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ABSTRACT

This paper proposes a novel framework of training method of deep
Gaussian processes (DGPs). DGPs are deep architecture models
based on stacked multiple GPs, which can overcome the limitation of
single-layer GPs. Although a stochastic variational inference (SVI)-
based method has been proposed for DGP training with an arbi-
trary amount of training data, it does not always update model pa-
rameters appropriately due to repeated Monte Carlo sampling of
multiple GPs. To resolve this problem, we propose a pretraining
method to determine initial parameters of DGPs. In the proposed
method, layer-wise training of single-layer GPs is performed using
the hidden-layer values obtained by a deep neural network (DNN)
that has an analogous structure to a target DGP model. The proposed
method utilizes the characteristics of single-layer GPs and deep neu-
ral network (DNN) whose training is easier than DGP’s. Experimen-
tal results using two speech synthesis databases with approximately
600 K and 1.4 M training data points, respectively, which were com-
posed of hundreds of input and output features, gave the effective-
ness of the proposed method.

Index Terms— deep Gaussian process, neural network, pre-
training, kernel method

1. INTRODUCTION

Machine learning using deep neural networks (DNNs) has become
mainstream in diverse research fields, such as speech, language, and
image processing. Various studies showed that DNN, which is gen-
erally the combination of linear transformation and non-linear acti-
vation functions, can express arbitrary mapping functions between
input and output features. The performance of DNN is mainly at-
tributed to weight matrices with a huge amount of parameters. How-
ever, a huge amount of DNN parameters often causes an overfit-
ting problem, therefore, regularization techniques are essential for
the generalization ability of DNN for unknown data [1,2].

As another method of expressing functions, Damianou and
Lawrence proposed [3] deep Gaussian processes (DGPs) that con-
sists of multiple Gaussian process (GP) regressions. GP regression
is based on kernel regression in which the pairs of input and out-
put features are directly used for prediction instead of the weight
matrices. An advantage of DGP over single-layer GP regression
is expressiveness of kernel functions, which represent the relation-
ships among input features. Since the performance of GP regression
depends on its kernel function, the tuning of kernel function is a
crucial problem and it often becomes a laborious task. In contrast,
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DGPs can construct complicated kernel functions automatically
from training data.

The original DGP [3] had difficulty in computational complexity
for a large amount of training data. Recently, Salimbeni and Deisen-
roth [4] proposed doubly stochastic variational inference (DSVI)
technique to overcome the problem. Specifically, they combined
the stochastic variational inference [5, 6], which optimizes evidence
lower bound (ELBO) by stochastic optimization, and Monte Carlo
sampling known as reparametrization trick [7]. However, the train-
ing of DSVI-based DGP becomes difficult when we use many lay-
ers. Since the DSVI-based DGP requires multiple Monte Carlo sam-
plings, this may cause improper propagation of gradients.

To overcome the improper propagation problem, Salimbeni and
Deisenroth [4] proposed a method using non-zero mean functions,
while the mean functions of GPs are generally set to zero. In this
method, they used simple linear transformation, such as primary
component analysis (PCA)-based dimension reduction and identity
matrix, as a mean function of GP of the respective layer. Similarly
to the residual connection widely used in DNN architecture, it can
avoid a gradient vanishing problem. It is true that this method is ef-
fective when we use simple feed-forward DGP models. However, to
extend DGP to more complicated architecture, such as recurrent and
convolution, the design of mean function becomes difficult. There-
fore, we consider to use DGPs with zero mean functions and inves-
tigate training method of them based on the DSVI.

In this context, we propose a two-stage pretraining method that
determines the initial values of the DVSI-based DGP. In the pro-
posed pretraining method, first, we train a DNN that has similar ar-
chitecture to a target DGP model, inspired from the analogy of neural
network and Gaussian process reported in [8—10]; a neural network
with infinite units is regarded as a sample from a Gaussian process.
After that, we train the parameters of GP for each layer individually
using hidden layer values obtained from the DNN as the guides of
mapping functions. Then, we use the trained layer-wise parameters
as the initial parameters of DGPs. This method reduces the diffi-
culty of the training of DGPs by utilizing models that are easy to
train, such as DNN and single-layer GP.

