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Abstract. In this paper, we propose an automated framework for multi-
view image classification tasks. We combined a GAN-based multi-view
embedding architecture with a scalable AutoML library, DeepHyper. The
proposed framework is able to, all at once, train a model to find a com-
mon latent representation and perform data imputation, choose the best
classifier and tune all necessary hyper-parameters. Experiments on the
MNIST data-set show the effectiveness of our solution to optimize the
end-to-end multi-view classification pipeline.

1 Introduction

In real-world, multi-view images are quite common and are often complemen-
tary which make them exploited in various computer vision applications such
as medical applications, [1], surveillance [2, 3] and agriculture [4]. Multi-view
representation learning is concerned with the problem of learning common (la-
tent) representations of multi-view data, usually by either aligning or fusing
view-specific latent features. One popular approach, called multi-view embed-
ding (MVE), is to project these views in a common latent space which can then
be used to solve several machine learning tasks. However, the remaining chal-
lenge is how to deal with missing views. Mapping different views to a common
latent space, instead of concatenating, facilitates the process of data imputation.
Typical techniques include kernel-based methods such as Deep Canonical Corre-
lation Analysis (DCCA) [5] or non-negative matrix factorization (NMF)-based
methods [6]. However, these two kinds of techniques suffer from several limi-
tations, mainly complexity, inefficiency to scale with large scale databases and
wastefulness to compensate for missing views due to regularization and added
constraints [7] which makes them less attractive. Recently, generative models
such as VAEs [8] or GANs [9] have gained popularity in this field [7, 10] because
of their ability to map any given distribution to a target one (e.g. the distri-
bution of the missing data) and their effectiveness in narrowing the difference
between the distributions of different views [11]. For instance, the implemen-
tation of a multi-modal adversarial representation network (MARN) with an



2 M. Jarraya et al.

attention mechanism has led to state-of-the-art performance for click-through
rate prediction [12]. For these reasons, the present work proposes a GAN-based
architecture for MVE, inspired by [7, 10], that is able to impute missing views.

From a machine learning (ML) perspective, we have recently seen the emer-
gence of frameworks, called AutoML, that automate the whole pipeline, starting
from the feature extraction to the model deployment. AutoML attempts to solve
either Neural Architecture Search (NAS) problem or a Combined Algorithm Se-
lection and Hyper-parameter tuning (CASH) problem, i.e. find the best config-
uration for a ML program, within limited computational budget [13]. For image
classification tasks, we do not want to rely only on deep neural architectures
as DL techniques represent only a subset of machine learning methodologies
and some classic classifiers such as K-nearest neighborhood might perform well
with certain datasets. Thus, in this paper, we will focus on resolving the CASH
problem. The optimization process over an algorithm’s hyper-parameters can
be black-box (e.g. random-search, grid-search or model-based) or multi-fidelity
[14]. Despite the increasing research efforts in AutoML [15, 16], there are still
several open challenges such as scalability, data preparation, choice of optimiza-
tion techniques and multi-modality of data [13]. For instance, Auto-Sklearn [15]
introduced meta-learning and ensemble methods to improve the performance of
vanilla SMAC[17] optimization, however it is built on Scikit-Learn which makes
it unsuited to multi-modal/view data. However, as far as we know, even the re-
cent autoML frameworks such as DeepHyper [18] or VEGA [19] can not handle
multi-view datasets.

Through this work, we propose a multi-view CASH solver, called AMI, at its
basic definition (i.e what classifier to select and what are the adequate hyper-
parameters values). Indeed, the main contributions of this work are (1) the im-
plementation of a modified version of a GAN-based MVE architecture for the
visual feature extraction and data imputation based on [7] (2) the MVE model’s
integration in the mono-modal autoML framework i.e DeepHyper [18], resulting
in an end-to-end pipeline that can be optimized all at once using an asynchronous
Bayesian Optimization technique. Consequently, the best architecture for feature
extraction from the multi-view images and their embedding in a common latent
space and the best classifier are all selected with their optimal hyper-parameters.

2 PROPOSED METHODOLOGY

Our solution consists of two main components: the first one ensures the MVE
while the second one solves the classification task within a CASH problem by
integrating the MVE model architecture within DeepHyper.

