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Abstract

The multi-view data with incomplete information hinder the
effective data analysis. Existing multi-view imputation meth-
ods that learn the mapping between complete view and com-
pletely missing view are not able to deal with the common
multi-view data with missing feature information. In this pa-
per, we propose a generative imputation model named Git
with optimal transport theory to jointly impute the missing
features/values, conditional on all observed values from the
multi-view data. Git consists of two modules, i.e., a multi-
view joint generator (MJG) and a masking energy discrim-
inator (MED). The generator MJG incorporates a joint au-
toencoder with the multiple imputation rule to learn the data
distribution from all observed multi-view data. The discrimi-
nator MED leverages a new masking energy divergence func-
tion to make Git differentiable for imputation enhancement.
Extensive experiments on several real-world multi-view data
sets demonstrate that, Git yields over 35% accuracy gain,
compared to the state-of-the-art approaches.

Introduction
Multi-view data (Guo 2013) are captured from different
modalities, sources, spaces, and other forms. It has become
one of the main data types in many real-life scenarios, such
as video surveillance, entertainment media, medical detec-
tion, etc. Due to various reasons like the collection device
failure, instable system environment, or privacy concerns
(Miao et al. 2022a, 2021; Wu et al. 2022), it is common
that a fraction of features/values in some data views are not
collected, resulting in the missingness of multi-view data.
For example, the public medical dataset PhysioNet (Silva
et al. 2012) collects patients’ physiological signals and mea-
surements from multiple views, including respiration, blood
pressure, and electrocardiograms. It takes above 80% aver-
age missing rate, making it difficult to analyze. Hence, such
feature missing problem poses a daunting challenge to the
multi-view data analysis (Yan et al. 2021; Miao et al. 2022b).

Existing multi-view imputation studies (Farhangfar, Kur-
gan, and Pedrycz 2007; Jaques et al. 2017; Tran et al. 2017;
Yoon, Jordon, and Schaar 2018; Spinelli, Scardapane, and
Uncini 2019) focus on the view-level missing problem, i.e.,
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a special case of the feature-level missing problem when
all features in the target-view are completely missing. They
learn the mapping between the source-view and target-view
in the multi-view data to predict the missing target-view con-
ditional on the given source-view. These multi-view imputa-
tion algorithms are neither efficient nor effective. For imput-
ing the target-view, one has to train a group of mapping mod-
els. The number of possible source-views determines how
many models should be learnt. Particularly, four mapping
models are built for multi-view imputation over the karolin-
ska directed emotional faces dataset KDEF (Goeleven et al.
2008) with five views. Moreover, the real-life multi-view
data generally lose a proportion of features in each view in
practice. Existing methods do not consider the feature miss-
ing state/information in each view. The corresponding root
mean squared error for missing feature imputation is even
higher than 30 on some multi-view datasets. Therefore, it is
not proper, even infeasible, to apply existing multi-view im-
putation approaches for dealing with the multi-view data in
real-life scenarios with arbitrarily missing features.

In this paper, we propose a novel generative multi-view
imputation model, termed as Git, with the support of op-
timal transport theory. Git is composed of two modules, a
multi-view joint generator (MJG) and a masking energy dis-
criminator (MED). The generator MJG leverages a multiple
imputation based autoencoder to learn a mapping between
all observed multi-view data and target-view data, so as to
jointly and efficiently impute missing features in the multi-
view data. However, the typical Jensen-Shannon divergence
used in the generative imputation model (Arjovsky and Bot-
tou 2017) is not continuous and non-differentiable, resulting
in the “vanishing” gradient problem. In view of this, we de-
velop a masking energy (ME) divergence in MED to enable
both modules in Git to be differentiable. It thus can always
provide reliable gradients to avoid the “vanishing” gradient
problem for better imputation ability. In summary, the main
contributions of this paper are described as follows.
• We propose a generative multi-view imputation model

Git that is able to efficiently and effectively predict miss-
ing features in the multi-view data. To the best of our
knowledge, this is the first proposal to address the miss-
ing feature problem within multi-view data.

• The MJG module in Git estimates the missing features
of the target-view data conditional on all observed multi-
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view data via leveraging a joint autoencoder with the
multiple imputation rule.

• In the MED module, we put forward an ME divergence
to measure the closeness between the true underlying and
generated data distributions of the target-view data. It
employs the optimal transport theory to make Git differ-
entiable, avoiding the “vanishing” gradient issue.

