency keeps

increasing with the increase of minibatch size. It is because that MLP is a tiny neural

network with low computation cost and memory usage. When the minibatch size is

small, MLP does not utilize the maximum resources(e.g. memory bandwidth, CPU

frequency) in the mobile device and thus showing a lower e�ciency. However, when

the minibatch size reaches around 50, it, too, begins to re
ect the expected linear

relationship. For example, in Fig 3.7, MLP only costs 200ms for the minibatch

size of 150 while LeNet and ConvNet consume approximately 10 seconds with the

same batch size. Hence, when the minibatch size is small, MLP does not utilize the

maximum resources and thus showing a lower e�ciency.

Without loss of generality, we utilize a lookup table to record the device-wise

relationship between minibatch size and their corresponding time consumption on

heterogeneous mobile devices. The table in Fig. 3.8 presents an example of such

a lookup table containing computing capability metadata from three WNs. For

example, in order to train a model with a total minibatch size of 75, our adaptive

scheduler searches the lookup table for WN combinations for each number of WN,

prioritize devices with higher computing capability. First, our adaptive scheduler

searches the worker node with the best computation capability, which is WN3 in

Fig. 3.8 and the corresponding estimation time is 400ms. Secondly, it checks the

second line of Fig. 3.8, where the total minibatch size of WN2 and WN3 is 75. In

this scenario, the total computation time is 300ms. Last, the �rst line in Fig. 3.8

will be searched and the corresponding result is 200ms. In this way, AdaLearner can

quickly estimate that 400ms, 300ms, 200ms is needed for one, two, and three WNs,

respectively.
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Figure 3.7 : Time consumption with di�erent minibatch sizes.

Figure 3.8 : Lookup table for minibatch size and computing time.

3.4 Communication Cost in Adaptive Scheduler

Transmission e�ciency is critical for mobile networks scalability. Among many data

compression technologies targeting at e�cient neural network training [75][77]. Us-

ing the lookup table, we only estimate the total execution time on di�erent WNs,

neglecting the cumulative e�ect of transmission time to and from each WN. To com-

bat this, we introduce an alternative training technology in AdaLearner to allow

for compression of the data associated with each update. We adopt the concept

of 1-bit quantization in our communication e�cient architecture in Fig. 3.5. The

choice is based on two reasons. First, the compression rate is the highest among

all the existing technologies. Each number to be transmitted is quantized to 1 bit,

the compression ratio of which is 1{32 because the original data are represented as

32 bits 
oating-point numbers. Second, 1-bit quantization requires almost no extra

computation cost because of its simple quantization method.
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Figure 3.9 : Tradeo� between computation and communication costs.

3.4.1 1-bit Quantization with Error Feedback

As mentioned, among many data compression technologies targeting at e�cient neu-

ral network training [75][77], 1-bit quantization achieves the highest compression

rate. Concretely, in 1-bit quantization, we set 0 as the quantization threshold. All

the number larger than or equals 0 is set as 1 while all the negative numbers are set as

0. In order to make up of the loss introduced by 1-bit quantization, the quantization

error of last minibatch will be added to the current one [75]. Assume the gradients

calculated byk-th minibatch is Grks, the quantization can be expressed as:

Gquantized rks � QpGrks � � rk� 1sq; (3.9)

whereQp�qstands for the quantization function. � rk� 1s represents the quantization

error of (k-1) minibatch and Gquantized rks is the quantized 1-bit results to be transmit-

ted. After the quantization procedure in Eq 3.9, a new quantization error feedback

is calculated for next minibatch:

� rks � Grks � Q� 1pGquantized rksq: (3.10)

With the e�ect of error feedback, the quantization errors are accumulated and

expressed in the subsequent iterations of minibatch. Therefore, we can losslessly

compress the gradients between nodes to 1 bit with little or no accuracy drop and

the experimental results will be presented in the experiment section.
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3.4.2 Gradients Aggregating Scheme

Conventionally, 1-bit SGD is realized in GPUs cluster without central scheduler and

each GPU in N GPUs is responsible for aggregating a 1/N subset of the model

parameters [75]. Such training topology is not suitable in our distributed mobile

system. Di�erent from conventional realization, AdaLearner incorporates 1-bit SGD

to the training architecture in Fig. 3.5. After deriving the gradients on each WN, the

gradients experience the quantization procedure in Eq 3.9 and then transmit them

to GO. GO gathers all the gradients in 1-bit format and sums them up in the un-

quantized form. After post-processing the gradients in GO, a second quantization is

applied before transmitted back to each WN. Each WN will then decode the received

1-bit gradients and updates the model parameters locally. The quantization and un-

quantization modules are embedded in the encoder and decoder in Fig. 3.5. In order

to conduct unquantization procedure in GO, two numbers are required to be trans-

mitted along with the 1-bit gradients for each column of the original weight matrix,

which represents the multiplication scalar for positive and negative gradients. They

are calculated by averaging all the original positive and negative gradients. Mind

that original 1-bit quantization is utilized in Recurrent Neural Networks (RNNs),

which only contains fully-connected layers. However, AdaLearner targets at all the

neural network structures, including convolutional layers, for which we innovatively

calculate the positive and negative scalar for each �lter.

3.4.3 Computation / Communication Tradeo�

Such a gradients aggregation scheme introduces the tradeo� between computation

cost and communication cost. The procedures with red square background in Fig. 3.9

detail the extra computation cost yielded by reduced communication cost utilizing

1-bit quantization. Before and after each communication, quantization and unquan-

tization procedures are necessary. In order to reach high parallelism, the procedure
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for calculating the new error feedback is executed in parallel without in
uencing the

total execution time.

If we transmit the 32-bit 
oating-point numbers betweenN nodes, the commu-

nication overhead can be formulated as:

Tcomm � N �
Wtrans

B
� D; (3.11)

whereWtrans means the original transmission data size under the network of band-

width B . Here D denotes the total wakeup time during the communication, which

is assumed to be a constant in the formula. Alternatively, by applying 1-bit quanti-

zation technology, the communication can be expressed as:

T1bit
comm � 2 �

Wtrans

Sq
� p N � 1q

Wtrans

Suq
�

Tcomm

Z
� D; (3.12)

where Sq and Suq respectively denote the quantization and unquantization speed

(bits per unit time), which are pro�led on each mobile device. In Eq 3.12,Z equals

32 here because the transmission data size is 1{32 of the original transmission data

size. Because the unquantization procedure of GO in Fig. 3.9 is done sequentially,

the time consumption on unquantization is linearly related to the number of WNs.

