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Event Data Over Continuous-Time
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Marked Temporal Point Processes (MTPPs)

re X :={1,..., K}

)‘(t) = Z)‘x(t) = Z)\x(t | H(t))

Can be modeled by...

Total Intensity Mark-specific Intensities e Parametric: e.g., Hawkes

e Neural: e.g., neural/transformer Hawkes



Recurrent MTPPs ).(¢) = fi(h(?))
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E.g., Recurrent MTPP (Du et al., 2016) and Neural Hawkes process (Mei and Eisner, 2017).



Sequence Log-likelihood

Challenge for sets-valued events: |X| = oK

N T
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Model set structures directly
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Modeling Set Structures

Dynamic Dynamic
O O Bernoulli O O DPPs?
O(Kd) O(K® + Kd)
p(X =z | t,h(t)) ~ Bernoulli(0(¢)) p(X ==z h(?)) \aeaf(t&t)(i))l)
05 (t) = functiony,(h(¢)) fork € {1,...,K} L,(f) = ;;;gtion(% h(2))
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!DPPs: determinantal point processes (Macchi, 1975; Kulesza el al., 2012)
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Probabilistic Querying

History Model prediction
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Querying at item-level in the context of set-valued events:

p(ebefore T |history ) ?
p(e before o |history )?

Beyond one-step-ahead prediction

p(statement in the future | history)? —— Intractable!



Answering Queries: Naive Sampling (paey and vere-iones, 2003)

p(ebefore T |history )?
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Importance Sampling Estimators: Hitting Time Example

Boyd, Showalter, Mandt, Smyth. (NeurlIPS 2022)
Boyd, Chang, Mandt, Smyth. (AlStats 2023)

Define proposal distribution g ~ 4 (t) = 1 (no overlap in A and x) Az (¢):

p(hit(A) < t) = 1 — p(hit(A) > t)
=1—Ex~p [1 (noitem in A occurs in 10, t])]

= = - no item in A occurs in M
=1—Eyn~qg _]l( t & #10;4) q(’H[O,t])]
20040.1)]

L q(HI[0,t])

=1—Epnyg

Probability estimate by the model
t /
=1—Ep~yq [eXp (-/ A(S)ﬁA(S)dSH
0

Can be extended to general Boolean expressions, see paper for more details.



U CI University of
California, Irvine

Experiments
Dataset # Sequences # Items T4 Avg. Length
Shopping 174,615 21 366 kg
Music Listening 10,705 15 744 207
Movie Review 11,198 20 8,781 65
Online Courses 6,892 97 715 52

® Three main sets of experiments:
o Querying efficiency
o Test log-likelihood comparison (in paper)
o Query-based model selection (in paper)
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Evaluating Importance Estimators van dervaart, 2000)

Vary, [TNaive (H(T))]
Varg [ftimp. (H(71))]

Relative Efficiency :=

/

Intuition: # times fewer importance samples to achieve the same estimator variance.
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Relative Efficiency of Hitting Time Queries

Shopping data
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Statistical Efficiency of Hitting Time Queries
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Statistical Efficiency of “A-before-B” Queries
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Contributions

1. New probabilistic models for set-valued data in continuous-time.
2. New guerying methods to answer jtem-level queries for set-valued events.

3. Demonstrated significant improvements on modeling and
orders-of-magnitude improvements on querying efficiency over
alternative methods.

Poster @Today, Room 1 #53 Our paper: L

Email: yuxinc20@uci.edu

15


mailto:yuxinc20@uci.edu