In this paper, we investigate the effectiveness of the proposed
method using speech synthesis database. We apply the proposed
training method to a traditional statistical parametric speech synthe-
sis based on DNN [11]. We train models where a frame-level con-
text vector is used as the input and corresponding acoustic features
as the output. Context vectors, which represent linguistic and po-
sitional information, generally consist of complicated features with
hundreds of dimensions. Hence, the performance with shallow GP
is not sufficient to encode the complicated input features efficiently.
We demonstrate that the initial parameter values obtained by the pro-
posed method can give smaller distortion in earlier training epochs
than others.
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2. BACKGROUND

2.1. DGP Based on Doubly Stochastic Variational Inference

DGP [3] is a stacked model of multiple GPs. Specifically, it is as-
sumed with DGPs that the latent function of a single-layer GP is a
composite function whose partial functions are sampled from indi-
vidual GPs. This latent function f is represented as

f=froft o oft (1)
FE~ P (), K, 0%) )

where L is the number of layers of the stacked model, and m*(-) and
E°(-,;6%) denote mean and kernel functions, respectively. Let the
hidden layer variables of layer ¢ given input x; be

he = PP (Fr ) = £, 3)

The relationship between the output variable y; and the output of
the latent function, f(x;) £ f;, is represented by likelihood function
p(yi|f;). For example of regression case, a Gaussian distribution is
generally used for the likelihood function.

DSVI-based DGP [4] is an approximation technique that enables
us to train DGP models by stochastic optimization. The DSVI-based
DGP takes the following ELBO L as a cost function:

L= Z{Eq(m [log p(y:lfi)]

Z (a(U")llp( Uelzf))} )

where N is the size of training data, and Z* and U* are the induc-
ing inputs and outputs [12] of layer £. KL(-) is Kullback-Leibler
divergence and q(U*) is a variational distribution that has mean M*
and covariance S* as parameters. The first and second terms of (4)
represent data-fit and complexity penalty, respectively, and ¢(f;) is a
variational posterior defined as

q(f;) = SVGP(£;;m" (), k" (), hi ™", 2", q(U")). (5
SVGP(fi; m(-), k(-,+), %X, Z, q(U)) represents the variational pos-

terior used in single-layer GP with stochastic variational inference
(SVI) [6,13], in which mean and variance are defined as

pi =m(xi) + o (M —m(Z)) (6)
Zi = k(Xi,Xi) — (K(Z, Z) — S)OLZ (7)
o; = K(Z,2)"'K(Z,x;) (8)

where K (X, X) is a matrix whose (%, ) element is obtained by the

kernel function k(x;,x;). For £ = 1...L — 1, the sampling is
performed by

hi = pj + €;1/ X ©)
where € is a noise sampled from a standard normal distribution,

and pf and X¢ are the mean and variance of variational posterior
SVGP(hfv me(')v kz(ﬁ ')7 flfilv Z€7 q(U[))

As aresult, the posterior ¢(f;) is obtained by repeating sampling
as shown in Fig. 1. The model parameters are composed of induc-
ing inputs {Z‘}%_,, the variational parameters of inducing outputs
{(M*, S*)}L |, and the kernel function parameters {6°}%_,.

sampling

SVGP (), K-,

sampling
SVGP(- kY.,
x|

Fig. 1: ELBO calculation process of a 3-layer DGP model based on
DSVL

';01)7)27 Zva(Ul))

2.2. Non-zero Mean Function DGP

As described in Sect. 2.1, DSVI-based DGP uses repeated sampling.
Since this makes gradient propagation difficult, the method using
non-zero mean functions has been proposed in [4]. Specifically, a
copy function m(x) = x was used when the dimensions of two
layers are equivalent, and when the output dimension is smaller than
the input, linear transformation m(x) = Wx was used in which W
is a dimension reduction matrix obtained by PCA.

By fixing the mean functions during training the predictive mean
of (6) can be represented as follows:

pi = pi = m(xi) = o (M= m(Z)) = o/ M. (10)

This implies that the predictive mean of residual p; can be mod-
eled by zero mean GP with variational parameter M'. Therefore,
the method using non-zero mean functions is regarded as a residual
network.

3. PRETRAINING FOR DSVI-BASED DGP

In this paper, we propose pretraining that determines initial values
of DGP parameters instead of using the residual network. We utilize
the fact that the training of single-layer GP regression is much easier
than the simultaneous optimization of multiple layers of DGP. This
leads to pretraining of each layer individually in advance and using
the pretrained parameters as the initial values. However, we do not
know the hidden layer values that are necessary for single-layer GP
training. Hence, we consider utilizing DNN so that we can determine
hidden layer values roughly. The procedure of the proposed method
is shown in Fig. 2",

First, we define a DGP model structure. Then we replace each
partial function f¢(-) in (1) by the following perceptron block to
obtain a DNN whose structure is similar to the DGP model:

Fihih =

where V¢ and W* are weight matrices and b* is a bias vector. ¢(-)
is an activation function and BN represents batch normalization. The
purpose of batch normalization is to normalize output data to zero

BN(Vp(W'h{™" +b")) (11)

ISample codes: https:/github.com/hyama5/deepgp_pretraining
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Fig. 2: Outline of the proposed method using two-stage pretraining.

mean in the same way as general GPs. Then, we perform training of
the DNN.

