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Resource-Aware Neural Architecture Search for

Multicore Embedded Real-Time Systems
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Abstract

Creating neural networks in a non-automatic way is a slow process based on trial and error. When the number
of network parameters or the number of layers increases, the non-automatic method becomes very expensive
and the final result may be suboptimal. Automatic network architecture search algorithms are used to solve this
problem. Recently, these algorithms have been able to achieve high accuracies on various datasets such as
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CIFAR-10, ImageNet, and Penn Tree Bank. These algorithms have the ability to search a wide space of
architectures with different characteristics such as network depth, width, connection method, and operations in
order to discover architectures with appropriate accuracy. However, one of the traditional challenges of these
algorithms is their high search time (Approximately tens of thousands of GPU hours), which has been reduced
to tens of hours with new research. Another challenge that usually exists in these methods is their focus on
improving network accuracy, while other criteria such as network speed and consumed resources are not taken
into account. As a result, these methods cannot be used directly to find the optimal architecture in embedded
systems that have limited resources such as processing power, memory, and energy consumption. Therefore,
search methods should be devised that are aware of these limitations. Research has been done in this field in
recent years, but these methods do not focus specifically on coarse-grained multi-core architectures that do not
have a GPU. In this article, we present a method for the automatic design of networks that are suitable for
running on multi-core processors. In this method, based on gradient descent, a SuperNet with parallel paths and
computational blocks is created. The number of parallel paths is equal to or less than the number of cores. We
use a series of decision variables to select appropriate operations in each block of the path. In addition to
deciding on the operations performed in each block, deciding is also made regarding synchronization points to
utilize the intermediate results of parallel paths and improve the network's accuracy. Then, by training the
decision variables (block type and synchronization points) simultaneously with the main network weights, an
appropriate subnetwork is selected. Due to the use of the gradient descent method in this approach, the training
process is performed only twice, resulting in the final structure of the network. As a result, it has a much lower
execution time compared to other methods based on evolutionary search and reinforcement learning.
Additionally, considering the constraints of the target system, such as the number of cores and memory
consumption, can lead to a more suitable architecture compared to other methods. Experiments conducted on
the CIFAR-10 dataset demonstrate that the proposed method can achieve satisfactory accuracy with very little
search time.

Keywords: Neural network architecture search, embedded systems, parallelization, multi-core processors,
gradient descent method.
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(Figure-1): Neural architecture search process.
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(Figure-1): Deployment of a neural network in an embedded system [8].
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(Figure-7): The impact of synchronization points on network accuracy and latency

sadl lg oo ol obul glp a5 05 o0 L
28,5k e ]y Sk

2 spe iy sgiy Sl oy V-0
Elslo g 25 Jolai abii g lrasl
256 slagyyy dilisee polie b asis il LialesT cnl 5o
o iole;] asn ;o iw e Loigel (A, F) o &b
A slbay (o o4h o ad S s s = 0.28 luis
OXD g YXY igails Oldos £45 90 ¢ 2 j0 4SS
0% O T S VON I IR CC oW S XS R R
FRRCON ER SRRV KON PR GU RPN ISP CE9°
5 ),.>b W8S yuizmed tCawlodds ool las (V) Jgu
A oz Ghjgalim aSeh il fres Slaslre e
bi Casloads ool las (A) UKo o el 51 S
oole Oygods ot e Slewbre Sl 3G
] jatrioe Jaaz (0 aS jeb yles tailoads ools yiolad
L Slles 510 0gdi o o i &S o Gral3il L
s b B pals b asS solitl (g,%eS Slasle
isel wnlp s whee a5 50 &l 5o Sl
Sade Ll b oy YU I, aSis 85 b ogd oo cul
5 285 G cemilie ol b Glgie B gl cenlie
25 B ) &S Ce p

3boplSon 2hii (g0, .

s 5loplSan Ll plas g b .Y
Siloplen planl Al 9o o9 )l .Y
SiloplRon (bl Al 55 (o5 Jlab £

ONNX Coo 3 4y b Jos b slasiulesT alsl sl

Sayd nl 0 d9zee ileane 5l B owal fas
batch=1 531l L (539,9 b ce y siale;] w09 ool
L)M.:Lc)T By ‘MLQA R uw..)‘)s‘ 6|); Cowloads r:L?u‘
Caloads (5,155 bl uSilee § Canloals I ST L ws
el b g phale] o 5 el cds bl
Y e 50 aleads 5|8 lwgie S8y g Cawlonys
OOPPE b s e 5 TXY G250 L e SO
35 g 3B (V) S8 caslond 48,5 i OXO
IS ol o aSsbles s e lis 1) Leasl
GilwpRor bl plod fog Jld b aSliss ol asuine
tmlod ) 00l bl glodSiid o j0 EBS e
bl slas ogJled sl a2o o lis loges puizmes
NOWESNEE T PSR SUEE RSP S AL VS
ol ple cwlosss b giluplKon dhis z
T CERNRCI RN e S PR B NRRNOEN R R
Silwplfen bla 545 a5 ams o plis Sialejl ol
o aSd Sl Al g e aSid cds il el

A5 i L 5 5 (g slons 230 5T gy 1Y Jga2)

(Table-2): The effect of the impact factor of the computational cost of the network.
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(Figure-8): The effect of the impact factor of network computational cost on accuracy, latency,
and the number of floating-point operations.
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