• Extensive experiments using several real-life multi-view
data sets demonstrate that, Git substantially outperforms
the state-of-the-art methods.

Related Work
There are a series of data imputation methods proposed to
impute missing values for single-view data, such as Miss-
Forest (Stekhoven and Bühlmann 2011), MICE (Royston
and White 2011), RRSI (Boris et al. 2020), not-MIWAE
(Ipsen, Mattei, and Frellsen 2020), GAIN (Yoon, Jordon,
and Schaar 2018), etc. However, these methods have limited
ability to impute multi-view data, since they focus on the
target-view data, ignoring the information from other views.

For multi-view data, existing multi-view imputation
methods adopt traditional machine learning models
(Farhangfar, Kurgan, and Pedrycz 2007), or autoencoder
model (Jaques et al. 2017; Tran et al. 2017), e.g., the
multi-view denoising autoencoder (Jaques et al. 2017),
cascaded residual autoencoder (CRA) (Tran et al. 2017),
and multi-view information bottleneck (MIB) (Federici
et al. 2020), or generative adversarial network (GAN)
(Yoon, Jordon, and Schaar 2018; Spinelli, Scardapane, and
Uncini 2019) to imputing missing views. For example,
based on the typical linear regression model and k nearest
neighbor model, the missing view can be imputed by the
synthetic-CT-based multi-view registration method (Zheng
et al. 2019) and the isomorphic linear correlation analysis
method (Zhang et al. 2018).

Particularly, among multi-view imputation algorithms
with GAN model, the view imputation generative adver-
sarial network (VIGAN) (Shang et al. 2017) uses a GAN
model to identify view-to-view mappings and employs a
denoising autoencoder to reconstruct the missing view.
The encoder-decoder multi-view generative adversarial net-
work (EMGAN) (Cai et al. 2018) utilizes a 3D encoder-
decoder network to capture the relationship between the
source-view and target-view. It uses an additional adversar-
ial training strategy to generate high-quality data. The con-
ditional autoencoder generative adversarial network (CAE-
GAN) (Yang, Qian, and Fan 2020) incorporates the varia-
tional autoencoder and GAN under a conditional process to
tackle the multi-view imputation problem.

However, the aforementioned multi-view imputation
methods only focus on the view-level missing problem. It
is inappropriate, even infeasible, for them to handle the
feature-level missing problem within multi-view data, since
they ignore the feature-level missing state in each view. In
contrast, our proposed imputation model Git fully utilizes
all observed data information of multi-view data. It further
leverages the optimal transport theory to make it differen-
tiable to solve the “vanishing” gradient issue.

Solution Overview
Let the multi-view dataset with the sample size n
and view size v be stored in a matrix X = {X1;
· · · ; Xv} = {x1, · · · ,xn}. The i-th multi-view
data sample xi = (x1

i ; · · · ;xv
i ) is in the form xi =

(x1
i1, · · · , x1

id1
; · · · ;xv

i1, · · · , xv
idv

). To encode the missing
information, we define a mask matrix M = {M1; · · · ;Mv}
= {m1, · · · ,mn}, where each mask vector mi =
(m1

i ; · · · ;mv
i ) = (m1

i1, · · · ,m1
id1

; · · · ;mv
i1, · · · ,mv

idv
)

corresponds to the data sample xi. In particular, mk
ij

takes value in {0, 1}, k = 1, · · · , v, i = 1, · · · , n, and j =
1, · · · , dv; mk

ij = 1 if the j-th dimensional value of the k-th
view in xi is observed, otherwise mk

ij = 0.
Definition 1. Multi-view data imputation. Given an in-
complete multi-view dataset X with the mask matrix M, the
multi-view data imputation problem aims to build an impu-
tation modelM to find appropriate values for missing com-
ponents in the target-view data Xt with the mask matrix Mt,
so as to (i) make the imputed data X̂t as close to the real
complete target-view data (if it exists) as possible, or (ii)
help downstream multi-view analysis to achieve better per-
formance when adopting X̂t than that only with Xt.

