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Abstract—Deep convolutional neural networks have become
the mainstream solution for many artificial intelligence appli-
cations. However, they are still rarely deployed on mobile or
edge devices due to the cost of a substantial amount of data
movement among limited resources. The emerging processing-in-
memory neuromorphic architecture offers a promising direction
to accelerate the inference process. The key issue becomes how to
effectively allocate the processing of inference between computing
and storage resources on an edge device.

This paper presents Mobile-I, a resource allocation scheme
to accelerate the Inference process on Mobile or edge devices.
Mobile-I targets at the emerging 3D neuromorphic architecture
to reduce the processing latency among computing resources and
fully utilize the limited on-chip storage resources. We formulate
the target problem as a resource allocation problem and use a
software-based solution to offer the cross-platform deployment
across multiple mobile or edge devices. We conduct a set of
experiments using realistic workloads that are generated from
Intel Movidius neural compute stick. Experimental results show
that Mobile-I can effectively reduce the processing latency and
improve the utilization of computing resources with negligible
overhead in comparison with representative schemes.

Index Terms—Edge computing, memory management,
scheduling, neuromorphic architecture, inference

I. INTRODUCTION

HE acceleration of deep learning applications on specific

hardware resources normally involves two stages: train-
ing and inference. The training stage usually takes several
hours or days, and it is deployed in high-end servers. The
inference stage uses the previously trained parameters to
classify, recognize, and process unknown inputs [1]. With
more powerful and intelligent edge devices, there is a trend
to perform inference stage of deep learning locally on mobile
or edge devices. Although this trend is promising, moving
inference on edge devices has to solve several critical issues.
The key limiting factor is the cost of a substantial amount
of data movement among constrained computing and storage
resources.

Many emerging neuromorphic architectures (e.g.,
processing-in-memory) have been proposed to solve this
challenge [2]. They aim to place computing resources
inside or near storage to form the 3D stacked memory
architecture. Since the target hardware infrastructure can
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obtain a set of deterministic processing procedures of deep
learning applications, both deep learning applications and
underlying edge devices can be formally modelled. The
problem of performing inference on an edge device can
be transformed into the problem of resource allocation on
dedicated computing and storage resources. Specifically, a
CNN application can be modelled as a synchronous data flow
graph or a directed acyclic graph [3], [4]. Then the target
problem could be effectively solved using task scheduling
schemes.

In the previous work, some techniques solved task schedul-
ing problem on shared resources with a performance guar-
antee [5], [6]. Other works studied task scheduling for da-
ta flow graphs [7], and they can obtain optimal or near-
optimal task schedules. Although the task model in this paper
also represents a CNN application as a data flow graph,
the CNN application has many unique properties. The task
scheduling for general data flow graphs may not be applicable
to solve the scheduling problem for CNN applications on
edge devices. Some previous studies have proposed FPGA
(Field-Programmable Gate Array) and ASIC (Application-
Specific Integrated Circuit) accelerators to accelerate the data
processing of deep learning applications [8], [9]. Although
these hardware-based neuromorphic platforms can effectively
improve the processing procedure for specific applications,
they are limited by the scalability of the hardware platform.

This paper presents Mobile-1, a resource allocation scheme
to accelerate the Inference process on Mobile or edge devices.
The objective is to minimize the processing latency of CNN
applications and improve the cross-platform scalability for
mobile or edge devices. Mobile-I first captures the properties
of CNN applications and performs resource allocation on 3D
neuromorphic architecture. The generated initial schedule can
fully utilize computing resources. Mobile-I is compared with
representative schemes in terms of processing latency, utiliza-
tion of computing resource, and extra penalty for resource
allocation. We conduct a set of experiments using realistic
workloads that are generated from Intel neural compute stick
[10]. Experimental results show that Mobile-I can achieve
over 20% reductions in processing latency compared with
previous studies. Moreover, Mobile-I can effectively utilize the
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TABLE 1
SOME TYPES OF PROCESSING OPERATIONS DOMINATE THE TOTAL PROCESSING TIME FOR REPRESENTATIVE CNN APPLICATIONS.

