
A Variational Information Bottleneck Approach to
Multi-Omics Data Integration

Changhee Lee Mihaela van der Schaar
University of California, Los Angeles University of Cambridge

University of California, Los Angeles
Alan Turing Institute

Abstract

Integration of data from multiple omics tech-
niques is becoming increasingly important in
biomedical research. Due to non-uniformity
and technical limitations in omics platforms,
such integrative analyses on multiple omics,
which we refer to as views, involve learn-
ing from incomplete observations with var-
ious view-missing patterns. This is challeng-
ing because i) complex interactions within
and across observed views need to be prop-
erly addressed for optimal predictive power
and ii) observations with various view-missing
patterns need to be flexibly integrated. To
address such challenges, we propose a deep
variational information bottleneck (IB) ap-
proach for incomplete multi-view observations.
Our method applies the IB framework on
marginal and joint representations of the ob-
served views to focus on intra-view and inter-
view interactions that are relevant for the
target. Most importantly, by modeling the
joint representations as a product of marginal
representations, we can efficiently learn from
observed views with various view-missing pat-
terns. Experiments on real-world datasets
show that our method consistently achieves
gain from data integration and outperforms
state-of-the-art benchmarks.

1 Introduction

Technological advances in high-throughput biology en-
able integrative analyses that use information across
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multiple omics layers – including genomics, epige-
nomics, transcriptomics, proteomics, and metabolomics
– to deliver more comprehensive understanding in bio-
logical systems [1, 2]. Unfortunately, due to limitations
of experimental designs or compositions from different
data sources (e.g., TCGA1), integrated samples com-
monly have one or more entirely missing omics with var-
ious missing patterns. Learning from such incomplete
observations is challenging. Discarding samples with
missing omics greatly reduces sample sizes (especially
when integrating many omics layers) [3] and simple
mean imputation can seriously distort the marginal
and joint distribution of the data [4].

In this paper, we model multi-omics data integration
as learning from incomplete multi-view observations
where we refer to observations from each omics data as
views (e.g., DNA copy number and mRNA expressions).
However, direct application of the existing multi-view
learning methods does not address the key challenges of
handling missing views in integrating multi-omics data.
This is because these methods are typically designed for
complete-view observations assuming that all the views
are available for every sample [5]. Therefore, we set our
goal to develop a model that not only learns complex
intra-view and inter-view interactions that are relevant
for target tasks but also flexibly integrates observed
views regardless of their view-missing patterns in a
single framework.

Contribution. To this goal, we propose a deep vari-
ational information bottleneck (IB) approach for in-
complete multi-view observations, which we refer to
as DeepIMV. Our method consists of four network
components: a set of view-specific encoders, a set of
view-specific predictors, a product-of-experts (PoE) mod-
ule, and a multi-view predictor. More specifically, for
flexible integration of the observed views regardless of
the view-missing patterns, we model the joint repre-
sentations as a PoE over the marginal representations,
which are further utilized by the multi-view predictor.

1http://cancergenome.nih.gov/

http://cancergenome.nih.gov/
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Thus, the joint representations combine both common
and complementary information across the observed
views. The entire network is trained under the IB prin-
ciple [6, 7] which encourages the marginal and joint
representations to focus on intra-view and inter-view
interactions that are relevant to the target, respec-
tively. Experiments on real-world datasets show that
our method consistently achieves gain from data inte-
gration and significantly outperforms state-of-the-art
benchmarks with respect to measures of prediction
performance.

2 Related Works

2.1 Multi-View Learning

Complete Multi-View Observations. To utilize
information across multiple views, a variety of methods
have been proposed in recent years. Canonical correla-
tion analysis (CCA) [8] and its kernel or deep learning
extensions [9, 10, 11] are representative methods which
aim to learn a common (latent) space that is shared
between the two views such that their canonical corre-
lation is maximized in a purely unsupervised fashion.
The learned representations can then be used for su-
pervised learning as a downstream task. Meanwhile,
some existing methods [12, 13, 14] have focused on
fully utilizing the label information when seeking for
the common (latent) space that are not only shared
between the views but also discriminative for the target.
Although these methods have shown promising perfor-
mance in different applications [5], they are designed
for complete-view observations.