Thus, the decision function of whether to leverage communication e�cient scheme

with N WNs is given by:

Decision� T1bit
comm   Tcomm ? True : False; (3.13)

which compares between the communication costs for these two training schemes

and chooses the one with less communication time. If Eq 3.13 holds, the scheduler

will use communication e�cient training because the extra computation overhead is

smaller than saved communication overhead and vice versa.
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Figure 3.10 : Experimental setup.

3.5 Incorporate Adaptive Scheduler to AdaLearner

In this section, we give the comprehensive scheme, which adapts the optimal con-

�guration (number of WNs, minibatch size, communication scheme) to the current

mobile resources. The outside loop of our scheduler algorithm iteratively estimates

the execution time with di�erent WNs. For each iteration, our scheme estimates

the time consumption with and without data compression and pick the one with

less time estimation. The scheme keeps running until it reaches the max WNs num-

ber or the minimal total estimated time. In AdaLearner, we focus on the partition

scheme with maximal parallelism of total minibatch size (Wcomp), where Wcomp =
° N

i � 1 Wcompri s. The total minibatch size in AdaLearner is prede�ned by the users.

In the experiment, we test our system with the most commonly used con�guration

whereWcomp � 128.

3.6 Experiments

3.6.1 System Implementation and Experiments Setup

In AdaLearner, we adopt and modify three software libraries for the computation

of neural network training and data communication. Targeting at e�cient compu-

tation, the local training procedure is implemented based on MXNet [64], which is

built under the concept of [10]. MXNet is a high-performance framework for neural

network training for desktops and servers realized in C++. However, MXNet only

provides the mobile platforms with testing capability. In this work, we modify the
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neural network training code in MXNet and recompile them to ARM-based Android

devices. In order to realize e�cient communication between nodes, Message Passing

Interface (MPI) is adopted in AdaLearner. However, none currently existing MPI

implementations explicitly o�er support for Android devices. As such, we modify

the source code and build process for an existing MPI implementation called Open

MPI [79] such that it compiled and ran on Android devices. Open MPI relies on

an SSH server and client implementation to serve as its underlying communication

channel between nodes. Again, while multiple SSH implementations exist for stan-

dard Linux distributions, none of them o�er direct support for Android platforms

due to the di�erence in security and account implementations. To get around this,

we modify the source code of Dropbear [80], an open-source SSH implementation

that speci�cally targets embedded devices with low storage, computing, and mem-

ory resources.

By merging the aforementioned libraries with the implementation logic in AdaLearner,

we realized a local distributed mobile system for neural network training on multiple

mobile devices. Our experiments are conducted on LG Nexus 5X running Android

6.0.1 with a 1.8 GHz processor and 2GB RAM. The experimental setup is depicted

in Fig. 3.10. We conduct the experiments on two image classi�cation datasets:

MNIST [81], CIFAR-10 [82]. In order to show the robustness of AdaLearner on

di�erent model complexities, three neural network model with increasing scales are

tested based on these two datasets, which are called Multi-layer Perceptron (MLP),

LeNet [19], and ConvNet [72], respectively. MLP only contains fully-connected lay-

ers while LeNet and ConvNet are two representative Convolutional Neural Networks

(CNNs) on MNIST and CIFAR-10.
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Figure 3.11 : Time consumption on three neural network models with e�cient
computation architecture.

3.6.2 Evaluation of E�cient Computation Architecture

The bars in Fig. 3.11 show the relationship between the number of WNs and their

corresponding execution time utilizing e�cient computation training architecture.

For e�cient computation architecture, the total execution time for training is made

up of the computation time denoted by the blue bars and the communication time

which is presented as the orange part of the stacked column in Fig. 3.11. Here we

de�ne the baseline as the training time on local devices. Additionally, the total

training time in the experimental results indicate the time consumption as the time

spent in a whole distributed training procedure of a single minibatch iteration. The

total number of iterations is de�ned by users. We can �nd that these three neural

network models show di�erent results compared with the baseline:

Fig. 3.11(a) shows the distributed training time on MLP, which keeps increasing

with the increase of the number of WNs. On the one hand, MLP is a model with

only fully-connected layers and is of extremely small scale and thus requiring less

computation cost. On the other hand, the model size is comparatively big (0:44MB ),

increasing the communication overhead. Therefore, compared with the local training

time (183ms), the communication overhead accounts for the main part in the total

training time, which occupies from 76% to 93% of the total training time for 2 to 6

WNs. In this scenario, our scheduler assigns all the work to the local devices for the

shortest training time.

The experimental results on LeNet in Fig. 3.11(b) show an obvious reduction in
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Figure 3.12 : Time consumption on three neural network models with e�cient
communication architecture.

total training time when the WNs increases from 2 to 4. The optimal setting of 4

WNs costs 6208ms, reaching 1:78� speedup compared with the local training time

of 11031ms. However, if we further increase the number of WNs, the total training

time is immersed by the communication cost, leading to worse performance. Hence,

4 WNs is optimal for LeNet in our e�cient computation architecture of AdaLearner.

Because of the intensive computation cost of ConvNet on Cifar-10 and small pa-

rameter size, the total training time keeps decreasing from 2 to 8 WNs in Fig. 3.11(c).

For example, the total training time of ConvNet is 3976ms while it costs 14780ms

for local execution, demonstrating 3:72� acceleration.

3.6.3 Evaluation of E�cient Communication Architecture

The bars in Fig. 3.12 demonstrate the total training time using e�cient communica-

tion architecture with 1-bit quantization technology. Besides computation cost and

communication cost, Fig. 3.12 also includes the time of the encoding and decoding

procedures. It can be clearly viewed that the extra overhead for encoding and de-

coding procedures is low when compared with computation cost and communication

cost, which is at most 10%, 8:5%, and 1:3% of the total training time for MLP,

LeNet, and ConvNet.