[ Neural Networks [ Conv2DBackpropFilter | Conv2DBackproplnput | Conv2D | BiasAddGrad | HistogramSummary | Others |
vgg_default 40.83% 32.89% 12.03% 4.91% 0.00% 9.34%
alexnet_mnist 16.32% 28.67% 9.71% 1.05% 29.63% 14.62%
cnn_sentence_classify 32.65% 27.60% 12.45% 3.14% 0.00% 24.16%
LeNet 17.52% 15.63% 4.29% 3.90% 37.27% 21.39%
resnet_cifar56 49.01% 14.77% 5.50% 11.92% 0.00% 18.80%

[ Average T 3127% [ 391% [ 880% [ 498% | 3.38% [ 17.66% |

hardware resources with negligible space and timing overhead.

The rest of this paper is organized as follows. Section II
introduces system models used in the paper. Section III
presents the proposed Mobile-I in detail. Section IV shows
the experimental results. Finally, in Section V, we conclude
this paper and discuss the future work.

II. SYSTEM MODELS AND MOTIVATION
A. System Architecture

The emerging neuromorphic architecture integrates both
computing and storage resources in a single three-dimensional
circuit [2]. It can be incorporated into the resource-constrained
mobile or edge devices to accelerate the processing of deep
learning applications. Figure 1 illustrates a typical system
architecture, where several DRAM dies and a logic die are
stacked. Each DRAM die is partitioned into 16 sub-dies. The
sub-dies in the vertical direction form a vault, and each vault is
individually controlled by the vault controller in the logic die
[2]. Advanced 3D memory standards (e.g., Wide 1/0-2 [11]
and Hybrid Memory Cube (HMC) [12]) adopt similar system
architectures.

2D fully
connected
NoC

Fig. 1. The 3D-stacked neuromorphic architecture for CNN processing.

B. System Model

Convolutional neural network is inspired by the biolog-
ical nervous system, and it is widely deployed in various
deep learning systems. A CNN application has a standard
structure with several functional layers, which can be cat-
egorized as conmvolutional layers, pooling layers, and fully-
connected layers. Each layer can be further partitioned into
a set of operations. Based on the data flow of the processing,
a CNN application can be modelled as a directed acyclic
graph or a synchronous data flow graph G = (V,E,R),
where V= {T1,T5,...,T,} represents a set of n tasks.
Each task 7; denotes a computation operation, such as the
fine-grained addition, inner product operation, or comparison
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operation. Each task 7} associates with an execution time e;.
Each edge (T;,7;) € E represents the data flow from one
computation operation to another, and we use C'J’ to denote
the corresponding data transfer. Similarly, €’ is the time cost
or latency to transmit the required data from task 7; to T}.

C. Motivation

The inference on edge devices should consider the prop-
erties of the target deep learning application. For a CNN
application, we modelled it as a directed acyclic graph. Due
to the nature of inference, the processing procedure for one
CNN application does not affect the processing procedure for
another CNN application. For example, an image processing
application may receive several images, and the application
will recognize the feature of each image. Since the training
stage has already determined the parameters to inference, the
inference stage can concurrently handle multiple images with-
out causing data dependency issue. As a result, the processing
for a group of CNN applications will share the same training
parameters. This helps improve the utilization of hardware
resources and reduces the processing latency.

We also observe that, for a CNN application, there are sig-
nificant differences in processing time among different individ-
ual operations. We have obtained the processing time of sev-
eral CNN benchmarks. These benchmarks are trained at GPU
servers with TensorFlow. Table I illustrates the processing time
in terms of the type of operations. For each benchmark, some
types of operations dominate the total processing time, such
as Conv2DBackpropFilter and Conv2DBackpropInput. For ex-
ample, the operation Conv2DBackpropFilter takes 40.83%,
32.65%, and 49.01% processing time for benchmarks VG-
G_default, CNN_sequence_classify, and resnet_cifar56, re-
spectively. The allocation of a CNN application should con-
sider this variation in processing time.