Incomplete Multi-View Observations. Most of
the existing methods require multi-stage training – that
is, constructing complete multi-view observations based
on imputation methods [15, 16] and then training a
multi-view model – or relying on auxiliary inference
steps to generate the missing views [17, 18, 19]. There
are a few methods that flexibly handle incomplete
multi-view observations. Authors in [20] introduced
a generative model that utilizes latent factorization
enabling cross-view generation without requiring multi-
stage training regimes or additional inference steps.
Matrix factorization was extended in [21] to learn low-
dimensional representations that capture the joint as-
pects across different views. However, these methods
are trained in a purely unsupervised fashion. Thus,
while information relevant to the reconstruction of
views will be well-captured in learned representations,
information relevant to the target task may be lost.

Our work is most closely related to CPM-Nets [22].
Both methods aim to find representations in a common
space for supervised learning of predicting the target. A

notable distinction from CPM-Nets is how we integrate
incomplete multi-view observations. In CPM-Nets,
the authors directly learn the mapping from latent
representations to the original views without utilizing
any encoder structure.2 Instead, for all the training
samples, the corresponding latent representations are
randomly initialized and, then, iteratively updated to
minimize the reconstruction and classification losses.
We conjecture that this approach has two limitations:
First, the method relies on reconstruction to find latent
representations of the testing samples, which makes it
difficult to capture task-relevant information. Second,
random initialization means that there are no inher-
ent relations across the latent representations of the
training samples. Thus, all training samples must be
updated at the same time, which increases the memory
burden during training. In contrast, in DeepIMV, we
utilize posterior factorization for flexible integration
of observed views and focus latent representations to
be task-relevant, thereby effectively capturing the com-
plementary information for predicting the target. In
addition, CPM-Nets is designed only for classification
tasks; thus, extension to regression tasks can lose the
advantages of cluster-friendly representations.

2.2 Information Bottleneck

The information bottleneck (IB) principle [6, 17, 23]
is an information-theoretic approach that defines the
intuitive idea of what a task-relevant representation is
in terms of the fundamental trade-off between having a
concise representation and one that provides good pre-
diction power. The IB framework [7] has been recently
studied to address multi-view problems [24, 25]. Au-
thors in [24] combined marginal representations from
each view using an auxiliary layer into joint representa-
tion on which the IB principle is applied. However, this
work cannot handle missing views both during training
and testing. In [25], the IB principle was extended to
the two-view unsupervised setting to learn robust repre-
sentations that are common to both views. Thus, this
is not applicable to multi-omics data integration where
the goal is to flexibly integrate incomplete views (i.e.,
observations from different omics layers), that often
contain both common and complementary information,
in a supervised fashion.

3 Incomplete Multi-View Problem

The presence of missing views remains an inevitable and
prevalent problem in multi-omics data integration. To

2The “encoding networks” in [22] denote networks that
reconstruct original views from latent representations; there
are no such networks that map original views to latent
representations (in our context, encoders).
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Figure 1: An illustration of the proposed network architecture with V = 3 views. For an illustration purpose,
we assume that the current sample has the second view missing, i.e., x2 = ∅. Here, dotted lines correspond to
drawing samples in the latent representation from the respective distributions, and green and blue colored lines
indicate marginal representations and the corresponding predictions.

address this, we start off by defining such an integrative
analysis as an incomplete multi-view problem where
some of the views may be missing with arbitrary view-
missing patterns.

Notation. Let Xv ∈ Xv be a random variable for
the dv-dimensional input feature from the v-th view
and Y ∈ Y be a random variable for the output label.
We say the v-th view is missing if xv = ∅ and is
available if xv ∈ Xv where xv is a realization of Xv. To
incorporate with arbitrary missing views, we denote a
set of observed views by V = {v : xv 6= ∅} ⊆ [V ] which
we refer to as a view-missing pattern. Here, [V ] is the
complete set of available views. Then, we can finally
define a random variable for a multi-view observation as
X̄ = (Xv : v ∈ V); we say the observation is incomplete
when V ⊂ [V ] and complete when V = [V ]. Throughout
the paper, we will often use lower-case letters to denote
realizations of a random variable.