Mind that the communication time is the summation of transmission time and

wakeup time. The wakeup time in our experiments is tested to be about 100ms in

average, which a�ects the parallelism of small-scale neural network model like MLP:
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Figure 3.13 : Accuracy results using 1-bit quantization under di�erent number of
WNs.

In Fig. 3.12(a), although the transmission time decreases from 1572ms to 630ms,

the communication overhead is still the bottleneck with 1-bit quantization.

Thanks to the e�ectiveness of 1-bit quantization, when performing LeNet in

AdaLearner with e�cient communication architecture, the scalability is better than

that of e�cient computation architecture. As illustrated in Fig. 3.12(b), the to-

tal training time keeps decreasing from 2 to 8 WNs. In 8 WNs scenario, the total

training time comes to 3276ms, boasting the execution by 3:37� , which is better

than the optimal scenario of e�cient computation architecture (1:78� ). The same

result occurs for ConvNet in Fig. 3.12(c), where the total training time is decreased

to 3262ms, which is lower than 3976ms under e�cient computation architecture,

achieving 3:53� speedup.

3.6.4 Performance / Accuracy Tradeo�

The use of 1-bit quantization will may cause the tradeo� between training perfor-

mance and potential accuracy drop. Fig. 3.13(a), Fig. 3.13(b), and Fig. 3.13(c)

presents the accuracy results with the increase of training epoch with 2, 3, and 4

WNs on MLP, LeNet, and ConvNet. respectively.

Fig. 3.13(a) depicts the accuracy on MLP. Compared with the baseline accuracy

without 1-bit quantization (97:8%), 1-bit quantization results in the accuracy of

97:5%, 97:5%, and 97% respectively for 2, 3, and 4 WNs. The accuracy drop is

limited in less than 0:8%. For LeNet on MNIST, the corresponding accuracies of 2,
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3, and 4 WNs in the 20th epochs are 99:12%, 99:00%, and 99:01%. The accuracy

drop is constrained within 0:2% in comparison to the original baseline of 99:2%.

However, the accuracy drops higher in ConvNet in Fig. 3.13(c). Compare with the

baseline accuracy of 81:2% without using 1-bit quantization, our communication

e�cient training with 1-bit quantization on 2, 3, and 4 WNs can only reach the

accuracy 79:4%, 78:1%, and 77:3%, incurring 2:9% accuracy loss in average. The

high accuracy loss is due to the complexity of the dataset and the comparatively

simple model structure adopt in our experiment. Hence, whether to utilize 1-bit

quantization is according to the user real demand of performance-accuracy tradeo�.

3.7 Conclusion

In this work, we propose AdaLearner - an adaptive distributed mobile learning system

for neural networks to enable parallel training of neural networks on mobile platforms.

In AdaLearner, we �rst design the architectures tailored for distributed mobile de-

vices: e�cient computation architecture and e�cient communication architecture.

Then, 1-bit quantization technology is adopted and extended to convolutional layers

in e�cient communication architecture to largely compress the transmission data

size for better system scalability. Additionally, an adaptive scheduler is designed to

adapt the training con�guration to the mobile resources so as to realize high execu-

tion parallelism. Finally, we realize all the functionality of AdaLearner on several

Android devices and provide the total execution speedup with respect to a di�erent

number of worker nodes.
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4

E�cient Video Detection

4.1 Preliminary

4.1.1 DNN Model Pro�ling on Mobile Devices

Although DNNs allow for high accuracy, the limited computing resources available

on embedded platforms (e.g., smartphones) limit DNN accuracy and viability [76] [4].

Following the research of e�cient inference of DNNs on mobile platforms, the indus-

try develops machine learning toolkits for the mobile platforms. Some representative

toolkits targeting at embedded platforms includes CoreML [83], MxNet [64], Ca�e2

for mobile [65], and TensorFlow Lite [84]. Many prior works have focused on the

speed-accuracy tradeo� between di�erent DNN model structures. Table 4.1 illus-

trates the inference time of two representative DNNs [13][85] when run on 
agship

smartphones, as well as their realized Top-1 accuracy on the ImageNet dataset [34].

Table 4.1: Pro�ling of 2 state-of-the-art DNN models.

Pixel 2 iPhone 8 Top-1 Acc Param Input Size
MobileNet 166.5ms 32.2ms 70.9% 17MB 224� 224

Inception-v4 3180ms 611ms 80.2% 171MB 229� 229
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Those analyzing results are gathered from the o�cial site of TensorFlow [30], which

are highly representative. In Table 4.1, MobileNet [13] is an mobile-friendly net-

work structure designed for mobile devices, while Inception-v4 [85] represents the

state-of-the-art in accuracy. We can �nd that even the execution of highly-optimized

MobileNet is still limited to only 6fps on Pixel 2. Mind that the inference times in

Table 4.1 are measured from image classi�cation tasks, the input image resolution of

which is around 200� 200. However, typical input image resolution of video detection

is about 600� 1000. The corresponding computation cost increases by more than 10

times. Because deploying large video detection DNN on local mobile devices su�ers

from overwhelming computation costs and energy consumption, our detection sys-

tem targets a cloud-based video detection system that can achieve higher accuracy

and lower latency compared to local execution on mobile devices.

4.1.2 DNNs in Object Detection

Current main-stream DNN-based object detection frameworks can be divided into

two categories: region-based detection and region-free detection.

Region-based detection methods function by performing two distinct steps: �rst

generating region proposals, then performing classi�cation on each of the proposed

regions to create �nal detection results. An example of these types of detection

methods is presented in [86], where Daiet al. proposed R-FCN, which combines

both position-sensitive and classi�cation features for higher detection performance.

In [87], Kong et al. presented HyperNet, which aggregates hierarchical feature maps

into a uniform space referred to as a hyper feature. In [88], RON is established, which

leverages reverse connection to merge the features of di�erent scales.