Based on the model and analysis, we further formulate
the problem as follows: Given a directed acyclic graph
G = (V,E,R) to model a CNN application, the trained
parameters for inference, and a mobile or edge device with
3D neuromorphic architecture, we aim to solve the following
two problems:

o How to generate an initial schedule for computing tasks
T;,T; € V, such that the computing resources of the 3D
neuromorphic architecture can be fully exploited?

o How to jointly reschedule both computing tasks T;,T; €
V' and corresponding data transfer C;, (T;,T;) € E,
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such that a schedule with the minimum processing latency
can be generated?

III. MOBILE-I: INFERENCE FOR AN EDGE DEVICE WITH
NEUROMORPHIC ARCHITECTURE

A. Overview

Mobile-I aims to optimize the inference stage for mobile
or edge devices. Mobile-I first abstracts the properties of
a neural network and models it as a DAG. The inference
stage will determine the allocation and running parameters
of each operation for the target neural network. Specifically,
Mobile-I creates an initial schedule in one period, with the
objective of fully utilizing the computing resources. Based
on this initial schedule, Mobile-I reallocates the execution of
some operations in order to reduce the extra pre-processing
overhead. For the last step, Mobile-I will generate the final
schedule to optimize the allocation of data transfer on the
PE’s resource-constrained cache.

B. Generate an Initial Schedule

Mobile-I first generates an initial schedule to perform task
allocation and task mapping. The initial schedule aims to
provide a task schedule with guaranteed utilization ratio, and
the utilization ratio U, is defined as follows:

> it Xp

T,V

Uy = (M)

h-cp

where X, is the number of repeated execution for task set
{T1,...,T,} € V. For an inference process, it enforces on the
target neural network for X, s times. For example, an image
recognition application may handle a set of X, images,
and each image is individually processed by the inference
process. Then X, is a subset of X, that can form a repeated
execution for an inference process. ¢; is the execution time of
each computing task, h is the number of PEs, and ¢, is the
processing latency of these sets of tasks.

To improve the utilization ratio, the execution of X groups
of task sets could be concurrently executed and utilized the
empty time slots created by the execution of one single group
of task sets. This involves in the mixed task schedule to
prolong the execution of the task set. To preserve the data
dependency relations between each pair of computing tasks
T; and Tj, (ie., (T;,7;) € E, and {T;,T;} € V), task T;
has to be rescheduled into previous periods. The rescheduling
of task T; uses the retiming function R(T;). By retiming task
T; once, one period of task T; is rescheduled into the newly
added periods (called prologue). Prologue reflects the extra
pre-processing latency. The retiming function has to ensure

the data dependency, i.e.,
di + R(TZ) X Cp + Ci,j < Sj + B(TJ> X Cp, T, €V (2)

where d; is the finishing time of 7} and s; is the starting
(release) time of T;. Then the processing latency of the
schedule is

cser, = (max{|R(T;)|} + X) X cp, T, €V 3)
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Algorithm III.1 Generate an initial schedule for X, groups of a
period.

Require: A set of tasks {T1,...,7,} € V, Npg PEs, h tasks that
are concurrently executed within the same layer, PE’s threshold
utilization ratio Uj;m, the maximum repeated times Xji., of
tasks in the same iteration.

Ensure: An initial schedule for X, groups of a period.

1: Sort {T4,...,T,} € V first by ¢;, second by topology order.
while U,, < Ujir, and X, < Xyin, do
for each task 75 € V do
Assign T to PE; with minimum c,,.
Cp; £ Cp; +Cj-
end for
Xp+— Xp + 1
Update U,,.
9: end while

10: if X, equals to Xy;,,, then

11:  Choose X, with the maximum U,.

12: end if

AR AN AN

Algorithm III.1 presents the basic steps to generate an
initial schedule. It will first allocate the tasks with the longest
execution time, and followed by the topology order. The task
schedules with different groups are concatenated to form a new
schedule in each period. The data dependency is changed from
the intra-period dependency to the inter-period dependency,
and it is guaranteed by the retiming operations. In this way,
Mobile-I can generate a tight task schedule with the minimum
processing latency within each period. Mobile-I defines the
threshold utilization ratio Uy;p,. The utilization ratio U,, of the
generated initial schedule in each period should be greater than
Uiim. Mobile-I utilizes multi-issue scheduling to allocate tasks
on multiple PEs of the neuromorphic architecture. We assume
that hg is the maximum degree of concurrency of the task
graph G. Each issue follows the same task schedule. Then the
time complexity of Algorithm IIL.1 is O(X};,, X nx logh).

