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Abstract—Long Short-Term Memory (LSTM) is a prominent
recurrent neural network for extracting dependencies from
sequential data such as time-series and multi-view data, having
achieved impressive results for different visual recognition tasks.
A conventional LSTM network can learn a model to posteriorly
extract information from one input sequence. However, if two
or more dependent sequences of data are simultaneously ac-
quired, the conventional LSTM networks may only process those
sequences consecutively, not taking benefit of the information
carried out by their mutual dependencies. In this context, this
paper proposes two novel LSTM cell architectures that are able
to jointly learn from multiple sequences simultaneously acquired,
targeting to create richer and more effective models for recogni-
tion tasks. The efficacy of the novel LSTM cell architectures is
assessed by integrating them into deep learning-based methods
for face recognition with multi-view, light field images. The new
cell architectures jointly learn the scene horizontal and vertical
parallaxes available in a light field image, to capture richer spatio-
angular information from both directions. A comprehensive
evaluation, with the IST-EURECOM LFFD dataset using three
challenging evaluation protocols, shows the advantage of using
the novel LSTM cell architectures for face recognition over the
state-of-the-art light field-based methods. These results highlight
the added value of the novel cell architectures when learning
from correlated input sequences.

Index Terms—Recurrent Neural Networks, Long Short-Term
Memory, Joint Learning, Face Recognition, Light Field.

I. INTRODUCTION

Recent years have witnessed rapid advances in the field
of machine learning with the development of deep neural
networks [1]], [2]] and the emergence of powerful hardware
resources, like graphics processing units (GPU) [3]. Nowa-
days, due to their superior representation and prediction per-
formance, deep Convolutional Neural Networks (CNNs) are
increasingly adopted for visual recognition and description
tasks [4]. CNNs take raw data as their input and extract
high-level feature vectors, also known as embeddings, using
convolutional lters in multiple layers, followed by some fully
connected layers. When dealing with sequential data, such
as time-series or multi-view sequences, Recurrent Neural
Networks (RNNs) can be used to extract dependencies, as
RNN units have dependency connections not only between
the subsequent layers, but also into themselves, to learn
information from previous inputs [3].

The Long Short-Term Memory (LSTM) [6] network is
a prominent RNN architecture able to learn a model from
both long- and short-term dependencies using learnable gating

functions and memory states. LSTM networks are widely
used in modern deep learning architectures, and have achieved
impressive results on many large-scale machine learning tasks
[7]. The combination of CNNs and LSTMs has recently been
used for several visual recognition tasks, including action
recognition [8], [9], face recognition [10], [11], facial ex-
pression classification [12], [[13]], lip reading [14], and image
captioning and video description [15]. A conventional LSTM
network can learn a model for the information associated with
a single input sequence. However, if two or more dependent
sequences of data are simultaneously acquired with some
specific dependency, the conventional LSTM networks may
not jointly process them inside each LSTM cell, thus not
taking advantage of the information present through their
dependencies. Instead, the dependent input sequences can thus
far only be processed individually by conventional LSTM
networks whose results can subsequently be fused, for instance
using feature-level or score-level fusion mechanisms [16].
Examples of such dependent sequences of data include syn-
chronized audio and visual signals often available in movies
[17]; or horizontal and vertical view sequences with parallax
dependencies, as available in multi-view images [10]].

This paper proposes two novel LSTM cell architectures,
which tackle the problem above by jointly learning deep
models, accepting as inputs two or multiple data sequences
that are simultaneously acquired and have some depen-
dency/relationship. The outcome is a jointly learned model
that provides richer embeddings to achieve better performance,
notably for visual recognition tasks. The proposed cell archi-
tectures adopt:

e A Gate-Level Fusion scheme (GLF-LSTM), modifying
the forget, input and output gates of the conventional
LSTM architecture to learn from multiple input se-
quences, providing a fused output for each of these
gates. The memory state outputs are controlled by the
outcome of the new fused gates, thus providing richer
joint information.

o A State-Level Fusion scheme (SLF-LSTM), learning the
modified cell and hidden memory states from multiple
simultaneous inputs, and then merging the states’ outputs
to compute the jointly learned embeddings.