Conversely, region-free detection methods treat the object positioning and clas-

si�cation as a single problem. For example, YOLO framework [89] is proposed to

detect the object position and class con�dence directly from a single shot. SSD [90]
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further improves it by utilizing di�erent feature map scales to semantically represent

di�erent object scales.

Generally, region-based methods achieve higher accuracy then region-free meth-

ods because of their dedicated detection pipeline while region-free methods get faster

execution speed because both localization and classi�cation are done simultaneously.

Both region-based detection and the region-free detection are mainly composed of

a deep stack of convolutional layers as feature extractors, introducing tremendous

computation cost. To get state-of-the-art accuracy, we incorporate a region-based

detection method to our system, which is R-FCN in speci�c [86].

4.1.3 Motion Vector in H.264 Video Codec

Considering the network bandwidth, video contents captured from mobile cameras

are compressed before being distributed. Among all the video coding formats, H.264

is one of the most widely-used formats, which is also known as MPEG-4 Part 10,

Advanced Video Coding [91]. One key reason for the �erce compression rate of H.264

is its utilization of motion compensation. During encoding, H.264 protocol gathers

certain successive video frames in a single group, which is named as Group of Pictures

(GoP). The size of GoP can either be a constant value (e.g., 30) or be dynamically

set based on the video content. Each GoP is made up of one I frame ("I" for Intra)

and multiple P and B frames ("P" for Prediction or "B" for Bidirectional). I frame

independently encodes a complete frame, which serves as the reference point for P

and B frame in the same GoP. P frames are predicted by analyzing the di�erence

between themselves with the previous P frames or I frames. Similar to P frames,

B frames are also predicted by the frame displacement except that they are allowed

to be compared with the later frames. Hence, P and B frame store fewer data with

high resolution. The video frames are divided into several macroblocks, serving as

the basic unit for predicting the frame di�erence. The macroblock size is typically
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set to 16� 16 in H.264. The di�erence between frames is described by motion vector,

including the source and destination of all macroblocks. In MobiEye, we adopt H.264

codec for e�cient communication between the mobile camera and the cloud under

wireless networks such as Wi-Fi or LTE networks.

4.1.4 Feature Map Sparsity in DNNs

Spatial-wise feature map pruning is a more straight-forward idea. In many image-

recognition problems, not all the space in the input image is of the same importance.

Such fact inspires some researchers to consider how to eliminate the meaningless

spatial area so that these areas do not need to be executed. Di�erent from tradi-

tional model compression which focuses on the zeros in weights, feature map sparsity

leverages the zeros in feature maps to accelerate DNN inference. Many priors works

accelerate DNN execution based on the feature map sparsity derived from the seman-

tic content of input images. In [92], Liet al. convert a DNN model into a cascaded

structure for image segmentation so that some simple objects can be identi�ed in

earlier cascaded layers. In [93], the author proposed a novel deep layer cascade (LC)

method which uses a single deep neural network to cascade di�erent objects in a sin-

gle frame. Fig.?? shows the architecture of Layer Cascade IRNet (IRNet-LC). We

can tell that, for IRNet, it does not compute all the spatial areas in all the layers. For

example, the background of the image has already been extracted in stage1. All the

following layers only calculate the area of the horse and person, which are detected

in stage2 and stage3, respectively. In [59], Figurnovet al. proposed PerforatedC-

NNs. PerforatedCNNs uses interpolation to deal with the spatial area that is not

calculated in the convolutional layer. The bene�t of PerforatedCNNs is that it does

not need to change the model structure while derives satisfactory speedup in testing

with tiny accuracy loss. In SBNet [58], gather and scatter operators are designed to

compute only the sub-blocks when a non-zero number in the feature map surpasses
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Figure 4.1 : System overview of our video detection system.

a threshold.

Compared to model compression, the advantage of feature map sparsity with

semantic properties (e.g., saliency) lies in the reduced amount of modi�cation to the

underlying DNN structure. In this paper, we design Spatial Sparsity Inference (SSI),

which spatially skips the feature map based on the proposed computation masks to

achieve speedup target with tiny accuracy loss. The idea and implementation of

incorporating spatial sparsity in video detection system from DNN-level are inspired

by PerforatedCNNs [59] and SBNet [58] with certain necessary modi�cations.

4.2 Methods

4.3 System Framework

Figure 4.1 shows an overview of our DNN-based video detection system. The upper

part of Figure 4.1 represents the edge user part, which captures the frames, encodes

them to video and transmits them to the cloud, waiting for the �nal detection result.

The bottom part denotes the execution 
ow of cloud processing. The received video

is �rst decoded and then fed to the DNN-based detector frame-wise.

Figure 4.1 also depicts the position where we add our three system-level opti-

mization methods:

(1) Asynchronous Deep Feature Flow (ADFF) : A system optimization of

DFF video detection framework [6] in the detector which uses a multi-threading

55



Figure 4.2 : Execution 
ow in DFFdetection framework [6].

method to asynchronous execute the DNN inference for lower latency.

(2) Video-based Dynamic Scheduling (VDS) : A system optimization which

dynamically adjusts key frame detection frequency based on the metadata (motion

vector) that has already presented in H.264 encoded video. The video decoder com-

ponent extracts the metadata and sent them to the detector.

(3) Spatial Sparsity Inference (SSI) : A DNN-related optimization that accel-

erates DNN inference by focusing only on visual saliency areas which can be manually

decided or with dynamic computation mask. More speci�cally, SSI accelerates DNN

by re-implement the convolutional layers in DNNs so that only the designated spatial

positions are convoluted.

4.3.1 Video Detection Framework (DFF)

We adopt a state-of-the-art video detection system: Deep Feature Flow (DFF) [6] as

DNN-based detector in our video detection system. The essence of DFFlies in that

it divides video frames into two kinds: key frames and inter frames. Key frames are

detected using traditional object detection DNNs, which is R-FCN in DFF, consisting

of a feature extractor network, Region Proposal Network (RPN), and classi�cation

network. But, for the detection of inter frames, DFFcompare themselves with the

previous key frame using a smaller network (optical 
ow network) and then generate

their feature map based on interpolation from the key frame feature map. According

56



to the default setting of DFF, a key frame occurs every 10 frames, with the other

9 frames being inter frames. As a result of that, the feature extractor network

is substituted by an optical 
ow network for all the inter frames, saving a lot of

inference time per video frame.

