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Abstract

Gaussian process prior with an appropriate likelihood function is a flexible non-parametric model
for a variety of learning tasks. One important and standard task is multi-class classification, which
is the categorization of an item into one of several fixed classes. A usual likelihood function for
this is the multinomial logistic likelihood function. However, exact inference with this model has
proved to be difficult because high-dimensional integrations are required. In this paper, we pro-
pose a variational approximation to this model, and we describe the optimization of the variational
parameters. Experiments have shown our approximation to be tight. In addition, we provide data-
independent bounds on the marginal likelihood of the model, one of which is shown to be much
tighter than the existing variational mean-field bound in the experiments. We also derive a proper
lower bound on the predictive likelihood that involves the Kullback-Leibler divergence between the
approximating and the true posterior. We combine our approach with a recently proposed sparse ap-
proximation to give a variational sparse approximation to the Gaussian process multi-class model.
We also derive criteria which can be used to select the inducing set, and we show the effectiveness
of these criteria over random selection in an experiment.

Keywords: Gaussian process, probabilistic classification, multinomial logistic, variational ap-
proximation, sparse approximation

1. Introduction

Gaussian process (GP, Rasmussen and Williams, 2000) is attractive for non-parametric probabilistic
inference because knowledge can be specified directly in the prior distribution through the mean and
covariance function of the process. Inference can be achieved in closed form for regression under
Gaussian noise, but approximation is necessary under other likelihoods. For binary classification
with logistic and probit likelihoods, a number of approximations have been proposed and compared
(Nickisch and Rasmussen, 2008). These are either Gaussian or factorial approximations to the
posterior of the latent function values at the observed inputs. Compared to the binary case, progress
is slight for multi-class classification. The main hurdle is the need for—and yet the lack of—
accurate approximation to the multi-dimensional integration of the likelihood or the log-likelihood
against Gaussians (Seeger and Jordan, 2004).

For multi-class classification with latent Gaussian process, different likelihood functions may
be used: the multinomial logistic function (Williams and Barber, 1998; Gibbs, 1997; Seeger and
Jordan, 2004), also called the soft-max (Bridle, 1989); the multinomial probit function (Girolami
and Rogers, 2006); and the uniform noise model (Kim and Ghahramani, 2006). For inference,
the exact posterior is usually approximated with a Gaussian or a factorial distribution, similar to
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the binary case. Different principles may be used to fit the approximation: Laplace approximation
(Williams and Barber, 1998); assumed density filtering (Seeger and Jordan, 2004) and expectation
propagation (Kim and Ghahramani, 2006); and variational approximation (Gibbs, 1997; Girolami
and Rogers, 2000).

This paper addresses the variational approximation of the multinomial logit Gaussian process
model, where the likelihood function is the multinomial logistic. In contrast with the variational
mean-field approach of Girolami and Rogers (2006), where a factorial approximation is assumed
from the onset, we use a full Gaussian approximation on the posterior of the latent function values.
The approximation is fitted by minimizing the Kullback-Leibler divergence to the true posterior,
which is known to be the same as maximizing a variational lower bound on the marginal likelihood.
This procedure requires the expectation of the log-likelihood under the approximating distribution.
This is intractable in general, so we introduce a bound on the expected log-likelihood and optimize
this bound instead. This contrasts with the proposal by Gibbs (1997) to bound the multinomial
logistic likelihood directly. Our bound on the expected log-likelihood is derived using a novel vari-
ational method that results in the multinomial logistic being associated with a mixture of Gaussians.
Monte-Carlo simulations indicate that this bound is very tight in practice.

Our approach gives a lower bound on the marginal likelihood of the model. By fixing some
variational parameters, we arrive at data-independent bounds on the marginal likelihood. These
bounds depend only on the number of classes and kernel Gram matrix of the data, but not on the
classifications in the data. On four UCI data sets, the one bound we evaluated is tighter than the
variational mean-field bound (Girolami and Rogers, 2006).

Although the variational approximation provides a lower bound on the marginal likelihood,
approximate prediction in the usual straightforward manner does not necessarily give a lower bound
on the predictive likelihood. We show that a proper lower bound on the predictive likelihood can
be obtained when we take into account the Kullback-Leibler divergence between the approximating
and the true posterior. This perspective supports the minimization of the divergence as a criterion
for approximate inference.

To address large data sets, we give a sparse approximation to the multinomial logit Gaussian
process model. In a natural manner, this sparse approximation combines our proposed variational
approximation with the variational sparse approximation that has been introduced for regression
(Titsias, 2009a). The result maintains a variational lower bound on the marginal likelihood, which
can be used to guide model learning. We also introduce scoring criteria for the selection of the
inducing variables in the sparse approximation. Experiments indicate that the criteria are effective.

1.1 Overview

In Section 2, we describe the latent Gaussian process model with the multinomial logistic likelihood,
and we give the variational lower bound on the marginal likelihood for approximate inference. The
data-independent bounds on the marginal likelihood are developed in this section and so are the
bounds for the predictive likelihood. In Section 3, we provide the necessary updates to optimize
the variational bound. Sparse approximation is presented in Section 4. Section 5 looks at the
sum-to-zero property that exists in our variational inference for certain covariance functions. This
is the property that has been used in motivating several single-machine multi-class support vector
machines (SVMs). Section 6 addresses model learning for the multinomial logit Gaussian process
model. It also looks at the active selection of the inducing set for sparse approximation. Section 7
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outlines the computational complexity of our approach. Related work is discussed in Section 8.
Section 9 describes several experiments and gives the results. Among others, we compare the
tightness of our variational approximation to the variational mean-field approximation (Girolami
and Rogers, 2006), and the errors of our classification results with those given by four single-
machine multi-class SVMs. Section 10 concludes and provides further discussions.

1.2 Notation

Vectors are represented by lower-case bold-faced letters, and matrices are represented by upper-case
normal-faced letters. The transpose of matrix X is denoted by XT. An asterisk * in the superscript is
used for the optimized value of a quantity or function. Sometimes it is used twice when optimized
with respect to two variables. For example, if 4(x,y) is a function, 2*(y) is h(x,y) optimized over x,
and h** is h(x,y) optimized over x and y. The dependency of a function on its variables is frequently
suppressed when the context is clear: we write & instead of h(x,y) and A* instead of A*(y). In
optimizing a function /(x) over x, x* and x™R refers to fixed-point update and Newton-Raphson up-
date respectively, while x°° refers to an update using the convex combination x*° = (1 —n)x; + nxz,
where 1 € [0, 1] is to be determined, and x; and x; are in the domain of optimization.

We use x; for an input that has to be classified into one of C classes. The class of x; is denoted by
y; using the one-of-C encoding. Hence, y; is in the canonical basis of RC, which is the set {e¢ f: 1s
where € has one at the cth entry and zero everywhere else. Class index c is used as superscript,
while datum index i is used as subscript. The cth entry in y; is denoted by y¢, which is in {0, 1}, and
x; belongs to the cth class if y§ = 1.

Both x; and y; are observed variables. Associated with each y{ is a latent random function
response f;. For sparse approximation, we introduce another layer of latent variables, which we
denote by z collectively. These are called the inducing variables. Other variables and functions
associated with the sparse approximation are given a tilde ~ accent. The asterisk subscript is used
on X, y, f and z for two different purposes depending on the context: it is used to indicate a test
input for predictive inference, and it is also used for a site under consideration for inclusion to the
inducing set for sparse approximation.

We use p to represent the probability density determined by the model and the data, including
the case where the model involves sparsity. Any variational approximation to p is denoted by q.

2. Model and Variational Inference

We recall the multinomial logit Gaussian process model (Williams and Barber, 1998) in Section 2.1.
We add a simple generalization of the model to include the prior covariance between the latent
functions. Bayesian inference with this model is outlined in Section 2.2; this is intractable. We
provide variational bounds and approximate inference for the model in Section 2.3.

2.1 Model

For classifying or categorizing the ith input Xx; into one of C classes, we use a vector of C indicator
variables y; € {e“}, wherein the cth entry, ¥§, is one if x; is in class ¢ and zero otherwise. We
introduce C latent functions, f!,..., f€, on which we place a zero mean Gaussian process prior

/

(fx)f7 (X)) = Kk (x,X), (D
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where K, is the (c,c’)th entry of a C-by-C positive semi-definite matrix K¢ for modeling inter-
function covariances, and k* is a covariance function on the inputs. Let ff & f°(x;). Given the

vector of function values f; & (f1,..., f€)T at x;, the likelihood for the class label is the multinomial
logistic
exp [
pOi = 1) & —— s ()
R ey
This can also be written as
exp fl-Tyi

p(yl|fl) = Zf:l expf;l"ec ’
These two expressions for the likelihood function will be used interchangeably. We use the first
expression when the interest on the class ¢ and the second when the interest is on f;.

The above model for the latent functions f“s has been used previously for multi-task learning
(Bonilla et al., 2008), where f* is the latent function for the cth task. Most prior works on multi-
class Gaussian process (Williams and Barber, 1998; Seeger and Jordan, 2004; Kim and Ghahramani,
2006; Girolami and Rogers, 2006) have chosen K¢ to be the C-by-C identity matrix, so their latent
functions are identical and independent. Williams and Barber (1998) have made this choice because
the inter-function correlations are usually difficult to specify, although they have acknowledged that
such correlations can be included in general. We agree with them on the difficulty, but we choose
to address it by estimating K¢ from observed data, as has been done for multi-task learning (Bonilla
et al., 2008). If K¢ is the identity matrix, then the block structure of the covariance matrix between
the latent function values can be exploited to reduce computation (Seeger and Jordan, 2004).

The model in Equation 1 is known as the separable model for covariance. It is perhaps the
simplest manner to involve inter-function correlations. One can also consider more involved models,
such as those using convolution (Ver Hoef and Barry, 1998) and transformation (L4zaro-Gredilla
and Figueiras-Vidal, 2009). Our presentation will mostly be general and applicable to these as well.

2.2 Exact Inference

Given a set of n observations {(x;,y;)}"_,, we have an nC-vector y (resp. f) of indicator variables
(resp. latent function values) by stacking the y;s (resp. fis). Let X collects X1, ...,X,. Dependencies
on the inputs X are suppressed henceforth unless necessary.

By Bayes’ rule, the posterior over the latent function values is p(fly) = p(y|f)p(f)/p(y), where
p(ylf) = [Tip(yilf:) and p(y) = J p(y|f) p(f)df. Inference for a test input x, is performed in two
steps. First we compute the distribution of latent function values at x,.: p(f.|y) = [ p(f.|f) p(f]y)df.
Then we compute the posterior predictive probability of x, being in class ¢, which is given by

pOs = 1y) = [ p(ys = 1|f.) p(£.]y)df..

2.3 Variational Inference

The integrals needed in the exact inference steps are intractable due to the non-Gaussian likeli-
hood p(y|f). To progress, we employ variational inference in the following manner. The posterior
p(fly) is approximated by the variational posterior ¢(f|y) by minimizing the Kullback-Leibler (KL)
divergence

KL(q(fy) | p(tly) = [ a(tly)log ng d.
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This is the difference between the log marginal likelihood log p(y) and a variational lower bound

logZp = —KL (¢q(fly) || p(f) —i—ZE yisg (3)
where

ti(yia) & [ altly)logp(yilt; @
is the expected log-likelihood of the ith datum under distribution ¢, and

(ily) = /q fly) [T dt; (5)

J#

is the variational marginal distribution of f;; see Appendix B.1 for details. The Kullback-Leibler
divergence component of logZp can be interpreted as the regularizing factor for the approximate
posterior g(f|y), while the expected log-likelihood can be interpreted as the data fit component. The
inequality log p(y) > logZg with Zg expressed as in Equation 3 has been given previously in the
same context of variational inference for Gaussian latent models (Challis and Barber, 2011). It has
also been used in the online learning setting (see Banerjee, 2006, and references therein).

For approximate inference on a test input x,, first we obtain the approximate posterior, which is
q(f.]y) & [ p(£.|f) g(f]y)df. Then we obtain a lower bound to the approximate predictive probability
for class c:

logq(y; = 11y) £log [ p(y% = 1I£.)g(E.|y)df

> [qtly)logp(ys = 1) df. ©)

where the inequality is due to Jensen’s inequality. The corresponding upper bound is obtained using
the property of mutual exclusivity:

g =1y)=1-Y q0¢ =1ly) <1- Y explu (¥ = 1iq). ()
d#c cd#c
The Bayes classification decision based on the upper bound is consistent with that based on the
lower bound, since

arg max (1 — Z exp€C> = argmax (1 - Z exp (¢ +exp€c> = argmax(expfc)
c'#c =1
where we have written ¢S for £,.(y¢ = 1;q).
The variational inference procedure outlined here depends on the ability to compute expressions
(a) KL (g(fly) || p(£)), (b) g(f.]y) and (c) ¢4i(yi;q). Expressions (a) and (b) can be made tractable
by constraining ¢(fly) to be a Gaussian density with mean m and covariance V, which are the
variational parameters. For (c), we compute its lower bound instead, as detailed in the next section.

Remark 1 Approximate prediction using the approximate posterior as outlined above is the more
common approach (see, for example, Rasmussen and Williams, 2006, §3.5). An alternative is to
use p(y«|y) = p(y«,y)/p(y) directly. Lower bounds to the marginal likelihoods p(y.,y) and p(y)
may replace the exact values if they are tight. However, this procedure is more expensive in general
since an (approximate) marginal likelihood has to be computed for the training data together with
the test data point for every test point.
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2.3.1 VARIATIONAL BOUNDS FOR EXPECTED LOG-LIKELIHOOD

Equations 3 to 7 require the computation of the expected log-likelihood under g(f]y):

blyiq) = [ g(tly)log p(yIf) . ®)

where we have suppressed the datum indices i and * here and henceforth for this section. In our
setting, ¢(fy) is a Gaussian density with mean m and covariance V, and we regard these parameters
to be constant throughout this section. The subject of this section is lower bounds on £(y;g). Two
trivial lower bounds can be obtained by expanding p(y|f) and using the Jensen’s inequality:

¢ 1
((y;q) >m'y—log ) exp [mTec +5(y—e)V(y- e"’)} , 9)
c=1
¢ 1
((y:q) >m'y—log Z exp [mTe“ + 2(e")TVe‘} . (10)
c=1

These bounds can be very loose. In this section, we give a variational lower bound, and we have
found this bound to be quite tight when the variational parameters are optimized. This bound ex-
ploits that if a prior r(f) is a mixture of C Gaussians with a particular set of parameters, then the
corresponding posterior under the multinomial logistic likelihood is a C-variate Gaussian. We in-
troduce this bound in terms of probability distributions and then express it in terms of variational
parameters.

Lemma 2 Let r(f|ly) be a C-variate Gaussian density with mean a and precision W, and let a“ be
such that Wa® = Wa+e“ —y. If r(f) = ZC 1 Yr¢(£) is the mixture of C Gaussians model on f with
mixture proportions and components

car P [3(a) Wal] w IW['? 1 c c
=T o L@ Wa]’ re(f) & (2n)CT2 exp _E(f_a YW (f—a“) |,
and if
exp [aWal
}’(y) Zc 16Xp[ (aC)TWaC] ) (11)
then

£(v:q) 2 h(yiq,r) £ [ q(tly)logr(fly)dt +logr(y —longy [attwema a2

Proof The choice of notation used in the lemma will be clear from its proof. We begin with a
variational posterior distribution r(f]y). Denote by r(f) the corresponding prior distribution that
gives this posterior when combined with the exact data likelihood p(y|f); that is

r{tly) = p(yI0) r(0)/r(y), where )& [ plyinrar

Rearranging for p(y|f) and putting back into £(y;q) defined by (8) gives
U(y:q) = / q(fly)logr(fly)df +logr(y) — / q(fly)log r(f)df. (13)
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This is valid for any choice of distribution r(f]y), but let us choose it to be a C-variate Gaussian
density with mean a and precision W. After some algebraic manipulation detailed in Appendix B.2,
we obtain the expressions for r(f) and r(y) given in the lemma. We proceed with Jensen’s inequality
to move the logarithm outside the integral for the last term on the right of (13). This leads to the
lower bound (12). |

Remark 3 The first two terms in the expression for the expected log-likelihood ((y;q) given by (13)
are computable, since r(f|y) is Gaussian by definition, and r(y) is given in (11); however, the third
term remains intractable since r(f) is a mixture of Gaussians. Hence the additional step of using
the Jensen’s inequality is required to obtain the lower bound h(y;q,r) in (12) that is computable.

Remark 4 Lemma 2 depends only on the multinomial logistic likelihood function. It does not de-
pend on the distribution q(f|y). In particular, q(£f|y) can be non-Gaussian.

Lemma 5 Let W be a C-by-C positive semi-definite matrix, and let a € R€. Define S &V~ +W,
b & W(m-—a)+y, and

X 1
g (y;q,a,W) & exp m' e + i(b—ec)TS’l(b—eC) . (14)
Then

c 1 1 <

y;q) > h(y;q,a,W) = 5 + Elog\SV\ — EtrSV +m'y—log Z g (y;q,a,W). (15)
c=1

Proof This follows from Lemma 2 by expressing h(y;q,r) in terms of parameters W and a; the

derivation is in Appendix B.3. Matrix W is allowed to be singular because our derivation does not

involve the inversion of W; and the determinants of W taken in r(fly) and r“(f) directly cancel out

by subtraction, so continuity arguments can be applied. |

We can view & given in (15) as parameterized either by W and a or by S and b. For the latter
view, the definitions of S and b constrain their values. Therefore, the following seem necessary from
the onset in order for the bound to be valid.

e SV ~1sothat W is well-defined.

e If W is rank-deficient, then b lies on the hyperplane passing through y and in the column
space of W.

However, further analysis will show these constraints to be unnecessary for 4 to be a lower bound.
Consequently, we can view & as a function of the pair (b, S), regardless of there being a pair (a, W)
mapping to (b,S). Before proceeding to the formal theorem, a few notations are necessary. Let

_ 1
2°(¢,b,S) “ exp [me + E(b —e)Ts I(b—e) (16)
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be a function of the mean m of distribution ¢ and of b and S - 0. When the context is clear, we will
suppress the parameters of g¢ for conciseness. Let

F /TG 8 g (g8, a7
and let G be the diagonal matrix with g along its diagonal. We further define
ALY g (b—e)(b—e)T =bb" —bg" —gh" +G = 0. (18)

Matrix A given above is a convex combination of C positive semi-definite matrices of ranks one, so
A is positive semi-definite. Furthermore, A # 0. We will also suppress the dependency of A on m, b
and S for conciseness.

The lemmas necessary for the proof of the following theorem are in Appendix B.4.

Theorem 6 Let S be a C-by-C positive definite matrix, and let b € RC. Let

C 1 1 C
h(y:q,b,S) & Tl E1og 1SV|— S sV +m'y—log ) ¢°(q,b,S) (19)

c=1
be a function of b and S, where g¢(q,b,S) is given by (16). Then ((y;q) > h(y;q,b,S).

Proof Let (b*,S*) & argmax, 5) h(y;q,b,S). The joint concavity of / in b and S (Lemma 25)
implies h(y;q,b*,S*) > h(y;q,b,S) for any b # b* and S # S*. Thus we only need to prove
£(y;q) > h(y;q,b*,S*). Now, if there exists a pair (a*,W*) with W* = 0 such that §* =V~ +W*
and b* = W*(m — a*) +y, then the application of Lemma 5 completes the proof. To find such a
pair, we first set $* and W* to the S™ and the W™ given by Lemma 28, then we show below that
there exists an a* under this setting.