Figure 2 illustrates an example for the generation of the
initial schedule. We assume that the abstracted task graph
consists of six tasks, the system contains 4 PEs, and Up;,
is set as 90%. Figures 2(a) and 2(b) present the execution
time and the data dependency. Since the current utilization
ratio U,=(1 x 9)/(2 x 5) > 90%, the generated schedule does

€1=C3=C5=C¢=1, €2=2,¢4=3 PE,
PE; !
€3,55C4,6=C5,6=1

Ca4=2 TAT AT \T;\T5\Ts
(b) ()

C1,27C1,3=C2,4=C2,5=

: [T5] VAN T T, [0 -,
! T [T4] [ T, [T,EA T, BAT -
! Ty Ty T3
[ T, [Tl T; [T:lF] T, BAT] -

8 9 10 111213 14 1516 17 18 19 20 21 22 2|3
| prologue 1T period T

(d)

Fig. 2. Generate an initial schedule for computing tasks. (a) The DAG to
represent a neural network. (b) The execution time of each task. (c) The
schedule in a period with allocation order. (d) The initial schedule with
retiming to preserve data dependency.
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Algorithm II1.2 Update Node(T;, T;).

Require: Tasks T; and T}, moving interval [l;,7;] of task 7.
Ensure: Re-allocate task T; and update [I;,r;].
1: if the location of T} is not determined then

2 DiSy‘,’]‘ <—max(0, S; — d(l))

3 if Disi,j < ¢;,; then

4 Get unselected node set Vunselect.

5: d; < 1r; — E

6 R(i) +min R(z) R(S 3

7 else

8: d; < 7;. )

9 R(i) min(R(i), | R0 ey )
10:  end if '

11: Determine the location of Tj.

12: else

130 R(i) <-min(R(i), | B ep—dizeig )
14: end if g

not need to add an additional group of task sets, and each
period is 5 time units. The generated initial schedule is shown
in Figure 2(d). The maximum retiming operations is 4, and
the prologue is 18 time units.

C. Reducing the Extra Processing Latency with Re-allocation
of Tasks

Mobile-I further re-allocates the execution order in each
period. For a pair of dependent tasks T; and T}, we first
determine the location for successor task 7j, and use its
location to further re-allocate the location for its predecessor
task 7;. Algorithm III.2 presents the detailed steps to re-
allocate predecessor task 7;. There are basically three cases:
(1) Dis;; < ¢;; and T; is ahead of 7). Task T; will be
allocated to the end of the moving interval [I;, r;], i.e., d; < 7;.
(2) Dis; ; < ¢; 5 and T} is ahead of T;. Task T; in the previous
period will be selected as the dependent task of T}, and T;
should also be moved to the end of the moving interval. (3)
Dis; ; > c; j. For tasks within the moving interval of T;, the
undetermined tasks within this moving interval form a task
set Vi,ove. We can move these tasks to let the actual distance
Dis; ; close to ¢; ;. After determining the location of 77, all
these three cases should update the retiming value of 7;. The
time complexity of Algorithm II1.2 is O(n).

Algorithm III.2 presents the methods to re-allocate tasks.
It aims to provide timing interval for dependent tasks and let
the irrelevant tasks to fill the time slot between dependent
tasks. By doing this, the associated data transfer could be
allocated and concurrently executed with these irrelevant tasks.
An unsolved problem is to find the first successor task 7; and
traverse all task sets from T3.