Figure 4.2 shows the execution 
ow in DFFdetection framework for key frame

and inter frame, respectively. The red arrow shows the execution 
ow of key frame

while the green arrow shows the execution 
ow of inter frame. More speci�cally,

DFFincludes four network components:

� Feature Extraction Network (FeatNet): Feature extraction network takes the

responsibility to extract the high-level feature from the raw image through

stacks of convolutional, activation, and pooling layers. FeatNet is the most

computation-intensive component among all the four components in DFF,

which utilizes ResNet-101 [94].

� Optical Flow Network (FlowNet): For the detection of inter frames, Optical


ow network computes the optical 
ow between the previous key frame and

themselves. In order to enable end-to-end training, such optical 
ow is also

realized by DNN called FlowNet [95].

� Propagation Function (Propagation): Propagation function takes the optical


ow between key frame and inter frame as well as the feature map of key frame

as input. Then, the propagation function interpolates the feature map of key

frame using optical 
ow via bilinear interpolation.

� Region Proposal Network (RPN) and Classi�cation Network: Region proposal

network is applied on the feature map of each frame to locate the potential area

of the objectiveness in the frames. The candidate Regions of Interest (RoIs)

are then fed into the classi�cation network, get the �nal object category by

57



Figure 4.3 : Original sequential execution of DFF (top) vs proposed asynchronous
execution of DFF (bottom).

pooling and voting procedures.

4.3.2 Asynchronous Computation (ADFF)

One limitation of DFFis that although it can achieve high framerate on average,

inference requires di�erent computation time depending on whether the current frame

is a key frame or an inter frame. This is a result of the di�erent network structures

utilized by each type of data. When running the original DFFcode on GTX 1080

GPU, the time of key frames is 0:09s, while the time of inter frames is 0:02s. It

means if the key frame interval is set as 7, the �rst key frame detection latency

is 0:09s followed by 6 inter frames that consume 0:02s per image. Such sequential

execution leads to unbalanced inference time, which is not desirable for real-time

applications.

Therefore, in our system, we execute the feature network and optical 
ow network

asynchronously. Figure 4.3 compares the original sequential (top) with proposed

asynchronous (bottom) execution of DFFwhen the key frame interval is set as 7.

In sequential execution, the �rst and eighth frame require 0:6s, while asynchronous

execution allows for an inference time of 0:2s for every frame. In asynchronous

execution, we set utilize two threads: one to execute key frame inference and the
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other to execute inter frame inference. Before the current key frame feature map is

generated, the inter frame uses the feature map of the last key frame and thus asyn-

chronously gets the detection results. By performing computations asynchronously,

detection latency only depends on the execution time of the optical 
ow network

and the transmission time of video frames. As shown in the bottom part of Figure

4.3, the �rst frame and the eighth frame are both key frame and inter frame for two

parallel threads. In the example of Figure 4.3, the feature map delay is 3 frames as

FeatNet is around 3� slower then FlowNet. More formally,

D f �
R

TF eatNet

TF lowNet

V
(4.1)

whereTF eatNet and TF lowNet are the inference times for FeatNet and FlowNet, respec-

tively, r�s rounds up to the nearest integer, andD f is the feature map delay in terms

of frame count. In practice,D f can be even smaller because of the communication

overhead. For example, under the scenario whereTF eatNet is 0:6s and TF lowNet is 0:2s

and we assume that the communication cost and other operations time (e.g. RPN)

equals 0:2s, the feature map delayD f will be 2 (0:6{p0:2 � 0:2q).

The correctness of the multi-threaded execution of ADFF is assured by mutex

to indicate when the current key frame feature map is available or not. Concretely,

if the current frame to be detected is a key frame, a new thread will be created,

executing the FeatNet. Once the thread is created, it will acquire a thread lock to

prevent the later inter frames from getting the wrong key frame feature map. In the

meantime, the current frame is also treated as inter frame so as to get the detection

results immediately and transfer the results back to edge users. When the FeatNet

of the newest key frame is generated, the thread lock will be released so that the

subsequent inter frames acquire the lock can compare themselves with the newest

generated feature map.
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Another di�erence between sequential and asynchronous DFFis that, in order to

reach the same accuracy, asynchronous DFFrequires a smaller key frame interval.

This is due to an increased time between key frames and the inter frames which

utilize their feature maps, and is an unavoidable result ofD f . For example, the

distance of sequential execution in Figure 4.3 is 6 while 9 for asynchronous one.

During experiments, we �nd the two threads works better when they are deployed

on di�erent GPUs. The reason lies in that if GPU memory are shared by two thread

executing two networks, the total GPU kernel is dynamically changed for each thread,

resulting in the 
uctuated inference time. If we execute two threads on two separate

GPUs, the inter frame inference time will not be negatively a�ected by the parallel

execution of key frame. Hence, in our experiment in Section 4.6, we set up our server

with two GPUs, running key frame and inter frame separately.

4.4 Video-based Dynamic Scheduling

As part of our detection system, we target the elimination of redundant calculations

within the video detection system. Our system attempts a similar goal by dividing

the input into key frames and inter frames, only performing higher-cost inference

on key frames when necessary. In DFF, key frames are selected at a set interval,

regardless of the underlying video data [6]. This overlooks the case where video clips

may contain long runs where there is very small displacement from one frame to

the next few frames. In such a case, key frame interval can be greatly increased

without loss of accuracy, reducing the requirement for expensive key frame inference

calculations. In our system, we design Video-based Dynamic Scheduling (VDS) to

dynamically determine whether the current frame is a key frame or not. By adopting

VDS, the feature map network is frequently executed when the movement in video

is fast, and rarely executed when movement is slow.
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Figure 4.4 : Optical 
ow using Lucas Kanade (left) and Gunnar Farneback (right).

4.4.1 Motion Vector and Optical Flow

The idea of Video-based Dynamic Scheduling (VDS) is inspired by the similarity

between motion vector and optical 
ow.

