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Abstract

Deep Gaussian processes (DGPs) pro-
vide a Bayesian non-parametric alternative
to standard parametric deep learning mod-
els by stacking multiple Gaussian Processes.
DGP models typically use radial basis func-
tion (RBF) kernel which are insufficient for
handling pixel variability in raw images. In
this paper, we propose Convolutional DGP
(CDGP) models which effectively capture im-
age level features through the use of con-
volution kernels, therefore opening up the
way for applying DGPs to computer vi-
sion tasks. The experimental results on
image classification data such as MNIST,
rectangles-image, Convex-nonconvex sets and
Caltech101 demonstrate the effectiveness of
the proposed approaches in obtaining a better
generalization performance.

1 Introduction

Deep Gaussian processes (DGPs) constitute a deep
Bayesian non-parametric approach using Gaussian pro-
cesses (GPs) and provides implicit capacity control and
predictive uncertainty [Damianou and Lawrence, 2013].
Many variants of DGP models have emerged in recent
years mainly differing in the employed inference proce-
dure [Hensman and Lawrence, 2014; Dai et al., 2016;
Bui et al., 2016]. Attempts have been made to address
scalability issues in DGP. Cutajar et al. [2017] used ran-
dom features expansion while Salimbeni and Deisenroth
[2017] considered a DGP model with a variational poste-
rior maintaining the exact model structure and a doubly
stochastic variational inference approach.
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DGP models typically use kernels such as radial basis
function (RBF) which is inadequate for problems in com-
puter vision, such as object detection. They fail to cap-
ture wide variability of objects in images due to pose,
illumination and complex backgrounds. RBF captures
similarity between images on a global scale and is not in-
variant to unwanted variations in the image. On the other
hand, convolutional neural networks (CNN) [Goodfel-
low et al., 2016] learn image representations from raw
pixel data which are invariant to such perturbations in
the image. They learn features important for the object
detection task by successively convolving the represen-
tations by filters, applying non-linearity and performing
feature pooling.

The proposed model, Convolutional deep Gaussian pro-
cesses (CDGP), extends the convolutional GP [van der
Wilk et al., 2017] to a deep learning setting and per-
forms hierarchical feature learning. We consider vari-
ous DGP architectures obtained by stacking together GPs
with convolutional and RBF kernels in various combina-
tions. Further, we consider variants of the convolutional
kernel such as weighted convolutional kernels which pro-
vide more discriminative features, and combination of
RBF kernels as the base kernel. Convolutional kernels
are computationally expensive for high dimensional im-
age data. We propose an approach to reduce the com-
putational cost by random sub-sampling of the patches.
We demonstrate the effectiveness of the proposed ap-
proaches for image classification on benchmark data sets
such as MNIST, Rectangles-Image, Convex-nonconvex
sets, and Caltech-101.

The proposed approach is different from recent works
which combine CNNs and GPs in hybrid mode, such
as Wilson et al. [2016]; Tran et al. [2018]; Bradshaw
et al. [2017]. In particular, Tran et al. [2018] replaces
the fully connected layers of a CNN with GPs, aiming
at obtaining well-calibrated probabilities. While, in deep
kernel learning [Wilson et al., 2016], the kernel in GPs
are computed using deep neural networks. In contrast,



our approach brings the convolutional structure inside
the deep GP model, through kernels, and remains fully
non-parametric.

2 Convolutional Deep Gaussian Processes

Deep Gaussian processes (DGPs) [Damianou, 2015;
Damianou and Lawrence, 2013] learn complex functions
by stacking GPs one over the other resulting in a deep ar-
chitecture of GPs. Deep GPs do not typically overfit on
small data due to Bayesian model averaging, and is de-
void of large number of parameters but only a few kernel
hyper-parameters and variational parameters.

DGPs consider the function mapping input to output to
be represented as a composition of functions, f(x) =
fL ◦ (fL−1 . . . ◦ (f1(x))), assuming there are L lay-
ers. The lth layer consists of Dl functions f l = {f l

j}D
l

j=1

mapping representations in layer l − 1 (F l−1) to obtain
Dl representation for layer l (F l). Independent GP priors
are placed over the function f l

j , f l
j(·) ∼ GP(0, kl(·, ·)).

Inference is intractable in DGP model, and we use the
doubly stochastic variational inference techniques and
the variational sparse approximation used in Salimbeni
and Deisenroth [2017].