Next, we train single-layer GPs based on SVI [6] for each layer
excepting the top layer, thatis (¢ = 1... L — 1), using hidden layer
values obtained by the DNN. Specifically, the pairs of input and out-
put values (hffl, h?) are used for optimizing the GP parameters
(Z*,M*,S*,0%). After the training of the layer-wise GPs, we use
these parameters as the initial values of DGP. By the proposed pre-
training method, it is expected that the training of DGP becomes
similar to the training of single-layer GP of the top L-th layer, which
is easy to train. The gradients of parameters of other layers are ex-
pected to become small because they are already trained sufficiently.

4. EXPERIMENTS

4.1. Experimental conditions

We applied the proposed training method to statistical parametric
speech synthesis (SPSS) task and evaluated training performances.
We modeled the relationship between frame-level context vectors as
input and frame-level acoustic feature vectors as output in accor-
dance with a traditional DNN-based SPSS [14]. We used English
and Japanese speech databases, which were CMU ARCTIC [15] and
XIMERA [16], respectively. For English, 1000 sentences (596961
frames, approx. 49 min.) of a female speaker SLT were used as
a training data set and development and test sets consisted of in-
dividual 66 sentences, respectively. For Japanese, 1533 sentences
(1389352 frames, approx. 116 min.) of a female speaker FO09 were
used as a training data set and development and test sets consisted of
individual 60 sentences, respectively.

The context vectors included linguistic features, such as phoneme,
stress, and accent, and positional information of the target frame.
The linguistic features consisted of not only one-hot encoding of lin-
guistic information such as phoneme entity but also binary features
obtained by questions about linguistic features such as “Is the previ-
ous phoneme a vowel?” The dimensions of input feature vectors of
English and Japanese speech were 721 and 574, respectively.

The acoustic feature vector was constructed using STRAIGHT
[17], a widely-used analysis-synthesis toolkit. We extracted funda-
mental frequency f,, spectral envelope, and aperiodicity every 5 ms
from the speech signal at a sampling rate of 16 kHz, and obtained
0-39th mel-cepstrum, log f,, and 5-band aperiodicity. We used a

139-dimensional vector by cascading the obtained features and their
A, A2, and a voiced/unvoiced flag.

We used two kernel functions: not only widely-used RBF kernel
but also ArcCos kernel [18]. RBF kernel is defined as

krpr (X%, x') = exp (—%(x — XI)TAfl(x — x')) (12)

A = diag[l3,...,13].

The length-scale parameters (l1,...,Ip) were used for automatic
relevance determination (ARD), which tunes the importance of in-
put dimensions. ArcCos kernel is a kernel function derived from a
neural network with an infinite number of hidden units and the ReLU
activation function. One-layer ArcCos kernel with normalization is
defined by the following equations.

(13)

ko(x,x') = ooy + UZOXTAX, (14)
ki(x,x") = 041 + 0on \/k‘o (x,x) \/k:o(x’7 x')
- (sin@ + (m — 0) cos ) (15)
_ ko(x,x")
0= ! ’ 16
O Tevhee)
karecos(x,X') = 106 x) (17

B \/kl(x,x)\/kl(x’,x/).

We imposed kernel normalization of (17) to restrict the range of ker-
nel outputs for stable computation. The initial values of ARD coef-
ficients {I4}2_; of RBF kernel were 32, and those of ArcCos kernel
were +/1/D where D is the dimensionality of input x. The param-
eters of ARD kernel, 0’?0, 020, 021, and 021, were all initialized to
one.

The dimensionality of the hidden layers and the number of in-
ducing points were 32 and 1024, respectively. The settings of pre-
training are shown as follows:

o Training of DNN: The number of hidden units in the per-
ceptron blocks was 1024 and ReLU activation function was
used. We performed 20% dropout at the hidden layers within
the perceptron blocks as regularization. The DNN parameters
were initialized by He normal initializer. Adam optimization
with learning rate 0.001 was employed and we adopted early
stopping using the development set.

e Layer-wise GP: The inducing input parameters Z* were ini-
tialized by K-means clustering using the hidden layer values.
The parameters of variational distributions of inducing out-
puts, (M*, S*), were initialized as zero mean and unit vari-
ance. Adam optimization with learning rate 0.01 was em-
ployed. The number of training epochs was fixed at 1 or 10.

