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» Event data : tweets/retweets, crime events, earthquakes,
patient visits o hospital, finance transactions, ....

» Learn temporal pattern of event data.
» Event time is random

» Complex dependency structure



Point Process Model

» Intensity function
A(t|H)dt = E[N[t, t + dt)]|H,]
where N[t t + dt) is the number of events falling in the set [t, t + dt).
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Traditional Maximume-Likelihood

Framework

» Model conditional intensity
/19 (tlg—[t) Model-
as a parametric/non-parametric form. misspecification!

» Learn model by maximizing likelihood

P(tq,ty, ..., t,) = exp < — Ag (t|FH}) dt> 1_[ Ao (t;|H )
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New Reinforcement Learning

Framework

» Learn policy
mg(alsy) = p(t; | ti—q, ..., t1)

where a € Rt is the next event time, to maximize cumulative reward .

» Learnreward
r(a)

to guide policy to imitate observed event data (expert).

g (alsy): LSTM

imitat < !
ate r(a,) r(az) r(as)
density

fr@) = f(t|13H)
\ T ;[' time

1 2 t3 t
\ J

U
5.
a
~}—eo
o

History 3,



Optimal Reward

» Inverse Reinforcement Learning

> r(e)

i
» Chooser € F be unit ball in Reproducing Kernel Hilbert Space
(RKHS). We obtain analytical optimal reward

rt= r;leaTX ( ]Eexpert

)

- maxE, {z r(a;)
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» Given L expert trajectories, M genera’red ’rrojec’rories by policy
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where k(t,t") is a universal RKHS kernel.



Modeling Framework
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Numerical Results

» Our method: RLPP

» Baselines:
» State-of-the-art methods: RMTPP(Du et al. 2016 KDD ) WGANTPP (Xiao et al. 2017 NIPS)

» Parametric baselines: Inhomogeneous Poisson (IP), Hawkes (SE), Self-correcting (SC)

» Comparison of learned empirical intensity

Metnods ® RealeRLPP WGAN IP-SE~RMTPP SC Methods ® Real®RLPP - WGAN IP - SE~RMTPP SC

[ venosseReal¢RLPP WGAN IP-SE-RMTPP SC o

N
&2l

Intensity
- n w
Intensity
N B
N Inter;nsny
o o

=)
o
o

4 ] 8
Time Index

[ ] 8
Time Index Time Index

» Comparison of runtfime

Method RLPP WGANTPP | RMTPP SE SC IP
Time 80 m 1560m 60m 2m 2m 2m
Ratio 40x 780x 30x 1x 1x Ix
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