Our proposed multi-view imputation model Git is mainly
composed of a multi-view joint generator (MJG) module
and a masking energy discriminator (MED) module. It
builds an adversarial training platform with the generator
MJG and discriminator MED for the multi-view imputation
task. MJG jointly integrates all the observed values in the
multi-view data to impute the missing features via using a
joint autoencoder with the multiple imputation rule. MED
is inspired by the outstanding performance of energy diver-
gence (Zhao, Mathieu, and LeCun 2017) that assumes that
the distributions of any two mini-batches extracted randomly
from true underlying data and that of the two corresponding
mini-batches from generated data should be close. Hence, it
designs a masking energy (ME) divergence to make Git dif-
ferentiable, for avoiding the “vanishing” gradient problem.
Similar as the typical GAN, the generator MJG produces the
data values as close to the true underlying (observed) target-
view data distribution as possible, while the discriminator
MED distinguishes the difference between the generated and
true underlying target-view data as correctly as possible.

The objective function of Git is defined as a minimax
problem with the ME divergence over MJG and MED. As
a result, it employs the optimized generator MJG to impute
missing components in the target-view data Xt. Namely, the
imputed matrix is calculated by X̂t = Mt⊙Xt+(1−Mt)⊙
X̄t, where ⊙ is the element-wise multiplication. X̄t is the
reconstructed matrix predicted by the imputation modelM.

Algorithm 1 gives the pseudo-code of Git. It takes an in-
complete multi-view dataset X with its mask matrix M and
the target-view Xt as inputs. It outputs the optimized MJG
G∗ and the imputed target-view data X̂t. Git starts to solve
the minimax optimization problem in an iterative manner.
During each training iteration, Git first samples two inde-
pendent mini-batches P and Q from X. It then updates the
MJG module G with the fixed MED module D (lines 3-7).
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Algorithm 1: The procedure of Git
Input: the incomplete multi-view dataset X with

mask matrix M, the target-view Xt, training
times C, and MED’s iteration times K

Output: the optimized G∗ and the imputed X̂t

1: for epoch = 1 to C do
2: sample two mini-batches P and Q (w.r.t. mask

matrices Mp and Mq) from X (w.r.t. M)
/* MJG module updating */

3: P̄t ← G(P,Mp,Xt), Q̄t ← G(Q,Mq,Xt)
4: calculate the weighted reconstruction losses

(Lr(Pt) and Lr(Qt)) and ME divergence loss
La(Pt,Qt)

5: calculate the total loss of the generator G, i.e.,
LG ← La(Pt,Qt) + α ·

[
Lr(Pt) + Lr(Qt)

]
6: update θG in G with LG

/* MED module updating */
7: for k = 1 to K do
8: P̄t ← G(P,Mp,Xt), Q̄t ← G(Q,Mq,Xt)
9: calculate the MED module’s loss LD over

Pt and Qt (with P̄t and Q̄t)
10: update θD in D with LD

11: estimate missing values in Xt by G∗ with optimized
θG to obtain the imputed target-view data X̂t

12: return G∗ and X̂t

To be more specific, G produces the reconstructed target-
view data P̄t and Q̄t for P and Q (line 3), respectively. On
top of P̄t and Q̄t, G calculates the total generative loss LG

(lines 4-6), which consists of the weighted reconstruction
losses, i.e., Lr(Pt) and Lr(Qt), and ME divergence adver-
sarial loss, i.e., La(Pt,Qt). G updates its model parameters
θG over LG via using the gradient descent (line 7).

In the following, Git updates the MED module D with
the updated MJG module G (lines 8-11). To be more spe-
cific, D first predicts the reconstructed target-view data P̄t

and Q̄t via using G (line 9). It then calculates D’s loss LD

(line 10), i.e., the ME divergence loss, and updates its model
parameters θD over LD via using the gradient descent (line
11). In particular, such optimization process of D is repeated
K times. Eventually, Git returns the optimized G∗ and the
target-view data X̂t imputed by G∗ (line 15).

The Multi-View Joint Generator
The multi-view joint generator (MJG) module of Git at-
tempts to impute the missing features of the target-view data
as accurately as possible. Its essential idea is to adopt a
joint autoencoder with the multiple imputation rule to ag-
gregate reconstruction (imputation) results learned from all
observed components of multi-view data.

