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Learning TPPs with sampling-based losses

Sampling losses are common in variational inference, reinforcement learning

L(0) = Etpg(o) lg(t)]
We show how to optimize such objectives thanks to
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Fast and Flexible Temporal Point Processes
with Triangular Maps

Defining TPPs as transformations

Integrated intensity function (compensator)

tl:dr

« Represent temporal point process densities as transformations

t
Define flexible, tractable and efficient (parallelizable) A (t) = Altlty, s tiog) = jo A (w)du

transformations on sequences as compositions of simple maps Random time change theorem 1. Reparametrization trick for TPPs that allows computing Vy £ with Monte Carlo
* — -1
Reparametrization trick + differentiable relaxation enable 71 A(t) ' ] A(T) Et-powy[9(D] = Ez-spp [g (F 6 (Z))]
learning TPPs with sampling-based losses Z2| _ A(t,|t,) _F ) 2. Differentiable relaxation to £ that removes discontinuities w.r.t. 6
‘ : ‘ A*(t3) — Instead of discarding t; > T, use indicator functions
|ZN | -A(tNltlJ ""tN—l)- _tN_

Use TPPs for variational inference in Markov jump processes — Sigmoid relaxes the indicator function

A*(ty) 1(t; <T) = o(T — t;)

The sequence z = F(t) is distributed according A™(t1)
to the Standard Poisson Process

Scalability analysis
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What is a temporal point process?

Temporal point process (TPP) is a probability distribution over variable-

The triangular map F defines the TPP density
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length event sequences t = (t4, ..., ty) on an interval [0, T] N IN*(t,) f o g —¢~ RNN
p(t) = ‘ ‘ exp(—A*(T)) g g
dt; S g
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Jacobian Standard Poisson process 2 X 7S 7€ < 7 7< n =
l I determinant of F density at z = F(t) 10! 10°
l l Inverse transform Sampling for TPPS 25 50 100 200 400 800 1600 25 50 100 200 400 800 1600
| | _ Sequence Length Sequence Length
| i > 1. Sample z from the standard Poisson process
0 ty £, ts by ts T 2. Transform t = F~1(z) Density estimation
3. Discard events t; after T : T
. ' Test set negative log-likelihood
How are TPPs usually defined?
| Hawkes] Hawkes2 SC IPP MRP RP | PUBG Reddit-C Reddit-S Taxi Twitter Yelpl Yelp2
ifi I I I * I - 1 IPP 1.06 1.03 1.00 0.71 0.70 0.89 -0.06 -1.59 -4.08 -0.68 1.60 0.62 -0.05
Condltlonal IntenSIty funCthn A (t) deSC”beS A Maln Idea RP 0.65 0.08 094 0.85 0.68 0.24 0.12 -2.08 -4.00 -0.58 1.20 0.67 -0.02
the rate Of arrival new eventS at tlme t given MRP 0.65 0.07 093 0.71 036 0.25 -0.83 -2.13 -4.38 -0.68 1.23 0.61 -0.10
- - Y S I Hawkes 0.51 0.06 100 0.86 098 0.39 0.11 -2.40 -4.19 -0.64 1.04 0.69 0.01
th h t Deflne TPPS by dlreCtIy SpeCIfylng the trlanQUIar map F RNVIzI 0.52 -0.03 0.79 073 0.37 0.24 -1.96 -2.40 -4.89 -0.66 1.08 0.67 -0.08
€ nistory TriTPP 0.56 0.00 083 071 035 024 | -241 236  -449 -067 106 064 -0.09
N T : Maximum mean discrepancy between model samples and the test set
— * _ * . E .
p(t) = ‘ ‘ A*(t;) exp( j A (u)du) : : HOW ShOUId we pa rametrlze F ? | Hawkes! Hawkes2 SC IPP MRP RP | PUBG Reddit-C Reddit-S Taxi Twitter Yelpl Yelp2
[ 0 . . IPP 0.08 009 058 002 0.15 0.07 0.01 0.10 0.21 0.10 0.16 0.15 0.16
. . . . RP 0.06 006 1.13 034 124 0.01 0.46 0.07 0.18 0.57 0.14 0.16 0.23
: : The parametrization of F must be MRP 0.05 0.06 050 002 011 002| 0.12 0.09 020 009 013 013 0.16
. . - . . . . . Hawk: 0.02 0.04 058 036 0.65 0.05 0.16 0.04 0.35 0.20 0.20 0.20 0.32
State-of-the-art approaches parametrize 1*(t) : : >  flexible — able to represent different distributions RNN 001 002 019 005 017 001! 023 004 009 013 008 019 018
. . _ . . . TriTPP 0.03 0.03 0.23 0.02 0.08 0.01 0.16 0.07 0.16 0.08 0.08 0.12 0.14
with autoregressive neural nets t L2 « fast —we can compute F(t) and F~1(z) analytically in O(N) parallel operations ! B
. . . . True MJP trajectory
“/ Autoregressive models are flexible Solution: Define F as a composition of easy-to-invert transformations Variational inference in — Sttel T Siate — Swte3 ' Observedevent
X Sequential sampling is extremely slow C . ®, B; B, ] b, D . A Markov jump processes || L J | | L%l |
%) m ~ 1P T
o n . . . .
§ . F‘ L. L -'l. 'l. .  Goal: Infer the posterior distribution Variational inference
o) O O | m . . )
o - o over the latent state in a continuous- \
3 ..I N -.I "u ..l

Research question
How can we define TPPs that are

time discrete-state system
« Approximate posterior over the jump

MCMC

times modeled with TriTPP
ELBO can be optimized thanks to fast

— New efficient parametrizations for existing TPP models
— TriTPP: A new flexible model where all operations can be done in .

« as flexible as autoregressive models?
« where we can both sample & compute likelihood in parallel?

v ) | v

parallel

sampling + reparametrization trick +
differentiable relaxation 0
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