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[4] 41 OCT Alit 4]

@
OCT (nj, py) = max [ miEI}J{OCT(nj, pw) + w(nj,pw) + m}],

nj €succ(n;) Pw

® Cij =0 if pw =D&k

AR,
ej2=39) PE Aol thd OCT @& 9le] 4] 42 AR, ne gxa,
pt HlYEE PE, wi PEolAS] Blae] 43 A7k o= WEYI o=
Hog A7AE T a3 7t B4 AL ouAT. 4 4o D7 @
=285 19 63} 2k
2 o) De B8 19 69) WHoe AW A=t A e o=
Aol AEQTT s 1 e 19 69 ¥ e wAH
ASe B O3 golth P B o= Mbw Aoy mjEd o)

EFT(Earliest Finish Time)E 118, 2AlEH 2 e =o)|A dth

.

2] 49] D& YA T(succeeding) Ei2~TE] thsfiAx o]HZIT (
g 69 @) 18¥ 2E $9 "a3sed gk 17 69 O ko] ALkE

I Fell 7P 2 kel HFZHRA OCT ghol "k ol ksl 2AEH

@ c; + w,p) + OCT(ny,py)

®
o]

4
Cij ".'—‘ 0CT (n;, py)
’/’ w(n;,p2)
0CT(n, 1) .' ,

@

(23 6] OCT Akt ¥
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JHeuristicolgbar  AshH, ol F 3wA(ZY 79 ‘PEFT algorithm,
‘simple_ synthesis’, ‘iterative_improvement)= ¥t}

function JHeuristic {
for each application:
PEFT alrogithm(application)
simple_synthesis( )
for each application:
iterative_improvement(application)

return solutions

[28 7] Heuristic A 2=
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Abstract

A Scheduling Technique for Multiple Deep
Learning Applications on Heterogeneous Processors

Jnwoo Oh
School of Computer Science Engineering
The Graduate School

Seoul National University

The scheduling of multiple deep learning applications on heterogeneous
processors is basically an NP-hard problem with a very large problem
space. Meta-heuristics such as GAs (Genetic Algorithms) may be applied,
but these have the disadvantage of having too long an execution time to
be applied at run time. Therefore, this study proposes a new scheduling
heuristic, which complements this shortcoming and does not significantly
degrade scheduling performance. The proposed heuristic overcomes the
limitations of traditional list scheduling techniques that fail to take into
account the schedulability issue in the scheduling of multiple applications
and introduces a new approach called ‘synthesis and iterative
improvement’. It is confirmed through experiments with different deep
learning networks on heterogeneous processors (including CPUs, GPUs,
and NPUs) that the proposed heuristic produces good scheduling results
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that are sufficiently fast to apply at run time.

Key words: embedded system, deep learning, heterogeneous processars,

scheduling, heuristic
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