2.1 Notations

For the sake of clarity, we start by formalising the input data to be used for the
rest of the paper. The multi-view data is represented by:

X =
{
X(1),X(2), · · · ,X(V )

}
where X(v) =

{
x
(v)
1 , x

(v)
2 , · · · , x(v)N

}
∈ RN×dv∀v ∈
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[1, V ], V is the number of views, N is the number of samples, and dv is the
feature dimension of v-th view. d is the feature dimension of the common latent
space. Besides, since our data might have missing views that need to be imputed,
we split our data into 2 subsets: paired data

{
x(1), x(2), · · · , x(V )

}
, in which all

views exist, and unpaired data,
{
x′(1), x(2), · · · , x′(V )

}
, in which at least one view

is missing. We denote by r ∈ [0, 1] the missingness ratio as the percentage of the
samples with missing data according to the total number of samples N (e.g if
r = 0.1 so 10% of the samples have at least one missing view). We denote by Y
the labels space and each x

(v)
i ∀v ∈ [1, V ] and ∀i ∈ [1, N ] is associated to yi ∈ Y.

2.2 MVE component

Architecture The purpose of this component, denoted by M, is to derive a
representative feature vector in a common latent space of the multi-view input
data. This can be achieved by relying on an adapted version of the architec-
ture proposed in [7] where we have removed the clustering layer, changed the
fusion one and forced the alignment between the view-specific feature vectors.
The MVE component architecture consists of four networks:

Encoder {Ev}Vv=1: Rdv → Rd.
V encoders, projecting each input view X(v) to a corresponding view-specific
subspace through many stacked convolution-batch normalization-ReLu layers.
Each encoder outputs a d-dimensional vector Z(v).

Fusion F : Rd×V → Rd.
The intuition from the fusion network is to capture the shared semantics of the
multiview data from the resulting V view-specific representation vectors. It takes
the output of the encoders and derives the target feature vector through a fully
connected layer.

Decoder {Gv}Vv=1: Rd → Rdv .
Each Gv has a mirrored architecture to the Ev. It takes a vector from the com-
mon sub-space and generates the corresponding view. It acts both as decoder
and a generator.

Discriminator {Dv}Vv=1: Rdv → {0, 1}.
Each Dv takes a sample from its corresponding view distribution, which can

be either the generated view x̃
(v)
i by Gv or the real view x

(v)
i , and outputs

the probability for this sample to be real, using a stack of convolution-batch
normalization-LeakyReLu layers and a final sigmoid activation.
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Objective Function The objective function we tend to optimize includes two
terms; one to train the AE networks, and the other for the GANs networks.

Auto-Encoder loss :
The purpose is that the multi-view feature vector is representative enough and
holds the cross-view information. The reconstruction loss is defined as follow:

Lrec = ΣV
v=1‖X(v) −Gv(Zv)‖2 (1)

with Zv being the latent vector of the v-th view. Each decoder {Gv}Vv=1 has to
generate its corresponding view from a sample {z(v)}Vv=1 of view-specific latent
space. However, we want to fuse those into a common latent space. Thus, we
also minimize the distance between the different {z(v)}Vv=1 using the following
alignment loss:

Lalign = ΣV
v=1Σ

V
v′>v‖Ev(X(v))− Ev′(X(v′))‖2 (2)

Therefore, the final Auto-Encoder loss is:

LAE = Lrec + a ∗ Lalign (3)

with a ≥ 0 being a hyper-parameter. This loss is used to train {E(v)}Vv=1,
{G(v)}Vv=1 and F , differently from [7] where a different loss is used to F . During
the first few epochs when minimizing Eq. (3), the fusion layer F is not used. The
views are reconstructed by the decoders, which take the resulting vector from
the fusion operation of {Z(v)}Vv=1. Therefore, the training of the MVE compo-
nent as Auto-Encoder on minimizing LAE is not enough in the case of unpaired
data where the fusion can not be realized. To tackle this, we refine the model by
means of adversarial training.

Adversarial Training loss :
We employ this loss to train the GANs’ part of the model, which is composed of
the decoders {Gv}Vv=1 and the discriminators {Dv}Vv=1. The goal of {Gv}Vv=1 is
to fool {Dv}Vv=1 by producing realistic images from vectors from common space
distribution while the goal of {Dv}Vv=1 is to distinguish whether the input is real
or generated (fake). The GAN loss is expressed as follow:

LGAN = ΣV
v=1[logDv(X(v)) + log (1−Dv ◦Gv(Zv))] (4)

In fact, the generators learn to map a given latent vector to a sample from its
target distribution. Yet, the generated sample should be paired with the existing
one. Therefore, we add the cycle loss defined in Eq. (5).