Let g* & 8(g,b*,S*) and G* be the diagonal matrix with g* along its diagonal. By Lemma 26,
b* = g*, so matrix A simplifies to A* given by A* & G* — g*(g*)T. Since g* is a probability vector,
matrix A* is the covariance matrix of a multinomial distribution. The entries in g* are non-zero,
so matrix A* is of rank (C — 1), and an eigenpair of A* is (0,1) (see Watson, 1996). In other
words, null(A**) = {n1 | n € R}. Using Lemma 28, we also have null(W*) = {n1 | n € R}. Since
(b* —y)T1=1-1=0, we have (b* —y) ¢ null(W*), unless (b* —y) = 0. Equivalently, (b* —y)
is in the row space of W*. Hence, there exists a vector v such that W*v=b* —y. We leta* ¥ m —v
to complete the proof. [ ]

There are two properties that W* obeys: null(W*) = {n1|n € R} and W* > 0. One parametriza-
tion of W that always satisfies these properties is

WM —M11"M /1M1, where M = 0. (20)

The proof for the null space is straightforward, while the proof for positive definiteness is an appli-
cation of Theorem 7.7.7(a) by Horn and Johnson (1985). If M is a diagonal positive definite matrix,
then the parametrization proposed by Seeger and Jordan (2004) is obtained. Further constrain-
ing the diagonal to sum to one gives the parametrization resultant from the Laplace approximation
(Williams and Barber, 1998; Rasmussen and Williams, 2006). A diagonal M is appealing because
it entails that W is the covariance of the multinomial or the Dirichlet distribution, which matches
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the likelihood. However, our experience has shown that a diagonal M is far from optimum for our
bounds. Therefore, we shall let W vary freely but be subjected directly to the two properties stated
at the beginning of this paragraph. There are two reasons for the non-optimality. First, the varia-
tional prior r(f) in Lemma 2 is a mixture of Gaussian distributions and not a Dirichlet distribution.
Second, the use of Jensen’s inequality in Lemma 5 weaken the interpretation of W as the covariance
of the variational posterior r(f|y). Nonetheless, since the null space of W* is the line {n1 | n € R},
the optimized variational posterior satisfies the invariance r(fly) = r(f+nlly), n € R. This is a
pleasant property because the likelihood satisfies the same invariance: p(y|f) = p(y|f+n1).

The significance of Theorem 6 over Lemma 5 is in the practical aspects of variational inference:

1. Maximizing h with respect to V does not involve the function g°.

2. A block coordinate approach to optimization can be used, since we can optimize with respect
to V and to S alternately, without ensuring S = V ~! when optimizing for V.

3. The vector y of observed classifications does not appear in the definition of g¢ given by Equa-
tion 16, in contrast to Equation 14.

Let us emphasis the second point listed above. In place of definitions (16) and (19) for functions
g€ and h, suppose we had used

1 .
g°(b',5) £ exp - (' — )15~ (b — ),

c 1 1 c
h(y:q,b,S) & 5t 510g|SV| - EtrS(V+mmT) +m’(y—b')—log } ¢(q,b',S)

c=1

as functions of b’ and S > 0. This is obtained from Lemma 2 by substituting in S & V=1 +W
and b’ & —V~!m —Wa-+y. This formulation of / is jointly concave in b’ and S, so there should
be no computation difficulties in optimization. Unfortunately, this formulation does not guarantee
S = V~! when the optimization is done without constraints. This is in contrast with the formulation
in Theorem 6, for which validity is guaranteed by Lemma 28.

The bound # as defined in Theorem 6 is maximized by finding the stationary points with respect
to variational parameters b and S. Computation can be reduced when the bound is relaxed through
fixing or constraining these parameters. Two choices for S are convenient: / and V~!. Fixing
S to V! is expected to be a better choice since its optimal value is between V! and V~! + A
(Lemma 27). This gives the relaxed bound

C

1 ‘ :

h(y;q,b,V~1) =m'y —log Z exp |mTe + E(b —e)TV(b- e‘)] .
c=1

For the case where ¢ is non-correlated Gaussians, that is, where V is a diagonal matrix, we ob-

tain the bound that has been proposed for variational message passing (Knowles and Minka, 2011,

Equation 12). We can also choose to fix b to y, giving

e Sy ey )

This is the bound (9) obtained using Jensen’s inequality directly. Setting b to 0 instead of y gives

C
h(y;q,y,V‘l) —m'y—log Z exp [mTe‘ +

c=1

2

c _
R R
h(y;q,0,V—") =mTy —log Z exp [mTe¢ + (e‘)TVeC] ,

c=1 L
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which is the bound (10) also obtained using Jensen’s inequality directly. Therefore, the bound
max y, 5) A(y; ¢, b, S) is provably at least as tight as the Jensen’s inequality bounds. Other choices for
S and b give different lower bounds on maxy, 5y 2(y; ¢,b,S).

Thus far we have delved into lower bounds for ¢(y;q) defined by Equation 8. Of independent
interest is the following upper bound that is proved in Appendix B.5:

def

Lemma 7 /(y;q) <logp(ym) & mTy —logy<  expmTec.

2.3.2 VARIATIONAL BOUNDS FOR MARGINAL LIKELIHOOD

To consolidate, the log marginal likelihood is lower bounded via the sequence

n

logp(y) > logZp > logZ; & —KL(q(fly) || p(£)) + }_ h(yi:qi,bi, Si),
i=1

where the datum subscript i is reintroduced. The aim is to optimize the last lower bound. Recall that
m and V are the mean and covariance of the variational posterior g(f]y). Also recall that the prior
distribution on f is given by the Gaussian process prior stated in Section 2.1, so f has zero mean
and covariance K & K* ® K¢, where K* is the n-by-n matrix of covariances between the inputs
X1,...,Xp. Using arguments similar to those used in proving Lemma 25, one can show that logZ,
is jointly concave in m, V, {b;} and {S;}. We highlight this with the following proposition, where
logZy, is expressed explicitly in the variational parameters.

Proposition 8 Let V be an nC-by-nC positive definite matrix and let m € R™. Fori=1,...n, let
S; be a C-by-C positive definite matrix and let b; € RC. Let

logZh—nC+§log|K y| - trK ly — 2 m 'K 'm+m'y

n

1 1 _

+ 3 Zl <log |S:Vi| —trSM) Zlog Z exp [m e’ 4 — (bi —eC)TSi ](bi —-e9) |, (21
=

where V; is the ith C-by-C diagonal block of V, and m; is the ith C-vector of m. Then log Z;, is jointly

concave inm, V, {b;} and {S;}, and log p(y) > logZ,,.

Suitable choices of the variational parameters leads to the following two theorems that are
proved in Appendix B.6.

Theorem 9 For a multinomial logit Gaussian process model where the latent process has zero
mean and the covariance function induces the Gram matrix K, the average log-marginal-likelihood
satisfies

c C 1 o2
flogp() §+§log03—2—10gll(|—ﬁtrl(_l
Cc—-1 oz 1 oz 1 1
S PY RS P (Y — 1| —logC
2 cta °g< ctaty 8

c C , 1 o2 __, o?
—+-1 — —log|K|— Ytk — =¥ —logC
> 2+2 0goy 5. og K| 7 I 5 ~log

2
for every oy > 0.
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Theorem 10 For a multinomial logit Gaussian process model where the latent process has zero
mean, the covariance function is k((x,c),(x',c")) = 0%8(c,c")k*(x,x) and k* is a correlation func-
tion, that is, k*(x,Xx) = 1, the average log-marginal-likelihood satisfies

1 c—1 \/ﬁ \/ﬁ 1

| > ST Tl Tl i2 )~ —1ogC

, logp(y) = 2[ c °g< cata 08
> —0?/2—1logC.

The bounds in the theorems do not dependent on the observed classes y because they have been
“zeroed-out” by setting m = 0. For the setting in Theorem 10, the lower bound in Theorem 10 is
always tighter than that in Theorem 9 because the first four terms within the latter is the negative of
a Kullback-Leibler divergence, which is always less than zero. One may imagine that this bound is
rather loose. However, we will show in experiments in Section 9.1 that even this is better than the
optimized variational mean-field lower bound (Girolami and Rogers, 2006).

Remark 11 Theorem 10 is consistent with and generalizes the calculations previously obtained for
binary classification and in certain limits of the length-scales of the model (Nickisch and Rasmussen,
2008, Appendix B). Our result is also more general because it includes the latent scale o* of the
model.

2.3.3 PREDICTIVE DENSITY: APPROXIMATION AND BOUNDS

According to the Gaussian process prior model specified in Section 2.1, the C latent function values
f. of a test input x,. and the latent function values of the n observed data have prior

()20 (& )

where K, ¥ kX ® K¢, K. & k*(x,,x,)K®, and K is the vector of covariances between the observed
inputs X and the test input x,.. After the variational posterior ¢(f|y) = A (fjm, V') has been obtained
by maximizing the lower bound log Z; in Proposition 8, we can obtain the approximate posterior at
the test input x,:

a(t1y) £ [ plE.[Dq(tly)dt = AL m.,V.)

where m, & KTK"'mand V, & K,, — KJK~ 'K, + KIK~'VK~'K,.
The approximation to the posterior predictive density of y, at X, is

log (% = 11y) ~ logq(ys = 1[y) £ log [ p(s% = 1I£.)g(E.Iy) . 22)
> L(ys = 1iq)
> max h(e;q.,b.,S.), (23)

* 9%

where £, (y$ = 1;q) = [q(f.|y)log p(y¢ = 1|f.) df,, and g, in the last expression refers to g(f,]y).
Expanding 4 using definitions (16) and (19) gives

‘ Cc 1 1 <
logp(yS = 1ly) 2 > + mfec + glasx <2log|S*V*| — EtrS*V* —log 2 g (q*,b*,S*)> , (24)
R =1
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where the probed class €€ is used only outside the max operator. Hence maximization needs to be
only done once instead of C times. Moreover, if one is interested only in the classification decision,
then one may simply compare the re-normalized probabilities

e . exp(mg)
¢ =1ly)=pHt=1m,) & 2 25
ply ly) =p(y Im,) T exp(m?) (25)

In this case, no maximization is required, and class prediction is faster. The faster prediction is
possible because we have used the lower bound (23) for making classification decisions. These
classification decisions do not match those given by ¢(y¢|y) in general (Rasmussen and Williams,
2006, Section 3.5 and Exercise 3.10.3). In addition to the normalization across the C classes, the
predictive probability p(y$ = 1]y) is also an upper bound on exp /. (y$ = 1;¢q) because of Lemma 7.

The relation in Equation 24 is an approximate inequality () instead of a proper inequality (>)
due to the approximation to logg(y$ = 1]y) in Equation 22. As far as we are aware, this approx-
imation is currently used throughout the literature for Gaussian process classification (Rasmussen
and Williams 2006, Equations 3.25, 3.40 & 3.41 and 3.62; Nickisch and Rasmussen 2008, Equation
16). In order to obtain a proper inequality, we will show that the Kullback-Leibler divergence from
the approximate posterior to the true posterior has to be accounted for.

First, we generalize and consider a set of n, test inputs X, & {X,i,...,X,,, }. The following
theorem, which give proper lower bounds, is proved in Appendix B.7.

Theorem 12 The log joint predictive probability for X.; to be in class c; (j = 1...ny) has lower
bounds

logp({yy; = 1}, 1y) = Z/Q(f*jb’) log p(ys} = 1[f) df.; — KL(q(fly)[| p(fly))
=

U

> h(€7;qsi by, Sui) +log Zp —1
_j;;g%fj (€734, by, Sy;) +1og Zp —log p(y)

Ny

> Z max 1(e7;q.;,b.;,Ss;) +logZ, —log p(y).

J=1"0%

In the first bound, the computation of the Kullback-Leibler divergence is intractable, but it is pre-
cisely this quantity that we have sought to minimize in the beginning, in Section 2.3. This implies
that this divergence is a correct quantity to minimize in order to tighten the lower bound on the
predictive probabilities. For one test input x,,

logp(y. =1ly) > gl%xh(ec;qmb*,&) +logZ;, —log p(y).

Because log Zg, log Z;, and log p(y) are independent of the probed class €€ at x,, the classification de-
cision and the re-normalized probabilities (25) are also based on a true lower bound to the predictive
probability.

Dividing the last bound in Theorem 12 by n, gives

1 , 1 & _ 1
;logp({yij- =1Ly = - Y max h(e%;quj, by, Sij) + —|logZ —logp(Y)]-

j:1 $J 39 k]
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The term logZ, —log p(y) is a constant independent of 7., so the last term diminishes when n, is
large. In contrast the other two terms on either side of the inequality remain significant because each
of them is the sum of n, summands. Hence, for large n,, the last term can practically be ignored to
give a computable lower bound on the average log predictive probability.

3. Variational Bound Optimization

To optimize the lower bound log Z;, during learning, we choose a block coordinate approach, where
we optimize with respect to the variational parameters {b;}, {S;}, m and V in turn. For prediction,
we only need to optimize & with respect to the variational parameters b, and S, for the test input x,.

3.1 Parameter b;

Parameters b; and S; are contained within A(y;; g;,b;, S;), so we only need to consider this function.
For clarity, we suppress the datum subscript i and the parameters for 4 and g¢. The partial gradient
with respect to b is —S~! (b — g), where g is defined by Equation 17. Setting the gradient to zero
gives the fixed-point update b™ = g, where g is evaluated at the previous value of b. This says that
the optimal value b* lies on the C-simplex, so a sensible initialization for b is a point therein. When
the fixed-point update does not improve the lower bound 4, we use to the Newton-Raphson update,
which incorporates the Hessian

o*h
obobT

where G is the diagonal matrix with g along its diagonal. The Hessian is negative semi-definite,
which is another proof that £ is a concave function of b; see Lemma 25. The update is

—571 —S71 (G__ggT) S*l7

Ph N\ on _ .
PR=b—n(s==) =s-=b-n[I+(G-28")S'] (b-g
”(ababT> o n[i+(G-gg")s']  (b-g),
where 7 = 1. This update may fail due to numerical errors in areas of high curvatures. In such a
case, we search for an optimal 7) € [0, 1] using the false position method.

3.2 Parameter S;

Similar to b;, only A(y;;g;,b;,S;) needs to be considered for S;, and the datum subscript i is sup-
pressed here. The partial gradient with respect to S is given by Equation 59, from which we obtain
the implicit Equation 60. Let V factorizes to LL", where L is non-singular since V = 0. Using A
given by (18) at the current value of S, a fixed-point update for S is

S™ =L TPAPTL™', A (A+1/4)V211)2,

where PAPT is the eigen-decomposition of LTAL; see the proof of Lemma 28 in Appendix B.4.

The fixed-point update S™ may fail to improve the bound. We may fall-back on the Newton-
Raphson update for S that uses gradient (59) and a C2-by-C? Hessian matrix. However, this can
be rather involved since it needs to ensure that S stays positive definite. An alternative, which we
prefer, is to perform line-search in a direction that guarantees positive definiteness. To this end, let
S =8 & (1 —n)S+nS™, and we search for a 1 € [0, 1] that optimizes the bound using the false
position method. Appendix C.1 gives the details.
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3.3 Parameter m, and Joint Optimization with b

We now optimize the bound log Z;, with respect to m. Here, the datum subscript i is reintroduced.
Let y (resp. 8) be the nC-vector obtained by stacking the y;s (resp. g;s). Let G be the nC-by-nC
diagonal matrix with § along its diagonal, and let G be the nC-by-nC block diagonal matrix with
g;8] as the ith block. The gradient and Hessian with respect to m are

dlogZ,

——K_lm+y—g leogZh i _

—1 ~
SoomT — K —(G-G). (26)

om

The Hessian is negative semi-definite; this is another proof that logZ, is concave in m. The fixed-
point update m™ = K(y — &) can be obtained by setting the gradient to zero. This update may fail to
give a better bound. One remedy is to use the Newton-Raphson update. Alternatively the concavity
in m can be exploited to optimize with respect to 7 € [0,1] in m* & (1 —»)m +ym™, such as is
done for the parameters S;s in the previous section. Here we will give a combined update for m and
the b;s that can be used during variational learning. This update avoids inverting K, which can be
ill-conditioned.

The gradient in (26) implies the self-consistent equation m* = K (y — g*) at the maximum,
where g* is g evaluated the the optimum parameters. From Lemma 26, another self-consistent
equation is b* = g*, where the nC-vector b* is obtained by stacking all the b;s. Combining these
two equations gives m* = K (y —b*), which is a bijection between b* and m* if K has full rank.
For the sparse approximation that will be introduced later, K will be replaced by the “fat” matrix
Kt, which is column-rank deficient. There, the mapping from b* to m* becomes many-to-one. With
this in mind, instead of letting m be a variational parameter, we fix it to be a function of b, that is,

m=K(y-b), 27

and we optimize over b instead. The details are in Appendix C.2.

This joint update for m and the b;s can be used for variational learning. This, however, does
not make the update in Section 3.1 redundant: that is still required during approximate prediction,
where the b, for the test input x, still needs to be optimized over even though m is fixed after
learning.

3.4 Parameter V

For the gradient with respect to V we have

oh; 1 1 1
1 7V_T_§S;T: _EM/IT,

B dlogZ, 1 1 1
v, 2 N

—y-l Lkl !
e\% 2 2 2 ’

where W; & §; — Vi’l, and W is the block diagonal matrix of the W;s. Here, function #; is regarded
as parameterized by S; (as in Theorem 6) rather than by W; (as in Lemma 25). Using gradient
dlogZ,/dV directly as a search direction to update V is undesirable for two reasons. First, it may
not preserve the positive-definiteness of V. Second, it requires K to be inverted, and this can cause
numerical issues for some covariance functions such as the squared exponential covariance function,
which has exponentially vanishing eigenvalues.

We propose to let V follow the trajectory along a modified gradient, where W is regarded
fixed instead of depending on V. To explain, we recall that log Z, & —KL(g(f]y)||p(f)) + h, where
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h& Y | h; is the sum of functions each concave in V. The modified gradient holds the gradient
contribution from /4 constant at the value at the initial V while the gradient contribution from the
Kullback-Leibler divergence varies along the trajectory. We follow the trajectory until the modified
gradient is zero. Let this point be V*. Then

1 e
ST

%K—l—%w—l =0, or v = (kW) (@28)
The equation on the right can be used as a naive fix-point update.

The trajectory following this modified gradient will diverge from the trajectory following the
exact gradient, so there is no guarantee that V™ gives an improvement over V. To remedy, we
follow the strategy used for updating S: we use V¢ &f (1 — )V + nV™ and optimize with respect to
n € [0,1]. Matrix V is guaranteed to be positive definite, since it is a convex combination of two
positive definite matrices. Details are in Appendix C.3.

4. Sparse Approximation

The variational approach for learning multinomial logit Gaussian processes discussed in the previ-
ous sections has transformed an intractable integral problem into a tractable optimization problem.
However, the variational approach is still expensive for large data sets because the computational
complexity of the matrix operations is O(C?n?), where n is the size of the observed set and C is
the number of classes. One popular approach to reduce the complexity is to use sparse approxima-
tions: only s < n data inputs or sites are chosen to be used within a complete but smaller Gaussian
process model, and information for the rest of the observations are induced via these s sites. Each
of the s data sites is called an inducing site, and the associated random variables z are called the
inducing variables. We use the term inducing set to mean either the inducing sites or the inducing
variables or both. The selection of the inducing set is seen as a model selection problem (Snelson
and Ghahramani, 2006; Titsias, 2009a) and will be addressed in Section 6.1.

We seek a sparse approximation will lead to a lower bound on the true marginal likelihood. This
approach has been proposed for Gaussian process regression (Titsias, 2009a), and it will facilitate
the search for the inducing set later. Recall that the inducing variables at the s inducing sites are
denoted by z € R®. We retain f for the nC latent function values associated with the n observed data
(X,y). In general, the inducing variables z need not be chosen from the latent function values f, so
our presentation will treat them as distinct.

The Gaussian prior over the latent values f is extended to the inducing variables z to give a
Gaussian joint prior p(f,z). Let p(f,z|y) be the true joint posterior of the latent and inducing vari-
ables is given the observed data. This posterior is non-Gaussian because of the multinomial logistic
likelihood function, and it is intractable to calculate this posterior as is in the non-sparse case. The
approximation ¢(f,z|y) to the exact posterior is performed in two steps. In the first step, we let
q(f,z|y) be a Gaussian distribution. This is a natural choice which follows from the non-sparse
case. In the second step, we use the factorization

q(f,zly) & p(flz) q(zly), (29)

where p(f|z) is the marginal of f from the prior p(f,z). The same approximation has been used
in the sparse approximation for regression (Titsias, 2009a, paragraph before Equation 7). This
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approximation makes clear the role of inducing variables z as the conduit of information from y to
f. Under this approximate posterior, we have the bound

log p(y) > logZs = ~KL(q(&ly)||p(@) + Y £i(¥::9).
i=1

where (;(yi;q) < [ q(fily)log p(y:|fi) dfi, and g(f;]y) is the marginal distribution of f; from the joint
distribution ¢(f,z|y); see Appendix B.1. The reader may wish to compare with Equations 3, 4 and 5
for the non-sparse variational approximation.