Definition 1. (Incomplete Multi-View Prob-
lem) Suppose that we have a training dataset D =
{x̄n, yn}Nn=1 which contains one or more sample(s) with
missing views, i.e., Vn ⊂ [V ] for some n. Then, we
define an incomplete multi-view problem as a super-
vised learning problem of predicting target y – that is,
C-classification for Y = [C] and regression for Y = R –
for a new multi-view observation x̄ with an arbitrary
view-missing pattern.3

Solving an incomplete multi-view problem involves two
main challenges: First, we want to learn representations
in a common space that leverages both marginal and
joint aspects of the observed views for prediction. Sec-
ond, the learned representations must flexibly integrate

3Note that a similar definition has been introduced in
[22] for classification tasks.

incomplete observations with various view-missing pat-
terns in an unified framework.

4 Method: DeepIMV

To address such challenges, we propose a deep varia-
tional information bottleneck approach, which we refer
to as DeepIMV4, that consists of four network compo-
nents as illustrated in Figure 1:

• a set of V view-specific encoders, parameterized
by θ = (θ1, · · · , θV ), each of which stochastically
maps observations from each individual view into a
common latent space;

• a product-of-experts (PoE) module that integrates
the marginal latent representations into a joint la-
tent representation in the common space;

• a multi-view predictor, parameterized by ψ, which
provides label predictions based on the joint repre-
sentations; and

• a set of V view-specific predictors, parameterized
by φ = (φ1, · · · , φV ), each of which provides label
predictions based on the marginal latent representa-
tions determined by the corresponding view-specific
encoders.

Throughout the remainder of the paper, we will often
use f to denote a deterministic mapping and use q to
denote a stochastic mapping.

4.1 Toward Task-Relevant Representations

Finding task-relevant representations in a common
latent space that contains both marginal and joint

4Source code is available at https://github.com/
chl8856/DeepIMV.

https://github.com/chl8856/DeepIMV
https://github.com/chl8856/DeepIMV
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aspects of the observations is crucial for solving the
incomplete multi-view problem. To this goal, we ap-
ply the IB principle [7, 23] since it aims at learning
task-relevant representations by discarding as much
information about the input as possible that is irrel-
evant to the target task and thereby encouraging the
predictor to be robust to overfitting.

Define Z be the common latent space. We consider
the marginal representation Zv ∈ Z be a stochastic
encoding of Xv, i.e., qθv(Zv|Xv), which is defined by
the v-th view-specific encoder for v ∈ V. Similarly, we
consider the joint representation Z ∈ Z be a stochastic
encoding of X̄, which is defined by the encoder block
qθ(Z|X̄) that combines outputs of the V view-specific
encoders. Then, given a latent representation z ∈ Z
drawn from qθ(z|x̄), the multi-view predictor estimates
the target label Y based on the distribution defined as
qψ(Y |z). To learn joint aspects of the observed views
for predicting the target Y , we apply the IB principle
on Z based on the following loss:

Lθ,ψIB-J(X̄, Y ) = −I(Y ;Z) + βI(X̄;Z)

≈ Ex̄,y∼p(x̄,y)Ez∼qθ(z|x̄)

[
− log qψ(y|z)

]
+ βEx̄∼p(x̄)

[
KL

(
qθ(Z|x̄)

∥∥q(Z)
)]

(1)

where β ≥ 0 is a coefficient chosen to balance between
the two information quantities. Here, KL

(
p(Z)

∥∥r(Z)
)

denotes the Kullback-Leibler (KL) divergence between
the two distributions p(Z) and r(Z). Detailed deriva-
tions can be found in the Supplementary Material.

4.2 Product-of-Experts for Incomplete Views

One question is outstanding. How should we design
the joint representation such that it integrates the
marginal representations of the observed views with
arbitrary view-missing patterns? Our solution is to
use a product-of-experts (PoE) that factorizes the joint
posterior qθ(Z|X̄) into a product of the marginal poste-
riors qθv(Z|Xv) for v ∈ V . Formally, the joint posterior
can be defined as the following [20]:

p(z|x̄) ≈ C · p(z)
∏
v∈V

qθv (z|xv)
def
= qθ(z|x̄) (2)

where C is a normalizing constant.