To show the efficacy of the novel LSTM cell architectures,
they have been used for face recognition with Light Field (LF)
images. LF cameras simultaneously capture the intensity of
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light rays coming from multiple directions in space at a single
temporal instant [18], [19]. An LF image can be rendered
to form a multi-view array, offering both intra-view spatial
(within each view) and inter-view angular (across views)
information, useful for various visual analysis tasks, including
biometric recognition [20], [21], [22], [23], [24], [25], [LO],
presentation attack detection [26]], [27], [28], and expression
recognition [12f], [29]. A recent LF-based face recognition
method [10]] exploits the spatio-angular horizontal and ver-
tical information available in an LF image, by respectively
using two independent LSTM recurrent networks whose inputs
are VGG-16 embeddings [30]. Although the horizontal and
vertical network outputs are fused using a score-level fusion
mechanism, this architectural approach cannot fully exploit
the relations between the horizontal and vertical views as
the horizontal and vertical view sequences are independently
processed. Those additional dependencies, notably in terms of
parallax, can be further exploited during the learning process
by using the proposed LSTM cell architectures, aiming to
achieve a better recognition accuracy.

In this paper, each of the novel LSTM cell architectures has
been integrated into a deep network for LF-based face recog-
nition, using a Bi-directional LSTM (Bi-LSTM) approach that
takes as input ResNet-50 deep embeddings for the horizontal
and vertical viewpoint sequences derived from the same LF
image. An attention mechanism is also used to selectively
focus on the most important jointly learned spatio-angular
embeddings, for a more effective learning. The results are two
novel face recognition methods, denoted as ResNet + GLF-
LSTM and ResNet + SLF-LSTM, each adopting one of the
novel LSTM cell architectures. The new methods have been
evaluated on the IST-EURECOM Light Field Face Database
(LFFD) [31]], which contains several facial variations, includ-
ing emotions, actions, poses, illuminations and occlusions,
using three challenging evaluation protocols. Results show the
superiority of the proposed methods, providing significant face
recognition performance improvements regarding the state-of-
the-art methods available in the literature.

The rest of the paper is organized as follows: Section II
reviews the long short-term memory cell architecture, the basic
concepts of LF imaging and the state-of-the-art on LF-based
face recognition. The two proposed LSTM cell architectures,
notably gate-level fusion and state-level fusion, are presented
in Section III. Next, Section IV reports and discusses the
performance of the proposed LSTM cell architectures after
integration into a deep network for LF-based face recognition.
Finally, Section V concludes the paper and proposes some
future work.

II. BACKGROUND

This section briefly reviews the conventional LSTM cell
architecture, denoted as Conv-LSTM. As the application sce-
nario considered is LF-based face recognition, also the basic
concepts of LF imaging and the state-of-the-art on LF-based
face recognition are reviewed.
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Fig. 1: Architecture of a conventional LSTM (Conv-LSTM) cell with
peephole connections.

A. Conventional LSTM Cell Architecture

RNNs can be used to extract higher dimensional dependen-
cies from sequential data [Sl]. RNN units are called cells, and
have connections not only between the subsequent layers, but
also into themselves to keep information from previous inputs.
The training of a RNN can be done using the back-propagation
through time algorithm [32]. Traditional RNNs can easily learn
short-term dependencies; however, they have difficulties to
learn long-term dynamics as the back-propagated gradients
can vanish or explode [33]]. The Long Short-Term Memory
(LSTM) is a type of RNN addressing these problems as the
LSTM cells allow gradients to also flow unchanged, to avoid
the gradient vanishing and exploding problem during training,
while learning both long- and short-term dependencies [6l], [7].

Since the introduction of LSTM in 1997 [6], the conven-
tional LSTM with peephole connections [34] has been the
most commonly used cell architecture for multiple learning
tasks [7]. An LSTM network is composed by Conv-LSTM
cells, whose outputs evolve throughout the network, based on
past memory content. The cells have a common cell state,
which keeps long-term dependencies along the entire Conv-
LSTM cells chain, controlled by two gates, the so-called input
and forget gates, thus allowing the network to decide when to
forget the previous state or update the current state with new
information. The output of each cell, hidden state, is controlled
by an output gate taking into account the cell state. Figure
illustrates the Conv-LSTM cell architecture with peephole
connections, which are connections from the previous cell state
to the three gates.

Each of these gates is controlled by a sigmoid activation
function, as defined by Equation 1, bounding its output to the

[0,1] range:

o(z) = (L+e ), (1)

For a sequence component S;, belonging to the input
sequence S, the input gate, I;, is computed as in Equation (2),
based on S;, the previous hidden state H;_;, and the previous
cell state C;_; (when using peephole connections). The input
gate learns how to add information to the cell state.

I = o(Wi[S; + Hi—y + Ci_1] + by), 2)
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Fig. 2: An LSTM network composed by several Conv-LSTM cells.

where W is the input gate weight and by is the input gate
bias.