Existing DGP models used radial basis function kernels
which fails to consider the convolutional structure in the
images. We introduce convolutional kernels [van der
Wilk et al., 2017] with deep Gaussian processes in or-
der to obtain the convolutional deep Gaussian process
(CDGP). A CDGP can capture salient features which are
invariant to variations in the image through the convolu-
tional structures and is simultaneously performing strong
function learning through out its depth. This results in a
powerful well-calibrated model for tasks like image clas-
sification.

Our starting point is the recently introduced convolu-
tional Gaussian processes (CGP) [van der Wilk et al.,
2017] where the function evaluation on an image is
considered as sum of functions over the patches of
the input image. Assuming there are P patches in
x with each patch x[p] to be w × h dimensional,
CGP considers f(x) =

∑P
p=1 g(x

[p]). Placing a zero
mean GP prior over the function g(x[p]), g(x[p]) ∼
GP(0, kg(x[p]

i ,x
[p]
j )), induces a zero mean GP prior over

the function f(x) with a convolutional kernel (Conv ker-
nel) kf ,

f(x) ∼ GP(0, kf (xi,xj)), , where

kf (xi,xj) =

P∑
p=1

P∑
p′=1

kg(x
[p]
i ,x

[p′]
j ) (1)

We refer to kg as the base kernel. Considering a con-
volutional kernel in computing the similarities between
the images is useful in capturing non-local similarities
among the images. The convolutional kernel compares
one region in the image xi with another region in the im-
age xj , and could provide a high similarity even under
transformations in the image. The kernel computation
over patches (x

[p]
i ,x

[p′]
j ) considers similarity in a spa-

tial neighborhood, whereas with other kernels (such as
RBF kernel) only global similarity across images can be
computed and fails to capture similarity in images due to
transformations.

In CGP, the function f(x) could be seen to perform aver-
age pooling of the non-linear feature maps produced by
the patch response functions g(x[p]). This pooling op-
eration results in convolution operation in kernel space.
The convolutional kernel computation between two im-
ages xi and xj is expanded as

kf (xi,xj) =

P∑
p′=1

kg(x
[1]
i ,x

[p′]
j ) + . . .+

P∑
p′=1

kg(x
[p]
i ,x

[p′]
j )

+ . . .+

P∑
p′=1

kg(x
[P ]
i ,x

[p′]
j ) (2)

The convolution operation between pth patch of image
xi (which now acts as a filter) and the image xj results
in a convolution signal. The signal value at any point
p′ is obtained by computing the dot product between the
filter x[p]

i and patch x
[p′]
j through base kernel.

Convolutional deep Gaussian processes consider func-
tions to be sampled from a GP prior with convolu-
tional kernels to form the representations of the image
in the intermediate layers. The function corresponding
to oth representation for layer 1 is obtained by con-
sidering f1

o (x) =
∑P

p=1 g
1
o(x

[p]), where g1o(x
[p]) ∼

GP(0, k1g(x
[p]
i ,x

[p]
j )). This results in

f1
o (x) ∼ GP(0, k1f (xi,xj)) , where

k1f (xi,xj) =

P∑
p=1

P∑
p′=1

k1g(x
[p]
i ,x

[p′]
j ) (3)

Each output in layer 1 captures different features of the
image. The feature representations of the image obtained
in the first layer are then mapped using a GP with convo-
lutional or RBF kernel to obtain further representations.
In general, the function corresponding to oth representa-
tion for layer l is considered as

f l
o(F

l−1) ∼ GP(0, klf (F l−1
i , F l−1

j )), where

klf (F
l−1
i , F l−1

j ) =

P∑
p=1

P∑
p′=1

klg(F
l−1
i

[p]
, F l−1

j

[p′]
) (4)



We also consider a variant of the convolutional kernel,
weighted convolutional kernel (Wconv kernels) [van der
Wilk et al., 2017]. It associates a weight with each patch
which allows the kernel to provide differential weightage
to the patches.

kf (xi,xj) =

P∑
p=1

P∑
p′=1

wpwp′kg(x
[p]
i ,x

[p′]
j ) (5)

