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1 ELBO derivations

Here we derive the expressions given in Egs. (7)-(10). As given in Eq. (7) the evidence lower bound
(Lewo) decomposes as:
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Let’s now focus on the terms 75,7 = 1, ..., 5.
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The term T3 (Eq. (8)) is given by:
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The term 75 (Eq. (9)) is given by:
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The term T (Eq. (10)) is given by:
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Finally, the term 75 (Eq. (9)) is given by:
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Notice how the last term in 7 that is —Eq[log(M!)], appears with opposite sign in Tp =
Eq[log(M?!)]. This term is thus cancelling out in the computation of the ELBO.

2 Performance metrics
We test the algorithms evaluating the /> norm to the true intensity function (in the synthetic settings),

the test log likelihood (/4¢4:) on the test set and the negative log predicted likelihood (NLPL) on the
training set. These metrics are computed as follow:
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where \(x) is the true intensity function, A(x) is the posterior mean intensity and the integral is
evaluated numerically.



Table 1: Synthetic data A1 (x) - EC performance on training and test dataset. Higher values are better.

A1(x) - In-sample EC A1(x) - Out-of-sample EC
10% c1 20% c1 30%c1 40%ct 50%cr 10%c1 20%ci 30%c1t 40% ct  50% C1

STVB  1.00 1.00 1.00 1.00 100  0.96 0.88 0.81 0.72 0.60
0.00)  (0.00) (0.00) (0.00) (0.00) (0.24) (0.24)  (023)  (0.29)  (0.29)
MFVB  1.00 1.00 1.00 1.00 1.00 095 0.80 0.76 0.61 0.52
0.00)  (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)  (0.00)
vBPP  1.00 1.00 1.00 1.00 0.10 1.00 0.97 0.75 0.41 0.04
0.00)  (0.00)  (0.00) (0.00) (0.30) (0.00) (0.05) (021) (0.25)  (0.09)
sGcp 100 1.00 1.00 1.00 060  0.75 0.60 0.39 0.27 0.08
0.00)  (0.00) (0.00) (0.00) (049  (0.29) (0.33)  (0.28) (0.22)  (0.12)
LGepr  0.70 0.00 0.00 0.00 000 048 0.22 0.08 0.03 0.01
046)  (0.00)  (0.00)  (0.00) (0.00) (0.00) (0.00)  (0.00)  (0.00)  (0.00)
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where again the integral is computed via numerical integration.

The NLPL is computed as
138
NLPL = — = ; log p(Nirain| /X A (x)dx)

where S denotes the number of samples from the variational distributions ¢(f) and g(\*).

Finally, the EC is computed by evaluating the coverage of the CIs of the posterior (p(/N|D)) and predic-
tive (p(IN*|D)). To construct the empirical count distribution we sample from the variational distribu-
tions ¢(f) and ¢(\*), obtain samples of \(x) and simulate N or N* from Poisson(A\* [, o(f(x))dx).

3 Additional experimental results

For all comparisons we consider a GP with squared-exponential covariance function with equally
set hyperparameters. Denote by 8, = (I, a]%) the values of the hyperameters for the kernel function

K (x,x") on A\;(x) where [ indicates the lenghtscale. We set:

* 6, =(10,1)
« 6y, =(0.25,1)
. 65 =(15,1)

For the real-world settings we have:

® eneuronul data — (107 ]-)

* Otaxidata = (0~37 1)

* Bspatio—lemporal taxi data — (0'37 1)
3.1 Synthetic data experiments

In Tab. and[3] we report the values of EC for different CIs and on both the training and test set.

3.2 Real data experiments

In Tab. |4 we report the values of EC for different CIs and on both the training and test set.



Table 2: Synthetic data Az (x) - EC performance on training and test dataset. Higher values are better.