The basic architecture of MJG module G is depicted in
Figure 1. In particular, the MJG module G takes the incom-
plete multi-view dataset X as input, and it produces a series
of reconstructed target-view data matrices {X̄1t; · · · ; X̄vt}
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Figure 1: The architecture of MJG module

with respect to v views in X. Following Rubin’s multi-
ple imputation rule (Little and Rubin 2019), the imputed
target-view data X̂t can be finally calculated by integrating
these reconstructed data {X̄1t; · · · ; X̄vt}. Formally, X̂

t
=

Mt ⊙ Xt + (1 −Mt) ⊙ [(1 − β) ·
∑s̸=t

s=1:v X̄st
+ β · X̄tt

],
where β is a weighted hyper-parameter. It is used to con-
trol the importance degree of the reconstructed matrix of the
target-view (w.r.t. X̄tt) in contrast with other views (w.r.t.
X̄st

, s ̸= t) for target-view imputation.
In the MJG module, we develop a joint autoencoder with

a multi-view encoder and a target-view decoder to learn the
mapping between the observed components of the multi-
view data and the target-view data. To be more specific, the
multi-view encoder embeds different types of views with
different neural networks, e.g., convolutional neural network
for image processing. On top of the embedded attributes,
the target-view decoder then leverages a neural network
(e.g., transpose convolutional network for image process-
ing) to map the embedded attributes into the feature space
of target-view, so as to obtain the reconstructed target-view
data matrix X̄st w.r.t. the observed data in the s-th view data,
s = 1, · · · , v. To minimize model parameters and speed up
training, we share the parameters of neural networks w.r.t.
the same type of source-views in the multi-view encoder.

During model training, the objective of MJG module con-
tains two types of losses, including the masking energy
(ME) divergence adversarial loss and the weighted recon-
struction loss. The ME divergence adversarial loss is pro-
duced by the MED module, as to be elaborated in the next
section. The weighted reconstruction loss is to enforce the
consistency between the true underlying and generated/re-
constructed target-view data. Formally, with the support of
Rubin’s multiple imputation rule, the weighted reconstruc-
tion loss Lr(X

t) for the target-view Xt is Mt ⊙ [(1 −
β)

∑s̸=t
s=1:v ℓe(X

t, X̄st
) + β · ℓe(Xt, X̄tt

)], where ℓe is the
function of the root mean absolute error.

Hence, the overall objective of MJG module over the
mini-batches P and Q is LG = La(Pt,Qt) + α · [Lr(Pt) +
Lr(Qt)], where La(Pt,Qt) is the ME divergence adver-
sarial loss produced by the MED module. α is a hyper-
parameter. The MJG module is trained to minimize LG us-
ing the newly updated MED module.

Note that, the MJG module of Git can also simultaneously
impute all incomplete views with a minor modification. It
needs to develop one decoder for each target-view to map
the embedded attributes into the target space.
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The Masking Energy Discriminator
Following the standard GAN model (Goodfellow et al.
2014), we employ a discriminator to compete with the MJG
module in Git, which can help the MJG module to impute
data as truly as possible. However, the true underlying and
generated target-view data distributions of the GAN-based
multi-view imputation model usually have a negligible in-
tersection (Arjovsky and Bottou 2017). The Jensen-Shannon
(JS) divergence of the discriminator is not continuous and
non-differentiable, giving rise to the “vanishing” gradient
problem. This problem may prevent the model parameter
of such discriminator from changing its value or even stop
model from further training. It thus degrades the perfor-
mance of multi-view imputation model.

To this end, in Git, we introduce a masking energy dis-
criminator (MED) module. It introduces a masking energy
(ME) divergence by the optimal transport metric, to make
Git differentiable, so as to prevent the “vanishing” gradient
problem, for the stable model training.

Specifically, inspired by the simple intuition of the multi-
view imputation task that, the true underlying and generated
target-view data should share the same distribution, we first
integrate the optimal transport metric with the mask matrix,
to develop a masking optimal transport (MOT) metric for
multi-view imputation, as stated in Definition 2. Let µ̂t|p

x =
1
b

∑b
i=1 δ

p
xt
i

(resp. µ̂t|q
x = 1

b

∑b
i=1 δ

q
xt
i
), µ̂t|p

m = 1
b

∑b
i=1 δ

p
mt

i

(resp. µ̂
t|q
m = 1

b

∑b
i=1 δ

q
mt

i
), and ν̂

t|p
x̄ = 1

b

∑b
i=1 δ

p
x̄t
i

(resp.

ν̂
t|q
x̄ = 1

b

∑b
i=1 δ

q
x̄t
i
) denote the empirical measures over the

size-b target-view data matrix Pt (resp. Qt) of the mini-
batch P (resp. Q), its mask matrix Mt|p (resp. Mt|q), and
the reconstructed matrix P̄t (resp. Q̄t) predicted by the MJG
module for the target-view data Xt, respectively. δp

xt
i
, δq

xt
i
,

δp
mt

i
, δq

mt
i
, δp

x̄t
i
, and δq

x̄t
i

are the Dirac distributions.

