Supplementary Material for
Dual Parameterization of Sparse Variational
Gaussian Processes

A Tighter Bound for the M-step

We here study the role of parameterizations £ in shaping the losses optimized during the M-step of
the EM learning procedure. Each parameterization £ has associated natural parameters 7.

We introduce an alternative expression of the loss £ in terms of the natural parameters of the prior 1,
and of the approximate posterior 7: £(g,0) = L(ng4, ). To simplify the presentation but without
loss of generality, we consider the case 8 = m,,, i.e. when the hyperparameters are directly the natural
parameters. The case we actually care about is when 6 indexes natural parameters 7),,(0), in which
case, the natural parameters lie on a manifold in 2.

We focus on the difference between parameterizations where the posterior statistics 77, depends on
the prior statistics 77, as in the dual parameterization A, where this dependence is linear 17 = 1, + A,
versus parameterizations that don’t, as in the & = (u, L) parameterization. To make this distinction
explicit we introduce the losses

[(771)) = L(np + )\*7 7717)» (25)
l(np) = L(ng,mp)- (26)

For a matched optimal E-step, i.e. 7, + A* = n; = arg max,, L(n, n,), the value of / and [ and their
gradient w.r.t. 7, are the same:

i(np) = l(TIp), 27
vnpl(np) = 8771L|nq* +8772L|np = 8nz'c|np = vnpl("p)- (28)
=0

In the conjugate regression case, we have that [ (np) > U(ny):

I(np) — U(np) = —(log p(D) — I(my)) + (log p(D) — I(m)) (29)
= —DxkL [np + A" || TIpost} +DxL [nq* npost] (30)

=0
= Dkw[ng+ || 17pose] > 0. G

We can’t show this in the non-conjugate setting but instead focus on the local behavior of I(7,,) and
1(n,). Specifically, since their gradients match, we study their Hessians, which are different:

Vioun, Lp) = 03 Ll,e + 0,0, L, + 207 0, Ll o, (32)
Vo, L01) = O, Lln, (33)
The Hessian difference between the two conditions is
AH =0} . Lln,. +202 1. Lln,.n, (34)
and using the identity
63]17]2'[/‘771:1*77? = —33717,217“(% + My Mp) lgem, = LMg-]- (35)
The Hessian difference can be expressed as
AH =0}, Lly,. +2I[ng]. (36)
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I(n,) is a local upper bound to I(1,) if AH > 0

AH =0 < 9, , Lln,. = —20[ng]. 37)

This corresponds to a condition on the curvature of the optimization problem in the preceding E-step.
We can verify that this condition is met in the conjugate case where

Onyymy Llng- = 05,3, Dxu | ] = —I[ng]. (38)

The condition is indeed met since the Fisher information matrix I[n,-] is positive semi-definite.

B Proposed Objective for the M-step of :-SVGP

Starting from hyperparameter 6,4, an E-step gives the optimal dual parameters A*. The objective for
the proposed M-step of ¢-SVGP is the ELBO in Eq. (8) for the variational distribution ¢, (u; 774(0))
with @ dependent parameters 7j,, (@) expressed in terms of the mean and covariance matrix as
Sa'mh, =Kyt (U0 kai)j;) and S5t = Kt + Kot (0 kuids ke ,) Koo, (39)
—_——

2,97,

=X =A;
Introducing ¢(f, u; 0) = pe(f|u)gu(u; B4 (0)), the ELBO for our proposed M-step is given by:

log

Hizl p(yi | fﬁM}
z(le) t*(u)pafhaypg(a)

=log Z(0) + ¢(0), (40)

where ¢(0) = Y1 Eq, (1,:0)[108 p(yi | fi)] — Eq, (ue)[log t*(u)] and log Z(0) is the log-partition
of the Gaussian gy, (u; 74(0))

1 _
log 2(8) = — - log(2m) — 105 [Kuu(6) A3 Kuu(6) + Kuu(6)

1~ A — —1 ~
— 57" [Kuu(0)A; ' Kua(6) + Kua(8)] '3, (41)
with y = Kuu(a)liglj\l.