Similar to the dissection of log Zg after Equation 3, the Kullback-Leibler divergence component
of log Zp can be interpreted as the regularizing factor for the approximate posterior ¢(z|y), while the
expected log-likelihood can be interpreted as the data fit component. This dissection provides three
insights into the sparse formulation. First, the specification of p(z) is part of the model and not part
of the approximation—the approximation step is in the factorization (29). Second, the Kullback-
Leibler divergence term involves only the inducing variables z and not the latent variables f. Hence,
the regularizing is on the approximate posterior of z and not on that of f. Third, the involvement of f
is confined to the data fit component in a two step process: generating f from z and then generating
y from f.

Applying Theorem 6 on the ¢;s gives

logZp > log Zy & —KL(q(zly)| p(2)) + Y h(yi:qi,bi, S:), (30
i=1

where £ is defined by Equation 19, and the g; within £ is the marginal distribution g(f;|y).
We now examine log Z;, using the parameters of the distributions. Let the joint prior be

((0) =0 &)

One can generalize the prior for z to have a non-zero mean, but the above suffice for our purpose
and simplifies the presentation. In the case where an inducing variable z; coincide with a latent
variable f7, we can “tie” them by setting their prior correlation to one. The marginal distribution
p(f) is the Gaussian process prior of the model, but we are now using K¢ to denote the covariance
induced by K¢ and k*(+,-) while reserving K for the covariance of z. This facilitates comparison to
the expressions for the non-sparse approximation.

For the approximate posterior, let ¢ (z|y) = AL (m, V), so m and V are the variational parameters
of the approximation. Then ¢(f|y) is Gaussian with mean and covariance

m; = KK 'm, Vi=Kg— KK 'Ki + KK 'VK K. (31)

Therefore, the lower bound on the log marginal likelihood is

1 1
logZh—§+§log|K 1V|—ftrK V-3 m'K 'm

n

nC i c
+ 5 + mf y+ ; <10g |S: VAl trSini> — Z log ;g,‘-, (32)
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where Vj; is the ith diagonal C-by-C block matrix of V¢ and

g€ ¢ exp [mje€ + %(b[ —e)Ts (b, —e)
Remark 13 It is not necessary for z to be drawn from the latent Gaussian process prior directly.
Therefore, the covariance K of z need not be given by the covariance functions K¢ and k*(-,-) of
the latent Gaussian process model. In fact, Z can be any linear functional of draws from the latent
Gaussian process prior (see, for example, Titsias, 2009b, Section 6). For example, it is almost
always necessary to set z = 7' + €, where € is the isotropic noise, so that the matrix inversion of K
is not ill-conditioned. This matrix inversion cannot be avoided (without involving O(s*) computa-
tions) in the sparse approximation because of the need to compute KfT K~'K;, which is the Nystrom
approximation to K if 2 = f (Williams and Seeger, 2001). One attractiveness of having a lower
bound associated to the sparse approximation is that the noise variance of € can be treated as a
lower bounded variational parameter to be optimized (Titsias, 2009b, Section 6).

Remark 14 The inducing variables z are associated with the latent values f and not with the ob-
served data (X,y). Therefore, it is not necessary to choose all the latent values fil, .oy E for any
datum Xx;. One may choose the inducing sites to include, say, f; for datum x; and fj‘" for datum x;,
and to exclude fic/ for datum x; and [} for datum X;. This flexibility requires additional bookkeeping
in the implementation.

4.1 Comparing Sparse and Non-sparse Approximations

We can relate the bounds for the non-sparse and sparse approximations:

Theorem 15 Let

logZ}; < maxlogZp, logZ; & maxlogZ,, logZ; % maxlogZpz, logZ; % maxlogZ,
q(fly) q(fly) q(zly) q(zly)

where the sparse bounds are for any inducing set. Then logZ;, > logZy and logZ; > logZ;.

The proof for the first inequality is given in Appendix B.1.1, while the second inequality is a con-
sequence of Proposition 17 derived in Section 6.1. Though intuitive, the second inequality is not
obvious because of the additional maximization over the variational parameters {b;} and {S;}. The
presented sparse approximation is optimal: if z = f, then logZz = log Zg and logZ; = logZ;,, and
the sparse approximation becomes the non-sparse approximation.

4.2 Optimization

The sparse approximation requires optimizing logZ;, with respect to the variational parameters:
mean m and covariance V of the inducing variables; and {b;} and {S;} for the lower bound on the
expected log-likelihood. The optimization with respect to {S;} is the same as that for the non-sparse
approximation, but using my and V; for the mean and covariance of the latent variables. For {b;} and
m, a joint optimization akin to that for the non-sparse approximation described in Section 3.3 can be
used. Let b be the nC-vector that is the stacking of the b;s. At the saddle point with respect to {b;}
and m, we have the self-consistent equations b} = g* and m* = Ky(y — g*), from which is obtained
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the linear mapping m* = K¢(y —b*). For sparse approximation, matrix Ky has more columns than
rows (that is, a “fat” matrix), so the linear mapping from b* to m* is many to one. Hence we
substitute the constraint m = K¢(y —b) into the bound and optimize over b. The optimization is
similar to non-sparse case, and is detailed in Appendix C.2.1.

For V, the approach in Section 3.4 for the non-sparse approximation is followed. The gradients
with respect to V' are

oh, 1, | T o1 dlogZ, 1 1 1
= KKy (Vi =S KEK™ = vl k' Kk 'KWKIK!
v 2 i (Ve i) K oV Y 2 2 e
lK—lK kTK—1 L IK—I 1W
2 TR 2V 2 2

where Wy; & §; — Vﬁfl; matrix Wr is block diagonal with Wy; as its ith block; and we have introduced
W & K-KWiKTK~!. The fixed point update for V is

v = (k' +w) ", (33)

which is obtained by setting 97, /dV at V* to zero. This update is of the same character as Equa-
tion 28 for the non-sparse case. In the case where V™ does not yield an improvement to the objective
logZ),, we search for a V¢ & (1 — )V +nV™, 5 € [0,1], using the false position method along 7.
Further details can be found in Appendix C.3.1.

5. On the Sum-to-zero Property

For many single-machine multi-class support vector machines (SVMs, Vapnik 1998; Bredensteiner
and Bennett 1999; Guermeur 2002; Lee, Lin, and Wahba 2004), the sum of the predictive functions
over the classes is constrained to be zero everywhere. For these SVMs, the constraint ensures the
uniqueness of the solution (Guermeur, 2002). The lack of uniqueness without constraint is simi-
lar the non-identifiability of parameters in the multinomial probit model in statistics (see Geweke,
Keane, and Runkle, 1994, and references therein). For multi-class classification with Gaussian
process prior and multinomial logistic likelihood, the redundancy in representation has been ac-
knowledged, but typically uniqueness has not been enforced to avoid arbitrary asymmetry in the
prior (Williams and Barber, 1998; Neal, 1998). An exception is the work by Kim and Ghahramani
(2006), where a linear transformation of the latent functions has been used to remove the redun-
dancy. In this section, we show that such sum-fo-zero property is present in the optimal variational
posterior under certain common settings.

Recall from Equation 27 in Section 3.3 that m = K(y —b) when the lower bound Z; is opti-
mized. Let o & K~!'m. Then the set of self-consistent equations at stationary gives a; =y; — by,
where ¢; is the ith C-dimensional sub-vector of c. Since b; = g; at stationary, and g; is a probability
vector, it follows that

— b e]-1,0[ ify =0

C
Vi of =0, and of =
C:le l {1—/956]0,1[ ify¢ =1.

Consider an input x,, which may be in the observed set. Let k% be the vector of covariances to
all the other inputs under the covariance function k*. The posterior latent mean of f, at x, under
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separable covariance (1) is

(K (x4,%x;)K) o IKCZICX(X*,X[)OL,'. (34)
1 i=1

(agE

= (k)T ®K)a=

Consider the common case where K =1. Then the posterior latent mean for the cth class is
m$ =Y k*(X,X;)af, and the covariance from the ith datum has a positive contribution if it is
from the cth class and a negative contribution otherwise. Moreover, the sum of the latent means is

n n
'm, =1"Y K (x.,x)05 = Y K (%, %)ty = 0. (35)
i=1 i=1
Hence that the sum of the latent means for any datum, whether observed or novel, is constant at
zero. We call this the sum-to-zero property.
The sum-to-zero property is also present, but in a different way, when

K¢ =M—-M11"M/1"M1, (36)

where M is C-by-C and positive semi-definite. This is reminiscent of Equation 20, which gives a
similar parametrization for W,.. Using the rightmost expression in (34) for m,., we find that 1Tm, =0
because K°1 = 0. This is in contrast with (35) for K = I, where the sum-to-zero property holds
because 1Tay; = 0.

Setting K¢ via (36) leads to a degenerate Gaussian process, since the matrix will have a zero
eigenvalue even if M is strictly positive definite. Since degeneracy is usually not desirable, we add
to (36) the term 0/, where 1 > 0:

K =M—MI11"M /1" M1 +nl. (37)

This not only ensures that K° is positive definite but also preserves the sum-to-zero property. The
parametrization effectively constrains the least dominant eigenvector of K¢ to 1/+/C.

5.1 The Sum-to-zero Property in Sparse Approximation

The sum-to-zero property is also present in sparse approximation when the inducing variables are
such that if f{ is an inducing variable, then so are fl.1 yeres fl-c. That is, the C latent variables asso-
ciated with any input x; are either omitted or included together in the inducing set. The sparsity of
single-machine multi-class SVMs is of this nature. Let ¢ be the number of inputs for which their
latent variables are included.

Under the separable covariance model (1), covariance between the inducing variables and the
latent variables is the Kronecker product Ky = K} ® K¢, where K} is the covariance on the inputs
only. The stationary point of the lower bound Z;, in the sparse approximation has the self-consistent
equation m = K¢(y — 8); see Section 4.2. As before, let o & K~'m. The Gram matrix K is the Kro-
necker product K* @ K¢ under the separable covariance model. Hence o = ((K*) 'K} ®1) (y — 8)
using the mixed-product property. Vector c is the stacking of vectors «y, ..., o, where each o is
for one of the ¢ inputs with their latent variables in the inducing set and can be expressed as

Z ((K*)7'KE),; (vi— &)

One finds that lTaJ- =0, and the discussion for the non-sparse case applies similarly from Equa-
tion 34 onwards.
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6. Model Learning

Model learning in a Gaussian process model is achieved by maximizing the marginal likelihood
with respect to the parameters @ of the covariance function. In the case of variational inference,
the lower bound on the marginal likelihood is maximized instead. For the non-sparse variational
approximation to the multinomial logit Gaussian process, this is

logZ;(0) & 1 Zy, ,V, bi y Si ;X, ,0,
0gZ;,(0) ax, log n(m,V,{b;},{S:};X,y,0)

which is the maximal lower bound on log marginal likelihood on the observed data (X,y). The
maximization is achieved by ascending the gradient
dlogZ; 1 (

=—-tr

718K 1 —1 718K 1 T 718[{ -1
K — |+-tu(K VK — |+-mK —K m
do; 2 2

a0; 9, 2 96,
1 T ~1 C1y -1y 9K
==t -K K VK )=—],
S <(aa + ) 2,
where o & K~ 'm. This gradient is also the partial and explicit gradient of log Z;, with respect to 0;.
The implicit gradients via the variational parameters are not required since the derivative of logZ;,
with respect to each of them is zero at the fixed point logZ;.
For the sparse approximation, we differentiate log Z,’l‘—the optimized bound on the log marginal
likelihood for the sparse case given by Equation 32—with respect to the covariance function param-
eter 0;. The derivation in Appendix C.4 gives

dlogZ; 1 N T T oK
—h -~ K '"+Kk'VK —
a6, 2tr<(aa + Vv —i—W) 2,
oK, 1 oK,
&\ T T(p—1 _ p—lype—1)) 98} 1 OB
-Hr(((y gla' +WiK{ (K~'—K~'VK »ae,) 2tr<Wf89j>,

where o & K~ !'m, and matrices W; and W are defined in Section 4.2.

The selection of the inducing set in sparse approximation can also be seen as a model learning
problem (Snelson and Ghahramani, 2006; Titsias, 2009a).! This is addressed in the reminder of this
section.

6.1 Active Inducing Set Selection

The quality of the sparse approximation depends on the set of inducing sites. Prior works have
suggested using scores to greedily and iteratively add to the set. The Informative Vector Machine
(IVM, Lawrence et al. 2003) and its generalization to multiple classes (Seeger and Jordan, 2004) use
the differential entropy, which is the amount of additional information to the posterior. Alternatives
based on the data likelihood have also been proposed (Girolami and Rogers, 2006; Henao and
Winther, 2010). However, since our aim has always been to maximize the marginal likelihood
p(y) of the observed data, it is natural to choose the inducing sites that effect the most increase
in the marginal likelihood. The same thought is behind the scoring for greedy selection in the

1. However, in the strict sense, the exact model is fixed during the selection of the inducing set: the object that is learned
is the approximating model.
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sparse variational approximation to Gaussian process regression (Titsias, 2009a). For multi-class
classification, it is too expensive to compute the exact increase in the marginal likelihood. Instead,
we use the lower bound on the increment to (the lower bound on) the marginal likelihood.

Throughout, the asterisk * will be used to subscript variables pertaining to the newly introduced
inducing site %,. Given the current set of inducing sites X, the inclusion of &, gives the new set
X.. The function values at X, X and X, are denoted by z., z and z, & (ZT,Z*)T. There is only one
random scalar variable z, at the inducing site X,. In contrast, there is a random C-vector f; at an
observed input x;; see Remark 14. Hence there are C potential inducing sites from a single observed
site x;: X, € {(x;,1),...,(x;,C)}.

We aim to select X, that maximizes the increase in the optimized lower bounds on the marginal
likelihood: d(%.;X) & log Z; (X.) —logZ;(X), where X, & {%.} UX, and

logZ; (X. défmn}/a)?b l}f)gZh (m,,V,, {b.;},{S.i}: X.),

logZ;;(X) ¢ A {1g§Zh m,V, {b;},{S:}:X).
In words, Z;(X) is the optimized lower bound on marginal likelihood with the current inducing set
X, while ZZ (X.) is the optimized lower bound with the proposed new inducing set X,. Because
Z;, combines the Kullback-Leibler divergence of the prior from the approximate posterior and the
sum of the lower bounds on the expected log-likelihoods, d(%.;X) includes both the change in the
approximate posterlor and the effect of this change in explaining the observed data.

Computing d(%,;X) involves Z; (X ), and this can be computationally expensive. A more viable
alternative is to lower bound d(X.;X) by fixing selected variational parameters in Z(- - ; X,) to the
optimal ones from Z; (X), which has already been computed. Let

{m,V,{b;},{S;}} & arglog Z; (X).

For the inducing set X,, we set the prior on the inducing and latent variables, and the approximate
posterior on the inducing variables to

((5)) 2o ). gl |¥) 2 A (m..V.).
where

K Kk, - K . (m V v,
def def def def
ey ) we(d) me()o ve(n ) e

The above choice of posterior fixes the mean and the covariance of z for X to the mean m and
covariance V in log Z; (X). Further setting {b.;} = {b;} and {S.;} = {S,}, the additional variational
parameters are those in the posterior of the inducing points for the additional site X... Since we are
optimizing over only a subset of the possible parameters, we obtain a lower bound on d(%.|X):

d(%:]X) > dy (%] X) & max logZ,(m,, V,, {b;},{S:};:X.) —logZ; (X), (39)
where m, and V, are as defined in Equation 38. By separating log Z, into its summands expressed
in Equation 30, we write

My Viese y Vi i=1

n
dl(f(*p?): max <dKL(m*,v**,v*,f(*|X)—i—Zd;l(m*,v**,v*,f(*\X)),
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where
ARL (M, Vin, Vi, %4 | X ) & —KL(g(2. | y) || p(2.)) + KL(q(2 | y) || p(2)), (40)
) (M, Vi, Vi, % | X) € (Y13 Gy 02, Si) — B(Yi3 i, bi, Si). (41)

The expressions for dgp and d;'l in terms of the variational parameters m,, v, and v, are given
in Appendix D.1. On inspecting these expressions, we find that the contributions from m, and
(Vx,Vv4s) are decoupled in objective function dgy, + Y. dj, within dj, so the search for the optimal m,
and (v.,Vv..) are can be perform separately. Moreover, dg + Y. dj, is concave in m, and v, but not
necessarily concave in v,. These findings are elaborated in Appendix D.2, which also gives the
gradient updates for m, and v, (given a fixed v,.).

The non-concavity in v, makes the maximization in d; less feasible. To make progress, we
fix v, to be that which maximizes only dky. This gives v, = VK ~1k, and leads to a second lower
bound. This lower bound is non-trivial in the sense that it is non-negative. This is established in
following lemma, which leads to another proposition.

Lemma 16 Let functions d,, dxi and a’;'l be as defined in Equations 39, 40 and 41, and let

M, Vi

1

n
do (%, |X) & max (dKL(m*,v**,VKlk*,i*\)?)—i— d;l(m*,v**,VKlk*,i*])?)>. (42)
=1

Then 0 < da(%.|X) < d; (%] X).

Proof Function d, is upper bounded by d; because it maximizes over a subset of the variational
parameters in d;. For non-negativity, we observe that the objective function within d, is zero when
we set m, = k!K~'mand v,, = k., — k! K~ 'k, + k'K~ 'VKk,. [ |

Proposition 17 For the sparse variational approximation to the multinomial logit Gaussian pro-
cess, any site added to the inducing set can never decrease the lower bound ZZ to the marginal

likelihood.

This proposition is analogous one for Gaussian process regression (Titsias, 2009a, Proposition 1).
Hence, we can interleave the greedy selection of inducing sites with hyper-parameters optimization
(Titsias, 2009a, Section 3.1). One might have thought that this proposition is trivial because an ad-
ditional inducing variable increases the flexibility of the variational model. Such an argument would
have worked if we had compared the exact marginal likelihood p(y) or the optimized variational
lower bound Zj,. It would not have worked here because the optimized lower bound Z; is used here.

6.1.1 SUBSAMPLING AND FILTERING

Computation of d; for every possible site requires the full Gram matrix. This is because the required
vector kg, for the site X, = (x,,c) under consideration is the covariance from x, to all the other
observed data. This may be undesirable when covariance function is expensive to evaluate. In this
case, we propose to approximate d;;, which is over the whole data set, with one that is computed

over a subset S:
d3(%.,5]X) & max (dKL(m*,v**,VK_lk*,i*W) + %‘ Y d,(m., v, VK 'k, %, |}?)) . (43)
o i€S
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where S is the set of indices of the data to evaluate against. By partitioning the observed data
appropriately, the number of covariance function evaluations can be reduced. This d3 score can be
used to directly choose the site to be added to the inducing set. Alternatively, it can be used as a
filtering step so that only sites with high d3 scores are further evaluated using the more expensive d;
score function.

7. Computational Complexity

We now discuss the computation complexity of the approximate inference. For the non-sparse
approximate inference, O(n>C?) computations are required per iteration of the variational bound
optimization, where 7 is the size of the observed data set and C is the number of classes. For the
sparse approximate inference, O(nC> +nCs? +nC?s + s) computations are required per iteration,
where s is the number of inducing variables. This complexity is when we exploit the block diagonal
structure of the variables. The complexity of computing the set of n d»-scores for active inducing
set selection is the same. For probabilistic prediction with the posterior using sparsity, computing
the lower bounds (24) to the predictive probabilities requires O(C* 4 Cs® + C%s) computations per
datum, while computing the re-normalized probabilities (25) needs O(Cs), which is less. For pre-
diction with the posterior in the non-sparse case, these are O(nC> 4 n?C) and O(nC?) respectively.

One might have thought that complexity can be improved if K = I so that K is block diagonal
(after re-ordering) in the non-sparse approximation. However, we have not been able to exploit this
structure. This is because computing K~! +W in Equation 28 involves W that is block diagonal
with a different ordering, which essentially destroys the structure (Seeger and Jordan, 2004).

For the sparse approximate inference, the direct complexity with respect to n is linear. If we let
s ~ logCn, then the overall complexity is O(nlog?n) in n. Let us now consider three regimes de-
pending on C. For n < C, we opine that some clustering process may be more appropriate than the
classification model consider here. For C < s, the dominant complexity is O(nCs?). Fors < C < n,
the dominant complexity is O(nC?), which is for optimizing the variational parameters b; and S; for
each of the n observed data.> Reducing the cubic complexity in C requires constraining the vari-
ational parameters. In particular, one may constrain S; = (Vfi)_l + W; where W; = ~;(I1; — 7r,-7rl-T),
~; > 0 and 7r; is a probability vector. As remarked upon after Theorem 6, we have found that this
constraint gives bounds that are quite loose. In addition, our present opinion is that effective infer-
ence with such a small inducing set may require rather strong correlations in both K¢ and k*(-,-) of
the prior. We defer further investigation in the regime s < C < n to future work.