Definition 2. (The masking optimal transport met-
ric, MOT). For the target-view Xt in P, the MOT
metric, denoted by OTm, over the empirical measures
of Pt and its reconstructed P̄t, i.e., ν̂

t|p
x̄ and µ̂

t|p
x , is

OTm(ν̂
t|p
x̄ , µ̂

t|p
x ) = minYp

t ∈Γb,b
⟨Yp

t , C
t|p
m ⟩+ λh(Yp

t ), where

h(Yp
t ) =

∑b
i=1

∑b
j=1 yij log yij; λ is a hyper-parameter;

ν̂
t|p
x̄ ⊗ µ̂

t|p
m (resp. µ̂t|p

x ⊗ µ̂
t|p
m ) stands for the product measure

of ν̂t|px̄ (resp. µ̂t|p
x ) and µ̂

t|p
m . The transportation plan ma-

trix Yp
t is from the set Γb,b

def
= {Yp

t ∈ Rb×b : Yp
t 1b =

1
b1b,Y⊤

t|p1b = 1
b1b}. ⟨Yp

t , C
t|p
m ⟩ = tr((Yp

t )
⊤Ct|pm ) is the

Frobenius dot-product of Yp
t and Ct|pm . The masking cost ma-

trix Ct|pm is defined as (1 − (mt
i⊙x̄t

i)·(m
t
j⊙xt

j)

||mt
i⊙x̄t

i||2||mt
j⊙xt

j ||2
)ij ∈ Rb×b,

where ⊙ is the element-wise multiplication.

The MOT metric measures the closeness between empir-
ical distributions of the true underlying and generated data,
conditional on all observed values from the target-view data.
The remarkable advantage of MOT divergence is that, it
makes GAN-based multi-view imputation model differen-
tiable and tractable, eliminating the model instabilities in-

curred by the JS divergence.
However, with the fixed mini-batch size, the gradients of

the MOT divergence are not unbiased estimators of the gra-
dients of the original optimal transport problem for multi-
view imputation (Bellemare et al. 2017). As a result, in order
to get stable and unbiased gradients, we further introduce a
masking energy (ME) divergence over the two mini-batches
P and Q in X, as the basis of MED modeling.
Definition 3. (The masking energy divergence, ME di-
vergence). For the target-view Xt in P and Q, the ME di-
vergence, denoted by Em, among the empirical measures
ν̂
t|p
x̄ , µ̂t|p

x , ν̂t|qx̄ , and µ̂
t|q
x is defined as OTm(ν̂

t|p
x̄ , µ̂

t|p
x ) +

OTm(ν̂
t|q
x̄ , µ̂

t|p
x ) + OTm(ν̂

t|p
x̄ , µ̂

t|q
x ) + OTm(ν̂

t|q
x̄ , µ̂

t|q
x ) −

2OTm(µ̂
t|p
x , µ̂

t|q
x )− 2OTm(ν̂

t|p
x̄ , ν̂

t|q
x̄ ).

This new ME divergence combines both the differen-
tiable MOT metric and the energy divergence with an unbi-
ased estimator (Zhao, Mathieu, and LeCun 2017), resulting
in a highly discriminative divergence function with stable
and unbiased gradients. In general, for the target-view Xt,
the differentiable ME divergence loss function La(P

t,Qt)
over the two mini-batches P and Q can be defined as
1
2b · Em(ν̂

t|p
x̄ , µ̂

t|p
x , ν̂

t|q
x̄ , µ̂

t|q
x ), where b is the mini-batch size.

By virtue of the differentiable ME divergence, Git can
provide a usable and unbiased gradient during training, and
thus helps to get rid of the “vanishing” gradient issue and
improve the imputation. There is an explicit illustration on
how Git handles the “vanishing” gradient problem under the
ME divergence, as well as it cannot be done under the JS
divergence in Appendix A.

Let ν̂tx̄ be the generated distribution of target-view, and µ̂t
x

be the true underlying distribution of target-view. The data
distribution produced by Git converges to the true underly-
ing target-view data distribution under a weak assumption
(Bernton et al. 2019), as stated in Lemma 1.
Assumption 1 The multi-view imputation of Git makes the
ME divergence converge to 0 as the sample size n→∞.
Lemma 1 Under Assumption 1, the target-view data distri-
bution ν̂tx̄ produced by the MJG module in Git converges
to the true underlying data distribution µ̂t

x, (i.e., ν̂tx̄ → µ̂t
x)

with the optimization of Git, as n→∞.
The proof of Lemma 1 completes based on the definition

of ME divergence and Assumption 1, and the proof details
are shown in Appendix B.