A2(x) - In-sample EC A2(x) - Out-of-sample EC

10% c1 20% ct 30% 1 40%cl 50%ci 10%cl 20%cl 30% ci 40% 1 50% Cl
sTve 100 1.00 1.00 1.00 1.00 1.00 0.97 0.91 0.88 0.86
0.00)  (0.00) (0.00) (0.00) (0.00) (0.00) (0.09) (024) (0.23)  (0.22)
MFVB  1.00 1.00 1.00 1.00 .00 092 0.92 0.89 0.84 0.82
0.00)  (0.00)  (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)  (0.00)
vBPP  1.00 1.00 1.00 1.00 010 092 0.86 0.76 0.45 0.05
0.00)  (0.00) (0.00) (0.00) (0.30) (0.24) (0.23)  (026) (0.26)  (0.05)
sgep 1.0 0.90 0.70 0.40 030  0.90 0.90 0.64 0.14 0.00
0.00)  (0.30)  (0.46) (0.49)  (0.46)  (0.00)  (0.00)  (0.09)  (0.05)  (0.00)
LGepr  0.10 0.00 0.00 0.00 000  0.80 0.22 0.04 0.00 0.00
030)  (0.00)  (0.00) (0.00) (0.00) (0.24) (0.16)  (0.08)  (0.00)  (0.00)

Table 3: Synthetic data A3(x) - EC performance on training and test dataset. Higher values are better.

A3(x) - In-sample EC A3(x) - Out-of-sample EC

10%c1 20%c1 30%cr 40%c1 50%ct 10%cr 20%ct 30%ct 40% ct - 50% CI
STVB  1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.99 0.97 0.92
0.00)  (0.00)  (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.12)
MFVB  1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.97 0.91 0.78
0.00)  (0.00)  (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)  (0.00)
vBPP  1.00 1.00 1.00 1.00 010  0.97 0.94 0.83 0.43 0.03
0.00)  (0.00)  (0.00) (0.00) (0.30) (0.09) (0.15) (0.19)  (0.14)  (0.05)
sGeP 0.80 0.70 0.50 0.40 000 082 0.54 0.49 0.34 0.02
0.40)  (046)  (0.50)  (0.49)  (0.00) (0.12)  (0.05)  (0.03) (0.07)  (0.04)
LGer  1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.95
0.00)  (0.00)  (0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)  (0.00)

Table 4: Real data. Values are given as In-sample - Out-of-sample EC. Mean and standard errors (in
parenthesis) are computed across different seeds.

Neuronal data

10% EC 20% EC 30% EC 40% EC 50%EC

STVB 1.00-1.00 1.00-1.00 1.00-1.00 0.99-0.56 0.01- 0.00
0.00 - 0.00 0.00 - 0.00 0.00-0.00 (0.10)-(0.50)  (0.10)-0.00
MEVB 1.00-1.00 1.00-0.62 1.00-0.03 0.78-0.00 0.00 - 0.00
0.00 - 0.00 0.00-(0.49) 0.00-(0.17) (0.41)-0.00 0.00 - 0.00

VBPP 1.00-0.53 1.00-0.00 1.00-0.00 0.83-0.00 0.01-0.00
0.00-(0.50) 0.00 - 0.00 0.00 - 0.00 (0.38)-0.00 (0.10)-0.00

Taxi data

10% EC 20%EC 30% EC 40% EC 50% EC

STVB 1.00-1.00 1.00-1.00 0.81-0.37 0.09-0.01 0.00-0.00
0.00-0.00 0.00-0.00 (0.39)-(0.48)  (0.29)-(0.10) 0.00-0.00

MEVE 0.49-0.93 0.00-0.13 0.00-0.00 0.00-0.00 0.00-0.00
(0.50)-(0.26)  0.00-(0.34) 0.00-0.00 0.00-0.00 0.00-0.00

VBPP 1.00-0.00 1.00-0.00 0.98-0.00 0.48-0.00 0.00- 0.00

0.00- (0.00)  0.00-(0.00)  (0.14)-(0.00)  (0.50)-0.00  0.00-0.00
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