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Introduction

® Every minute:
@ 400h of video
¥ 350 000 tweets
@ 500 000 comments
G 4 200 000 searches
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Introduction

® Every minute:
@ 400h of video
¥ 350 000 tweets
@ 500 000 comments
G 4 200 000 searches

® How to make sense out of that?
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Figure 1: A typical stream from r/news
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Introduction

® Every minute:
@ 400h of video
¥ 350 000 tweets
@ 500 000 comments
G 4 200 000 searches

® How to automatically make sense out of that?
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Figure 1: A typical stream from r/news — with topics
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Introduction
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Information available

® Main clues:

o Textual information
o Temporal information
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Background
(1)

State of the art

® | ots of works consider time by sampling observations
® (Du et al., KDD 2015): Dirichlet-Hawkes prior (Bayesian inference)

P(cluster|text, time) oc  P(text|cluster) x P(cluster|time, history)
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Background
oce

State of the art

® The model takes this form:

P(cluster|text, time) oc  P(text|cluster) x P(cluster|time, history)

Textual likelihood Temporal prior
(Dirichlet-Multinomial) (Dirichlet-Hawkes)

® But does the prior probability have to evolve linearly with the
intensity?

I Prior prob. cluster 1
I Prior prob. cluster 2
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Model and data
®00

Powered Dirichlet Hawkes process

® P(c|t,H): prior probability of cluster ¢ at time t given history 1
® )\ (t): intensity of cluster c at time t
® We define the Powered Dirichlet-Hawkes process:
Ac(t)" e
P(clt, ) = | oo He=hon K
) Y o . _
soTy ny I €= K+

Il Prior prob. cluster 1
I Prior prob. cluster 2
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Model and data
oeo

Changes induced by PDHP

P(cluster|text, time) oc P(text|cluster) x P(cluster|time, r, history)

Textual likelihood PDHP temporal prior
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Model and data
ooe

Datasets

® 300 synthetic datasets
o 10 for each value of temporal and textual overlaps
© 10 for each value of decorrelation
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—— Intensity cluster 2
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Experiments
[ JeleleTolo)

Overlaps

e Qverlaps are defined as follow:
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Experiments
0®0000
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a. Hawkes intensities overlap: 0.0
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Experiments
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Datasets

e \We decorrelate text and time
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—— Intensity cluster 2
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Experiments
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Datasets

e \We decorrelate text and time
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Experiments
000®00

nce between textual and temporal NMI

Random cluster assignment: 20% of observations

etter textual clustering 0~ ANM!

R Better temporal clustering
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Experiments
0000®0

Application to a real-world dataset
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Experiments
00000e

Other metrics
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Conclusion
.

Thanks for your attention!

Hawkes intensities overlap: 0.0
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Appendix
®00

Optimization

For each new document
For each particle

Step 1 Step 2 Step 3
Cluster selection for document i Update Ci's Hawkes parameters Update particle weights

[Parlicle weight at i-1] X [Likelihood Eq.9
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Appendix
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Decorrelation (1 run)
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Appendix
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Raw NMI

Vocabulary overlap: 0.5
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