Experiment
In this section, we evaluate the performance of our pro-
posed Git model and five state-of-the-art multi-view imputa-
tion methods. All algorithms were implemented in Python.
The experiments were conducted in an Intel Core 2.80GHz
server with TITAN Xp 12GiB (GPU) and 192GB RAM, run-
ning Ubuntu 18.04 system.

Experimental Settings
Datasets. In the experiments, we use five public real-world
multi-view datasets. In particular, the mixed national insti-
tute of standards and technology dataset 1 (MNIST) is a

1http://yann.lecun.com/exdb/mnist/
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Method RMSE PSNR
MNIST CUB CityStreet KDEF MNIST CUB CityStreet KDEF

CRA 29.90± 1.02 32.89± 0.98 25.12± 0.89 17.89± 0.92 35.52± 0.93 29.02± 0.82 25.21± 0.93 47.21± 1.21
MIB 30.83± 1.12 33.25± 0.97 − 18.02± 0.95 34.49± 0.94 28.09± 0.98 − 45.92± 1.13

VIGAN 30.06± 0.82 32.41± 1.21 24.73± 0.87 18.66± 0.82 34.86± 0.82 28.49± 0.89 25.75± 0.92 45.91± 0.98
EMGAN 30.22± 0.92 32.45± 0.96 26.71± 0.91 17.61± 0.99 34.27± 0.92 28.44± 0.93 22.39± 0.89 39.84± 0.97
CAEGAN 30.41± 0.98 32.32± 0.89 27.16± 0.92 16.78± 0.98 34.42± 0.82 28.75± 0.82 21.82± 0.94 46.57± 0.99

Git 19.66± 0.81 27.08± 0.78 15.03± 0.83 11.33± 0.82 53.47± 0.84 32.38± 0.79 42.78± 0.89 56.26± 0.79

Table 1: Performance comparison of missing feature imputation

Method RMSE PSNR
MNIST CUB CityStreet KDEF MNIST CUB CityStreet KDEF

CRA 9.28± 0.58 12.31± 0.44 33.28± 0.65 25.89± 0.55 67.02± 0.89 58.25± 0.98 40.03± 0.82 39.98± 0.79
VIGAN 9.18± 0.61 12.16± 0.36 32.70± 0.68 25.99± 0.61 67.86± 0.96 58.21± 0.92 40.98± 0.79 40.42± 0.81
EMGAN 9.28± 0.65 11.24± 0.55 33.07± 0.59 24.10± 0.56 67.55± 0.84 59.06± 0.89 37.49± 0.85 41.71± 0.77

CAEGAN 9.69± 0.56 13.21± 0.52 33.92± 0.65 24.21± 0.59 66.60± 0.86 58.89± 0.91 39.36± 0.78 42.58± 0.75
Git 8.78± 0.34 10.89± 0.32 31.84± 0.49 23.98± 0.36 68.02± 0.78 61.11± 0.79 41.36± 0.65 43.07± 0.61

Table 2: Performance comparison of missing view imputation

widely known benchmark hand-written digit dataset with
70,000 examples. A separate view is created following the
method in (Liu and Tuzel 2016) where the authors produce a
new digit image from an original image by only maintaining
the edge of the number. The Caltech-UCSD Birds-200-2011
dataset 2 (CUB) contains different categories of birds, where
the first 10 categories are used. In CUB, visual features
from GoogLeNet and text features using doc2vec are used
as two views. It contains 11,788 images of 200 bird species,
and a vocabulary of 28 attribute groupings and 312 binary
attributes. The busy city street multi-view video dataset 3

(CityStreet) is collected from the videos with one hour long
and 2.7K resolution at 30 fps. 500 multi-view images are
uniformly sampled from the videos with 3 different views.
The karolinska directed emotional faces dataset 4 (KDEF) is
a set of totally 4,900 pictures with 7 emotional expressions,
where each subject is imaged from 5 different views. The
Database of Faces dataset (ORL) (Yan et al. 2021) contains
400 face images from 40 distinct subjects. Due to the simi-
lar data type of KDEF and ORL and the space constraint, the
experimental results over ORL are presented in Appendix C.
For each dataset, we randomly choose 10% samples for the
test, 10% samples for validation, and the rest for training.