This way, {Gv}Vv=1 are trained also on imputing data from the existing one.

Lcyc = ΣV
v=1Σ

V
v′6=v‖X(v) −Gv ◦ Ev′ ◦Gv′ ◦ Ev(X(v))‖ (5)

Also, the final adversarial training loss is:

LAT = Lcyc + LGAN (6)
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Total loss :

L = λAE LAE + λAT LAT (7)

Implementation We employ a two-stage training procedure where we first
pre-train the AE networks on paired data, and then we train all the model com-
ponents on both paired and unpaired data.

Step 1 : The paired data is loaded to {Ev}Vv=1 to get V vectors in the latent
space. First, these vectors are passed directly to their corresponding {Gv}Vv=1

to reconstruct the input. This way, thanks to Eq. (2), the different vectors are
forced to be close to each other in the latent spaces. Then, after a portion φ of
the total number of epochs, the V vectors are fused by F before being passed to
{Gv}Vv=1. Finally, we update the networks by Eq. (3).

Step 2 : We train M on all the data. In the case of paired data, the input is
projected by {Ev}Vv=1 to the latent space, and regenerated by {Gv}Vv=1. These
fake views with the real ones are passed to the discriminator then to compute
the adversarial loss with Eq. (4) . When encountering unpaired data, we take one
of the one existing view each time, project it to the latent space and input the
resulting vector to the generator corresponding to the missing view to perform
the imputation. Therefore, we compute the cycle consistency loss (5). Finally,
we update all the model’s parameters by Eq. (7).

2.3 multi-view CASH solver AMI

Architecture DeepHyper [18] is a scalable package for hyper-parameter search,
with a generic interface between an asynchronous model-based search method
(AMBS) using Bayesian Optimization (BO) ideas (a dynamically updated sur-
rogate model that tries to learn the relationship between the hyper-parameter
configurations and their validation errors), and parallel task execution engines.
DeepHyper offers: a portable workflow system for parallel, asynchronous evalu-
ations of hyper-parameter configurations at HPC scale; the use of AMBS which
has proved to be superior to batch-synchronous methods [18]; a flexible and
generic interface that allows for easy extension to a multi-modal framework
as DeepHyper is not tied to any ML libraries that can only work on a single
node. Besides, as this work combines DeepHyper with a flexible multi-modal
embedding model, the problem of data preparation is solved by tuning the
hyper-parameters of this model. At First, we have the MVE component’s hyper-
parameters. This includes:M HP (AE number of layers, common latent space’s
dimension d, φ etc.) and the training HP (batch size, learning rate, number of
epochs, etc). In the other hand, we have a set of hyper-parameters related to
the classification problem. We also introduced classification model as a categor-
ical hyper-parameter. Therefore, the hyper-parameters of the whole pipeline are
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optimized simultaneously using the AMBS technique of DeepHyper. The classi-
fication accuracy is the objective that we tend to maximize. We illustrate our
proposed architecture in Fig. 1.

Fig. 1. Proposed End-to-end Multi-view CASH Solver AMI

Implementation First, we split the data into train and validation, we define
the search space ζ and the objective function we tend to optimize and also the
budget (i.e max number of iterations of the optimization process). Then, at the
beginning of each iteration and based on the previous iterations objective, a new
configuration c from ζ is sampled. We pick M HP from c, train it and extract
the multi-view data representation for both train and validation in the latent
space. After that, we train the selected classifier on the obtained vectors and
compute the accuracy on the validation set. Finally, we save the weights of the
trainedM whenever a new best objective is achieved. At the end of the process,
in addition to the returned best configuration, we obtain a file containing the
different configurations associated with their objective.

3 Experiments and Results

In order to validate the aforementioned methodology, we first validate the GAN-
based MVE architecture for a classic classification task using the MNIST dataset.
To get the multi-view aspect, we are considering the original digits’ images as the
first view while we compute the corresponding edge images to simulate the second
view like done in [10, 7]. Secondly, we aim to prove that the use of DeepHyper
can solve the CASH problem by substituting the work of an expert data-scientist
and offering the best configuration of the MVE architecture and of the classifier
at once.
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3.1 MVE Component Validation

We quantitatively test the robustness of the MVE component to deal with miss-
ing data by measuring the classification accuracy with respect to different miss-
ingness ratios. Indeed, we run M five times with the same configuration except
for the missing data proportion r in training and testing sets. At each run, we
step up r by 0.2, train M on the training set, extract the features representa-
tions in the common latent space for both training and testing sets and then
train and evaluate them on the multi-classification task using several machine
learning models. The results of the classification performance of the different
experiences are summed up in Fig. 2.

