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Process Table 1: Density estimation results on the hold-out test set for SPPs, averaged over three random
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A diffusion-based latent variable model

000 o600 seeds (bold best and underline second best).
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XX 000 Table 2: Conditional generation results on the hold-out test set for SPP, averaged over three random
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ti f | diti | task Process o - - Earthquakes Covid NJ Citybike Pinwheel
generation 1or complex conditional tasks N - MAEG) WDU) MAEG) WD) MAE(L WU MAEL WD)
C[(X |X X) REGULARIZED METHOD  30.419 0.162 16.075 0.148 7.740 0.115 3.547 0.150
t t+1, 40 POINT SET DIFFUSION 4.651 0.106 5.056 0.119 3.498 0.085 2.256 0.122
L Approximating the posterior
Motivation
STPP

Modelling the complex interactions between points
commonly leverages the conditional intensity

Table 3: Density estimation results on the hold-out test set for STPP, averaged over three random
seeds (bold best and underline second best).

function: Earthquakes Covid NJ Citybike Pinwheel
SL(l) MMD{) SL{) MMD{) SL({) MMD({) SL{) MMD()
Prob. Predict: DEEPSTPP 0.105 0266 0169 0.166 3257 0677 1.067  0.197
_ : : DIFFSTPP 0088 0064 0332 0.146 0560 0611 019  0.055
P {N (BS (x)) — 1‘ C(N (R\BS (x)))} Xo \ X¢aq AUTOSTPP 0073 0062 0364 0280 0598 0331 0.127  0.147

POINT SET DIFFUSION  0.042 0.023 0.189 0.043 0.032 0.020 0.023 0.020
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Table 4: Forecasting results on the hold-out test set for STPP, averaged over three random seeds
(bold best and underline second best).

where C represents the information of all other

- - hquak id N 1tvbik Pinwheel
oints outside the ball Bs centered at x. Earthquakes Covid NJ Citybike inwhee
5
MAE(]) CD() MAE() CD() MAE() CD() MAE() CD{)
DEEPSTPP 10.154 11.211 6.264 8.492 127.968 125.747 18.651 15.792
Ve Y DIFFSTPP 16.027 17.466 18.822 14.302 7.516 8.460 14.461 13.062

POINT SET DIFFUSION 7.407 10.458 7.293 10.865 5.928 7.225 6.341 6.437

Effectively modelling and sampling point
processes with the conditional intensity is a

fundamental problem having led to: Complex conditional sampling examples
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We propose to model point processes by /o &
: : : : ~ Q
directly learning to stochastically interpolate QQ? Paper and code are
between data and noise point sets - ‘ available here:
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