Factorizing the joint posterior using a PoE is promising
for solving an incomplete multi-view problem com-
pared to that using a mixture-of-experts (MoE), i.e.

qθ(z|x1, · · · , xV ) =
∑V
v=1 αv · qθv(z|xv): First, by em-

ploying PoE, we can simply ignore missing views when
finding the joint representation Z of an input X̄ regard-
less of its view-missing patterns. Hence, we can fully

utilize samples with incomplete views without discard-
ing them (or applying view-completion in advance) for
training [19], and can avoid auxiliary inference steps
of generating the missing views [17, 18] during both
training and testing. Second, aside from its flexibility,
a PoE (i.e., the joint posterior) can produce a much
sharper distribution than the individual experts (i.e.,
the marginal posteriors) allowing for them to be special-
ized in a particular aspect of the target task [26]. This
is a desirable property for multi-omics data integra-
tion where individual views often contain view-specific
(complementary) information or uneven amount of in-
formation about the target.

Computing the Joint Posterior. Suppose that we
utilize marginal posteriors of the form qθv(z|xv) =
N (z|µv,Σv) where (µv,Σv) = fθv(xv) and use the
prior of the form p(z) = N (z|µ0,Σ0) (typically, a
spherical Gaussian). Because a product of Gaussian
is itself Gaussian [27], we can derive the joint pos-
terior as qθ(z|x̄) = N (z|µ,Σ) where µ = (µ0Σ−1

0 +∑
v∈V µvΣ

−1
v )(Σ−1

0 +
∑
v∈V Σ−1

v )−1 and Σ = (Σ−1
0 +∑

v∈V Σ−1
v )−1. Hence, we can efficiently compute the

joint posterior of the incomplete multi-view observa-
tions in terms of the available marginal posteriors.

4.3 Building View-Specific Expertise

However, training a PoE appears to be difficult, requir-
ing artificial sub-sampling of the observed views [20] or
applying variants of contrastive divergence [26] in order
to ensure that the individual views are learnt faithfully.
To mitigate such an issue, we instead introduce a set
of V view-specific predictors and apply IB principle
on the marginal representations in order to allow each
encoder to build view-specific expertise for predicting
the target.

Formally, for each view, given the latent representa-
tion zv ∈ Z drawn from qθv(zv|xv), the view-specific
predictor estimates Yv, which is a random variable for
the target that can be solely described by the corre-
sponding view Xv, based on the distribution defined
as qφv (Yv|zv). Then, we apply the IB principle on the
marginal representations to capture view-specific as-
pects of the observed views for predicting the target
based on the following loss:

Lθv,φvIB-M (Xv, Yv) = −I(Yv;Zv) + βvI(Xv;Zv)

≈ Exv,y∼p(xv,y)Ez∼qθv(z|xv)

[
−log qφv(y|z)

]
+ βvExv∼p(xv)

[
KL

(
qθv(Zv|xv)

∥∥q(Zv))]
(3)

where βv ≥ 0 is a balancing coefficient. Minimizing (3)
encourages Zv to become a minimal suffcient statistics
ofXv for Yv [28], enforcing the marginal representations
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Algorithm 1 Pseudo-code for training DeepIMV

Input: D = {x̄n, yn}Nn=1, learning rate η, mini-batch
size nmb, coefficients α, β, {βv}Vv=1, and µ0, Σ0

Output: DeepIMV parameters (θ, φ, ψ)
Initialize parameters (θ, φ, ψ) via Xavier Initializer
repeat

Sample a mini-batch: {x̄n, yn}nmbn=1 ∼ D
for n = 1, · · · , nmb do

for v ∈ Vn do
µnv ,Σ

n
v ← fθv (xnv )

znv ← µnv + ε · Σnv where ε ∼ N (0, 1)
ŷnv ← fφv (znv )

end for
µn,Σn ← PoE

(
(µnv ,Σ

n
v )v∈Vn

)
zn ← µn + ε · Σn where ε ∼ N (0, 1)
ŷn ← fψ(zn)

end for
L̂θ,ψIB-J = 1

nmb

∑nmb
n=1

(
−
∑C
c=1 y

n[c] log(ŷn[c])