We present the basic steps to select 7). The starting point
for traversing is the task with the longest processing latency,
and we denote this kind of task as critical task. Mobile-I first
creates the task set V._,.; for critical tasks. We rank tasks
by the execution time, the longest execution time iS ¢puq4-
If task T; with execution time ¢; is greater than « - ¢paz,
where « is set as 0.8 in this paper. The rest task set belongs
t0 Vincheck. Figure 3 illustrates a run time example. Task Ty
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(e) ®

Fig. 3. Traverse the graph from critical tasks. (a) Select T4 as the critical
task. (b) Traverse predecessor tasks 7o and T3. (c¢) Traverse T3 and finish the
first round of traversing. (d) Select T as the new critical task. (e) Traverse all
predecessor tasks and record the status of T4. (f) Update the retiming value
and location of tasks from Ty.

is the critical task, and the traversing will start from 7T and
spread to its predecessor tasks 75 and T3. After traversing
Ty, the first diffusion process is over. Then in Figure 3(d),
a new critical task 7§ is selected. If its predecessor task has
been visited (e.g., T4), we will check whether the location
of T, should be modified. Mobile-I only records this task,
while not continuing traversing from task T,. After all tasks
have been traversed, Mobile-I begins to update all predecessor
tasks starting from the recorded task with the largest topology
order.

In previous steps, we generate a task schedule for computing
tasks. The final task schedule is jointly affected by the alloca-
tion of computing tasks and their associated data transfer tasks.
The allocation of computing tasks determines the relative
data dependency across multiple periods. The last step is to
allocate data transfer tasks with the objective of reducing
the extra pre-processing latency for prologue. We record the
iterative solutions with the subset of data transfer tasks. The
final schedule for data transfer tasks could be obtained by
recursively visiting the solution with the minimum prologue.
Based on the model, Mobile-I can generate the final schedule,

PE, T4 -Tsll
PE, : T, L (T[T T T -
PE; | 3 [T5]
=T o
T N ]
CacheOM ; m [ 13 [l [ G4 -,
Cache1 | m l1.21 [ I1.21 [ ha -,
Cache2 _ PPE . I: 1A [ha 1ha4l [ I3 (G4 -,
Cache3 |__ VI l121 \ l1.21 [ ha -,
| I v
I
I
I
I
I
|
eDRAM <’
| |
i i
I I 1
i i I3, [ T56 | gul
: | | T |
| ! I I l | e
912345678910111213141516171319
-
I

prologue ™~ period |

Fig. 4. The final schedule with high utilization ratio of PEs and reduced extra
pre-processing for prologue.
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TABLE II
THE PROCESSING LATENCY FOR MEMOLUTION [13], SPARTA [14], AND OUR MOBILE-I ON 16, 32, AND 64 PROCESSING ENGINES.

# of |# of] 16-PE 32-PE 64-PE
Benchmarks vertexjedge|| SPARTA | Memolution | Mobile-I [| SPARTA | Memolution | Mobile-I || SPARTA [ Memolution | Mobile-I
MobileNetSSD 84 |106 57.86 34.63 30.38 32.17 19.49 15.28 17.71 11.92 7.72
AgeNet 15 | 15 51.07 17.49 17.09 28.38 9.23 8.58 15.02 5.10 4.33
AlexNet 26 |30 108.75 37.57 35.11 60.45 20.17 17.76 31.99 11.47 9.11
GENDERNET 15 [ 15 50.31 17.24 16.97 27.96 9.10 8.52 14.80 5.03 4.30
GooglLeNet 78 159 83.40 39.28 36.58 45.06 21.18 18.46 23.52 12.13 9.40
Inception_ResNet || 294 [410 746.00 521.57 295.36 414.09 382.29 156.39 218.87 312.65 86.90
Inception_v1 75 |155 84.50 36.92 34.51 46.09 19.82 17.43 23.99 11.27 8.88
Inception_v2 87 |184 96.42 50.71 47.18 51.95 27.35 23.84 26.94 15.66 12.17
SqueezeNet 34 |42 50.18 19.81 18.73 27.89 10.59 9.50 14.76 5.98 4.90
Tiny-YOLO 18 |18 133.82 47.33 44.30 74.38 25.31 22.33 39.36 14.29 11.37

which is shown in Figure 4. Compared to the initial schedule
(as shown in Figure 2), the final schedule further reduces the
extra pre-processing latency by one period. For the inference
process that needs to handle several hundreds of task sets, this
newly added prologue can improve the utilization ratio of PEs
and reduce the unnecessary extra processing latency caused
by critical tasks.