Motion vector in H.264 works in discrete domain, the values of which represent

the displacement of sub-blocks in the video frame. Optical 
ow is the motion of

image brightness in continuous domain, which could be caused by brightness change

that is not caused by real motion. But in 2-dimension images, optical 
ow is the

same as motion vector in ideal case [96].

One straight-forward idea is directly substituting motion vector in H.264 for the

FlowNet in our system. However, such a solution leads to several problems:

� Because H.264 utilizes variable block-size motion compensation, the resolution

in H264 motion vector could not be guaranteed to be identical with the output

dimension of FlowNet.

� During our experiment, we �nd that the sub-block size in H.264 motion vector

is not guaranteed to be the same for di�erent video frames, making it hard to

be converted to pixel-wise optical 
ow.

� The motion vector in H.264 is realized targeting video encoding and decoding

so that the accuracy of H.264 motion vector is much lower than FlowNet.
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Figure 4.5 : Standard H.264 GoP pattern (top) and adopted H.264 GoP pattern in
our system (bottom).

Unlike the work in [42], which utilizes motion vector from hardware-level, our work

focuses on software level optimization. Therefore, the aforementioned problems pre-

vent us from using motion vector in H.264 directly.

Additionally, we also tried to replace FlowNet with a more light-weighted optical

realization such as Lucas Kanade optical 
ow [97] or Gunnar Farneback optical


ow [98]. As can be seen in Figure 4.4, the accuracy of Lucas Kanade optical 
ow

if far worse then Gunnar Farneback optical 
ow although Lucas Kanade method is

much faster then Gunnar Farneback method. The experimental results show that,

even if we utilize Gunnar Farneback optical 
ow to replace original FlowNet, the

Mean Average Precision (mAP) still drops 9:6% when the frame interval is set as 10,

which is unacceptable. This result is consistent with the statement made in [6] that

the accuracy of FlowNet is the key to achieve a better speed-accuracy tradeo�.

4.4.2 H.264 Motion Vector Extraction

The key idea of capturing inter-frame movement quantity information is based on

the H.264 video codec. During server-side video decoding, the motion vector of the

frame is extracted at the same time. The H.264 GoP pattern adopted in our system

is described in the bottom of Figure 4.5, the top part of which shows a standard

GoP pattern. The GoP pattern of our system does not include B frames as the

nature of live video streaming means the required information from future frames is
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never available. Targeting dynamic key frame scheduling, the number of reference

frames is set to 1. In this way, all P frames motion vectors are calculated based on a

single prior frame, as shown in the bottom of Figure 4.5. Note that motion vector

extraction incurs no additional computation cost as the motion vector is already

encoded as part of the H.264 video stream.

4.4.3 Video-based Dynamic Scheduling (VDS)

In order to achieve high e�ciency, VDS is a simple scheduling scheme. VDS initial-

izes the dynamic frame interval ranging fromf i min to f i max , and the motion vector

magnitude from mvmin to mvmax . For each video frame, VDS calculates a scalar

mvmean , representing the mean of the magnitude of the incomingmvcur . Following

this, VDS maps mvmean to a new key frame interval (f i cur ) using Min-Max linear

mapping. We utilize mvacc, the accumulated motion vector over several continuous

frames, to denote the total motion from the last key frame until the current frame.

When mvacc is larger then mvmax , the minimum frame interval (f i min ) will be as-

signed to the current frame interval (f i cur ). We can �nd that the only computation

in VDS is vector summation and averaging, incurring little computation cost com-

pared with DNN inference. Furthermore, unlike [99], VDS does not require extra

learning procedures.

4.5 Inference with Spatial Sparsity

In Section 4.4, temporal redundancy in video detection system is eliminated via VDS.

In this section, a method for removal of spatial redundancy in video detection system

is also detailed.
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Figure 4.6 : Feedback computation mask.

Figure 4.7 : Brightness error computation mask.

4.5.1 Spatial Sparsity Inference (SSI)

The key idea of Spatial Sparsity Inference (SSI) lies in skipping unimportant pixels

in order to accelerate DNN execution. In SSI, we design two computation masks, in-

dicating the spatial position that could be skipped: (1)Computation mask based

on feedback detection results: Note that, in DFF, the inter frame is detected

based on the key frame and the optical 
ow between these two frames. Therefore,

the background part of both frames need not be examined by FlowNet in DFF,

as background movement would not a�ect �nal detection results. Figure 4.6 shows

an example of a feedback computation mask, where only the region within the red

bounding box is executed. The red bounding box is de�ned by the detection re-

sults from the key frame (green box), with an additional margin of constant size.

In MobiEye, we set the default margin as 64 due to the fact that, in FlowNet, the

ratio between the spatial size of the feature map before the �rst convolution and
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Figure 4.8 : Original layers (left) and layers with SSI functionality (right).

the smallest feature map after convolution is 64 : 1. The ratio can be inferred from

Figure 4.11, which isw{2 or w{2 divided byw{128 orh{128. For the feedback compu-

tation mask in SSI, the non-zero mask area grows with the increase in interval frames

between the last key frame and current inter frame due to the expected increase in

movement. (2)Computation mask based on brightness error: Feedback com-

putation masks reduce computational redundancies due to reprocessing of the image

background. However, they can not be applied when feedback detection results cover

the entire video frame. To deal with such a case, we design a computation mask based

on brightness error calculated by subtracting inter frame from key frame, which is

de�ned as:

Mask � 0where|Bkey � B inter |   thd; else1; (4.2)

wherethd stands for threshold of brightness error to be skipped andBkey and B inter

represent pixel value of key frame and inter frame, respectively. Figure 4.7 shows

the brightness error mask of an elephant video with a brightness threshold of 15. It

can be seen that a large region is unnecessary for re-calculation even though it falls

within the detection bounding box.