+ β ·KL(N (µn,Σn)||N (µ0,Σ0))
)

L̂θ,φIB-M = 1
nmb

∑nmb
n=1

∑
v∈Vn

(
−
∑C
c=1 y

n[c] log(ŷnv [c])

+ βv ·KL(N (µnv ,Σ
n
v )||N (µ0,Σ0))

)
(θ, φ, ψ)← (θ, φ, ψ)− η∇(θ,φ,ψ)

(
L̂θ,ψIB-J + αL̂θ,φIB-M

)
until convergence

to learn the view-specific (possibly complementary)
aspects of the target, which eventually ease the training
of PoE.

4.4 Training

We train the overall network – the view-specific encoder-
predictor pairs (θ, φ) and the final predictor (ψ) – by
minimizing a combination of the marginal and joint IB
losses:

Lθ,φ,ψTotal (X̄, Y ) = Lθ,ψIB-J(X̄, Y ) + α
∑
v∈V
Lθv,φvIB-M (Xv, Yv)

(4)
where α ≥ 0 is a hyper-parameter that trades off be-
tween the two losses. The pseudo-code of DeepIMV is
provided in Algorithm 1.5

5 Experiments

Throughout the experiments, we evaluate different
multi-view learning methods on two real-world multi-
omics datasets that were collected by the Cancer
Genome Atlas (TCGA)6 and by the Cancer Cell Line
Encyclopedia (CCLE) [29] in the context of integrating
multi-omics observations for predicting 1-year mortality
and drug sensitivity of cancer cells, respectively.

Benchmarks. We compare DeepIMV with 2 base-
lines and 6 state-of-the-art multi-view learning methods:

5Here, we assume a C-classification task and slightly
abuse notation; we will write y to denote a one-hot vector
and write y[c] to denote the c-th element of y.

6https://www.cancer.gov/tcga

The baselines include a pre-integration method that
simply concatenates observations from multiple views
(denoted as Base1) and a post-integration method that
integrates predictions of individual predictors trained
on each view as an ensemble (denoted as Base2). The
multi-view learning methods that assume complete
multi-view observations include GCCA [30], DCCA
[10], and DCCAE [11], and the methods that flexibly
integrate incomplete multi-view observations include
MVAE [20], CPM-Nets [22], and MOFA [21]. Ta-
ble 1 summarizes the key characteristics. It is worth
highlighting that i) for the methods that cannot han-
dle incomplete multi-view observations, we use mean
values (and further utilize the reconstructed inputs of
MVAE in Tables 3 and 6) to impute missing views
of training and testing samples, and ii) for the meth-
ods that do not utilize label information, we train a
multi-layer perceptron (MLP) based on the learned
representations as a downstream task.

Table 1: Comparison table.

Methods
Task

Oriented
Incomplete

Views

Base1 3 7
Base2 3 7
GCCA 7 7
DCCA 7 7

DCCAE 7 7
MVAE 7 3

CPM-Nets 3 3
MOFA 7 3

DeepIMV 3 3

To focus our experiments on the integrative analy-
sis and to overcome “curse-of-dimensionality” in the
high-dimensional multi-omics data, we extracted low-
dimensional representations (i.e., 100 features) using
the kernel-PCA (with polynomial kernels) on each view
[31] to train all the multi-view learning methods except
for MOFA, which is well-known for capturing sparse
factors across multiple views. Please see the Supple-
mentary Material for more details.

Implementations details and sensitivity analyses on the
hyper-parameters (α, β) of DeepIMV and details on
the benchmarks can be found in the Supplementary
Material. Throughout the experiments, all the results
are reported based on 10 and 100 random 64/16/20
train/validation/test splits for the TCGA dataset and
the CCLE dataset, respectively.