In the C < s regime, Seeger and Jordan (2004) and Girolami and Rogers (2006) have reported
O(nCs?) computational complexity. In their cases, however, this complexity includes both the in-
ference with a subset of the observed data and the active selection of the subset. Direct comparison
with our approach can be misleading: the O(nCs?) in the preceding paragraph does not include
active selection, but it does include projecting from the inducing variables to the entire set of ob-
served data in the sparse approximate inference. Including the cost of greedy active selection up to
s inducing variables gives O(nCs?).

2. In this regime, one should optimize the b;s separately. This is cheaper than optimizing m and b jointly.
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Model Approximating Posterior ~ Likelihood Approximation
Citation prior likelihood ~ Family Principle Learning Prediction
Williams and Barber (1998)  i.i.d. logistic Gaussian ~ Laplace Exact Monte Carlo
Neal (1998) iid. logistic Samples MCMC MCMC MCMC
Gibbs (1997) independent  logistic Factored Variational ~ Variational Analytic
Gaussian approximation
Seeger and Jordan (2004) iid. logistic Gaussian ~ ADF Quadrature Quadrature
Kim and Ghahramani (2006) i.i.d. uniform Gaussian EP EP
Girolami and Rogers (2006)  i.i.d. probit Factored Variational ~ Monte Carlo  Monte Carlo
Gaussian
This paper separable logistic Gaussian ~ Variational ~ Variational Variational

Table 1: Existing works in multi-class Gaussian processes and their different aspects. In this paper,
the likelihood approximation is for the expectation of the log-likelihood.

8. Related Work

We now discuss related works on multi-class Gaussian process classification. Table 1 tabulates dif-
ferent aspects of the existing related works that we know in the machine learning literature. Most
consider the case where the latent functions are independent and identically distribution (i.i.d.),
although Williams and Barber (1998) have seen no difficulty in extending to correlated latent func-
tions. Gibbs (1997) has considered the case where the covariance functions of the prior latent
Gaussian processes are independent and assumed to be from the same parametric family with pos-
sibility different parameters. In this paper, most results are applicable as long as the latent functions
are jointly Gaussian, although at specific places we consider the separable covariance in Equation 1.

As with most existing works, our likelihood function is the multinomial logistic (2). Other like-
lihood functions are possible. In particular, one class of likelihood functions uses auxiliary indepen-
dent random variables u‘s, c = 1,...,C, and determine the class by argmax,u¢, The multinomial
logistic is in this class, and it is obtained when each auxiliary variable u¢ is Gumbel distributed
with p(u€|f¢) = te™", where 1 & ¢~ (“~/) (McFadden, 1974). If u¢ ~ N((f¢, 1), then the likelihood
is the multinomial probit used by Girolami and Rogers (2006). If each auxiliary variable u¢ is sup-
ported only at f¢, we have the threshold likelihood function used by Kim and Ghahramani (2006).
From this perspective, a model with the threshold likelihood function and prior covariance function
K*(x,x’) 4+ 8(x,x’), where & is the Kronecker delta function, is essentially the same as the model
with the multinomial probit likelihood and prior covariance function k*(x,x’). Kim and Ghahra-
mani (2006) have also used uniform noise (Angluin and Laird, 1988) with the threshold likelihood.

With any of these likelihoods, exact inference is non-tractable and approximations must be
used. Except for the work of Neal (1998) where the approximation is a set of samples obtained
from Markov Chain Monte Carlo (MCMC), all existing works have used a Gaussian approximation
to the true posterior. The approximating Gaussian can be determined through fitting using different
principles: Laplace (Williams and Barber, 1998), assumed density filtering (ADF, Seeger and Jor-
dan, 2004) and expectation propagation (EP, Kim and Ghahramani, 2006), and variational bounding
(Gibbs, 1997; Girolami and Rogers, 2006).

This paper uses the variational approach, for which a lower bound on the marginal likelihood
can be obtained. However, the variational approach used in this paper differs from those in existing
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works (Gibbs, 1997; Girolami and Rogers, 2006). Gibbs has placed Gaussian-type bounds that
factorizes over the classes on the multinomial logistic likelihood functions. Since the prior also
factorizes over the classes, the approximate posterior factorizes similarly. Girolami and Rogers have
constrained the approximating Gaussian to factorize over classes from the onset, and have proceeded
to use variational mean field to obtain the factors. In contrast, the approximating Gaussian in this
paper does not factorize over classes. We begin from an unconstrained Gaussian. This is followed by
the Kullback-Leibler divergence and a bound on the expected log-likelihood (Theorem 6). Neither
of these steps needs factorization over classes.

In general, the approximating Gaussian has covariance (K~! +W)~!, where W is a block diag-
onal matrix of n C-by-C blocks. Let W; be the ith Cx C block in W. The matrix W is diagonal when
the assumed likelihood factorizes over classes and data (Gibbs, 1997; Girolami and Rogers, 2006).
Let 7r; be a probability vector, and let Il; be the diagonal matrix with 7r; along its diagonal. Then the
ith block W; of W in the Laplace approximation (Williams and Barber, 1998) is I1; — 7;m], where
the cth element in 7r; is the multinomial logistic p(y{|f;). This parametrization of W; follows directly
from fitting principle of Laplace approximation. If computational time complexity is important, one
can also use the parameterization W; & ~; (H,- — ﬂ'iTriT), where ; > 0 and 7r; are to be estimated, to
obtain the same computational complexity as factorized mean-field (Seeger and Jordan, 2004). If
computational time complexity is not a major consideration, any positive definite W; can be used for
a tighter approximation (see Kim and Ghahramani, 2006, for example). In the present paper, each
block W; is determined by optimizing the expected log-likelihood of the ith datum. The optimized
W; has null space {11 | n € R}. Further discussions in relation to the works of Williams and Barber
(1998) and Seeger and Jordan (2004) have been given after Theorem 6.

The approximate predictive probability in the multi-class Gaussian process model is the ex-
pected likelihood under the approximate posterior. This is intractable and approximations are
needed. Two common approaches are Monte Carlo (Williams and Barber, 1998; Neal, 1998; Giro-
lami and Rogers, 2006) and traditional numerical integration (Seeger and Jordan, 2004). Analytic
approximation has also been used (Gibbs, 1997). In this paper, we have given a variational approx-
imation of the expected log-likelihood through Theorem 6. In Section 9.1.1, we will see that this is
quite tight on average.

In previous works, sparsity in multi-class Gaussian processes is achieved by performing in-
ference using only a subset of the observed data (SoD), which can be selected actively (Seeger
and Jordan, 2004; Girolami and Rogers, 2006). In contrast, the sparsity in this paper is achieved
through using the subset to induce the entire set. Quifionero-Candela et al. (2007) have discussed
in detail the SoD approach and the more general inducing approaches in the context of regression.
We use the variational approach for both sparse approximation and active selection of the subset.
For regression, this approach has been shown to have several desirable characteristics over the other
approaches (Titsias, 2009a).

9. Experiments and Results
We evaluate our approach to multi-class logit Gaussian process classification in various aspects. In

Section 9.1, we compare the bounds in the marginal likelihood and the predictive likelihood pro-
vided by our variational approach with those provided by the variational mean-field approximation
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Name  trainset testset classes attributes task description

iris 90 60 3 4 determine class of iris plant
thyroid 129 86 3 5 diagnosis of a patient’s thyroid
wine 106 72 3 13 determine the cultivar of wine
glass 128 86 7 9 determine the type of glass

Table 2: Summary of the four UCI data sets used in our experiments. For the glass data, there is no
instance of class “vehicle windows that are non-float processed” in the set.

to multinomial probit regression (Girolami and Rogers, 2006).> We also look at how the quality of
our bounds vary with the prior variance of the latent process. In Section 9.2, we relate the logit to
the probit, and we also look at the the prior correlation between the latent process. Section 9.3 inves-
tigates the effectiveness of active inducing set selection using the criteria proposed in Section 6.1.
In Section 9.4, we compare with single-machine multi-class support vector machines.

For comparison, we use a tight approximation to the exact posterior of the multi-class logit and
probit Gaussian process model. This is obtained by importance sampling where the proposal is the
multivariate-¢ distribution (Kotz and Nadarajah, 2004) with four degrees of freedom, centered at
the mean m* of our variational approximation to p(fly) and with covariance 2K. We have found
this to be more effective than the Gibbs sampling used by Girolami and Rogers (2006) and the
anneal importance sampling (Neal, 2001) used by Nickisch and Rasmussen (2008). Due to the
central limit theorem, the Monte Carlo estimate p(y) on the marginal likelihood has distribution
A (p(y),0?/ns), where o2 is the true variance of the importance weights and ny is the number
of samples. When reporting the marginal likelihood estimate, we use p(y)+ 3.090/,/n, to upper
bound p(y) with probability 0.999, where o is estimated from the samples. In our experiments,
ng = 100,000 for each Monte Carlo run. Details are in Appendix F.*

Our experiments are conducted on four data sets from the UCI Machine Learning Repository
(Frank and Asuncion, 2010): iris, thyroid, wine and glass. Following Girolami and Rogers (2006),
for each data set, 60% is used for training and 40% for testing. Each input attribute is normalized
to zero mean and unit variance on the training set. Our experiments are conducted with fifty such
random splits for each data set. The summary statistics for the data sets are given in Table 2.

9.1 Comparing Variational Approaches

We evaluate our approach against variational mean-field (Girolami and Rogers, 2006) and impor-
tance sampling. We fix the latent random functions to be independent and identically distributed
(i.i.d.); thatis, K¢ = I. The covariance function on inputs x and x’ in R is the unit variance squared-

3. We use version 1.6.0 of the R package available at http://www.bioconductor.org/packages/devel/bioc/
html/vbmp.html.

4. We have also experimented with using the approximate posterior g(f|y) directly as the proposal distribution (Ghahra-
mani and Beal, 2000a,b). The set of estimates obtained in this way is generally indistinguishable from that obtained
using the multivariate-¢ distribution. However, the latter comes with a convergence rate guarantee because the tail of
the ¢ distribution is heavier than that of a Gaussian.
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exponential covariance function

1 & /xj—x\*
K*(x,x") = usqexpard(x,x’; 0) & exp —3 Z < 7 ]> , (44)
J

j=1

where x; (resp. x;) is the jth dimensional of x (resp. x'), 6 ; 1s the length-scale of the jth dimension,
and 0 & (0y,...,04)" collects parameters. Each length-scale affects the influence of the dimension;
this allows automatic relevance determination (ARD, Neal 1996).

Table 3 reports the results comparing the log marginal likelihood logZ or its bounds on the
training sets, and the predictive error and the log joint predictive probability log p(y.) on the test
sets. The means and standard deviations over the fifty partitions for each data set are given. We
use MNL to denote multinomial logistic likelihood and MNP to denote multinomial probit like-
lihood. KL-MNL is our variational approach with multinomial logistic likelihood, and MF-MNP
is the variational mean-field with multinomial probit likelihood (Girolami and Rogers, 2006). MC-
MNP and MC-MNL are the Monte Carlo approximations using importance sampling. The marginal
likelihood estimates for importance sampling are the high confidence upper bounds. Column Theo-
rem 10 gives theoretic lower bounds on the marginal likelihood for the logistic likelihood. Results
with two sets of hyper-parameters are given: one from the variational mean parameter estimation
for MF-MNP (Girolami and Rogers, 2006), and the other from the model learning for KL-MNL
(Section 6). With either set of hyper-parameters, the prior latent process has unit variance due to the
choice of covariance function. Our results for MC-MNP are consistent with, but tighter than, those
reported by Girolami and Rogers (2006, Table 1, column Gibbs Sampler).

We first compare the marginal likelihoods on the training data along the rows headed by log Z.
For either set of hyper-parameters, our variational approach (KL-MNL) gives lower bounds that are
very close to the high confidence upper bounds on the marginal likelihoods obtained by sampling
(MC-MNL). In fact, it is this tightness that leads us to finally use importance sampling: with Gibbs
sampling and annealed importance sampling, we are unable to obtain estimates that are larger than
our lower bounds. For MF-MNP, we find that it consistently gives lower bounds that are looser than
the theoretical ones under column Theorem 10. This suggests that the theoretic bounds may be use-
ful as sanity checks for variational approaches, although we must qualify that the theoretic bounds
are for the multinomial logistic likelihood rather than for the probit one. Using the reasoning to be
outlined in Section 9.2.1, we obtain approximate theoretic bounds for the probit using o> = 72 /6 in
Theorem 10, and these bounds are —139.84, —200.44, —164.70 and —331.06 for the iris, thyroid,
wine and glass data sets respectively. These are lower than the theoretical ones in Table 3, but are
still higher the bounds given by MF-MNP. The looseness of the bounds given by MF-MNP is also
evident when compared with the estimates from sampling (MC-MNP).

Next, we compare the log joint predictive probability log p(y.) on the test set. One set of
results obtained using Monte Carlo is reported for MF-MNP, MC-MNP and MC-MNL. Two sets
of results are reported for KL-MNL: the upper set uses the re-normalized probabilities given by
Equation 25 and the lower set uses Equation 24. As discussed in Section 2.3.3, the probabilities
based on Equation 24 are approximate lower bounds on the exact predictive probabilities, while the
re-normalized probabilities are always larger than these lower bounds. In the table, we see that these
two sets of predictive probabilities from KL-MNL bound the probabilities from MC-MNL rather
tightly. For MF-MNP, its predictive probabilities are close to those given by sampling (MC-MNP).
This suggests that variational mean-field, which couples of posterior means of the latent function
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MF-MNP-0 KL-MNL-60
Theorem 10 MF-MNP MC-MNP KL-MNL MC-MNL KL-MNL MC-MNL
Iris
logZ —125.28 —187.324+1.71 —2771+1.74 —-32.63+1.60 —3248+1.60 —-31.46+1.36 —31.324+1.37
Error 2.66+1.27 2.64+1.26 2.66+1.26 2.64+1.22 2.28+1.25 2.28+1.25
log p(ys) —10.35+1.87 —10.53+1.89 —11.27+1.79 —-12.61+1.70 —-945+1.38 —10.90+1.35
—13.15+1.82 —11.38 +1.48
Thyroid
logZ —179.57 —270.634+3.60 —41.54+3.70 —47.15+3.49 —4697+3.49 —4513+£2.85 —44.95+2.85
Error 7.84+2.54 7.86 +2.54 7.92+2.75 8.00 +2.85 6.44+2.92 6.52+3.03
log p(y+) —22.02+4.57 —22.10%+4.61 —23.08+4.58 —24.29+427 -20.554+4.58 —22.13+£4.19
—25.67 +4.66 —23.85+4.64
Wine
logZ —147.56 —222.634+1.91 —36.41+2.07 —4256+196 —42384+196 —41.18+1.74 —41.01+1.74
Error 4.88+2.74 4.88 +2.88 4.96+2.73 4.94+2.75 3.22+1.83 3.22+1.73
log p(y.) —16.194+3.84 —1627+394 —17.194+3.83 —19.01+£3.59 —14.474+2.03 —16.74+1.98
—20.37 +3.96 —18.02+2.28
Glass
logZ —300.61 —827.584+6.46 —150.23+6.88 —158.16+5.77 —157.534+5.79 —154.74+£5.08 —154.08+5.04
Error 33.72+£4.03 36.00+4.16 34.204+4.03 34.40 +4.09 32.624+4.09 33.024+4.05
log p(y.) —89.63+6.15 —95.62+8.78 —92.78+6.09 —-94.79+5.50 —88.82+549 —91.31+£5.00
—101.004+5.93 —97.97+5.58

Table 3: Results with the usqexpard covariance function (44) on inputs and with i.i.d. latent functions. The log marginal likelihood log Z (or
its bounds), the empirical error and the log joint predictive probability log p(y.) (or its bounds and approximations) are reported
with means and standard deviations over 50 partitions. Theoretic lower bounds are given under Theorem 10. Methods with MNP
after the dash uses of the multinomial probit likelihood, while those with MNL uses the multinomial logistic likelihood. MF-MNP
is the variational mean-field method (Girolami and Rogers, 2006), KL-MNL is the variational approach of this paper, while MC-
MNP and MC-MNL are importance sampling. Columns under MF-MNP-0 use the estimated mean hyper-parameters for MF-MNP;
those under KL.-MNL-8 use the hyper-parameters optimized for KL-MNL. Method KL.-MNL reports two sets of approximations
to log p(y«): the upper set uses the re-normalized probabilities given by Equation 25 and the lower set uses the lower bound in

Equation 24.
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values, is perhaps sufficient for accurate predictive probabilities. In addition, the figures suggest
that the predictive probabilities by MF-MNP upper bound those by MC-MNP. Further analysis is
needed to confirm this for the general case.

Finally, we compare errors on test data. For the MF-MNP-0 hyper-parameters, we find the errors
to be similar across all methods, although KL-MNL and MC-MNL, which use the multinomial
logistic likelihood, give marginally more errors. However, with hyper-parameters optimized for
KL-MNL, both KL-MNL and MC-MNL give less errors consistently. This suggests that model
learning is better performed with a tight approximation to the marginal likelihood, as is provided by
KL-MNL.

9.1.1 EFFECT OF PRIOR VARIANCE

The results in Table 3 are where the latent processes have unit prior variance. Using the iris data
set, we investigate the quality of our marginal likelihood bound when the prior variance increases.
For each random partition, we fix the ARD hyper-parameters to that estimated for MF-MNP. The
prior variance is then increased in steps. For each step, we obtain the marginal likelihoods using
our variational inference and using importance sampling. The former is denoted by Z;, and the
latter by Z. Using Equation 3, we also obtain Zp, which approximates the posterior with a Gaussian
but computes the expected log-likelihood exactly. The Kullback-Leibler divergence is computed
exactly, while £ &Y | /;(y;;q) is computed with Monte Carlo using n; = 100,000 samples. For

a sample f*) from the variational posterior, let w(*) & ¥  log p(yi\fl@). Then the Monte Carlo
estimate of £ is the sample mean w of the wl%)s. We use the 99.9% confidence upper bound on Zp
by estimating £ with w +3.090 /,/n;, where o2 is the sample variance of the w(*)s.

Figure 1 gives plots against the prior variance of the latent process. The left figure (a) plots
the log marginal likelihoods while the right figure (b) gives the violin plots of the log ratios of the
marginal likelihoods. The plots show that the quality of the bounds Zg and Z;, decreases with prior
variance. This is largely due to the Gaussian approximation to the posterior, which is given by
Zp, rather than the approximation / to the expected likelihood: the violin plot for logZg/Z;, shows
only slight increase as the prior variance increase, while the violin plot for log Z/Zp increases more
significantly. This illustrates the robustness of the approximation 4 to the expected log-likelihood.
The deterioration of Gaussian approximation to the posterior is also present in binary Gaussian
process classification (Nickisch and Rasmussen, 2008, Figure 3). The intuition is that a higher prior
variance allows the posterior latent process more flexibility to become less Gaussian.

9.2 Comparing Models

The availability of fairly tight approximations to the exact posterior opens the opportunity for model
comparison on each model’s own merit without being confounded by the gap that results from
approximation. In this section, we investigate the Gaussian process models in two areas: the choice
of likelihood and the choice of prior correlation between the functions.

5. Since log-probability is unbounded, the true distribution of wis) may not have finite variance. We eliminate this
possibility empirically by verifying that the running sample variance has converged and that the estimated tail is not
heavy (Koopman et al., 2009).
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The quality of the lower bound on marginal likelihood for the iris data set by fixing

the ARD hyper-parameters to those estimated for MF-MNP-0 and then increasing the
prior variance. Figure (a) plots the log marginal likelihood against the prior variance
(on log-scale). The topmost curve logZ is for the marginal likelihood obtained using
importance sampling; the middle curve logZp approximates the posterior of the latent
process with a Gaussian; while the bottom curve log Z;, further approximates the expected
log-likelihood. The error bars give 95% confidence interval computed over 50 random
partitions of the data. The curves are translated slightly horizontally to reduce overlap
in the error bars. Figure (b) plots the log marginal likelihood ratios against the prior
variance (on log-scale) using the violin plot. The upper violin plot is for logZ/Zp and
the lower one is for logZp/Z;. These figures illustrate that the bound logZ, becomes
looser with increase in prior variance, and that this is mainly contributed by the Gaussian
approximation to the posterior.
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9.2.1 LIKELIHOOD

In Table 3, when we compare MC-MNP and MC-MNL on the set of hyper-parameters given by MF-
MNP-0, we see that the multinomial probit likelihood (MNP) fits the four training data sets better
than the multinomial logistic likelihood (MNL). This difference can be explained by an equivalent
model for each likelihood.