Equation (3) creates a new vector of cell state candidate
values, 6'7 , that can be added to the cell state later:

C; = tanh(Ws[H; 4 hi—y + Ci_1] + bg), (3)
where W is the weight of the candidate vector and b is the
bias of the candidate vector. The hyperbolic tangent activation
function, tanh, is the non-linearity function used for creating

the candidate values, C;, defined as:
tanh(z) = 20(2z) — 1, 4)

The forget gate, F;, learns how to forget information from
the cell state, according to:

Fo=0(Wp[S; + Hi—1 4+ Ci—1] + br), )

where W is the forget gate weight and by is the forget gate
bias.

Then, based on I;, F;, and C’i, the previous cell state, C;_1,
is updated to obtain C; as follows:

Ci=F,0Ca+1L;06 éiv (6)

where © denotes the vector element-wise product. As the
output values for I; and Fj lie in the range [0,1], Conv-LSTM
selectively learns to consider or forget the current input and
the previous state.

The current cell state, C;, can then be used for predicting
the current cells hidden state, h;, according to Equations (7)
and (8), thus allowing Conv-LSTM to learn how much from
the cell memory should be included into the hidden state:

O; =c(Wo[S: + Hi—1 + Ci_1] + bo), @)
hi = Oz © tanh(Ci), (8)

where Wy is the output gate weight and bp is the output
gate bias. The hidden state, h;, is the cell output for the
input sequence S — i. The hidden state is taken as input
by the next Conv-LSTM cell in the LSTM network archi-
tecture, as illustrated in Figure @ This network architecture,
also known as uni-directional LSTM network, hereafter only
referred as LSTM network, only considers forward relations
between LSTM cells. The Bi-directional LSTM (Bi-LSTM)
network architecture [35] can also be adopted to exploit both
forward (left to right) and backward (right to left) relations

within the input sequence. The number of cells in an LSTM
network equals the number of inputs, e.g. images/embeddings
in the input sequence. The output of each Conv-LSTM cell
corresponds to an embedding produced by taking into account
the short- and long-term dependencies observed up to that cells
input image/description.

B. LF Imaging Basics

The so-called Plenoptic function P(x,y,z,t,\,6,¢), was pro-
posed in 1991 to model the information carried by the light
rays at every point in the 3D space (x,),z), in every possible
direction (0,¢), over any wavelength ()\), and at any time
(®) [36]. The less complex static 4D LF [19], L(x,y,u,v), also
known as lumigraph [37], was proposed in 1996, by adopting
several simplifications on the plenoptic function and may be
described by the intersection points of the light rays with two
parallel planes [38].

A lenslet LF camera [18] includes a digital sensor, main
optics and an aperture control similar to regular cameras. The
main difference regarding regular cameras comes from placing
a micro-lens array at the focal plane of the main lens at a
given distance from the sensor. The main lens aims to focus
the light rays from the scene object into the microlens array.
Then, the micro-lenses split the incoming light cone based
on the direction of the incoming rays onto the sensor area of
the corresponding micro-lens. A micro-lens array is usually
composed by thousands of tiny lenses that are arranged into a
rectangular, hexagonal or custom grid. In fact, each micro-lens
plays the role of a small camera to acquire a so-called micro-
image; Figure 3]a shows the full set of micro-images in an LF
image, after color demosaicing. The micro-images can then
be rendered to extract the so-called Sub-Aperture (SA) images
corresponding to different observation viewpoints, forming a
multi-view SA array which represents the visual scene. Figure
Blb and Figure [Blc show the multi-view SA array and the
rendered central SA 2D image, respectively, for the LF micro-
lens image in Figure [3la. Each 2D SA image corresponds to
a slightly different viewpoint of the visual scene, meaning
that an LF image captures angular information about the
scene, seeing it from different angles, which is a distinctive
characteristic of this new type of visual sensor.

Since one LF image allows obtaining multiple 2D SA
images, two types of information are available for learning:
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Fig. 3: LF representation: a) sample micro-images, after colour
demosaicing, b) a zoomed detail of the micro-image; c) corresponding
multi-view SA array; d) corresponding 2D central SA image.

i) the intra-view, spatial information within each 2D view;
and ii) the inter-view, angular information between views,
associated to the different angular capturing positions of the
multiple views. This richer spatio-angular visual representation
provides a range of new capabilities to exploit/learn for various
visual recognition tasks, notably face recognition [39].

C. LF-based Face Recognition Methods

A number of face recognition methods exploiting LF infor-
mation are available in the literature, and are briefly reviewed
here. These methods, can be categorized as conventional or
deep learning-based, and are summarized in Table [} including
information about the publication year, the feature extractor,
classifier, and the used datasets.