C Efficient ELBO Computation for t-SVGP

We here detail the computations required to perform inference and learning using the dual parame-
terization. To perform inference, the variational expectations need to be evaluated. These require
the evaluation of the marginal predictions ¢(f(x;)) for all inputs x; in D. For learning, the ELBO in
Eq. (8) needs to be evaluated which requires the computation of a KL divergence.

In t-SVGP, the variational distribution ¢(u) = N(u|m, S) is parameterized in terms of its natural
parameters:

ST =K i + K ALK, (42)
S™'m =K )\, (43)
where - ~

A =>0" ki A and Ao =30 kLK (44)

Introducing R = Ky + Ao, the mean and covariance g(u) can be rewritten as:
S = (Kyu + KuuAoKn) ™! (45)
= Kuyu(Kuu + A2) 'Kyu (46)
= KuuR 'Kyu, (47)
m=K,,R A (48)
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This leads to simple closed form expressions for the marginal predictions:
g(f) = N(f* KRN Kow — KooKt K + KR 7Ky, (49)
and for the and KL divergence Eq. (8):

Dk (g(u) || p(u)) = % (tr (K;&S) + mTK;llm —k+4+1n |KuuS_1|) (50)
L (tr(KauR ™) =k + A/ R KuuR 7' — In[Kyu| + In[R]) . (51)

D Pseudocode for the ¢-SVGP Algorithm

We here detail the g-SVGP algorithm for inference and learning with the E-step as described in [2],
for parameterization £ = (m, L). The pseudocode shows an E-step comprised of K iterations of
natural gradient descent, followed by an M-step comprised of S gradient descent iterations with
learning rate .

Algorithm 1 ¢-SVGP

1: initialization at 6, &;

2: fork=0...K —1do

3 5(0) — & Initialization of the natural gradient descent iterations
4. fori=1...ndo .

5 q(k)(fi) = fpet (fil u)qsl )(u) du Marginal predictions
6: end for

k

7. LW =3 Eqo (£, logp(yi | fi)] — Dxu [qf, )(u) H De, (u)] ELBO
8: fr,(k) — é(k) Gaussian transformation
9: g(k) — VME(N(k))Vgﬁ(k)|£:£t Natural gradient
10 ) nk) 4 pgk) Natural gradient step
11: E(k+1) — T](kJrl) Gaussian transformation
12: end for

13: &1 < £5 End of E-step
14: 00 0, Initialization of the gradient descent iterations
15: fors=0...5 —1do

16: L&)(8) = —Dgp {ql(f)(u) Hpg(u)} KL of ELBO
17: 06+  gs) 4 ’YVQZ(S)|9=9(5) Gradient descent step for 6
18: end for

19: 0441 < 0% End of M-step

E Pseudocode for the -SVGP Algorithm

We here summarize the t-SVGP algorithm using the dual parameterization. The pseudocode shows
an E-step comprised of K iterations of natural gradient descent, followed by an M-step comprised of
S gradient descent iterations with learning rate .
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Algorithm 2 ¢-SVGP

1: initialization at 0;, \;
2: fork=0...K —1do

3: A0 As Initialization of the natural gradient descent iterations
4: fori=1...ndo

5: ql(lk)(fi) = fpgt (fl | u)q,(lk)(u; )\(k)) du Marginal predictions
6 =E o, [Vslogp(yi| f:)

7: p = E.® |:_v3“f log p(vi | fz)]

8: ggk) = (ﬁl(k)mgk) + Oél(»k), ,Bfk)) Natural gradient
9:  end for

10: ng-H) +~(1- r)ng) +r ZieM ku,'gglz) Natural gradient step
11: Aék-H) — (1 - T)Aék) +7r Zz’eM kuikzz‘gé{? Natural gradient step
12: end for

13: Apg1 AK) End of E-step
14: 00 0, Initialization of the gradient descent iterations
15: fors =0...5 —1do