As outlined in Section 8, the Gaussian process latent model with covariance function k*(x,x’)
on the inputs and with the multinomial probit likelihood is equivalent to the model with covariance
function k*(x,x’) + 8(x,x’) and the threshold likelihood function. This threshold likelihood parti-
tions the space R into orthants, one of which corresponds to the vector of observed data classes y.
Let us call this the y-orthant. The marginal likelihood is hence the fraction of the prior probability
mass in the y-orthant. For a centered Gaussian prior, this fraction is determined by the correlation.

For multinomial logit likelihood, each auxiliary variable 4 is Gumbel distributed around f¢ in-
stead of Gaussian distributed; see Section 8. A moment matching approximation to the distribution
of u¢ is a Gaussian cent-red at ¢ with variance 7% /6. Hence an approximation to the logit model
is a Gaussian process latent model with covariance &*(x,x’) 4+ 8(x,x')7? /6 and with the threshold
likelihood. As before, the marginal likelihood is the prior probability mass in the y-orthant, and this
is determined by the correlation.

The correlation functions of the equivalent models for the multinomial probit and multinomial
logistic likelihoods are different. The former is obtained by removing the variance in k*(x,x’) 4+
8(x,x’), while the latter, k*(x,x’) + 8(x,x’)72/6. One way to match the two correlation functions
is to scale the original latent Gaussian process for the logit model by 72 /6, so that the equivalent
covariance function becomes 72 /6[k*(x,x') 4+ 8(x,x')]. Consulting Figure 1a, the mean exact log
marginal likelihood for the logit model on the iris data set is logZ ~ —0.28 at log(72/6) ~ 1/2 on
the x-axis. This is consistent with the —27.82 under MC-MNP for the iris data set in Table 3.

9.2.2 PRIOR CORRELATION AMONG LATENT PROCESSES

It is common to assume prior independence among the latent functions for two reasons: to reduce
computational complexity and to adhere to the principle of parsimony. In this section, we investigate
if parsimony is a reason enough to exclude considering prior dependence among the latent functions.
We evaluate on the four UCI data sets using the separable covariance structure in Equation 1.

For this evaluation, the covariance function on the inputs in R is the squared-exponential co-
variance function with equal length-scales along all the dimensions:

1@ /xj—x\?
K (x,x') = sqexpiso(x,X;0,0) & orexp | —= Y L : (45)
2 = 0
We consider five models M|, ..., Ms of covariances K¢ between the latent functions for the classes.

In each model, we keep the total variance tr K© to be constant at C.5 The first model M is where
the latent functions are i.i.d., so K¢ is the C-by-C identity matrix. The second is a diagonal matrix
where the diagonal entries are positive and sum to C. Here, the latent functions remain a-priori
independent, but they can have different variances while keeping the total variance the same as the
first model. For the third and fourth models, we scale the K¢ given by Equation 37 to have the same

6. The total variance in K° is then scaled by the o2 in k¥, so the total variance of the latent process at each datum is Co2.
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total variance as the first two models:

Cc .
= ke (46)

RE=M—-M11"M/1"M1+1, K¢

The equation for K¢ omits the weight for the identity matrix because the normalization in K¢ makes
this unnecessary. Model M3 sets M to be diagonal with positive diagonal entries; this is an attempt
to approximate the correlation of multinomial or Dirichlet random variables. Model M, allows M
to be any positive semi-definite matrix. Finally, in the fifth model, K€ is any positive definite matrix
with tr K¢ = C; this allows the latent functions to be correlated arbitrarily.

The first, third and fourth models satisfy the sum-to-zero property discussed in Section 5. Using
M; O M to indicate that M; is more expressive than M, we have the ordering Ms D My D Mz D M,
and Ms D M, D M. The second model is not comparable with the third and fourth models in this
ordering. The K° for M is fixed and therefore parameter-free. The number of free parameters of
K° in models M, and M; are C — 1. For M, and Ms, these are C(C+1)/2—2and C(C+1)/2—1.

We estimate the parameters of the models in the following way. First, the hyper-parameters oy
and 6 for model M are optimized for the variational bound on marginal likelihood on the observed
data. These two hyper-parameters are then considered fixed when optimizing matrix K¢ for the
other models using the variational bound.

After the hyper-parameters for each model have been estimated, we use sampling to obtain
better estimates of the marginal likelihoods, errors and predictive likelihoods given the model and
its hyper-parameters. This is done for each of the fifty partitions of the four UCI data sets. The
sampling procedure is that outlined in the introduction to this section except for the glass data set,
for which the Monte Carlo estimates to the marginal likelihood are lower than the variational lower
bounds. There are two reasons for the lower estimates: (a) the sampling space is larger than in the
other data sets because this data set has seven classes; and (b) for each data set partition, the prior
variance is around 16, so the true posterior is conceivably less Gaussian and more different from the
prior. To obtain Monte Carlo estimates that are better than the variational ones for this data set, we
instead sample from the multivariate-¢ distribution that has covariance 2V instead of 2K, where V is
the covariance of the variational approximation.

Figure 2 gives a paired comparison between the models M, ..., Ms based on their marginal
likelihoods on the observed data. There are four sub-figures, one for each data set. Each graph is a
scatter-plot, in which each point is for one partition of the data set named in the sub-caption, and the
location of each point is the log marginal likelihoods of the two models indicated on the top and the
left edge of the sub-figure. For a scatter-plot, if the points are mostly above the diagonal line, then
model named on the left edge is better than the model named on the top edge. From Figure 2, we see
no noticeable difference among the models for the wine data set, while we make the following four
observations for the other data sets. (a) More free parameters generally results in better marginal
likelihoods, as expected.7 (b) Although M, and M; have the same number of free parameters, M
generally gives better marginal likelihoods. (c) The marginal likelihoods of M, and M5 are similar,
showing that the additional free parameter in Ms over My is not useful. Observations (b) and (c)
suggest that it is worthwhile to consider the sum-to-zero constraint, which is satisfied by M3 and
M, but not by M, and Ms.

7. There are two reasons why more free parameters is not always better. First, the hyper-parameters are optimized using
the variational approximations and not the true marginal likelihoods. Although our approximations are rather tight,
the hyper-parameters may be sensitive to the remaining gaps in the approximations. Second, the marginal likelihood
surface can be multi-modal with respect to the hyper-parameters, hence gradient ascent can be stuck at local maxima.
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Figure 2: Paired comparisons of the marginal likelihood between five models of prior correlations

K¢ between the latent functions: M; gives i.i.d. latent functions; MM, gives independent
latent functions with different variances; M3 allows the functions to be correlated using
Equation 46 where M is diagonal, Mj also uses Equation 46 but allows M to be any
positive semi-definite matrix; and Ms allows the functions to be correlated arbitrarily.
For each model, K¢ is scaled such that the total variance tr K¢ is constant C. Each figure
is for the data set indicated in its caption. Each graph in a figure plots the log marginal
likelihood (log Z) of the model named at the left edge of the figure versus that named at
the top edge. Each point in the scatter-plot is for one of the fifty random partitions of the
data set. To ease comparison, the x =y line is plotted in each graph. For example, each
point in top left graph of Figure (a) is at the location (x,y), where x (resp. y) is the logZ
for M; (resp. Ms) on one partition of the iris data set. All the points in this graph are
above the x = y line, so M5 gives better marginal likelihood than 94, for all the partitions.
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Figure 3: The histograms of the prior variances of the latent functions in K¢ estimated from the
thyroid data under model My. From left to right, we have histograms for euthyroidism,
hyperthyroidism and hypothyroidism.
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Figure 4: The histograms of the prior correlation of the latent functions estimated from the thy-
roid data under model My. From left to right, we have histograms for the correlation
between euthyroidism and hyperthyroidism, between euthyroidism and hypothyroidism,
and between hyperthyroidism and hypothyroidism.

For the errors and predictive likelihoods, we observe no significant difference among the models,
based on plots similar to those in Figure 2. For the purpose of prediction then, it seems sufficient
to rely on the likelihood to provide the necessary posterior coupling between the latent functions.
Nonetheless, we believe there may still be applications where prior coupling between the latent
functions is helpful in prediction.

More insights into the various models can be obtained by looking at the estimated variances and
correlations between the latent functions. As an example we shall use the thyroid data with model
My; examination with model M5 or model M5 gives similar conclusions. The task for the thyroid
data is to predict the state of a subject’s thyroid given the results of five different laboratory tests.
This state can be one of three classes: euthyroidism (having normal functioning thyroid), hyper-
thyroidism (having overactive thyroid) and hypothyroidism (having underactive thyroid). Figure 3
gives the histogram of the prior variances of the latent functions in K¢ estimated by M over the
fifty different partitions. From left to right, the histograms are for euthyroidism, hyperthyroidism
and hypothyroidism. Each histogram is concentrated around a single mode. Bearing in mind that
we have constrained the total variance in K€ to be 3, the evidence in the data suggests that class hy-
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Figure 5: The performance of active selection over random selection as the number of inducing
point is incremented in steps of 25. Each histogram is for the log ratios of Z; for active
selection to random selection. The plot shows that active selection is better than random
selection, though the advantage decreases with the number of inducing points.

perthyroidism varies more than class hypothyroidism, which varies more than class euthyroidism.
Figure 4 gives the histogram of the correlations between the latent functions. From left to right,
we have the correlations between euthyroidism and hyperthyroidism, between euthyroidism and
hypothyroidism, and between hyperthyroidism and hypothyroidism. As for the variances, each his-
togram is concentrated around a single mode. The most significant result is the right histogram,
which shows hyperthyroidism and hypothyroidism to be negatively correlated. This is intuitive: the
two classes correspond to overproduction and underproduction of thyroid hormones respectively.

9.3 Active Inducing Set Selection

Sparse approximation is commonly used for efficient inference in large data sets. The quality of
this approximation is dependent on the inducing set. In this section, we evaluate the effectiveness
of criteria dp and d3 (Equations 42 and 43 in Section 6.1) in selecting the inducing set actively. We
do this by comparing with random selection on the glass data set.

We use the usqgexpard covariance function (44) on the inputs and assume that the latent functions
are i.i.d. For each training set partition, we fix the hyper-parameters to those optimized for our
variational lower bound using the entire training set; these are the KLL.-MNL-6 hyper-parameters
estimated in Section 9.1. Given the training set partition and the hyper-parameters, the random
approach selects ¢ sites to be added to the inducing set at each iteration. The active approach begins
with the same § random sites as the random approach, but subsequent choices of the ¢ sites are
selected based on the d, and d3 criteria. For each random variable induced by the training set, we
use d3 with subsample set of size |S|. Next, we compute the d scores of the ¢ random variables
with the highest d3 scores. The § random variables having the highest d, scores computed in this
manner will be added to the inducing set. We use § = 25, |.§| = 5 and r = 40 in the experiment.
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The optimized variational lower bound Z; on the marginal likelihood for random selection is
computed at each iteration for each training set partition. The same is computed for active selection.
Figure 5 gives the violin plot of the log ratios of the Z; for the active selection to the Z; for the
random selection. The horizontal axis gives the size of the inducing set—there are 896 potential
inducing sites from the 7 types of glass and the 128 training xs. The histogram at each iteration is
over the fifty random training set partitions.

At the first iteration with 25 inducing sites, the ratio is zero because both the random selec-
tion and the active selection begin with the same 25 random sites. At the second iteration with
an additional 25 inducing sites, active selection usually provides higher Z;, but it is possible for
active selection to be worse than random selection. This is because the d, and d5 criteria are de-
signed for single inducing sites, so they are not optimal for selecting more than one site—25 in
this experiment—at once. Nevertheless, in subsequent iterations, active selection always provides
higher Z; than random selection. As the size of the inducing set increases, the benefit from active
selection decreases because the value of any inducing site decreases.

9.4 Comparing with Single-machine Multi-class Support Vector Machines

Support vector machines (SVMs, Vapnik, 1998) are popular for classification and they have been
known to give good classification accuracies in general. Although originally formulated for binary
classification, several extensions have been proposed for multi-class classification. These extensions
can be grouped roughly into two: one is to transform the multi-class problem into several binary
class problems together with a decoding step; the other, called the single-machine approach, is to
solve a single optimization problem for multiple classes, keeping to the broad principles of structural
risk minimization (Vapnik, 1998). Comparisons between the two groups have been done by Rifkin
and Klautau (2004). In this section, we compare our proposed variational approximation on multi-
class Gaussian processes to four different single-machine multi-class SVMs using the MSVMpack
package (Lauer and Guermeur, 2011). We denote the four single machines by WW (Vapnik, 1998;
Weston and Watkins, 1999), CS (Crammer and Singer, 2001), LLW (Lee et al., 2004) and MSVM2
(Guermeur and Monfrini, 2011). The comparison is on the four UCI data sets.

For both Gaussian processes and SVMs, we use the sqexpiso covariance function or kernel
(45). The signal variance o2 in the Gaussian process covariance function corresponds to the soft-
margin trade-off parameter in the SVM objective functions, usually denoted by C. For the multi-
class Gaussian processes, the parameters of the covariance function are estimated by optimizing our
variational lower bound on the marginal likelihood. For the single-machine SVMs, the parameters C
and 6 are estimated from a grid (log,,C,0) € {—2,—1,0,1,2,3} x {0.1,1,5,10, 15} using five-fold
cross validation on the training set.® This is repeated for each of the fifty train/test set partitions.

Table 4 gives the means and standard deviations of the errors over the fifty random train/test
set partitions. The results for WW, CS and LLW are consistent with those reported by Weston and
Watkins (1999), Hsu and Lin (2002) and Lee et al. (2004), when we take into perspective that their
results are for 90%/10% train/test splits instead of the 60%/40% here. Comparing the errors for
the Gaussian processes under column KL-MNL with the errors for the single-machine SVMs, we
see that the Gaussian processes give better performances on the average. One reason is that model
learning is achieved using continuous optimization with Gaussian processes, while only discrete

8. When MSVMpack does not seem to converge on its stopping criterion for a parameter pair (C,0), the learning is
forced to terminate for that pair, and the validation score is computed based on the model at the point of termination.
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Single-machine multi-class support vector machines

Dataset ~ KL-MNL Ww CS LLW MSVM2

Iris 2.18+£1.42 3.02£2.51 322+434  274+£145 2.88+1.47
Thyroid 3.54+1.68 4.42+3.45 482+1.89 5.284+2.08 5.584+2.56
Wine 1.40£090 1.40£0.69 220+1.34  1.62+£1.03 1.50£0.95

Glass 27.444+3.78 29.30+10.70 28.70+3.17 29.54+9.72 29.42+3.59

Table 4: Errors of variational multinomial logit Gaussian process (column KL-MNL) and four vari-
ants of single-machine multi-class SVMs. The means and standard deviations of the errors
over fifty partitions are reported. The sqexpiso covariance function/kernel (45) is used on
the inputs, and there is no inter-class correlations between the functions.

Errors Number of support vectors
Data set Sparse KL-MNL SVM-WwW min Q7 @» @3 max
Iris 2.14+1.39 3.02+2.51 12 17 20 24 36
Thyroid  7.38+5.22 4.42+3.45 2 3 4 7 39
Wine 1.32+0.91 1.40 £0.69 4 10 25 34 37
Glass 28.42 +£4.05 29.30+10.70 8 18 56 65 75

Table 5: Errors of sparse variational multinomial logit Gaussian process and the WW variant of
multi-class SVM. The means and standard deviations of the errors over fifty partitions are
reported. The sqexpiso covariance function/kernel (45) is used on the inputs, and there is
no inter-class correlations. The number of inducing variables for the sparse approximation
is the number of support vectors given by WW times the number of classes. The last
five columns give the statistics of number of support vectors over the partitions. Column
SVM-WW duplicates column WW in Table 4.

optimization on the grid is used with the SVMs. Hence, the Gaussian processes can give finer
parameter estimates.

The above uses the full (or non-sparse) approximation to the Gaussian process model. We also
experiment with the sparse approximation. For each data set and each partition of the set, the target
number inducing variables is fixed to the number of support vectors selected by WW multiplied by
the number of classes. The initial inducing set is C randomly chosen variables. Inducing variables
are added using the strategy described in Section 9.3, but now with 6 =C, |§| =5 and t = 20.
This expansion of the inducing set is alternated with one gradient-line-search to optimize the hyper-
parameters of the model. After all the inducing variables are added, the hyper-parameters are further
optimized. Table 5 reports the results repeated over the fifty partitions for each data set. The table
also gives the minimum, maximum and quartiles (Q,Q>,Q3) of the number of support vectors.
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Figure 6: The quality of sparse approximations, at the same level of sparsity as the WW variant of
SVM. Each histogram is for the log ratios of Z; for the full model to Z; for the sparse
model. The approximation is mostly tight for the iris, wine and glass data sets, but is
loose for the thyroid data. The histogram for the iris data concentrated at 0, so it is barely
visible. The hyper-parameters for Z; and for ZZ are different.

From Table 5, we see that the sparse Gaussian process model with active selection of inducing
set compares favourably with the WW variant of SVM in terms of errors for three of the four data
sets. The sparse Gaussian process model gives significantly more errors for the thyroid data. We
believe there are two reasons for this. First, most of the fifty repetitions for the thyroid data have very
small number inducing variables: the median is 4 X 3 = 12. Second, the sparsity in the Gaussian
process is an imposed approximation to the full Gaussian process, while the sparsity in the SVM is
a direct consequence of its objective function. Therefore, limited to a median of only 12 inducing
variables, the sparse approximation is unsatisfactory. This is reflected in Figure 6, which gives the
violin plot of the log ratios of the marginal likelihood for the full model to the sparse model. From
the figure, we see that approximation of the Gaussian process model with the same level of sparsity
as WW is unsatisfactory for the thyroid data. Finally, we remark that the full Gaussian process
model gives 3.54 1 1.68 errors; see Table 4.

10. Conclusion and Discussion

We have introduced a tractable variational approximation to the multinomial logit Gaussian pro-
cesses for multi-class classification in Section 2.3, and we have provided the necessary updates
to optimize this approximation in Section 3. Empirical results in Section 9.1 have indicated that
our approximation is very faithful to the exact distribution, in contrast to the variational mean-field
approximation (Girolami and Rogers, 2006). One key to the success of this approximation is Theo-
rem 6, which gives a variational lower bound on the expected log-likelihood at each observation. In
addition, bounds on the train data marginal likelihood and test data predictive likelihoods have been
given in Sections 2.3.2 and 2.3.3, and these bounds have been shown to be supported by empirical
results in Section 9.1.

In Section 4, the proposed variational approximation has been combined with the sparse vari-
ational approximation approach previously advocated for regression (Titsias, 2009a). This sparse
approximation to the multinomial logit Gaussian processes has the property that incremental in-
creases in the inducing set will lead to tighter bounds on the marginal likelihood. This property
has been exploited in Section 6.1 to derive scores for potential inducing sites. An active selection
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strategy making greedy use of these scores has been compared favorably with random selection in
Section 9.3.

The present paper is mostly independent of the covariance structure of the Gaussian process.
Nevertheless, at various points, we have focused on the case where the covariance is separable into
the covariance on the inputs and the covariance on the classes. Such separable covariance has been
investigated previously in the context of multi-task Gaussian process regression (see, for example,
Bonilla et al., 2008). In Section 5, we have looked into the cases where the optimized variational
posterior satisfies the sum-to-zero property; this property is also present in many single-machine
multi-class SVMs. In Section 9.2.2, we have compared several models of prior correlation between
the latent functions. Although the experimental results are neither general nor conclusive against
or for K¢ = I, further investigation into the thyroid data has suggested that useful knowledge can
indeed be extracted if inter-latent-function correlations are permitted.