Baselines. In the experiments, we compare five state-
of-the-art multi-view imputation methods, i.e., CRA (Tran
et al. 2017), MIB(Federici et al. 2020) VIGAN (Shang et al.
2017), EMGAN (Cai et al. 2018), and CAEGAN (Yang,
Qian, and Fan 2020). Since all of these methods cannot be
trained with incomplete multi-view data, we initialize the
missing values in these datasets as zero.

Metrics. In the evaluation, we use the root mean squared
error (RMSE) (Jeffery, Garofalakis, and Franklin 2006)
and term peak signal-to-noise ratio (PSNR) (Najafipour,
Babaee, and Shahrtash 2013) to measure the effectiveness of
imputation models. The smaller RMSE value corresponds to

2http://www.vision.caltech.edu/visipedia/CUB-200-2011.html
3https://visal.cs.cityu.edu.hk/research/citystreet/
4https://www.kdef.se/

the better imputation performance, while PSNR is opposite.
To obtain the RMSE and PSNR values, we first remove a
square (for image) or continuous words (for text) of fixed
size (i.e., 20% of total features) centered at a random loca-
tion in each view for imputation (Yu et al. 2020; Tran et al.
2017), and thus we use these values as the ground-truth to
the missing values. Then, we treat a view from the data as
the target-view at each time, so as to get the average metric
values with the support of the removed and ground-truth val-
ues. Each result value is reported by averaging five times of
experimental results under different data random divisions.

Implementation details. For all multi-view imputation
methods, the learning rate is 0.001, the dropout rate is 0.1,
and the batch size is 16. The ADAM algorithm is utilized
to train networks. The training epoch is 50, 30, 30, and
500, over MNIST, CUB, CityStreet, and KDEF, respectively.
CRA contains fully connected networks with 4 hidden lay-
ers. In VIGAN, the generator contains two stride-2 convolu-
tions, 9 residual blocks, and 2 fractionally strided convolu-
tions, while the discriminator contains 8 convolutional lay-
ers with an increasing number of 3 × 3 filter kernels. For
EMGAN, the depth of the generator is 5. Each layer con-
tains a downsampling block and a corresponding upsam-
pling block. In the downsampling block, EMGAN employs
two 3D convolutional layers to extract features. Then, it uses
four 3D convolutional layers and a fully connected layer for
the discriminator. For CAEGAN, the generator consists of
a fully connection layer and 5 deconvolutional layers, while
the discriminator is composed of 5 convolutional layers and
a fully connection layer. In Git, the hyperparameter α is 0.7,
β is 100, and the MED module’s iteration times k is 2.

Comparison Study
Table 1 reports the experimental results of multi-view impu-
tation methods over four datasets. In particular, the results of
MIB are unavailable over CityStreet, since they are not able
to finish within 105 seconds. One can observe that, Git sub-
stantially outperforms all baselines. In terms of imputation
accuracy (i.e., RMSE and PSNR), Git exceeds the best per-
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Figure 3: Visualization of multi-view imputation on MNIST
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Figure 4: The performance of multi-view imputation algorithms vs. Rm

forming baseline (i.e., VIGAN) by 35.66% in average, and
it even increases up to 70.36% over CAEGAN on the CityS-
treet dataset. Further, Git is more stable, since it has only
88.58% of the standard deviation produced by baselines on
average. This is because, Git adopts an effective GAN model
with the joint autoencoder and ME divergence, and thereby
enhances the imputation accuracy. Due to the high complex-
ity, we omit MIB in the rest of experiments.

Moreover, in order to further confirm the effectiveness of
Git, we set the target-view as completely missing, keeping
same to the default setting of baselines. Table 2 presents the
accuracy of multi-view imputation methods over such miss-
ing view imputation task. One can conclude that, Git consis-
tently gets the better imputation accuracy than baselines in
all cases. The accuracy of Git even increases up to 10.67%
over CAEGAN on the CUB dataset. Thus, Git is still effec-
tive for the traditional missing view imputation task.

In addition, Figrue 2 lists the model parameter size and
model training time of multi-view imputation methods. The
smaller model parameter size or training time indicates the
better efficiency. Git requires less model parameters and
training time when the view size of dataset exceeds 2 (i.e.,
CityStreet and KDEF). It takes 82.98% model parameters of
the smallest baseline CRA in average, while speeds up CRA
by 1.21 times in average. In particular, the model parameters

and model training time of Git are less sensitive to the view
size than that of others. It is because that, every baseline re-
quires to train (v−1) models to learning the mappings from
each of (v − 1) source-views to the target-view. In contrast,
Git learns the distribution from all observed multi-view data
with the joint autoencoder, so as to efficiently aggregate im-
putation results w.r.t. the observed data in v views.

