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. Abstract

Click-through rate (CTR) prediction is an estimate of the probabi
item and plays an important role in determining strategies for maxi

ility that a user will click on a given
imizing online ad revenue. Recently,

research has been performed to utilize CNN for CTR prediction. Since the CTR data does not have a
meaningful order in terms of correlation, the CTR data may be arranged in any order. However, because
CNN only learns local information limited by filter size, data arrays can have a significant impact on

performance. In this paper, we propose a multi-array CNN model
can extract all local feature information that CNN can collect, and le
modules. Experimental results for large data sets show that the
synergy with Rl in AUC compared to the existing CNN, and the
achieves 3.87% performance improvement over the random gene

that generates a data array set that
arns features through individual CNN
proposed model achieves a 22.6%
proposed array generation method
ration method.
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| Algorithm Field Array Configuration

Notation :
4: set of features
B: set of candidate sequence
(2 set of completed sequence
a: working sequence
. size of filter .

. # of empty slot in «

7. set of common features

>

Input : 4, &

output : 2

(1) while [Bl >0

(@) if |Bl ==1

3) Add the element of Bin £ and Exit algorithm
@ Choose a candidate 3 in B

() while A ) 0

6) 7 «— Forward_Search(a, f3, k)

@) if | (f-m N al==

(8 if 18l - 7l ¢ A

9) Append elements of 7 in front of «
(10) A~ A- |7

(11) if A==

(12) Add « in 2 and Exit while

(13) else

(14) 7 «— Backward_Search(a, f, k)

(15) if | (f-m N al==0

(16) if 16l =17l <A

17) Append elements of T subsequent to «
(18) A~ )X- |7l

(19 if A==

(20 Add a in 2 and Exit while

)
)

(21) else
) Exit while
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e AUC
CNN (Base) 0.6883
CNN-RD 0.7222
CNN-Proposed 0.7308
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ARk ohF v A3} o] & &83F 271 CNN 4
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3 dense datag ARESHA] QF9t7] W&ol LE 9]
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