There are several possibilities building upon and extending this work. From the model perspec-
tive, it is worthwhile to have more interesting models in which latent functions can be related than,
for example, the separable covariance of Equation 1. For this, covariance models developed for
multi-task learning in the regression setting can be assessed for multinomial logit Gaussian process.
Here, two questions specific to multi-class classification are of interest. First, should one consider
models where a pair of latent functions are allowed to be positively correlated? On the one hand,
the classes are mutually exclusive, so an increase in the probability of one class necessarily entails a
decrease in the probability of another class when the probability of other classes are held constant;
hence we can expect negative correlations between the latent functions. On the other hand, if there
is a natural hierarchical structure to the classes, then the probability of two classes can rise in tan-
dem against the probability of the other classes; hence we may also find positive correlations. The
second question is: should the set of length-scales of the latent functions be the same? To argue
for the same set of length-scales, one may say that a single property of the given object x is being
predicted. The counter argument is that there are different values for this property, and the latent
function for each value may demand its own set of length-scales.

From the variational approximation perspective, further constraints can be placed on the any of
the variational parameters: m, V, the b;s and the S;s. Some constraints will lead to more efficient
algorithms though with less faithful approximations, and trade-offs between the two conflicting
goals will have to be examined. From a purely algorithmic perspective, more efficient updates than
the ones presented in Section 3 can be explored.

Theorem 6 gives a variational lower bound on the expected log-likelihood at each observation.
We have seen that it is rather tight on the average in Section 9.1. This bound can be applied to
on-line multi-class classification under the assumed density filtering framework, following a prior
work on sparse on-line binary classification (Csaté and Opper, 2002).
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Appendix A. Mathematical Preliminaries

We provide general results required in the proofs for the main results of this paper.

A.1 Gaussians

Lemma 18 Ler x; € R™ and x; € R™ be random vectors with two jointly normal distributions
p(x1,%2) E AL(n,U) and q(x1,%2) & A (m, V), where the parameters are partitioned as

n Un Un m Vit Viz
n & , U , m & , 7= .
(n2> <U21 U22> <m2> <V21 sz)
The difference between the Kullback-Leibler divergences on x < (x1,x3)" and x is

KL(p(x)lg(x)) — KL(p(x1)[lq(x1 ))

= n 1 viluy |+ Yevit (0, +wo w4+ 2y,
=75 T8 anan + T 2|1 o WU +2 21
where
Usjy & Up, — Uni Uy, ' Upa, Va1 & Vap — Vo Vi 'V,
WdéfU21—V21V1711U11, tdér(mz—nz)—VﬂVfll (ml—nl).
Proof The conditional distributions p(x;|x;) and g(xz|x;) have means
ny &0y + Uy Uy (x1—my), my; & my + VoV (x) —my)

and covariances Uy and V);. The difference between the Kullback-Leibler divergences can be
derived through the Kullback-Leibler divergence of these conditionals:

KL(p(x)lq(x)) = KL(p(x1) | q(x1)) /p x)log P/ P(x1) dx /p plxalx) 4o

q(x) /q X1) Xz\Xl)
2/ X1) ”Z_IOg‘ 2\1U2\1“Hr 2\1U2\1 (m2\1_n2\1) 201 (m2\1_n2\1)]dxl

In the last expression above, only the final quadratic term in the integrand depends on x;, so we
can move the other terms out of the integral. For this final term, its integral under p(x;)dx; is
Vs (WUL'WT) + €7V 't ]

A.2 Matrix

Proposition 19 For positive semi-definite matrices A and B of the same order, we have B < A im-
plies null(A) C null(B).

Proof Let x € null(A), then Ax = 0 by definition. Hence x'Ax = 0. Since 0 < B < A, we have
0 < x'Bx < x'Ax = 0. Therefore x' Bx = 0. This means Bx = 0, or x € null(B) (Horn and Johnson,
1985, Section 7.5, Problem 14). Thus x € null(A) = x € null(B). [ |

1784



VARIATIONAL MULTINOMIAL LOGIT GAUSSIAN PROCESS

Lemma 20 (Matrix determinant lemma) For an n-by-n non-singular matrix A and vectors u and v
inR" |[A+uv'| = (1+vIA~"a)|Al

Lemma 21 Under the setting in Lemma 20
A+uv’ +va’| = [(1+vIA ") (1 +u"A7v) —uTA luviA~ )] |4

Proof Apply Lemma 20 twice; then use the Sherman-Morrison formula on (A +uav’)~!. [ |

Corollary 22 If A is also symmetric, then
|A+uv’ +va'| = (1 +uA~ly)? —uTA_luVTA_lv)] |A.
Lemma 23 Further, with a € R, we have
A +auu” +uv’ 4vu'| = <(1 +uTA’1v)2 —uTA’luvTA’lv—i—auTA’lu) A|.

Proof Let X &' A+ quu” and b &£ 1 4+ au”A~'u. We apply Corollary 22, then we use Lemma 20 on
|X| and the Sherman-Morrison formula on X~

[(1+u™X'v)2 —u"X TuviXx'v)] X|

1 |
=|Alb (1+11TA1V> —EuTAflu (VTAIV—Z(uTAIV)z)]

b

2 1 1
=Ap |1+ ZutA v — (uTA’lv)2 - EuTA’luVTA’lv

b b
= |A[[(1 +uTA_1V)2+auTA_1u—uTA_luVTA_1V} .

The second step in the derivation applies the identity 1 — (a/b)u™A~'u = 1/b. [

Theorem 24 (Matrix quadratic equation, a special case of Potter 1966). Let A and B be two real
symmetric n-by-n matrices such that A+ B? is positive semi-definite and B is positive definite. Then
the positive definite solution to the equation —X*+BX +XB+A=0is X = PAzPT + B, where
PAPT is the eigen-decomposition of A + B.

Proof The solution X can be proved by direct substitution into the equation, or by completing the

square, or by following a construction due to Potter (1966). For positive definiteness, since B > 0,
we only require that (A 4 B?) is positive semi-definite. [ |

Appendix B. Bounds

This appendix provides the proofs for the bounds stated in the main text.
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B.1 Variational Lower Bound on the Marginal Likelihood

We derive the variational lower bounds Zz on the true marginal likelihood in the sparse case. Using
Jensen’s inequality, we have

f ~
logp(y) =10g/p(y,f,Z) dzdf = log/p(y,f,Z)q( 2Y) dzdf > log Zp,
q(f,zly)
where logZp def/q (f,z]y) log P12 >dzdf. 47)
q(f,z]y)

Given the model, the joint distribution p(y,f,z) factorizes into p(y|f)p(f|z)p(z) exactly; there is
no approximation involved. For the approximate posterior ¢(f,z|y), however, the factorization
q(f,z|ly) = p(f|z)q(zl|y) is assumed. Using these two factorizations, we have

logZB:/p(ﬂz) (z|y)logMdzdf

q(zly)
—/q z|y) [log

+/ (flz) log p(y|f)df | d
= —KL(q(zly)||p(z)) + / q(fly)log p(y|f)df

where g(fly) & [¢(f,z|y)dz. Since the joint likelihood factorizes across the n data points, this is

also log Zg = —KL(q(zly) || p(2)) + Ly i(yi:q), where £i(yinq) & [ q(fily)log p(yilf;) df;.
The bound Zp in the non-sparse case can be obtained in a similar manner with

R
log Zp % / 4(fly)log ’; %y)) df. 48)

B.1.1 RELATION BETWEEN BOUNDS FOR NON-SPARSE AND SPARSE APPROXIMATIONS

We show that the optimized non-sparse bound log Z is not smaller than the optimized sparse bound
log Z;. We begin by constraining the approximate posterior in log Zp:

logZp & n?%ngB 2 max logZp  (where g(fly) = [ p(f|z)q(z|y)dz). (49)
q(fly q\z|y

We introduce an arbitrary distribution r on z and use Jensen’s inequality to get
f
logp(y,f) log/p y.f.z dz—log/ y’ ) 4z > /,,<Z)logp(y(, ;Z)dz'
r(z

The above inequality is substituted into logZg through its definition (48), and the result is applied
to the leftmost expression in (49):

p(y.f.z)
q(fly)r(z)

This is for any r(z). We choose r(z) & g(z|f,y) = q(f,z|y)/q(f|y) and cancel out ¢(f]y) to obtain

logZy > max/q fly)r(z)log ———+dzdf (where q(fly) = [ p(f|z)q(z|y)dz).

p(y.f,2)
logZy > max/ f.z|y log dzdf.
i Ty

The objective on the right is log Zg by definition (47).
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B.2 Derivation of r(f) and r(y) for Lemma 2

Let r(f) be a prior distribution such that the posterior

r(fly) = p(y|f) r(£) /r(y), where r(y) & / p(y|f) r(f)df,

is a C-variate Gaussian density on f with mean a and precision W. Rearranging gives

r®  r(fly) & w2 1 T ¢ AT
3= o) ; e 0 (- W (a2 —y) f). (50)
Let a‘ be such that
Wa“=Wa+e —y, (51)
and define
C i W 1/2 1 C C
re(f) & (|27r’)C/2 exp [—2(f—a VTW(f—a )] .

By completing the square the terms within the brackets of (50), we obtain
1 < 1
r(f) = r(y)exp {—2aTWa] c;exp [Z(ac)TWaC] re(f).

This is a mixture of Gaussians model, so let r(f) = Y. v“r(f). Normalization gives

y) = exp [1a"Wa) c ot XD [1(a®)TWa‘] 52)
Y<  exp [3(ac)TWac]’ Y.oexp[3(a)TWa]
B.3 Derivation of Lower Bound /2 on the Expected Log-likelihood for Lemma 5
Recall from (12) that
‘ C
n(y:q.r) % [ qfly)logr(fly)df +logr(y) ~log Y- 17 [ q(tly)r“(Dat. (53
c=1

We simplify the first two terms on the right:
1
/ a(tly)logr(fly)df = - (~Clog2m +log|W| — (m—a)"W(m—a)T ~uWV), (59
logr(y) = laTWa —log i exp l(ac)TWa” (55)
2 = 2 '
For the third term on the right of (53), we introduce S & V-1 4+W and use

[ attiy)re ot
Wl

| I T -1 T o1 (y,—1
— Wwexp—z[mv m+ (a“)'Wa’— (V" 'm+Wwa) S (V" 'm+Wa")

(56)
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to obtain
1 E 7/ (fly)rc(f)df = —1 EC l(a")TWa” +11 |W| log2 1l ISV|
0 =—1lo exp | = =lo — —log2m— ~lo

c
+log )’ exp—% {mTV’lm— (V71m+WaC)TS71 (V- 'm+Wwa) } , (87
c=1

where the first term is from the denominator of v (Equation 52) and the second to fourth terms are
from the first factor in Equation 56. At present, let us focus on the term within the braces in the
above equation. Let b & W (m —a) +y and use the identity Wa“ = Wa + e —y (Equation 51) and
definition S & V' +W. Then
m'V-'m— (V-'m+wa) s (V-'m+Wa)
=m'"V 'm— (V 'm+Wa+e - y)TS_1 (V'm+Wa+e —y)
=m'"V 'm— (V 'm+Wm+e - b)TS_1 (V-'m+Wm+e° —b)
=m"V 'm— (Sm+e—b)' S (Sm+e —b)
=m"V 'm—m"Sm—2m" (e —b) — (e —b) 57 (e —b)
= —m'Wm+2m'W (m—a)+2m"y —2mTe‘ — (b—e)T 57! (b—e°)
=m"Wm—2m"Wa+2m"y —2m"e — (b—e) 57! (b—¢°)
—(m—a)"W(m—a)—a"Wa+2m"y—2m"e — (b—e)" 57 (b—¢°)
= (m—a)"TW(m—a) —a"Wa+2m'y —2logg‘(y;q,r),

where g¢(y;¢,7) % exp [mTe’ + 1 (b —e)TS~ (b —e¢)]. By pulling out the terms independent of
the dummy variable c in the last term of (57), we can rewrite

c
1 1 C
10g27 / (fly)re(f)df = —logZexp {Z(aC)TWaC] +§log|W|—§log27r

—710g|SV| (m a)TW(m— a)+ aTWa my+log2g (y;q,r). (58)

c=1
Finally, putting (54), (55) and (58) into (53) and cancelling terms yields
c 1 1 - < o
h(y;q,r) = > + Elog |ISV| — EtrSV +m'y— long (y:q,7).
i=1

Since distribution r(f|y) is completely determined by its mean a and precision W, we may use these
parameters instead of r in our notation; that is, i(y;g,a, W) instead of A(y;q,r).

B.4 Lemmas to Prove Theorem 6

This section collects the necessary lemmas to prove Theorem 6. Function g°(¢,b,S) and function
h(y;q,b,S) are given by Equations 16 and 19 in the main text, while variables g and A are defined
by Equations 17 and 18.
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Lemma 25 Function h is jointly concave in b and S.
Proof The following facts are used: (a) the log-determinant term is concave in S (Horn and Johnson,
1985, Theorem 7.6.7); (b) the matrix trace term is both concave and convex in S; (c) the quadratic

term in the exponent of g€ is jointly convex in S and b (Ando, 1979); and (d) the sum of log-convex
functions is log-convex. |

Lemma 26 The maximum of h given S with respect to b is at b = b* that satisfies b* = g*, where
g* is obtained by evaluating g at b*.

Proof Proved by setting the gradient 0/4/db to zero. [ |

Lemma 27 The maximum of h given b with respect to S is at S = S* that satisfies the implicit
equation —S*VS* +8* + A* = 0, where A* # 0 is A evaluated at S*.

Proof Proved by equating the gradient

oh 1 1 1

=V S —slAsT! 59

S 2 + 2 + 2 (59)
to zero and pre- and post-multiplying both sides by S (valid since S > 0 by definition). |

Lemma 28 LetA#0,A > 0andV = 0. Let S™ be the fixed point given implicitly by
SVt st A =0. (60)

Then V1 <S*<V-14+A and S #* V! and S™ #* VY4 A; that is, there exists a matrix W satis-
fring 0 X W™ <A and W ¢ {0,A} such that S* = V= + W, Furthermore, null(W™) = null(A).

Proof Let V factorizes to LLT, where L is non-singular; for example, matrix L can be the lower
Cholesky factor of V. We pre- and post-multiply Equation 60 by LT and L to obtain the equation
—(LTS™L)(LTS™L) + (LTS™L) + LTAL = 0. This is a matrix quadratic equation in LTS™L, so we
use Theorem 24 to reach the solution

LTs™L = PAPT, AL (A4+1/4)"2 412, (61)
where PAPT is the eigen-decomposition of LTAL. Matrix A is positive semi-definite, so similarly is
LTAL (Horn and Johnson, 1985, Observation 7.7.2) and LTAL+1 /4. Therefore, LTS™L is positive
definite; see Theorem 24. Since L is non-singular, we can write S™ = L~T (LTS™L) L1, so ™ is
positive definite (Horn and Johnson, 1985, Observation 7.7.2). Define wix gt ¢fx _ y=1 then

W= (L) L — (L) =L (LTS L) L =L7TP (A1) PTL,
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where (61) is used. Since the least diagonal value in A is one, W™ is positive semi-definite, so
S = v~=1. Moreover, since V # 0 and A # 0, so LTAL # 0, A #0, A # I and W™ # 0. Hence
S £ V=1, Substitute S = V! 4 W into (60) and rearranging gives

wk=aA—whivwk <A. (62)
Thus ™ < V~! 4 A. Moreover, W™ = 0 and V # 0 shows that S™ £ V1 + A.
We now prove null(W™) = null(A). Already, W™* < A gives null(A) C null(W) with Proposi-

tion 19, so it remains to proof null(W™) C null(A). Let x € null(W™). Post-multiply both sides of
the equality in (62) by x and use W™*x = 0 to give Ax = 0. Thus x € null(A). |

B.5 Proof of Lemma 7

We introduce u(n), where u(0) = £(y;q) and u(1) = log p(y|/m), and obtain its first two derivatives:

c=1

C
u(n) = /Q(fm <[(1 —n)f+nm]"y —log Y exp (1 —n)f + nm]TeC> d,
j:; = /q(f\y) ([m—f]Ty— [m—f]Tm,) df = —/q(fyy) m — 7, df,
2I/l
3772 N —/q(f!y) m )" (11, — 7"777"2) [m —f] df,

where

T
ccar _ eXp[(1—n)f+nm] e st (nl 7€),

; 7T, & ceoy T
T EE exp[(1 - om] e e

and I, is a diagonal matrix with 7r,, along its diagonal. The first derivative du/dn at n = 1 is zero
because 7r; is independent of f and the mean of f under ¢(f|y) is m. Moreover, the second derivative
d?u/dn? is non-positive because the matrix within the parentheses is positive semi-definite. Hence
u is concave in 7, and a maximal is u(1) = log p(y|/m) where the gradient is zero. [ |

B.6 A Data-independent Lower Bound on the Marginal Likelihood

We first introduce a bound on 4(y; g, b,S) when the variational posterior is chosen to be an isotropic
Gaussian.

Lemma 29 Let g = N (m,021), and let h(y;q,b,S) be as defined by Equation 19. Then

o2 1 oz 1 1 1
2/ - —og [/ 42 ) —1] =21
cta °g< c+4+2> ] 5 loeC
1 exp2m’y

+ -log ——— ———.
2 gff:l exp2mTec

c—1
h(y:q,b,S) > ————
max (y:9,b,9) 7
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with equality when m = 0. This is a decreasing function of C and o2. Moreover
1 1 1 exp2m'y

h(y;q,b,S) > —=02 — ~1logC+ = log ——— - —

maxh(y;¢,b,S) > =0y — 5 logC+ S log < expamie

Proof Let g(b,S) & exp(b —e)TS (

long

We use this inequality together with the choice of distribution g, which has variance o2 in all direc-
tions, to obtain i(y;q,b,S) > h(y;q,b,S), where

Using Cauchy-Schwarz inequality on Y€ c—18° gives

e).
C - 1

C ~C
E: exp2m e +§logCE:1g .

\S} \

~ c C exp2m’y
h(y:q,b,S) & — + ~logo? flo S ——trS—flo (b,S) + flo —_—
(v:q,b,5) & = + ~log g|S| 5 ng Rl omTe

Let g% /Y5, g and % (3',...,5°)7, where the arguments (b, ) are suppressed in the nota-
tion. Let G be the diagonal matrix with & along its diagonal. Also, define A & bbT — gbT — b§T +G.
These two definitions are analogous to the definitions of g and A in Equations 17 and 18.

Let the maximum of 7 be at (b*,S*). It is straightforward to modify Lemmas 25, 26 and 27 for

h. The modified Lemma 25 says that (b*,5*) is unique. The other two modified lemmas will give
the self-consistent equations

b* = §(b*,5"), —02(S*) 2+ S +AT=0.

By symmetry, b* = 1/C and A* = I/C — 117 /C?. An eigenpair of A* is (0,1/+/C); the other (C—1)
eigenpairs are (1/C,uy), d =1...(C— 1), where 1Tu; = 0 in addition to the orthonormal condi-

tions. Let
)\déf\/(f%/C+1/4+l/2. (63)

Since 028" = (02A* +-1/4)'/2 +1/2 (see the proof for Lemma 28 in Appendix B.4), the eigenvalues
of §* are ;% (with algebraic multiplicity one) and o; 2\ (with algebraic multiplicity C — 1), and
the eigenvectors of S* are those of A*. Thus the determinant and trace of S* can be readily obtained.
With b* = 1/C, observe that

(b*—e)"1/V/C=0, (b* —e)Tug = —uge,

where uy. is the cth entry in the eigenvector uy. For the exponent of gC, using (§*)~! in its eigen-
decomposition and the two observations above gives (b* —e°)T(5*)~!(b* —e) = (62/\) X5 | 2.
But the eigenvectors of S* are orthonormal, so ((1/v/C)? +YS- lluflc) is unity. Hence, we have

(b* —e)T(5*) "1 (b* —e) = (¢2/\) (1 — 1/C). This is independent of c. Therefore
h(y;q,b,S
maxh(y:q,b. S)

c c 1 v
- —+Elogag-i-ilogav_z((fv_z)\)c_l_%( 02 +(C—1)oy %))

2
1 o2 1 1 exp2m’y
— —logCexp | ¥ (1—— —log ——"——~
2% eXp[A( c>}+2°g C exp2mTe
c C-1 1 10?2 1 1 1 exp2m'y
=4+ - —logh—=(1+(C—-DN) == [1-= ] —=logC+ = log ————.
sty e (I+(C=1)Y) 2/\< C) 2 B T pomTer
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The underlined term can be simplified to (C—1)(1 — \)/2 by expressing o2 in \ using (63). Further
simplification and substitution with the definition of A gives

: [ [T ([
maxh(y:q,b,S) = ——5— 12 c+41°g< c+4+2>1
1 1 exp2m'y
——logC+ =log ————F—.
2 5T T2 %8 YT expomer

Combining this with A(y; q,b,S) > h(y;g,b,S) gives the the first inequality in the lemma statement.
When m = 0, we can obtain a modification of the proof using ZC 1 8¢ directly without bounding
through the Cauchy-Schwarz inequality. This modified proof shows that

. o1 [o2 1 [o2 1 1 B
Ig%xh(y,q,b,S)——T [2 C+4—log< E+4+2 —1| —logC. (m=0)

The first term is a decreasing function of C, and we now show that this first term is bounded
by —02/2 from below. Let f(x) % x> —3x+2+logx. Then f=0 and df/dx=0 at x=1, and
d?f/dx? > 0 in the domain x > 1. Therefore, f(x) > 0 for all x > 1. Then, for function f(x) we set

x & \/m +1/2 and use C — 1 < C to complete the proof after rearrangement. |
Proof (of Theorem 9)
logp(y) > max logZy > max 1o2Zil,ny)-n0.2)
% + %loga — 1log\K! — %trK + Zn}eg(h (yi, N(0,021),b;,S))
% + % logo? — = log |K|— —trK +nnl}axh(y, A(0,021),b,S).
Lemma 29 is then applied on max A. |

Proof (of Theorem 10)

logp(y) > max logZ,
g:{bi},{S:}

> max logZ
s, 08 Zrla0 =

n C 1 ‘ .
nc + Z<10g|SK\ —trSK> - ZlogZexp [(bi—e‘)TSi_l(bi—e‘)} .
{b}{S} i=1 =1 2

The same expression can be obtained by setting V = K and m = 1 and maximizing the resultant
expression with respect to 7. For K| = K>, ...K,, = K¢, we have

1
-l
ogp(y) > max

c 1 (0 1 ( 2 1 c\T g1 c
E—i-ilog\SK] EtrSK logcgexp E(b e)' S (b—e)|]|.