5.1 Results: TCGA Dataset

Dataset Description. We analyze 1-year mortality
based on the comprehensive observations from multiple
omics on 7,295 cancer cell lines (i.e. samples). The

 https://www.cancer.gov/tcga
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Table 2: Comparison of the AUROC performance (mean ± 95%-CI) for (complete) the multi-view learning
methods that are trained with only complete multi-view samples and (incomplete) those that are trained with
both complete and incomplete multi-view samples. The values are reported by varying the number of observed
views from |Vn| = 1 to |Vn| = 4 during testing.

Methods
1 View 2 Views 3 Views 4 Views

complete incomplete complete incomplete complete incomplete complete incomplete
Base1 0.660±0.04 0.675±0.02 0.722±0.03 0.739±0.02 0.750±0.02 0.765±0.02 0.766±0.02 0.781±0.01
Base2 0.711±0.02 0.717±0.02 0.746±0.01 0.766±0.00 0.767±0.02 0.775±0.01 0.783±0.02 0.790±0.01
GCCA 0.680±0.02 0.650±0.03 0.737±0.02 0.737±0.03 0.764±0.01 0.769±0.02 0.783±0.01 0.792±0.01
DCCA 0.702±0.01 0.638±0.03 0.745±0.03 0.761±0.02 0.758±0.02 0.775±0.01 0.776±0.02 0.784±0.01
DCCAE 0.623±0.04 0.605±0.04 0.747±0.03 0.763±0.01 0.774±0.02 0.775±0.01 0.776±0.02 0.778±0.02
MVAE 0.592±0.05 0.589±0.04 0.677±0.02 0.674±0.02 0.731±0.02 0.730±0.01 0.774±0.01 0.781±0.01

CPM-Nets 0.700±0.02 0.709±0.01 0.748±0.02 0.761±0.02 0.766±0.01 0.771±0.01 0.781±0.01 0.788±0.01
MOFA 0.681±0.03 0.646±0.01 0.732±0.01 0.734±0.01 0.756±0.01 0.764±0.02 0.781±0.02 0.785±0.02

DeepIMV 0.701±0.02 0.724±0.02 0.757±0.02 0.772±0.01 0.776±0.01 0.791±0.01 0.783±0.01 0.801±0.01

data consists of observations from 4 distinct views on
each cell line across 3 different omics layers: (View
1) mRNA expressions, (View 2) DNA methylation,
(View 3) microRNA expressions, and (View 4) re-
verse phase protein array. Among 7,295 samples, 3,282
samples have incomplete multi-view observations with
various view-missing patterns: average missing rates
were 0.10, 0.24, 0.13, and 0.74 for View 1, View 2, View
3, and View 4, respectively.

5.1.1 Multi-Omics Data Integration

We start off by exploring the benefit of integrating
multi-omics data, specifically augmenting samples with
incomplete multi-view observations. To this goal, we
compare predictions of different multi-view learning
methods in terms of area under the receiver operating
characteristics (AUROC) in Table 2 by augmenting
NI = 3, 282 samples with incomplete views on the
already available NC = 3, 210 samples with complete
views for training. For evaluating the performance, we
artificially created missing views for hold-out testing
samples by varying the number of observed views from
|Vn| = 1 to |Vn| = 4.

There are a couple of things to be highlighted from
Table 2: First, DeepIMV better integrates samples
with incomplete views as the performance improvement
were most significant outperforming the benchmarks
regardless of the number of observed views. Second,
even when trained only with complete-view samples,
our method better handles different view missing pat-
terns during testing as it provided the highest per-
formance (except for 1 View) with partially observed
views. Third, MVAE and MOFA sacrifice their discrim-
inative power since the latent representations focus on
retaining the information of the input for view genera-
tion (reconstruction), which results in discarding the
task-relevant discriminative information.

In addition, the proposed method still outperformed
the benchmarks that do not handle incomplete views,
when we replaced the mean imputation method with an

Table 3: Comparison of the AUROC performance
(mean ± 95%-CI) with different view completion meth-
ods on the TCGA dataset with |Vn| = 3.

Methods Mean Impt. MVAE Impt.