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
r

0.5

0.6

0.7

0.8

0.9
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Naive Bayes
MLP
DecisionTreeClassifier
AdaBoost
SVC

Fig. 2. Classification Accuracy w.r.t the Missingness Ratio r.

Despite the fact that the classifiers have not been tuned, most of them
achieved more than 92% of accuracy when r is at its least value. However, this
metric drops linearly when r increases which gives an insight on how the missing
data could affect the MVE model. From these preliminary results, We can also
notice that, in the worst case (i.e r = 0.9), the accuracy didn’t get lower than 0.4
while it exceeds 0.6 with most of the classifiers. Also, these classifiers perform
somehow similarly. Thus, we can not determine which is the best one especially
if they have not been tuned yet. As a result from the foregoing, the use of a
CASH solver is a crucial step.
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3.2 CASH Solver Validation

We are checking if AMI can substitute data-scientist interventions and solve the
CASH problem by offering the best configuration of the MVE architecture and
of the classifier at once. First, we test its effectiveness to automatically tune the
hyper-parameters and select the best classifier in a simultaneous way. To achieve
that, we design the search space by integrating hyper-parameters from the MVE
component and also a bunch of classifiers with their specific hyper-parameters.
Then, we let DeepHyper explore, exploit and evaluate the sampled configuration
by measuring its classification accuracy (r is fixed to 0.1). The accuracy results
of the exploration process done by DeepHyper are exposed in Fig. 3.
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Fig. 3. AMI Explorations for Solving the CASH Problem.

We notice that, despite the large search space, AMI has examined favorable,
if not the best, configurations for the most of the classifiers. Also, the more
explored classifiers, the better it performs. For instance, MLP and the Stacking
classifier achieved more than 98% accuracy, which assert that the optimization
process is doing well.

Table 1 reports a comparison between AMI’s solution (MVE+Stacking clas-
sifier) with two different MVE models: a default-parameters model (non-tuned
one following some parameters given by [7]) and a M model which has been
extensively tuned by a human expert via a trial and error process. The miss-
ingness ratio r is 0.1 for the three aforementioned experiments. First, we notice
that AMI’s returned solution surprisingly outperformed the human-tuned solu-
tions. Second, this solution indicates that the stacking classifier is the best for
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Table 1. Classification performance comparison of the 3 best classifiers chosen and
tuned by AMI and the same models when they are either non-tuned or extensively-
tuned.

Default-values Extensive Tuning AMI Tuning

94.57 97.60 98.40

this classification problem, which is the best classifier found by human tuning.
Therefore, we conclude that the way we have configured DeepHyper leads to a
reliable tool that can suggest the best classifier and automate the tuning of the
hyper-parameters of the end-to-end pipeline. Indeed, AMI outputs the optimal
hyper-parameters of the MVEM model and the ones for the Stacking classifier.

4 Conclusion & Discussion

In this paper, we propose a multi-view CASH solver for an image classification
task which outputs the optimal classifier with the adequate hyper-parameters. In
the first hand, we have suggested a GAN-based MVE architecture which takes as
input multi-view images and embed them in a common latent space while imput-
ing the missing view if any. In the second hand, we combined this architecture
with a scalable mono-view AutoML library called DeepHyper. The proposed
framework is able to, all at once, train the multi-view embedding model, auto-
matically choose the best classifier and tune all the hyper-parameters including
the ones related to the neural networks that extract the visual high-level fea-
tures. Consequently, the end-to-end pipeline is flexible and adaptable to data
variety (image resolution, number of views etc.) and can even be extensible to
other modalities such as text or audio. In future works, we aim to let Deep-
Hyper choose between several MVE techniques such as graph-based or kernel-
based. We also tend to support supplementary autoML features such as data
pre-processing (e.g data cleaning, data augmentation), to support meta-learning
to benefit from prior knowledge (e.g., a warm-start could be valuable in reducing
the optimization process time) and also support NAS, to further parameterize
the neural-based components.
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