For the choice of K¢ &f 521, we apply Lemma 29. |
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B.7 Lower Bound on Predictive Probability: Proof of Theorem 12

For a set of n, test inputs X, & {X,;,...,X,,, }, the log joint predictive probability for x,; to be in
classc; (j=1...ny)1is

logp({ys; = 1}7-,1y) = log/p({yij- = 1}, |f) p(f.|y) df
—tog [ p({3%) =1},

—tog [ p({y%) = 1Y} 1) g(E..A1y)
Applying Jensen’s inequality gives the inequality
p(f..fly)

logp({y}; = 112 y) > / q(t.fly) log p({yy; = 1Y}, L) ety

= /q(f*IY) log p({y}} = 1}j|£.) df. — KL(q(E..fly)l| p(£..fly)).

£.) p(£.,fy)df. df

———=df.df.

df.df

Within the first term, the conditional joint predictive probability factorizes across the x,js. The
second term is the Kullback-Leibler divergence from g(f.,f|y) to p(f.,f]y), which can be written as

q(L.f.|y

KL (8.0 (6. 09) & [ g(6..1y)1og 7Y at.ar

— / q(tly) p(f*|f)logMdf df = / g(fly) log E”g df, (64)

which is KL(g(f]y)||p(fly)). Hence

log p({y\; = 1}}1,1y) = Z/q(f*jIY)logp(yij1 = 1|f,;) df.; — KL(q(fly)[|p(f]y))-
=1

Theorem 6 can now be applied to each summand within the first term. For the second term, the
KL-divergence is also log p(y) —logZ, and log Zg is lower bounded by log Z,. |

Remark 30 Derivation 64 has been shown in (Seeger, 2002, Section 2.2) and (Rasmussen and
Williams, 2006, Section 7.4.3), but there the exact prior has been used instead of the exact posterior.
Our presentation closely follows (Rasmussen and Williams, 2006)’s.

Appendix C. Optimization

We provide details on the optimization with respect to the variational parameters m, V, {b;} and
{S;} in Sections C.1 to C.3. In Section C.4, we give the derivation for the updates to the hyper-
parameters required for model learning in the sparse approximation.

Parameters m and b;s are updated together using Newton-Raphson in Section C.2. In regions of
high-curvature, this update can be modified to include include a step-size 7, the value of which can
be determined using the method of false position.
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(a) (b) (©) (d)

Figure 7: Four possible shapes of a segment of the concave function 4 within the convex combi-
nation coefficient € [0,1]. The horizontal axis is along 7, with S = S at n = 0 and
8¢ = §™ at = 1. The vertical axis is the variational lower bound /(y;g,b,S). Cases
(b) and (c) can be removed from consideration, since update S is only used when /4 is
higher at § than at S™. Case (a) is eliminated by showing that the gradient with respect to
n at n = 0 is non-negative.

For V and the S;s, their fixed point updates given in Section 3 are computed and tested for im-
provement in the variational lower bound.” When the bound is worse at the fixed point updates, we
search for the optimal convex combination between the previous value and the fixed-point update.
For example, S¢° = (1—n)S; + nSlf", where S; is the previous value and Sfx is the fixed point update.
We optimize 7 using the method of false position with end-point down-weighting. Sections C.1 and
C.3 give the gradients with respect to 7 and guarantee the existence of an optimal 7.

C.1 Optimization for S along 7

When the fixed-point S™ improves the bound over S, it is accepted as an update. Otherwise, we
use S & (1 —n)S+nS™, and we search for a i € [0, 1] that optimizes the bound using the false
position method. Matrix S is guaranteed to be positive definite, since it is a convex combination
of two positive definite matrices. Let W =S —V~! and W* = §* —v~1, Matrices W and and W
are positive semi-definite; see Lemma 28.'0 Define the gradient A & dS°°/dn = S* —§ = WX — W,
The search gradient along 7 is

. CC

ah<y’CI7b7S ) — ltI‘ |:{—V+ (SCC)*I + (SCC)*IACC (SCC)*I}A:| ,
an 2

where A is given by (18) evaluated at S (recall that A depends on g€, a function of §).

The optimal value of 7 is found using the false position method, which requires the maximal
to be bracketed within §° = § and $° = S™. Figure 7 enumerates the four possible segments of
a one-dimensional concave function. Let 17 =0 at the start of the segment and 7 = 1 at the end.
If update S° is only used when A(y;q,b,S) > h(y;q,b,S™), then segments (b) and (c) need not be
considered further. To show that the segment is always of the type given by Figure 7d, we require

9. These fixed point updates guarantees positive definiteness, a property which is absent in straightforward gradient
ascent. To guarantee positive definiteness, one may suppose a viable alternative is to update the Cholesky factors
or eigenvectors and eigenvalues. Unfortunately, the variational lower bound is not concave with respect to these
factorizations, so they cannot be used straightforwardly.

10. In the beginning, if W is not positive semi-definite, we can re-initialize it to be so, either by using a fixed positive
semi-definite matrix, or by letting W be WX in the first iteration.
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oh/an to be non-negative at n = 0. We proceed to show this. At = 0, we have S = S and A*° =
evaluated at S. Furthermore, we have A = S*V§™ — § since S™ satisfies (60). Thus

. CcC
ah(y’g’nb’s ) :%tr[(—v+5*1+5*1 (S™VS™ —s™) s~ Al

n=0
:%tr [s7!(s"VS™ —svs— 5™ +5) s7'A]
_1 —1 fx fx —1 l —1Ac—1
= Sw[ST(WRVWE —WVW)STIA] + Jur[STIASTIA]

The second term on the right of the equality is non-negative, so its removal gives

. CC

an n=0 2
%tr [STHWRVWE —WVW + WEVW — WV W) STIA|
%tr [STH(WRVW —WVW + WEVWE —whvw) sT1A]
% tr[S' (AVW + WPVA) ST1A]
l -1 1 1 — 1y fx —1
S [STAVWSTIA] 4 St [STIWRVASTIA]

> 0.

C.2 Joint Optimization for m and b

Let K & (K |K3|...|K,) be a partition of K, where each K; is a Cn-by-C matrix. We wish to optimize
the variational lower bound logZ;, (21) with respect to b by setting m = K(y —b). Call this partic-
ular setting of parameters logZ,. The gradient of logZ; with respect to b including the indirect
contribution from m is
alog ZZ — a 1Og Z;lk ‘m constant diln a 10g ZZ }b constant
ob ob db om
=-S'b-g—-K(-K 'm+y-§g)
—~(K+S ") (b-g).

Unlike case of per-datum update for b;, we find the fixed-point update setting b to g ineffective.
Therefore, we use the Newton-Raphson update. The required Hessian is

?logZ; og -

= (K+SH(I-=Z)=—K+SHI+(G-G)(K+S)).
et = (k57 (1= 5% ) = (K45 (14 (G- )k +57)
The Hessian is negative definite, so log Z, is concave in b. The second order update is

bR =b— (I+(G-G)(K+S") " (b—3). (65)

C.2.1 JOINT OPTIMIZATION FOR m AND b IN SPARSE APPROXIMATION

For sparse approximation, the update is similar to Equation 65, the only difference being the re-
placement of K with KfT K~ 'K;:

bR =b— (I+(G—G) (KTK 'K +57")) ' (b—3).
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C.3 Optimization for V along n

Let W be the block diagonal matrix with the ith block given by W; & §; — Vfl > 0. When the fixed-
point V& = (K~! +W)~! improves the bound over V, it is accepted as an update. Otherwise, we
use Ve & (1 —n)V +nV™, and we search for a i) € [0, 1] that optimizes the bound using the false
position method. Matrix V¢ is guaranteed to be positive definite, since it is a convex combination
of two positive definite matrices. Let A & dV°°/dn = VX — V. Below, we shall make explicit that
the lower bound log Z;, is parameterized by the covariance V of the variational posterior. The search
gradient is

alOgZh(VCC) 1 ccy— 1 - 1¢ ccy— -
Tzitr((v )'a) - (K 1A)+§l§itr((Vi )'A) — i;tr(SiAi)»

| =

where V and A; are the ith blocks along the diagonal of V¢ and A respectively. The update V is
only used when logZ;, (V') > logZ, (V). By arguments similar to those for the update S° discussed
in Appendix C.1, we can guarantee that there is a maximum between V and V* by showing that
0Zy,/9n is non-negative at ) = 0:

dlogZy, (V<o)
I

= %tr(V‘lA) — -t (K 'A) - ;i_iltr(mm)

= %tr (v'A) - %tr (K~'A) - %tr(WA) (since W is block diagonal)

= %tr (Vv1A) - %tr (K~'A) - %tr(((vfxrl —Kk1)A) (since V™ = (K~ +W)™)

= (v - )a)

= %tr((v“)*l(vfx —V)V'A)

= %tr((vf")_lAV_lA)

>0.

C.3.1 OPTIMIZATION FOR V ALONG 77 IN SPARSE APPROXIMATION

We use the same strategy in the sparse approximation. Let the covariance of the inducing variables
be V¢ & (1 —n)V +nV™. The covariance of the latent variables is V¢ = (1 —n)V;+nVX. Let
AL AV /dn =V™ —V, and let A& dvee/dn = fo" —Vi=K'K'AK"'K;. The gradient along
71 € [0, 1] for the false position update is

dlogZ,(Vee) 1 cer—1 | I 1 & » 1
—— =t A)——tr(K A+ = ) tr((VES)  Ag) — = ) tr(SiAg).
5 2 0((V5)718) = (K 8) 5 Y an((5) ) — 5 Y (i)

The proof that dlog Z;,(V<¢) /dn is non-negative at 7 = 0 follows the same reasoning as that for the
non-sparse approximation.
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C.4 Hyper-parameter Estimation in Sparse Approximation
In this section, we give the gradients of the optimized variational lower bound Z;; for the sparse

case. First, we introduce

, oK 'K; oK; 0K

Tk 'K 'VK™! &K — — —K 'K
VK ] < 3, ) 0, 96, (66)

Then
om; _ Mk 'm=TTa (67)
86
—KTK 'K 'K —TTTK; — K TT,.

00, 90, 30 P iR R (68)

The gradient is
dlogZ; 1 19K L 1 10K LT 0K -
= ——tr{ K~ (K 'K ' | +-m'K T K
r( i) 30, 30,
1
2

do; 2 a6;

am}f 718Vf,'
+ T@y+ 5;“ <(Vfi) 2, >

1 T oK Bmf _ 1 an
= _t —T) = _
2 r<(aa )aej>+ 36, Y 8 M3,
where o & K~ 'm, Wy; & S; — Vﬁ*1 and W is a block diagonal matrix of the Wy;s. Let us investigate

the second term in the last expression above. Using (67), the definition of I'; in (66) and the identity
m = K; (y — g) at optimality (see Section 4.2), we have

J

)
Bl avf’) LLAG

i=lc=1

om{ o 10K _ . q0K
30, (y—8)=a'Ti(y-g =a’ ae( y—8 —ao' ae,K Ki(y —8)

> %0, (y-8)- TR

We now turn to the trace expression in the gradient of logZ;‘; . Using (68), the definition of I}
in (66) and the invariance of trace under cyclic permutations, we obtain

o (w2 WK e (w2 Zow (wikd 720 e (wir K
T r T T —
"3, 90, 30, 90, 30,
where we have used W & K~ KWK K~!. Further substituting the definition for 7 from (66) into
the last term and simplifying using W = V~! — K~ at optimality (see Equation 33) gives

Vs oKt oK aKf
o (W) = (0250 (2 25) 2 (i 25).

Putting the simplifications back into the gradient of logZ; gives

dlogZ; 1 9K . Ak 1 oK.
a6 2tr<(aa T+W)ae>+tr<((y g +WfoT)870j S WfTQJ- '
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Appendix D. Selection of Inducing Sites

This appendix details the derivation of criterion d; used for selecting inducing sites actively.

D.1 A Lower Bound on the Increase to the Marginal Likelihood Bound

Our objective is to add an inducing site X, to the current inducing set X so as to maximize the lower
bound (30) on the increase in logZh. The random variables at X, and X are denoted by z, and z. Let
z, % (27 z,)T and X, & X U {X.}. The prior on z, and f is

Z, def K* Kf* def K k* def Kf
(E)roll ) e we(E ) me(l)

Vbi,Si: IZ 7V7bi75i;}?a
{m,V {b;},{Si}} arg max log n(m,V,{b;},{S:};X)

Let

where m and V are the mean and covariance of z in the approximate posterior using inducing set
X. LetlogZ;(X) be the optimal value of the objective function in the equation above. Then a lower
bound on the increase is

dl(i*‘}?)déf max logZh(m*,V*,{b,},{Si};f(*)—logZ;:()?), (69)

M Vs, Vi

where the mean m,. and covariance V, of the approximate posterior on z, are constrained:

o (M det V v,
m (™). e %) o

Denote the posterior distribution of the latent function values f under the sparse approxima-
tion by g.(fly) & ¢(f|ly,X.). This is the approximate posterior using the inducing sites X,, while
q(fly) & g(fly,X) is the posterior using X. The choice of the factored form of the approximate

posterior in Equation 29 means that

atly) = [ p(fi2)q(aly)dz 0.(1ly) = [ pltiz.)g(z.ly)dz..

Expressions for the mean m¢ and covariance V¢ of f under ¢(f|y) are given in Equation 31. The mean
myg, and covariance Vi, of f under g, (f]y) are

my, = KK, 'm, Vi = Kip — KK, 'Kp 4+ KEK'VK Ky,
=my¢+ (UK :Vf—</€—X)I<,I€T+’lpI€T+K/¢T, (71)
where
/@“:ka**—kIK_]k*, Vd:“v**—vIV_lv*, Xdéfy—l—uTV_lv, M‘gm*—kIK_lm,
k& (ke — K Kk /6, v&v, —VK k., Y KK .

The two expressions in (71) relate the parameters for ¢.(fly) to those for g(f]y). The deriva-
tion uses the Banachiewicz inversion formula (Puntanen and Styan, 2005) on (K.)~'. The term
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(k—x) in the expression for V. is non-negative because K, > V, at the stationary, which gives
(k—x)= (—K‘lk,k 1) (K« — Vi) (—K‘lk* I)T > 0. The posterior covariance for ith data point
under g, is the ith C-by-C diagonal block matrix of V,:

Viwi = Vi — (k= X)Kik] +ik] + Kb, (72)

where Vj; is the ith C-by-C diagonal block matrix of of V¢, and k; (resp. ;) is the ith C-vector of k
(resp. ¥). Using Lemma 23, we obtain

_ 2 _ _
|Visi| = wil Vil where w; & (1 + f-ciTVfi 1¢i) — niTVﬁ. ki (KJ —x+ ’lPiTVf,- 1¢i) . (73)

Since |Vg,;| > 0 and |Vg;| > 0, so w; > 0. We are now ready to express d; defined by (69) in terms of
the parameters, separating log Zj, into its summands expressed in Equation 30:

M Vi, Vi

n
di(%.|X) = max <dKL(m*,v**,v*,i*\X)+Zd,‘1(m*,v**,v*,i*|}?)>,
i=1

where

AL (e, Vi, V4, %] X) & —KL(q(2. | ¥) || p(2.)) + KL(q(z | y) || p(2))

22 T T
d/l’z(m*av**av*ai*|X) déf h(Yzaq*;,b,,S,) — h’(yl’ql’bt,Sl)
C
* K} Siki — K] Sipi + puks] yi — log Z g;'e““?e”,

1 K—
:Elogwl—}—T

c=1

Lemma 18 is used to obtain the second expression for dki, and (71) to (73) are used to obtain the
second expression for d,’z The g,; in the definition of d;'l refers to the the marginal for f; under
q+(fly), while the g¢s in the term for d!, is evaluated under g(fly).

D.2 Optimizing the Lower Bound on the Increase

Let

n
dy (M, Vies, Vi, % | X)) &8 dier. (M, Vi, Vi, %4 | X)) + Zd}z(m*,v**,v*,iqf()
i=1

be the objective function within d; (X, |X). Within this section, d; shall refer to this objective func-
tion instead of its maximum. The contributions from m, and (v., v..) are decoupled in this objective,
so the search for the optimal m,. and (v, v.,) can be perform separately.

Instead of using m,, v.. and v, as the variational parameters, we can treat y, v and v as the
variational parameters, and then define m,., v., and v, as functions of them:

m, 4+ kK m, Var v vIV Ty, v, v+ VK k,.

This is valid and does not change the search space of the original variational parameters. During the
optimization, the positive definiteness of V, (70) can be ensured by constraining the Schur comple-
ment v to be positive (see Horn and Johnson 1985, Theorem 7.7.6). Under this re-parametrization,
d; is concave in p and v but not necessarily concave in v because of the positive quadratic term
within w; (73).

Below, we give the gradient updates for p and v.
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D.2.1 NEWTON-RAPHSON UPDATES FOR /i

5C def ,C

Let g5, & g¢exp ur, e, g5, & g*i/Zgzl gC, B i (g'ii, . ,g'fi)T, 8. be the stacking of @,1,..., 8,
G, be the diagonal matrix with g, down its diagonal, and G, be a nC-by-nC block diagonal matrix
where the ith block is g.;8;. The Newton-Raphson update for 1 is obtained from the first and the
second derivatives dd; /o = —p/k +k'y — k18, and 9°d; /Opu® = —1/k — KT (G, — G, k.

D.2.2 “BEYOND” NEWTON RAPHSON UPDATES FOR Vv,

We give an update for v that converges faster than the Newton-Raphson update for logv when the
optimal value is small, using a non-quadratic local approximation (Minka, 2002):

- 1 b
di(v) = constant + Elogu + glog(%l—a) 5

where a and b are parameters in the approximation. Within the approximation, v is constrained to
be positive due to the second term. By equating the first two derivatives of d; (v) to those of d; (v)
at a given v, we obtain

n 1 1
_ _ n 2 T
a= T Vs b=\/nYi 17F+—-+kK Sm—z Tis
i=1 T, K =

where the positive branch of the square-root for a is used so that a + v remains positive. Fixing a
bNR

and b, the update for v is obtained by equating the gradient of d| (1) at the updated point, say v°NR,
to zero. This involve a quadratic equation, and we use its positive solution
g —(ab—n—1)++/(ab—n—1)2+4ab
v .

- 2b 74

We prove that this update is guaranteed to be positive in Theorem 32 below.

Lemma 31 7; & li,-TVfi_lH,-/wi <1/v.
Proof Define
~ (V v
def *
Ve = <V;£ VTV1V> ’

which is positive semi-definite (Horn and Johnson, 1985, Theorem 7.7.6). Then Vi, below is positive
definite since the covariance of the joint prior p(z.,f) is positive definite.

