20194 EAlsts

YEC3|

=2x ®26A ®135 (2019, 5)

=nid %3

a4l

«hory ot

’

e-mail

710l A Hawkes Z2ZA|2 7|vk A 2o #A3F AT+

Py
%913]
HFE 2L E o] 3tz
© sangwonhwang@naver . com

Hawkes Process based Generative Model in Mobile AD Technology
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2. Background on Hawkes Process
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3.2. 3| HA3 2 Gradient Hawkes
SGD(Stochastic Gradient Descent)®'H& 83}
Negative Log Likelihood(10)E A 3}5}= Walo
gHeprHE HAsksig. olw) z+ syt +HE
W) 7}#] SGD & WS} o]F Cumulative Intensity
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Hawkes

Algorithm iterator fit

1. input: event times 7’ with flow capacity Ao(t)
2. output : parameters of exponential kernel #, &, 0,v
3. while parameters get converged
(a) for each time unit out of eval points with Z;
(b) distance — (evaluation point; — 1;)
i+ +
(c) optimize parameters which minimize
negative log likelihood {()
(d) return K, &, 0.~
4. input : CIF values on time line 13
5. output : parameter ¥
6. while parameter ¥ gets converged
(@) optimize ¥ which minimize MSE
(b) return Y
7. update 7Y

(19 4) st # 4 5)

~1(6) = / At ., 0)dtda — / log)\(t,;r:,ﬁ)N(dt,d(a::Lz))

A(E) = Yholt) + 7 / ot —T)

(11)
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7000 Time Stamps % 2000 Time Stamps ©]t}. 1¥
5% 5000 Time Stamps & 3h5et Azolal 19 6=
10000 Time Stamps & 53l o] ddolg ele] Hlw
g zolty, 18 594 A& 5000 Time
Stamps ol A &S At thS 2000 Time
Stamps & oS¢t 275 Yepdt. 220 I EE
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MSE Min 1st Qu Median Mean 3rd Qu Max
Raw Data 0 5.00 17.00 22.00 25.09 33.00 60.00
Power Law 96.787444203194 | 14.98 26.92 31.89 35.29 42.84 134.80
Exponential 7.5030165214 7.503 18.280 22.630 25.590 33.220 50.240
(1% 8) o5 3t A&
6. FuE3
[1]Field-aware Factorization Machines for CTR
Prediction
[2]REGULATION (EU) 2016/679 OF THE EUROPEAN
PARLTAMENT AND OF THE COUNCIL
[3]Improvement of the LPWAN AMI backhaul’ s
(29 9 A% wel 5000 Stamps S/ 2000 latency thanks to reinforcement learning
. algorithms
Stamps o =
[4]1Rodriguez, G. (2007). Lecture Notes on
5. 28 # ¥F A7 Generalized Linear Models. URL:
B owemod= ol Abgal Ajole] CIR o= @ http://data.princeton.edu/wws509/notes
Feature Data © 7]¥tst 7|AIgrGo =3txo] Qld

il V)&= QFA T Eoko|A Hawkes Process =

ol AlZE ElolE dERto R

Pt ARl Tdo

WAE 2 R

RL

il

N
N
olr
]
o
T
x2
iy
t
L
ey
jlieA

92 delEwozE

S&% Axl d
B Aoz o s wiZel AD Tech wof #Exnb
olyg} Feature Data 7|WF 7Z|AStGo] oS
wokell Al &g Thed Aor oFHn. sHAW

Hawkes X @o] zt= A (over-fitting) =A<}
sampling ¥&  AFy} Fypdow Hasd).

Conversion Rate(Number of Conversion / Number of

Click) o552 #Fa 7|& HokilA Fask FAo|t).

Hawkes 7|8t ARGy} A7AdS 233 Hybrid
Model & w}lBrSo = conversion #¥ % Conversion
Rate & dS53l= ATE &5 A7 Hx=2 ).

[5]JA. G. Hawkes.
exciting and mutually exciting point processes.
Biometrika, pp. 89-90.

1971. Spectra of some self-

[6] Rizoiu, M.-A.,
M., Yu, H.,
HIP: Hawkes Intensity Processes for Social Media

Xie, L.,
& Van Hentenryck, P. Expecting to be

Sanner, S., Cebrian,

Popularity. In 26th International Conference on
World Wide Web — WWW * 17, pp. 735-744, Perth,
Australia, 2017. doi: 10.1145/3038912.305265

[7]http://labs.criteo.com/wp—
content /uploads/2014/07/criteo_conversion_logs.ta
r.gz

- 507 -