4.5.2 Realization of SSI Index Layer

The task of SSI index layer is to convert a binary computation mask to a non-zero

index array as well as the total size of non-zero numbers. The output of SSI index

layer will be fed to SSI convolutional layer so that the computation of zero activations
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Figure 4.9 : Realization of SSI index operation on GPU.

could be e�ciently skipped. The realization of SSI index operation on CPU is very

simple with the help of high-level API in existing scienti�c computing libraries such

as Numpy [100]. So, in this section, we focus on the GPU realization of SSI index

operation. Figure 4.9 depicts how to realize an e�cient SSI index operation on

GPU in parallel. Each position of the binary computation mask is assigned to one

GPU kernel for parallel execution. Then, for each GPU kernel, it decides whether

the assigned number is 0 or 1. If the assigned number is 0, the kernel will end its

execution thread. Otherwise (1), the kernel will �rst do an atomic addition to the

global position counter. Atomic addition assures the correctness of parallel execution

of SSI index operation so that two GPU kernel will not access and update the same

position in the output non-zero index array. After that, the thread will get the old

value before the atomic addition, indicating the position that can be �lled for the

current GPU kernel. Last, such GPU kernel will update the position in the non-zero

index array with the index of the non-zero number in the original computation mask.

As shown in the example of Figure 4.9, the �nal non-zero index array contains 0,

2, and 5, which are the position index of the input binary computation mask. Such

implementation is identical with SBNet [58] except that SBNet does such index

procedure block-wise while our work does it pixel-wise.
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Figure 4.10 : Procedures of SSI convolution operation.

4.5.3 Realization of SSI Convolutional Layer

Figure 4.8 presents the original layer modules (left) and their corresponding SSI

modules (right), except that SSI skips the spatial pixels for fast execution. Compared

with the original layer module with the feature map as input, the SSI module is fed

the same spatial size computation mask (as described in Section 4.5.1) and feature

map. To deal with the scale change in di�erent DNN layers, we borrow the idea from

SBNet [58] which uses a pooling operation followed by a threshold to downsample the

input computation mask. The convolution in the original layer module is replaced

with a SSI Conv Layer, which is similar to the perforated convolutional layer in

PerforatedCNNs.

Because SSI belongs to structured sparsity, it can better accelerate DNN execu-

tion with fully-optimized, dense GEMM in both CPU and GPU mode. Figure 4.10

details the procedures of the SSIConv operation layer. Before matrix to matrix mul-

tiplication in step 2, the input feature map is �rst expanded from a 3-dimension to a

2-dimension tensor with a patch to column operation. Patch here means a subset of

feature map which is of the same dimension of the convolution kernels. Originally,

each patch in the feature map are 
attened to a single matrix column iteratively

through X-axis and Y-axis. In SSIConv, patch to column operation takes the non-
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Figure 4.11 : Network Architecture of FlowNet in DFF.

zero index as input and iteratively assigns the column base on the patches with

the non-zero index. Compared to the original patch to column implementation, the

output matrix is smaller with fewer columns, leading to less memory consumption.

Take step 1 in Figure 4.10 as an example, the output matrix column is 3 because

the non-zero index only includes three index (0,2,5). Compared with original im-

plementation with 9 columns in the output matrix, SSIConv saves 2{3 memory

consumption. Consequently, step 2 in Figure 4.10 does the matrix multiplication

with a smaller matrix, saving 2{3 computation cost compared with original matrix

multiplication. Step 3 is an extra step for SSIConv operation, which expands the

output matrix to the original size based on the non-zero index.

4.5.4 Applying SSI on FlowNet

After using ADFF, the latency bottleneck comes to the inference time of FlowNet.

Thus, in our video detection system, we apply SSI on FlowNet to further accelerate

the inference latency per video frame. The FlowNet adopted in DFF is similar to the

FlowNetSimple model architecture in original work with little modi�cation [95] [6].
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The detailed network architecture is shown in Figure 4.11. The input of FlowNet is

a frame with height (h) and width (w), which is �rst compressed by half for both

dimensions in DFF [6]. There are totally six convolution groups, each of which de-

creases the original input feature map size by half. There is one convolution operation

in the groups of Conv1, Conv2, while there are two convolution operations in the

groups of Conv3, Conv4, Conv5, Conv6. After six convolution groups, the output

feature map dimension comes toh{128� w{128, which is fed into the re�nement lay-

ers. The re�nement layers �nally generate the optical 
ow with the spatial dimension

of h{16 � w{16 with 2 channels, representing the displacement of two frames from

x axis and y axis. Note that SSI index operation contains atomic addition, which

needed to be executed sequentially even on GPU. The time consumption of SSI index

operation increases quadratically with the increase of computation mask spatial scale

because of the atomic addition in Figure 4.9. As a result of that, applying SSI on

Conv1 and Conv2 could not achieve speedup in general. Therefore, in our system,

we apply SSI after two convolution groups.

4.5.5 Comparison of SSI with Related Works

The realization of SSI is jointly inspired by PerforatedCNNs [59] and SBNet [58], with

necessary modi�cations. More speci�cally, SSI is a combination of PerforatedCNNs

and SBNet. The reason why we combine the idea of PerforatedCNNs with SBNet in

SSI is due to their functional limitations when taken separately:

If individually adopted:

� PerforatedCNN supports e�cient pixel-wise skipping but the skip index is

static with the same computation mask for all input images. PerforatedC-

NNs could not be directly applied to our system because, in our system, the

computation mask is dynamically changing for the video frames.
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� SBNet supports dynamic computation mask but only realizes convolution op-

eration speedup in block-wise situations. However, SBNet could not achieve

speedup with a small scale feature map as input, which is common for the

latter layers in FlowNet. This is due to the computation overhead incurred by

Gather and Scatter when the feature map is of low dimension but high channel

size.

The reason why SBNet could not realize speedup under pixel-wise setting lies

in that SBNet adds two operations before and after original convolution operation,

which are Gather and Scatter. Gather operation slices an input feature map intoB

tensors with the height and width of a single sub-block, whereB stands for the total

number of dense sub-blocks. Scatter operation is the inverse operation of Gather

operation. Due to the complexity of tensor conversion, it could not achieve speedup

when the sub-block is small.

Therefore, SSI adopts the dynamic computation mask method from SBNet and

adopts e�cient convolution from PerforatedCNNs, yielding an e�cient convolution

inference with spatial sparsity.