Vi, & Ky — KLK, 'K, + KEK WK 'Ky = Vi— (k= (x —v))kkT + YT 4+ kT
Similarly, the ith diagonal C-by-C sub-matrix of V¢, given by
Vf*i =Vi— (FL — (X — I/))Iﬁ?ilﬁ',? + lbili;r + K),'?,ZJ;F

is positive definite. Using Lemma 23, we obtain |Vp,;| = @;| V4|, where

~ _ 2 — —

Q0 (l + H;vai l'l,b,') - Iﬂ',;FVfi 1I<Li (I{ - (X — I/) + 'lﬂlTth 1’(,bi)
is positive because both |V,,| and |V;| are positive. But &; = w; — uniTVfl._lni. Thus

w;=w;+ I/Ii',;rvﬁ_l K; > I/Ii',;rvﬁ_l K;.

Sor; <1/v. [
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Theorem 32 Update v""R given in Equation 74 is positive.

Proof This update is guaranteed to be positive when a and b are both positive. Parameter b is pos-
itive because 1/r + kT Sk is positive and Y7, 7; < (n Y7, 77)'/? by applying the Cauchy-Schwarz
inequality. Parameter a is positive because 7; < 1/v from Lemma 31. |

Appendix E. Implementation Considerations
This appendix considers the details for an implementation of the variational bound optimization
presented in this paper.
E.1 Matrix Inversion in Update for b in Sparse Approximation
For the sparse approximation, the Newton-Raphson update for b given in Appendix C.2.1 requires
inverting X ¢ 1 4+ (G- G) (K;F KflKH-S*l) of order Cn-by-Cn. To avoid O(C3n?) computation,
we apply the Woodbury’s inversion lemma thrice. Let M & (S+G — G) ™!, and Lg & KfT L,;T, where
L is the lower Cholesky factor of K. Then
1 = A F 5T -l = A7
X '=1-(G-6) ((LKLKJrS’ ) +(G—G))
A A —1 7 T \—17T) !
—1-(G-6) (M — SLg (I+L}SLk) LKS>
=1-(G-G) (M+MS£K (T+IE(S— SMS)ZK)’IQSM)

= SM — (S— SMS)Lx (I+LE(S— SMS)Lg) ™ LESM,
where we have substituted (G — G) = M~ — S to obtain the last expression.

E.2 Better Conditioned Updates for V

In this section, we give better conditioned updates for the optimization of V.

E.2.1 NON-SPARSE CASE

Equation 28 in Section 3.4 gives the fixed-point update V* = (K—! +-W)~! for the variational pa-
rameter V, where W is rank deficient (see Lemma 28). We factorize W = Ly LY, and introduce
B LKLy +1and T % LyB~'LY,. Then the Woodbury’s inversion lemma gives VX = K — KTK.
The optimal update is given by the best convex combination of V and V*. Let T°!¢ be such that

V=K-KT"K. (75)
The best convex combination is the one optimized over n € [0,1] in V¢ =K — KT*°K, where
T & (1 —n)T¥ 4+ 1T. The update for V implies that 7<¢ is the T°! for the next iteration,
so (75) is always possible. Moreover, with A & dV°/dp, we also have A = K(T°¢ —T)K and
K 'A= (T -T)K.
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E.2.2 SPARSE CASE
Equation 33 in Section 4.2 gives the fixed-point update in the sparse case:

V= (K 4 K KWKTE ) T

If we were to proceed as for the non-sparse case using the Woodbury’s inversion lemma, then the in-
version of a Cn-by-Crn matrix would be required. However, this is to be avoided in the sparse approx-
imation, which aims to reduce time complexity. Instead, we compute V* = L (I + LEWLg)~'LE,
where L is the lower Cholesky factor of K, and L & KfT L,}T. This is more efficient and yet does
not involve any inversion of K.

The computation of V; at this fixed point requires 7 & K—! — K~ 'V*K~!. This can be done
with the above formula for V*:

B B B i B A
T =K' - LT (1+ IEWle) ' L = LT (1= (1+ Epwil) ™) 1
Hence
- - v oo =1\ =
VX = Ky — KITK: = Kir — Ly (1—(1+L§WfLK) )L,T(.

E.3 Initialization

Our variational lower bound (21) on the marginal likelihood is concave with respect to all the varia-
tional parameters, so the initialization of parameters does not affect the converged answer in theory.
However, in practice, initialization is still important for two reasons. First, it can ensure that the
matrices are better conditioned. Second, it can ensure that we start near to the converged answer, so
that convergence is sooner.

For initialization, there are two cases to be considered. The easier case is during model learning
when we can use the optimized variational parameters from the previous model to initialize the
variational parameters of the current model. We shall omit details for this case. The more difficult
case is when there is no previous model, usually when no model learning is involved or at the onset
of model learning. In this section, we suggest a procedure for initialization in this case. The key idea
behind our procedure is to locate the variational mean at the data and to use the same covariance at
every input X;.

E.3.1 COVARIANCES

From Equation 20 for the analysis of the proof of Theorem 6, a parametrization of W; that satisfies
the two mentioned properties is W; & M — M11TM /1"M1, where M is a C-by-C positive definite
matrix. Although we have noted there that using a diagonal M is suboptimal, there is much appeal
in such a setting for initialization because of the match with the likelihood terms. Hence we shall
initialize with W; &£ ~ (I /C—1"1/ C2) , for some v > 0. The initial covariance V of the variational
posterior can be computed using Woodbury’s inversion lemma on the fixed point equation (K~! +
W)~!, where W is the block diagonal matrix consisting or the W;s.

E.3.2 MEANS

Our initialization for the mean locate it at the data. To this end, let us recall a few invariances at the
stationary point of the variational lower bound (21) on the marginal likelihood. For the ith datum,
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a; and W, are the parameters for the variational posterior r(f;|y;) defined in Lemma 2. For the case
of non-sparse approximation, we have the invariances

y—b=W(a—m), (From definition in Lemma 5)
m=K(y—b), (Section 3.3)
V=(K"'+w) !, (Section 3.4)

where y (resp. b, a, m) is the stacking of the y;s (resp. b;s, a;s, m;s) for each datum. Rearranging
for m gives

m=(I+KW) 'KkWa=(K'+W) 'Wa=vWwa. (76)

We initialize m through an appropriate value for a. Since a; is the mean of r(f;]y;), we choose to
seta; =y(y;+ (y;—1)/(C— 1)), for some fixed parameter ~. For example, if x; is in the first class,
then a; = (v, —v/(C—1),...,—v/(C—1)). This locates the mean of r(f;|y;) to be positive for the
class given by the data and uniformly negative otherwise. Let a & K~'m. The initialization (76)
satisfies the sum-to-zero property:

Ta=1"k"'vwa=1T1+WK) 'Wa=1"W(I+KW) 'a=0,

where the third equality applies Searle’s Identity, and the last equality is because 1 is in the null-
space of W. With y = 1, the setting for a; is the minimizer of the loss function in a multi-class SVM
under the sum-to-zero constraint (Lee et al., 2004, Lemma 1).

Similarly, for sparse approximation, we have

y—b =Wi(a—my), (From definition in Lemma 5)
ms = KfT K _1m, (Section 4, Equation 31)
m = K¢(y —b), (Section 4.2)
V=(K"'+K'"KWKIK 1)L (Section 4.2)

Rearranging for m gives
m+KWiKIK 'm=KWia << KV 'm=KWa <= m=VK 'KWa.

Initialization of a is done as in the non-sparse case.

Appendix F. Importance Sampling

In this section, we describe how various quantities of interest can be computed using importance
sampling. Let p(f|y) be the exact posterior of the latent function values at the observed data. This is
obtained from Bayes’ rule p(fly) = p(y|f)p(f)/p(y), where p(y) is the marginal likelihood, which
is intractable to compute exactly. Let p,(f) be a proposal distribution. Our choice of ps(f) is the
multivariate-¢ distribution (Kotz and Nadarajah, 2004) with four degrees of freedom, centered at
the that mean of the optimized variational approximation to p(fly) and with covariance twice the
covariance of the prior p(f); that is
(v+p)/2

pi(f) = ((mv)P/2D(v/2)|K|1/2 v
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where v = 4, p = nC is the dimension of f, K is the prior covariance of f, and m* is the mean of the
optimized variational posterior. This choice of proposal ensures that p(f) < ¢ p,(f) for all f for some
finite constant ¢ > 0, which is a desideratum for importance samplers. It also locates the proposal
at the estimated mean of the posterior.

Let f5) be a sample from the proposal, indexed by s over n; samples. Its unnormalized weight

wl) is
() P)PEDY) _ p(yIf) p(E)
B Ds (f(s)) Ps (f(s)) ’
which can be computed exactly for the multinomial logistic likelihood. A Monte Carlo estimate of
p(y)is p(y) & ¥ wl /ng, which is the sample mean of the w*)s, because

p)% [ posinpoan= [ PERED (a3t

AR

The strong law of large numbers says that p(y) converges to p(y) almost surely as n, approaches
infinity (Geweke, 2005, Theorem 4.2.2). The rate of convergence is given by the Lindeberg-Lévy
central limit theorem (Geweke, 2005, Theorem 4.2.2)

Vs (p(y) = p(y)) —5 N(0,02),

where o2 is the true variance of unnormalized weights. This variance exists for our choice of
the proposal distribution because p(f) < ¢ p,(f) and the likelihood is bounded. This variance can
be estimated from the samples wls. We use this convergence in distribution to compute a high
probability upper bound to p(y) based on the samples. Since, the weights and p(y) are positive, one
might be concerned that skewness has not been factored into the approximation. Then, one might
consider using the y? approximation (Hall, 1983). However, our calculations have shown this to
have negligible effect on the upper bound estimate because we have used n; = 100,000 samples.

F.1 Prediction
The normalized weight w() of £(5) is estimated with

(5) aer 1 p(f8)]y) —lw(S) N wls)

T ps(f9)  nsp(y) T Zewt)

For prediction at x,, the exact joint posterior of (f,f.) is p(f,f.|y) = p(fly)p(f.|f). For the
proposal distribution, we use ps(f,f.) = ps(f)p(f.|f), and a draw from the proposal follows this

generative model. The normalized weight of sample (£, f,)(*) & (f(s),fgf)) is

0 g L PEVY)P(E 1)

s py(£0) p(£)[£)

The predictive probability is

pS (f7 f*)
For the multinomial logistic likelihood, p(y;|f;) and p(y.|f.) can be computed readily. For the

multinomial probit likelihood, we use the sampling approach (Girolami and Rogers, 2006) with
twenty samples, which is sufficient when #; is large.

Pyl = [ pOuIE) pELIY AR = [ ply.it.) P dfdt ~ Y ply. B,

1804



VARIATIONAL MULTINOMIAL LOGIT GAUSSIAN PROCESS

References

T. Ando. Concavity of certain maps on positive definite matrices and applications to Hadamard
products. Linear Algebra and Its Applications, 26:203-241, 1979.

D. Angluin and P. Laird. Learning from noisy examples. Machine Learning, 2:343-370, 1988.
A. Banerjee. On Bayesian bounds. In International Conference on Machine Learning, 2006.

E. V. Bonilla, K. M. A. Chai, and C. K. I. Williams. Multi-task Gaussian process prediction. In
J. Platt, D. Koller, Y. Singer, and S. Roweis, editors, Advances in Neural Information Processing
Systems, volume 20, pages 153-160. Curran Associates, Inc., 2008.

E. J. Bredensteiner and K. P. Bennett. Multicategory classification by support vector machines.
Computational Optimization Applications, 12:53-79, January 1999.

J. S. Bridle. Probabilistic interpretation of feedforward classification network outputs with rela-
tionships to statistical pattern recognition. In Neuro-computing: Algorithms, Architectures and
Applications, NATO ASI Series in Systems and Computer Science. Springer, 1989.

E. Challis and D. Barber. Concave Gaussian variational approximations for inference in large-scale
Bayesian linear models. In D. Dunson and M. Dudk, editors, Proceedings of the Fourteenth
International Conference on Artificial Intelligence and Statistics, volume 15 of JMLR: Workshop
and Conference Proceedings Series, 2011.

K. Crammer and Y. Singer. On the algorithmic implementation of multiclass kernel-based vector
machines. Journal of Machine Learning Research, 2:265-292, 2001.

L. Csat6 and M. Opper. Sparse online Gaussian processes. Neural Computation, 14:641-668, 2002.

A. Frank and A. Asuncion. UCI machine learning repository, 2010. URL http://archive.ics.
uci.edu/ml.

J. Geweke. Contemporary Bayesian Econometrics and Statistics. Wiley Series in Probability and
Statistics. John Wiley & Sons, Inc., New Jersey, 2005.

J. Geweke, M. P. Keane, and D. Runkle. Alternative computational approaches to inference in the
multinomial probit model. The Review of Economics and Statistics, 76(4):609-32, 1994,

Z. Ghahramani and M. J. Beal. Graphical models and variational methods. In D. Saad and M. Opper,
editors, Advanced Mean Field methods — Theory and Practice. MIT Press, 2000a.

Z. Ghahramani and M. J. Beal. Variational inference for Bayesian mixtures of factor analysers. In
S. A. Solla, T. K. Leen, and K.-R. Miiller, editors, Advances in Neural Information Processing
Systems, volume 12, pages 449-455. MIT Press, Cambridge, MA, 2000b.

M. N. Gibbs. Bayesian Gaussian Processes for Regression and Classification. PhD thesis, Univer-
sity of Cambridge, Department of Physics, 1997.

M. Girolami and S. Rogers. Variational Bayesian multinomial probit regression with Gaussian
process priors. Neural Computation, 18(8):1790-1817, 2006.

1805



CHAI

Y. Guermeur. Combining discriminant models with new multi-class SVMs. Pattern Analysis and
Applications, 5(2):168-179, 2002.

Y. Guermeur and E. Monfrini. A quadratic loss multi-class SVM for which a radius-margin bound
applies. Informatica, 22(1):73-96, 2011.

P. Hall. Chi squared approximations to the distribution of a sum of independent random variables.
The Annals of Probability, 11(4):1028-1036, 1983.

R. Henao and O. Winther. PASS-GP: Predictive active set selection for Gaussian processes. In IEEE
International Workshop on Machine Learning for Signal Processing, pages 148—-153, 2010.

R. A. Horn and C. R. Johnson. Matrix Analysis. Cambridge University Press, 1985.

C.-W. Hsu and C.-J. Lin. A comparison of methods for multiclass support vector machines. /EEE
Transactions on Neural Networks, 13(2):415-425, 2002.

H.-C. Kim and Z. Ghahramani. Bayesian Gaussian process classification with the EM-EP algorithm.
IEEE Transactions on Pattern Analysis Machine Intelligence, 28:1948-1959, 2006.

D. A. Knowles and T. P. Minka. Non-conjugate variational message passing for multinomial and
binary regression. In J. Shawe-Taylor, R. Zemel, P. Bartlett, F. Pereira, and K. Weinberger,
editors, Advances in Neural Information Processing Systems, volume 24, pages 1701-1709. 2011.

S. J. Koopman, N. Shephard, and D. Creal. Testing the assumptions behind importance sampling.
Journal of Econometrics, 149(1):2-11, 2009.

S. Kotz and S. Nadarajah. Multivariate t Distributions and Their Applications. Cambridge Univer-
sity Press, Cambridge, UK, 2004.

F. Lauer and Y. Guermeur. MSVMpack: a multi-class support vector machine package. Journal of
Machine Learning Research, 12:2269-2272,2011. http://www.loria.fr/~lauer/MSVMpack.

N. D. Lawrence, M. Seeger, and R. Herbrich. Fast sparse Gaussian process methods: The informa-

tive vector machine. In Advances in Neural Information Processing Systems, volume 15, pages
609-616, Cambridge, MA, 2003. MIT Press.

M. Lazaro-Gredilla and A. Figueiras-Vidal. Inter-domain Gaussian processes for sparse inference
using inducing features. In Y. Bengio, D. Schuurmans, J. Lafferty, C. K. I. Williams, and A. Cu-
lotta, editors, Advances in Neural Information Processing Systems, volume 22, pages 1087-1095.
Curran Associates, Inc., 2009.

Y. Lee, Y. Lin, and G. Wahba. Multicategory support vector machines. Journal of the American
Statistical Association, 99(465):67-81, 2004.

D. McFadden. Conditional logit analysis of qualitative choice behavior. In P. Zarembka, editor,
Frontiers in Econometrics, pages 105-142. Academic Press, 1974.

T. P. Minka. Beyond Newton’s method, 2002. URL http://research.microsoft.com/en-us/
um/people/minka/papers/minka-newton.pdf.

1806



VARIATIONAL MULTINOMIAL LOGIT GAUSSIAN PROCESS

R. M. Neal. Bayesian Learning for Neural Networks. Springer-Verlag New York, 1996.

R. M. Neal. Regression and classification using Gaussian process priors. In A. P. D. J. M. Bernardo,
J. O. Berger and A. F. M. Smith, editors, Bayesian Statistics, volume 6, pages 475-501. Oxford
University Press, 1998.

R. M. Neal. Annealed importance sampling. Statistics and Computing, 11:125-139, 2001.

H. Nickisch and C. E. Rasmussen. Approximations for binary Gaussian process classification.
Journal of Machine Learning Research, 9:2035-2078, 2008.

J. E. Potter. Matrix quadratic solutions. SIAM Journal on Applied Mathematics, 14(3):496-501,
May 1966.

S. Puntanen and G. P. H. Styan. Historical introduction: Issai Schur and the early development of the
Schur complement. In F. Zhang, editor, The Schur Complement and Its Applications, Numerical
Methods and Algorithms, pages 1-16. Springer, 2005.

J. Quifionero-Candela, C. E. Rasmussen, and C. K. I. Williams. Approximation methods for Gaus-
sian process regression. In L. Bottou, O. Chapelle, D. DeCoste, and J. Weston, editors, Large
Scale Kernel Machines, pages 203-223. MIT Press, 2007.

C. E. Rasmussen and C. K. I. Williams. Gaussian Processes for Machine Learning. MIT Press,
Cambridge, Massachusetts, 2006.

R. Rifkin and A. Klautau. In defense of one-vs-all classification. Journal of Machine Learning
Research, 5:101-141, 2004.

M. Seeger. PAC-Bayesian generalisation error bounds for Gaussian process classification. Journal
of Machine Learning Research, 3:233-269, 2002.

M. Seeger and M. 1. Jordan. Sparse Gaussian process classification with multiple classes. Technical
report, University of California at Berkeley, Department of Statistics, 2004.

E. Snelson and Z. Ghahramani. Sparse Gaussian processes using pseudo-inputs. In Y. Weiss,
B. Scholkopf, and J. Platt, editors, Advances in Neural Information Processing Systems, vol-
ume 18, pages 1257-1264, Cambridge, MA, 2006. MIT Press.

M. Titsias. Variational learning of inducing variables in sparse Gaussian processes. In D. van
Dyk and M. Welling, editors, Proceedings of the Twelfth International Conference on Artificial
Intelligence and Statistics, volume 5 of JMLR: Workshop and Conference Proceedings Series,
pages 567-574, 2009a.

M. Titsias. Variational model selection for sparse Gaussian process regression. Technical report,
University of Manchester, School of Computer Science, 2009b. URL http://www.cs.man.ac.
uk/~mtitsias/papers/sparseGPv2.pdf.

V. N. Vapnik. Statistical Learning Theory. Wiley-Interscience, New York, 1998.
J. M. Ver Hoef and R. P. Barry. Constructing and fitting models for cokriging and multivariable
spatial prediction. Journal of Statistical Planning and Inference, 69(2):275-294, 1998.

1807



CHAI

G. S. Watson. Spectral decomposition of the covariance matrix of a multinomial. Journal of the
Royal Statistical Society, Series B (Methodological), 58(1):289-291, 1996.

J. Weston and C. Watkins. Support vector machines for multi-class pattern recognition. In Proceed-
ings of the 7th European Symposium on Artificial Neural Network, 1999.

C. K. I. Williams and M. Seeger. Using the Nystrom method to speed up kernel machines. In T. K.
Leen, T. G. Diettrich, and V. Tresp, editors, Advances in Neural Information Processing Systems,
volume 13, pages 682—-688, Cambridge, MA, 2001. MIT Press.

C. K. Williams and D. Barber. Bayesian classification with Gaussian processes. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 20(12):1342—-1351, 1998.

1808