16:  L&)(0) =log Z(5)(0) + ¢*)(0) ELBO
17 @G+ — 9() 4 ’)/VQZ(S) (0) Gradient step for 0
18: end for

19: 0441 < 05 End of M-step

F Data Sets and Experimental Details

F.1 UCI Data Sets

For the regression experiments, we ran the E-step with a learning rate of 1. The update amounts
to a closed form GP regression step given we have a conjugate model. We then ran the M-step 15
iterations with a learning rate of 0.2. In the classification examples we do not have closed form
updates and so ran the E-step 8 times with a learning rate of 0.7. The M-step was ran the same way
as in regression experiments. All other specifications where the same in all experiments. We choose
m = 50 and given the data sizes were small, we set the mini batch to equal the data size my = n,
so non stochastic gradients. The inducing points were initialized by K-means and optimized in the
M-step along with hyper parameters. We ran all experiments a total of 20 full EM iterations. We ran
5-fold cross validation and in Fig. 3 plotted the mean result of the the folds. The kernel used was a
Matérn-5/2 with lengthscale and amplitude both initialised at 1 similarly if a Gaussian likelihood was
used it was likewise initialised to 1. We now detail each data set: Airfoil: The airfoil self-noise data
set is regression task to predict scaled sound pressure. The data set has d = 5 and n = 1503 entries.
Boston housing: The task is to predict the median value of owner-occupied homes. The data set has
d = 12 and n = 506 entries. Concrete: The concrete compression data set is another regression
experiment, where the goal is predict concrete compressive strength with d = 5 and n = 1030.
Sonar: The data set is a classification example so we use a binomial likelihood. The goal is to predict
from some sonar information if an object is a rock or a mine, the number of features is d = 60 and
number of data points n = 208. Ionosphere: Another classification example where, ‘Good’ radar
shows evidence of some type of structure in the ionosphere and "Bad" no evidence. The ionosphere
data set has n = 351 and d = 34. Diabetes: The goal of the diabetes experiment is based on patient
medical information can we predict the diabetic outcome. The data consists of d = 8 and n = 768
entries.

F.2 MNIST Experiments

MNIST [1], available under CC BY-SA 3.0, is a handwritten digit classification task for digits 0-9.
We used a softmax likelihood with 10 latent GPs, one for each digit. The data set is n = 70, 000
and d = 256. We again used a Matérn-5/2 covariance function and set the number of inducing
points m = 100 and used a minibatch size of n;, = 200. The kernel lengthscale ¢ and amplitude o2
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Figure 5: Wall-clock speed for ¢-SVGP and ¢-SVGP as a function of the number of inducing points
m on the MNIST experiment.

were both initialised to 1 and the inducing points were randomly initialised. We alternated between
different learning rates and number of E and M-steps as detailed in Table 1.

F.3 TIllustrative Examples

For Fig. 1 (right) and Fig. 2 the experimental set up was similar. We considered a simplified one-
dimensional GP classification task simulated by thresholding a noisy sinc function and simulating
n = 100 observations. We considered m = 10 equally spaced inducing points for this task and fixed
the lengthscale hyperparameter to £ = 1/2.

F.4 Additional Experiments

We include Fig. 5 to show the effect of changing the number of inducing points on the wall-clock
speed. The experiment is the same as in App. F.2 but we now run only for 100 iterations of a single E
and M step. The chart shows that there is a constant factor caused by our computationally cheaper
E-step, the effect is substantial in most practical settings where m is set below 250.

G Author Contributions

The idea of dual parameterization presented in the first part of Sec. 3 and the new lower bound
discussed in Sec. 3.1 is due to MEK. The idea of using the dual parameterization to speed up SVGP
was conceived by PEC and VA, who derived the bound, with inspiration from separate prior work by
PEC, VA, and AS. PEC had the main responsibility of implementing the methods and conducting the
experiments, and VA of formalizing the methods. All authors contributed to finalizing the manuscript.
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