4.6 Experiments

4.6.1 Experimental Setup

Test Benches: We implement our video detection system using the DFF [6] frame-

work, with all proposed optimization schemes compared to DFFas baseline. For

fairness of comparison, we directly utilize trained models from DFF without �ne-

tuning for all experiments. We adopt the ImageNet VID dataset for evaluation,

which includes 5354 annotated videos. The model structures adopted for the feature

extraction network and optical 
ow network are ResNet101 [94] and FlowNet [95],

respectively. Video frames are resized to 600 pixels on the shorter side as the input
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Figure 4.12 : (a) Motion value histogram on ImageNet VID with H.264, and (b)
encode/decode time on tested hardware.

of the feature network, and 300 pixels on the shorter side for the optical 
ow net-

work. In our experiments, the accuracy-related performance of the video detection

system is reported using a mean average precision (mAP), speed-related performance

is evaluated in terms of sparsity and milliseconds (ms).

System Environment: For the client side, we adopt the Nexus 5, and Pixel 2,

representing two popular Android-based smartphones. The Nexus 5 is powered by a

Quad-core Krait CPU with an Adreno 330 GPU and 2GB of RAM. The Pixel 2 is

equipped with an Octa-core Kryo CPU with an Adreno 540 GPU and 4 GB RAM.

We implement and deploy a H.264 video encoding application on both devices which

utilizes the EGL interface for e�cient GPU-accelerated encoding. For the server side,

we deploy our system on a server running Ubuntu 16.04, with a 16-core, 2.4GHz Intel

Xeon CPU, two NVIDIA GPU's (GeForce GTX 1080 and GeForce GTX TITAN),

and 128GB RAM. Corresponding to the video encoding performed on the Android

devices, we establish a video decoding application on the server with low-level �mpeg

and x264 libraries. For the DNN video frame inference module on the server side,

we extend the existing DFF project with our optimizations. DFF itself is based

on MXNet [64], a powerful deep learning framework developed by DMLC team.

Figure 4.12 (a) shows the histogram of the motion value derived from ImageNet

VID. For ease of visualization, all motion values larger than 10 are truncated. From
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Figure 4.13 : Communication time per frame under di�erent bandwidths and res-
olutions.

the �gure, it can be seen that the distribution of motion values is polarized: 29%

of the video motion values are smaller than 1 while 23% of the values are larger

than 9. The mean of the motion values is 6:83, and the median is 3:05. Figure 4.12

(b) shows the relationship between di�erent image scales and their corresponding

encoding/decoding time. Generally, Pixel 2 is faster than Nexus 5 for video encoding,

which consumes 14:9ms and 22:8ms on average, respectively. When the image scale

reaches 246K on the Pixel 2, the encoding time becomes shorter than when encoding

lower-scale images. This is due to the highly parallel nature of both the encoding

operation and of the mobile GPU itself, resulting in more e�cient computation when

performed at scale. The video decoding time from server side is 3:9ms per frame on

average.

4.6.2 Evaluation of Communication Cost

Figure 4.13 illustrates the average communication time per frame of transmitting the

H.264 encoded video of di�erent resolutions under di�erent uploading bandwidths.

The upload bandwidth we choose in Figure 4.13 is from 6Mbps to 21Mbps, which

is the common uploading bandwidth range in LTE [101], which is currently the

most popular communication standard for mobile devices. From Figure 4.13, we

�nd that H.264 could �ercely compress the video frame with high resolution. Even
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Figure 4.14 : Computation time comparison between sequential and asynchronous
execution of DFF.

with 1280� 960 video resolution, the average frame size is 1:98Mb while the original

raw data is 9:83Mb. However, under low uploading bandwidth, the communication

latency is still high (e.g. 330ms under 6Mbps for 1280� 960 video resolution).

Because the communication latency is linear related to the image resolution, di�erent

resolutions could be used for di�erent user requirements under di�erent uploading

bandwidth. Note that we could achieve even higher uploading bandwidth using other

communication protocols such as 5G network or Wi-Fi.

4.6.3 Evaluation of ADFF

Figure 4.14 compares DNN inference time between original sequential DFF and our

proposed ADFF. As indicated in Figure 4.14, the time consumption of each video

frame always equals the time for inter frame in ADFF. We �nd that the inference

time for key frame and inter frame are 93ms and 20ms for GTX TITAN, and 89 ms

and 19ms for GTX 1080. Given this, we deploy the key frame thread on GTX

TITAN and the inter frame on GTX 1080, as the latter card results in lower latency

for ADFF. In all cases, the time consumption per frame in the original sequential

DFF baseline is much higher than ADFF, which is due to the bottleneck of key frame

execution. Note thatdelay in ADFF is set as 3, and thatdelay should be no bigger

than the key frame interval. Hence, Figure 4.14 shows the key frame interval from 6.
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Figure 4.15 : mAP under di�erent average key frame interval with static scheme
and VDS scheme.

From the dotted line in Figure 4.14, we �nd that ADFF achieves 1:05� 1:47� and

1:1� 1:5� speedup compared with sequential DFF on GTX 1080 and GTX TITAN,

respectively. Another bene�t of ADFF is realized as uniform frame timings, whereas

sequential DFF is highly 
uctuating, tremendously a�ecting user experience.

4.6.4 Evaluation of VDS

Figure 4.15 presents the results of VDS scheme in our system, where the gray dots

show the baseline speed-accuracy tradeo� with a static key frame interval. For VDS,

we try three max motion values: 10, 20, and 30, the results of which are colored as

orange, yellow, and green. For each max motion value setting, we set the minimum

key frame interval as 5, 10, 15 and max key frame interval as 20, 30, 40, forming

a totally 9 dynamic interval ranges. As shown in Figure 4.15, when the key frame

interval is small (e.g., <12), VDS does not show an advantage compared to static key

frame scheduling. The reason for this is that the dynamic interval range is small

and thus there exists little optimization space for higher accuracy. The maximum

accuracy that can be reached is the situation where all the video frames are considered

as key frame. With the increase of key frame interval, we derive a higher accuracy

than baseline when adopting VDS. For example, when the average key frame interval

is 21:6, the mAP reaches 70:6%. Meanwhile, the mAP of static key frame scheduling
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