The minibatch size was set to 1024 frames through the pretraining
and DGP training. Adam optimization with learning rate 0.01 was
employed for the DGP training.

We compared five methods in the performance evaluation:
DNN, MEAN, RAND, PRE], and PRE10.

DNN represents the case that we predicted speech parameters from
the DNN model used in the pretraining.

MEAN is the conventional method using DGP with non-zero mean
functions.

Other methods, RAND, PREI, and PRE10, were DGPs with zero
mean functions.

RAND determines the initial values of inducing inputs and outputs
randomly instead of pretraining.
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Fig. 3: Spectral distortions as a function of training epochs using
6-layer DGPs.

PRE1 performed the proposed pretraining method with only one-
epoch optimization in the layer-wise GP training.

PRE10 performed the proposed pretraining method with ten-epoch
optimization in the layer-wise GP training.

4.2. Results

We evaluated the performance of SPSS using spectral distortions
measured by mel-cepstral distance (MCD) [19] between original and
generated speech samples. The DGP model was feed-forward type
one composed of six layers. Figure3 shows the MCDs as a func-
tion of training epochs. It can be seen that the proposed pretraining
methods, PRE1 and PRE10, yielded smaller distortion than the con-
ventional method MEAN in early epochs, and the distortions after
50 epochs became close. This implies that the residual structure of
MEAN was not always necessary. In the case of RAND with ArcCos
kernel, the distortions hardly changed during early epochs. Once the
distortions degraded, they converged to similar values to the pro-
posed methods. Moreover, the distortions of DNN were larger than
the proposed methods.

To evaluate the effect of depth on the proposed method, we cal-
culated the spectral distortions as a function of the number of layers
using the ARCTIC database. Table 1 shows the result of MCDs of
RAND and PRE10 with ArcCos kernel calculated after 50 epochs
training. It is seen from the table that the performance of 1-layer
GPs was insufficient for this dataset. The distortion became small-
est at the 4-layer PRE10 model and RAND gave similar results to
PRE10 when the number of layers was small. However, the meth-
ods of RAND with more than 6 layers yielded much larger MCDs

Table 1: MCDs [dB] as a function of the number of layers using
ARCTIC database and ArcCos kernel.

# of layers 1 2 3 4 5
RAND 5.11 472 4.65 4.65 4.65
PRE10 5.08 4.70 4.63 4.59 4.62

# of layers 6 7 8 9 10
RAND 4.65 10.08 10.08 10.08 10.08
PRE10 4.63 4.60 4.63 4.65 4.62
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Fig. 4: MCDs as a function of computation time including pretrain-
ing using multiple numbers of DNN training epochs.

than the others. These cases were because of bad local maximum
of ELBO in which DGPs predicted zero mean distributions almost
everywhere. In contrast, we see that the training of PRE10 was suc-
cessful even if the DGP got deeper.

One problem of the proposed method is the computational cost
of DNN training. To evaluate the cost of pretraining, we reduced
DNN training epochs in PRE10 into 1, 10, and 20. In this experi-
ment, we used ARCTIC database, ArcCos kernel, and the six-layer
DGP model. Computation time was evaluated using NVIDIA TI-
TAN X GPU, Intel Core i7-7700X CPU, and TensorFlow 1.7 imple-
mentation. Figure 4 shows the MCDs as a function of training time
including pretraining. It is seen the changes of MCDs were simi-
lar among the cases of 1, 10, and 20 epochs. Therefore, it could be
sufficient even if DNN training was done with only one epoch.

5. CONCLUSIONS

In this paper, we proposed a training method of DGPs based on
DSVI using two-stage pretraining to determine initial parameters
of DGPs. In the proposed method, we first train DNN, in which
the mapping functions of DGP are replaced by perceptron blocks.
Then we train layer-wise GP parameters using the hidden layer val-
ues of DNN, and apply the obtained parameters to the initial values
of DGPs. The experimental results showed that the proposed method
gave smaller distortions at early epochs of training than the conven-
tional method based on non-zero mean function.

Future work will apply the proposed method to a more compli-
cated architecture of DGPs instead of feed-forward type one. For
example, since the proposed pretraining method and the residual
connection are not exclusive, we should evaluate the performance
by combining them. Moreover, we should consider incorporating
the proposed method into DGP with convolutional network proposed
in [20].
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