Base1 0.765±0.02 0.771±0.01
Base2 0.775±0.01 0.784±0.01
GCCA 0.769±0.02 0.774±0.01
DCCA 0.775±0.01 0.784±0.02
DCCAE 0.775±0.01 0.773±0.02
MVAE 0.730±0.01 −
CPM-Nets 0.771±0.01 −
MOFA 0.764±0.02 −
DeepIMV 0.791±0.01 −

advanced multi-view imputation method (i.e., MVAE)
as shown in Table 3. (More results can be found in the
Supplementary Material.)

Visualization. We visually compare the principle
component analysis (PCA) projections of the latent
representations of the proposed method with differ-
ent combinations of observed views in Figure 2. Here,
DeepIMV is trained with both complete and incomplete
multi-view samples. The PCA projections of latent
representations become more discriminative and repre-
sentative of the target labels as DeepIMV incorporates
more views during testing. This can be highlighted by
how the PCA projections of a representative cell line
labeled with 1-year mortality, that are marked by star
dots, move toward the opposite direction of the class
boundary as the proposed method collects more views
from Vn = {2} (which provides the highest I(Yv;Zv);
see Table 5) to Vn = {1, 2, 3, 4}. Also, DeepIMV was
able to achieve very similar representations of complete
views without incorporating all the observed views. In
particular, the PCA projections of latent representa-
tions without incorporating View 4 (which provided
the smallest I(Yv;Zv); see Table 5), i.e., V = {1, 2, 3},
were almost the same with those of latent representa-
tions with V = {1, 2, 3, 4}. This highlights a potential
role of DeepIMV in designing multi-omics experiments
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(a) V = {1, 2, 3, 4} (b) V ⊂ {1, 2, 3, 4}

Figure 2: Comparison of PCA projections of latent representations from DeepIMV trained with both complete and
incomplete multi-view samples for the TCGA dataset. Here, all possible combinations of different view-missing
patterns V ⊆ [4] are illustrated.

Table 4: Ablation study results. AUROC performances (mean ± 95%-CI) are reported for DeepIMV variations
trained with both complete and incomplete multi-view samples on the TCGA dataset.

Methods 1 View 2 Views 3 Views 4 Views

MoE 0.629±0.03 0.691±0.02 0.736±0.02 0.768±0.01
MoE with marginal IBs 0.712±0.01 0.766±0.01 0.786±0.01 0.790±0.01
PoE 0.655±0.04 0.719±0.03 0.755±0.03 0.783±0.02
PoE with marginal IBs 0.724±0.02 0.772±0.01 0.791±0.01 0.801±0.01

by providing advice which omics layers should not be
measured for cost-efficient predictions.

Table 5: Information quantities on the TCGA dataset.

I(Y1;Z1) I(Y2;Z2) I(Y3;Z3) I(Y4;Z4) I(Y ;Z)

0.319 0.506 0.487 0.157 0.562

5.1.2 Ablation Study

In Table 4, we study the effect of i) utilizing PoE over
MoE, and ii) introducing view-specific predictors and
the marginal IB losses in (3) in oder to provide addi-
tional insight into the source of gain. As discussed in
Section 4.2, a PoE allows for encoders to specialize in
analyzing their corresponding views and to build differ-
ent expertise. Furthermore, introducing view-specific
predictors and marginal IB losses encourage the view-
specific encoders to focus on (possibly complementary)
task-relevant information of each view and, thus, to
ease the training associated with the PoE factorization.
We observe that these components clearly contributes
to DeepIMV’s performance improvement. Here, we use
the same experimental setting in Section 5.1.1.

5.2 Results: CCLE Dataset

Dataset Description. We analyze sensitivities of
heterogeneous cell lines to 4 different drugs – that are,

Irinotecan, Panobinostat, Lapatinib, and PLX4720 –
based on the multiple omics observations on 504 cancer
cell lines (i.e. samples). Drug response was converted
to a binary label by dividing cell lines into quartiles
ranked by ActArea; the top 25% were assigned to the
“sensitive” class and the rest were assigned to the “non-
sensitive” class. The data consists of observations from
6 distinct views on each cell line across 5 different omics
layers: (View 1) DNA copy number, (View 2) DNA
methylation, (View 3) mRNA expressions, (View 4)
microRNA expressions, (View 5) reverse phase protein
array, and (View 6) metabolites.