Convolutional kernels provide an effective way to cap-
ture the similarity across images, but are computation-
ally expensive. Computing the similarity between two
images involves O(P 2) computational cost, where P is
the number of patches in the input image or the feature
representation. For the input image of size W × H , it
is of the order of O(WH) when stride length and patch
sizes are small. This is costly even for image data sets
such as MNIST and rectangles which contain images
of size (28 × 28). This makes the computations im-
practical on higher dimensional data such as Caltech101
(250 × 250). This can be addressed to some extent by
treating the inducing points to be in the patch space rather
than in the original image space [van der Wilk et al.,
2017], i.e. Zl

j ∈ Rw×h rather than in the input space
RW×H . In this case, kernel evaluations between repre-
sentations and inducing points can be performed inO(P )

time since klf (F
l−1
i , Zl

j) =
∑P

p=1 k
l
g(F

l−1
i

[p]
, Zl

j), and
kernel evaluations among inducing points klf (Z

l
i , Z

l
j)

can be performed in constant time [van der Wilk et al.,
2017]. However, kernel evaluations among representa-
tions klf (F

l−1
i , F l−1

j ) still requiresO(P 2) computations,
making it a costly operation especially for the first layer,
where F 0

i = xi. This makes the approach practically
inapplicable to high dimensional data sets such as Cal-
tech101 even with a reduced image size. Moreover in
these images, a lot of information will be shared by over-
lapping patches and will be redundant for the computa-
tion of the similarity across images. We propose to use
random sub-sampling of the patches in computing the
convolutional kernel klf (F

l−1
i , F l−1

j ) and klf (F
l−1
i , Zl

j).
Let S, S′ ⊂ {1, 2, . . . , P} represent the random subsets.
For the oth representation of layer 1 (F 0 = x), we con-
sider the covariance functions to be as

f1
o (x) =

∑
p∈S

g1o(x
[p]) =⇒

k1f (xi,xj) =
∑
p∈S

∑
p′∈S′

k1g(x
[p]
i ,x

[p′]
j ) , and (6)

k1f (xi, Z
1
j ) = Eg[f

1
o (xi)g

1
o(Z

1
j )] (7)

= Eg[
∑
p∈S

g1o(x
[p])g1o(Z

1
j )] =

∑
p∈S

k1g(x
[p], Z1

j )

This reduces the cost of computing klf (F
l−1
i , F l−1

j ) to
O(|S||S′|) where the size of the subsets |S|, |S′| � P .
Computational speedup achieved through random sub-
sampling of patches is testified in our experiments on
Caltech101.

3 Experiments

We evaluate the generalization performance of the pro-
posed model, convolutional deep Gaussian processes
(CDGP), on various image classification data sets,
namely MNIST, Rectangle-Images, Convex-Nonconvex
sets and Caltech101. We consider different kernel archi-
tectures of the proposed CDGP model and compare it
with deep GP (DGP) models using RBF kernel and with
convolutional GPs (CGP) 1. Dimensionality of each la-
tent layer is taken to be 30 for MNIST and 50 for other
datasets (except for the final layer which will be equal
to the number of classes), and the number of inducing
points is taken to be 100. For the models considering
convolutional kernels, the patch size is taken to be 3× 3
with a stride length of 1 for the rectangles data while a
patch size of 5 × 5 is considered for the rest of the data
sets. We use ADAM optimizer with 0.01 step size and
a mini-batch of 1000 for experimentations on MNIST,
Rectangle-Image and Convex-Nonconvex sets datasets.
We consider the RBF kernel as the base kernel kg for
all our experiments. The approaches are compared in
terms of their accuracy in making predictions on the test
data and the negative log predictive probability (NLPP)
on test data which considers uncertainty in predictions.

MNIST: We performed experiments with MNIST
dataset having 10 classes representing the digits 0 − 9.
We consider the standard train/test split with 60K train-
ing and 10K test images. The best performance was ob-
tained with a 2 layer CDGP which gave an accuracy of
98.66% and NLPP value of 0.046. We can also observe
from Table. 1 that all the CDGP models performed better
than the DGP and CGP models for the MNIST dataset in
terms of both accuracy and NLPP. We also conducted ex-
periments with a combination of two RBF kernels as the
base kernel with length scales initialized to 2 different
values 0.01 and 10. The approach gave an accuracy of
98.46%. We found that the learned length scales are also
quite far apart which shows that one RBF kernel is trying
to capture long distance correlations while the other one
captures short distant correlations. This did not result in
better results as MNIST is quite simple dataset for which
capturing such information might not be necessary.

Rectangle-Image: The task is to classify if a rectangle in

1We report the best result among different variants of the
convolutional kernel used in CGP.



