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A Task Allocation Model for CPU-GPU Heterogeneous System
Based on SVMs
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Abstract To improve the performance and efficiency of heterogeneous system a two-stage task
allocation model is proposed and implemented by which the workload allocated to CPU and GPU
is adjusted several times to decrease the execution time to the maximum extent. Firstly the
support vector machine SVM is used to classify a task into CPU and GPU in pre-treating.
Then after adjusting the allocation sets several times the model carries out task allocation in the
light of the characteristic and status of processors and the result produced by the first stage.
Moreover a real heterogeneous system is evaluated through several benchmarks on the proposed
model. Experimental results demonstrate that the proposed model can achieve an average 43. 54%
of performance improvement compared with some of the leading-edge allocation techniques.
Key words GPU graphics processing unit SVM support vector machine  heterogeneous
system machine learning task pre-treat task allocation
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type p, =CPU type p, =GPU. type
p; type e CPU GPU util CPU GPU
Pi comp Pi
bandwidth PCI-E PCI-E
1.3.2
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xeC xeC, xeG, xe
G, X X; X X 1
x,eC, xeG, xeG, xeC,
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Table 1 Waiting time for data
Wait x; Wait x, Wait x,
a b Exec x; —
c d Exec x; +Trans ux; —
e 1 Max Exec x; Exec x, +Trans x, —
f Exec x; +Trans x; + Exec x, Exec x; +Trans x;
g i Exec x; + Max Trans x; Exec x, + Trans x, Exec x;
h k Exec x; +Trans x; + Exec x, +Trans x, Exec x; +Trans x;
j Exec x; + Trans x; + Exec x, Exec x; +Trans x;
p=1k=j-1
m 0 Exec x; +Trans x; +— z p- Exec x, Wait x;
no LS
k-1 1 p=1i=k-1
n p Exec x; +Trans x, + Zmax Exec x,,, Trans x;, — p- Exec x;
7 [t
k p=1i=k-1
r Exec x; — - Exec x;
d Z n p=n-1 P
s t Exec x; + Exec x, Exec x;
® " Exec x; X; 5
@ .Trans x, x, PCI-E
k
g,/a 8 - Wait x;  Wait x,
(1) % x
& '
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@ x; x;eD x
(p) E j XX Ei = x, x,
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Fig. 2 Basic data relation among tasks . .
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define CG and GC as set for task may move from C,
to G, and from G, to C, define M, as a set for task

moved from G, to C, or C, to G,

compute Exec C, Exec G, Wait C. Wait
G, Exec K. Exec K; Manage x .
while true

for inti=1isIxl i+ +
if x, is not the original or the destination and x; is not
belong to M,
if x;eC,
+CG

x;—CG newC, = C, -CG newG, = G,

else

x,—GC newC, = C, +GC newG, = G, -GC
newC, Exec K. Exec

Exec K

compute Exec

newG, Wait newC, Wait newG,

newManage x .

if newManage x < Manage x small j+ + =
newManage x

else
delete x; from CG or GC

if small is not empty

find a task set x; dose not have independency with
others in newManage x in CG and GC
e CG

it x

move x; from C, to G,

else

move x; from G, to C, put x; into M, refresh

D x

compute Exec C, Exec G, Wait C,

Wait G, Exec K. Exec K; Manage x .

else break
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Fig. 4 Performance of the allocation model
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