Figure 3 visualizes the missing feature imputation of all
multi-view imputation methods over a random sample with
two views in MNIST. We can easily observe that, Git gets
much better imputation accuracy than baselines. It further
confirms the powerful imputation ability of Git for missing
feature imputation problem.

Parameter Evaluation
Effect of Rm. When varying the missing rate Rm (i.e., how
many features/values in each view are dropped) from 10% to
90%, the corresponding experimental results are depicted in
Figure 4. We can find that, with the growth of missing rate,
the imputation accuracy (i.e., RMSE and PSNR) of each al-
gorithm descends consistently. It is attributed to the less data
information for imputation when the missing rate turns high.
Among these algorithms, Git performs best in each case.
Moreover, its accuracy becomes more stable with the in-
crease of missing rate. In other words, Git is more robust
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Figure 5: The multi-view imputation performance of Git vs. α
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Figure 6: The multi-view imputation performance of Git vs. β

Method RMSE PSNR
MNIST CUB CityStreet KDEF MNIST CUB CityStreet KDEF

Git-JS 19.98± 0.82 27.89± 0.86 15.23± 0.89 11.49± 0.86 52.67± 0.88 32.11± 0.81 42.01± 0.89 54.97± 0.90
Git-noD 21.32± 0.85 28.08± 0.78 16.67± 0.85 11.88± 0.83 52.03± 0.85 31.93± 0.82 41.29± 0.92 54.51± 0.85

Git 19.66± 0.81 27.08± 0.78 15.03± 0.83 11.33± 0.82 53.47± 0.84 32.38± 0.79 42.78± 0.89 56.26± 0.79

Table 3: The ablation study of Git

with the increasing missing rate Rm than others. The rea-
son behind is that, Git learns the data distribution from all
observed multi-view data conditional on the feature missing
state of each view, so as to decrease or delay the impact of
increased missing rate on the imputation performance.

Effect of α. When the hyper-parameter α that balances
the weighted reconstruction loss and ME divergence adver-
sarial loss for Git changes from 20 to 200, Figure 5 plots the
corresponding experimental results. One can observe that,
Git is the best, in terms of the smaller RMSE and larger
PSNR, when α is 100. It confirms that, both weighted re-
construction and ME divergence adversarial loss functions
in the MJG module benefit the imputation accuracy.

Effect of β. When the hyper-parameter β varies from 0
to 1, the corresponding experimental results are depicted in
Figure 6. In particular, β weights the reconstructed target-
view data matrix in contrast with other views in the weighted
reconstruction loss function. We can find that, Git gets the
best imputation accuracy when β is 0.7. It is because that,
for Git, the data information learned from the target-view
observed data is more useful than that of other views. It also
confirms that, the information from the observed multi-view
data benefits the imputation accuracy.

Ablation Study
Table 3 shows the experimental results of ablation study. Git-
noD is the variant of Git without the MED module. Git-JS is

the variant of Git that replaces ME divergence with JS diver-
gence. We can observe that, both ME divergence and MED
module in Git do have positive effect on the imputation per-
formance. The imputation accuracy (i.e., RMSE and PSNR)
decreases in average 1.67% and 7.65% without ME diver-
gence and MED module, respectively. It signifies that, the
MED module contributes more on Git. It also confirms the
rationality and effectiveness of the ME divergence.

In addition, we study the performance of multi-view im-
putation methods on post-imputation prediction (i.e., pre-
dicting the view labels). The detailed results are described in
Appendix D. It reflects the imputation performance of each
method. We can find that, Git still outperforms baselines in
each case. It confirms the effectiveness of Git.

Conclusion
In this paper, we propose a multi-view generative imputation
model Git with the support of optimal transport. It is able to
effectively estimate missing features in the multi-view data.
Git consists of the MJG module and the MED module. MJG
learns the target-view data distribution with the joint autoen-
coder and the multiple imputation rule. MED leverages a
new masking energy divergence function to make Git differ-
entiable for imputation enhancement. Extensive experiments
over several real-world data sets demonstrate that, Git signif-
icantly boosts the imputation performance, compared to the
state-of-the-art multi-view imputation methods.
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