Table 1: Comparison of DGP, CGP and CDGP approaches with different architectures (kernel used in each layer) on
the MNIST, Rectangle-Image and Convex-Nonconvex dataset.

Model Architecture MNIST Rectangle Image Convex-Nonconvex
Accuracy
%

NLPP Accuracy
%

NLPP Accuracy
%

NLPP

DGP1 RBF-RBF 97.94 0.073 76.93 0.478 73.57 0.547
DGP2 RBF-RBF-RBF 97.99 0.070 76.98 0.476 74.27 0.529
CGP Wconv 97.54 0.103 71.06 0.602 70.08 0.602
CDGP1 Wconv-RBF 98.66 0.046 79.74 0.422 73.87 0.541
CDGP2 Wconv-RBF-RBF 98.55 0.046 77.95 0.449 75.19 0.523

an image has a larger height or width. The data set con-
sists of 12K training images and 50K test images, and is
known to require deep architectures for correct classifi-
cation [Larochelle et al., 2007]. We can observe from Ta-
ble. 1 that the proposed CDGP model with 2 layers, first
layer using a weighted convolutional kernel and the sec-
ond layer using an RBF provided the best performance.
It gave an accuracy of 79.74% and an NLPP value of
0.422 beating DGP and CGP models by a large margin.
To the best of our knowledge, this is the highest accu-
racy reported by a GP model on the rectangles-image
data. This indicates the usefulness of the representation
learning capability of CDGP model for complex image
classification.

Convex-Nonconvex sets: The task in this dataset is to
identify whether the bright region in a grayscaled image
is convex or nonconvex [Larochelle et al., 2007]. The
image size is 28× 28 with 8K images in training set and
50K images in test set. From Table.1, it is clearly visi-
ble that adding a convolutional kernel in DGP structure
gives an increment in the generalization performance of
the model. The best results obtained in this dataset is
with a 3 layered CDGP model which gave an accuracy of
75.19% and an NLPP value of 0.523. It used a weighted
convolutional kernel in the first layer and RBF kernels in
the second and third layers.

Experiments with Random Sub-sampling of Patches
on Caltech-101 Dataset: Computation of convolutional
kernels becomes prohibitive on data sets such as Cal-
tech101 [Fei-Fei et al., 2004] with very high dimension-
ality. It consists of 101 classes with 20 images per class
for training and 10 images per class for testing. The size
varies slightly for each image in the actual dataset but is
roughly around 300 × 200 pixels per channel. The im-
ages are colored so each image has 3 channels. The ex-
periments are conducted on images resized to 50×50×3.
Instead of taking all the patches of the image for com-
puting the convolutional kernel, we randomly picked up
one-tenth of the total number of image patches for com-

puting the kernel 2. The test accuracy obtained with 2
layer CDGP (Weighted convolutional kernel in first layer
and RBF in second) is 20.39% and time taken for training
is 11hrs 18min. On the other hand, for the same model
considering random subset of image patches, training
time drops to 1hr 15min with an accuracy drop of only
0.39% making it around 10 times faster. Similar obser-
vation were found for a 3 layer CDGP (weighted con-
volutional kernel in first layer, RBF in the second and
third layer) considering random subset of patches, where
training time improved from 12hrs 2min to 1hr 19min
with an accuracy drop of just 0.69% from 19.51 to 18.82,
providing a speedup of around 10 hours. The classifica-
tion accuracies of the models are low due to resizing of
the original image to size 50 × 50 which facilitates run-
ning standard CDGP in our GPU but results in losing
some information content.

4 Conclusion

Deep GP models provide a lot of advantages in terms
of capacity control and predictive uncertainty, but they
are less effective in computer vision tasks. Commonly
used RBF kernels in the DGP models fail to capture
variations in image data and are not invariant to transla-
tions. We proposed DGP models which captures convo-
lutional structure in image data using convolutional ker-
nels. Our model extends the convolutional GPs with the
ability to learn hierarchical latent representations. We
demonstrated their usefulness for image classification in
benchmark data sets such as MNIST, Rectangles-Image,
Convex-Nonconvex sets, and Caltech-101. In the future,
we plan to develop methods to further reduce the cost of
convolutional kernel computation and memory require-
ments of the CDGP model for high dimensional datasets.
This will allow us to consider a higher mini-batch size,
leading to reduced stochastic gradient variance and faster
convergence of the optimization routine.

2The experiments are run on Nvidia GTX 1080 Ti GPU.
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