IV. EVALUATION
A. Experimental Setup

We conducted experiments using a set of benchmarks from
real-life CNN applications. The widely used open-source
deep learning framework TensorFlow [15] is used to train
neural network models and abstract graph representations. We
utilized Intel Neural Compute Stick (NCS) [10] to track the
timing parameters, data dependency relations, and transfer rate
for each event. Intel NCS is a tiny fanless deep learning
device to learn Al programming at the edge. The directed
acyclic graphs are abstracted from TensorBoard and log files of
TensorFlow to determine the functionality of the deep learning
applications.

Mobile-I is compared with Memolution [13] and SPARTA
[14]. Memolution presents a task allocation scheme for CNNs.
SPARTA is a throughput-aware task scheduling scheme for
multi-core system architecture. Therefore, these schemes are
selected for comparison. The neuromorphic architecture is im-
plemented based on the extension of the model in Neurocube
[2]. The trained neural networks are deployed inference on
target neuromorphic architecture.

B. Results and Discussion

1) Processing Latency: Table Il presents the processing
latency of Memolution [13], SPARTA [14], and the proposed
Mobile-I under 16, 32, and 64 PEs. From the experimental
results, Mobile-I can reduce the processing latency by 17.54%
and 62.88% compared to Memolution and SPARTA, respec-
tively. This is mainly due to joint optimization of the initial
schedule and the re-order of critical tasks. SPARTA does not
change data dependency relationships across multiple periods.
Even though it can effectively allocate tasks with reduced
processing latency, the data transfer will cost extra delay.
Memolution adopts retiming technique to reschedule tasks.
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However, it does not consider the timing differences among
multiple tasks. Therefore, the results for processing latency of
their schemes are longer than our scheme.

2) Extra Latency for Pre-processing: Both Memolution
and the proposed Mobile-I adopt retiming operations, and we
report the normalized extra latency. From the experimental
results in Figure 5, Mobile-I can significantly reduce the extra
latency for pre-processing. The time cost is only 11.40% on
average compared to Memolution. The reduction of the extra
latency for pre-processing leads to the improvement of the
processing efficiency. Mobile-I captures the unique properties
of neural network applications and allocates the critical tasks
with the highest priority. This optimization strategy effectively
prevents the waste of time due to the allocation of critical
tasks.

3) Utilization Ratio of PEs: Figure 6 illustrates the utiliza-
tion ratio of PEs for Memolution, SPARTA, and our proposed
Mobile-I. In Mobile-I, the threshold utilization ratio is set as
92%. As expected, Mobile-I achieves the highest utilization
ratio (96.14% on average). The utilization ratios for Mem-
olution and SPARTA are 79.75% and 35.72%, respectively.
SPARTA has to maintain the data dependency within the
same period, so it cannot overlap the execution of computing
tasks with other data transfer tasks. Although Memolution can
effectively improve its utilization ratio, its schedule does not
handle critical tasks. The experimental results of extra latency
for pre-processing also prove that some sets of the tasks have
to be processed in the pre-processing procedure, which leads
to the low utilization ratio of PEs. Mobile-I can effectively
utilize both computing and storage resources, and they can

H:I Memolution [l Mobile-I \

Prologue Length

\‘55
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\e\\\e ~NOv
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po? ?5‘@ 3° “o“/ Q\‘(’“/Q\;e

\~\
%
£ \oeo® <Y

e‘fS
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Fig. 5. The prologue time for Memolution [13] and our Mobile-I on 16, 32,
and 64 processing engines.
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Fig. 6. The utilization ratio of processing engines for Memolution [1

provide services with low latency.

V. CONCLUSION

This paper presents a task scheduling technique called
Mobile-I to accelerate deep learning inference in edge devices.
We jointly optimize both computing and storage resources
such that the processing delay can be effectively reduced
and cross-platform scalability can be improved. Experimental
results show that the proposed Mobile-I can significantly
reduce the processing delay and effectively utilize the limited
resources on edge devices compared to the previous studies.
In the future, we plan to investigate the use of our technique
on other emerging neuromorphic architectures and propose a
general scheduling framework that can be applied to different
system architectures.
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