Incomplete View Construction. We artificially
construct incomplete multi-view observations based
on the following procedures: i) randomly select NI =
N ×R samples where R ∈ [0, 1] is the rate of samples
with missing views and ii) create incomplete multi-view
observations by choosing one of the (2V − 2) possible
view-missing patterns for each sample. (Obviously, at
least one view must be observed).

5.2.1 Multi-Omics Data Integration

We explore the benefit of incorporating more sam-
ples and more views on predicting drug sensitivities
of heterogeneous cell lines. To this end, we increase
the set of available views from Views {1, 2} to Views
{1, 2, 3, 4, 5, 6} and include samples that have observa-
tions from at least one of the views in this set. For
example, given the set of available views is {1, 2}, we
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Figure 3: Average AUROC performance on four different drugs in the CCLE dataset (top) with increasing views
and (bottom) with increasing view-missing rates.

integrate all the samples that satisfy V(n) ∩ {1, 2} 6= ∅
for training. In the top row of Figure 3, we compare
the prediction of different multi-view methods in terms
of AUROC performance as we increase the set of avail-
able views from {1, 2} to {1, 2, 3, 4, 5, 6} with R = 0.6.
There are a couple of things to be highlighted from this
figure: First, our method provides better discriminative
performance on all the tested drug sensitivity datasets
(most of the times) as the number of integrated views
increases. Second, the performances of DCCA and
DCCAE are saturated since these methods can utilize
only two views at the most, whereas GCCA provides
consistently-increasing performance since it generalizes
to multiple views. Third, MVAE and MOFA sacrifice
their discriminative task-relevant information since the
latent representations focus on retaining the informa-
tion of the input for view generation (reconstruction).

Table 6: Comparison of the AUROC performance
(mean ± 95%-CI) with different view completion meth-
ods on the CCLE dataset (Panobinostat) with M = 6
and R = 0.6.

Methods Mean Impt. MVAE Impt.

Base1 0.751±0.01 0.758±0.01
Base2 0.728±0.02 0.752±0.01
GCCA 0.709±0.01 0.715±0.01
DCCA 0.714±0.01 0.717±0.01
DCCAE 0.688±0.01 0.697±0.01
MVAE 0.678±0.01 −
CPM-Nets 0.702±0.01 −
MOFA 0.727±0.02 −
DeepIMV 0.768±0.01 −

In addition, Table 6 shows that the proposed method
still outperformed the benchmarks that do not handle
incomplete views, when the mean imputation method is
replaced by an advanced multi-view imputation method

(i.e., MVAE). (More results can be found in the Sup-
plementary Material.)

5.2.2 Robustness to Missing Views

Next, we evaluate how robust the multi-view learn-
ing methods are with respect to the view-missing rate.
The bottom row of Figure 3 shows the AUROC per-
formance as the rate of samples with missing views
ranges from R = 0.0 (all complete) to R = 1.0 (all
incomplete) with V = 6. We highlight the follow-
ing observations: First, our method outperforms all
the benchmarks on the Irinotecan and Panobinostat
datasets and provides comparable performance on the
Lapatinib and PLX4720 datasets to the best perform-
ing benchmark across different missing rates. Second,
while other methods often fail, DeepIMV provides the
most robust performance as the rate of samples with
missing views increases. Third, DCCA and DCCAE
show poor performance since these methods do not
fully utilize the available views. Last, a similar trend
can be found for MVAE and MOFA with that of the
previous observation in Section 5.2.1.

6 Conclusion

Our proposed method finds intra-view and inter-view
interactions that are relevant for predicting the target
labels by flexibly integrating available views regard-
less of the view missing patterns in a unified frame-
work. Throughout the experiments, we evaluate Deep-
IMV on real-world multi-omics datasets and show our
method significantly outperforms existing multi-view
learning methods in terms of prediction performance.
In the future, further work may investigate incorpo-
rating sparsity in different omics data to address high-
dimensionality.
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