1) Conventional Methods: There are a few multilin-
ear appearance-based methods able to analyze the high-
dimensional LF image information in its native form. It is
worth mentioning that none of the multilinear appearance-
based methods were originally designed for face recognition.
Multilinear Principal Component Analysis (MPCA) [40Q] is
one such method, using tensors for feature extraction, decom-
posing the LF images which are interpreted as 4D tensors,
into a series of multiple projections to capture most of the
tensorial input variations. MPCA has been considered for face
recognition using LF images in [23]. Additionally, there are
a few methods based on visual descriptors, exploiting the a
posteriori refocusing capability of LF cameras to improve the
quality of the faces in the input image that e.g. might be out-
of-focus. In this context, in [20], a wavelet energy method
selects the best focus image plane whose features are then
extracted using the Local Binary Pattern (LBP) descriptor and
classified using a Nearest Neighbor (NN) classifier. In ,
a discrete wavelet transform is used to capture the highest
frequency components to create an all-in-focus image, which
are then used as input to the LBP descriptor. The recognition
of multiple faces available in a single image using an all-in-
focus image rendered from an LF image is investigated in [41]],
using an LBP descriptor and a Sparse Reconstruction Classi-
fier (SRC) classifier. The exploitation of a set of refocused
images rendered from an LF image is studied in [22]], using
different visual descriptors, including LBP, Center-Symmetric
LBP (CSLBP), Histogram of Oriented Gradient (HOG), and
Binarized Statistical Image Features (BSIF). There are also
a few visual descriptors exploiting the disparity information
available in an LF image. In this context, Light Field LBP

TABLE I: Overview of main available LF-based face recognition
methods.

Method [Year[Approach  [Feat. Extractor [Class.[Dataset

MPCA Tensor 2008 | Conventional | MPCA NN |N/A
LF Face 2013 | Conventional | LBP NN  |Private
Multi-Face LF [21]]|2013 | Conventional |LBP; LG lter SRC |LiFFID
Super Res. LF [41]]|2013 | Conventional | LBP SRC |LiFFID
Face MF LF 2016 | Conventional |HOG; LBP; BSIF|SRC |LiFFID
LFLBP 2017 | Conventional | LFLBP SVM |LFFD
LFHG [24] 2018 | Conventional | HOG; LFHDG SVM |LFFD
VGG-D3 [25] 2018 | Deep VGG SVM |LFFD
VGG+ LSTM 2019|Deep VGG; LSTM Soft. |LFFD

(LFLBP) is proposed to exploit the spatio-angular information
in an LF images [23]. Finally, the Light Field Histogram
of Gradients (LFHG) descriptor is proposed to consider the
orientation and magnitude of LF spatio-angular information
for the recognition task.

2) Deep Learning-based Methods: Recent research on LF-
based face recognition has shifted towards deep learning-
based methods. The first proposed deep-based method, VGG
2D+Disparity+Depth (VGG-D3) [25]], concatenates embed-
dings extracted using a fine-tuned VGG network [30] for
the LF 2D central SA, disparity, and depth images. More
recently, a method combining VGG and Conv-LSTM [10] has
been proposed exploiting the multi-perspective LF information
using VGG and LSTM networks in sequence, providing more
discriminative embeddings for the face recognition task.

III. NOVEL LSTM CELL ARCHITECTURES

This section proposes two novel LSTM cell architectures
exploiting dependencies between multiple, simultaneously ac-
quired, input sequences. LF-based face recognition is adopted
here as a target problem to better explain the structure of the
novel architectures.

A. Proposal Intuition

A conventional LSTM (Conv-LSTM) network can learn a
model to describe the information coming from one input
sequence, such as a set of 2D images or their embeddings.
However, if two or more dependent sequences of data are
simultaneously acquired, the Conv-LSTM cell architecture can
only process these sequences consecutively, not taking benefit
of the information carried out by the dependencies. This limi-
tation is removed by the proposed LSTM cell architectures,
designed to jointly learn from such sequences, with each
LSTM cell simultaneously receiving multiple sequences as
input. A more expressive deep model can then be learned
by simultaneously processing all the input sequences, creating
richer embeddings for the recognition task. In summary, this
paper proposes two novel LSTM cell architectures able to
jointly learn from multiple input sequences, unlike the Conv-
LSTM.

B. Target Application: LF-Based Face Recognition

In this paper, LF-based face recognition is adopted as the
target application, to demonstrate the added value of the novel
LSTM cell architectures. The horizontal and vertical parallaxes
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Fig. 4: Multi-view SA array of face images and the selected set
of horizontal and vertical 2D SA images, corresponding to slightly
different viewpoints.

(see Figure [), defined as the displacement or difference in
position of an object in two images captured from different
perspectives, e.g., horizontal or vertical, can represent the
viewpoint changes captured in an LF image, defining two
sequences of images to be considered as inputs to the LSTM
cells. Although the following example considers two input
sequences, the same ideas can be used for multiple inputs
for different analysis tasks.

The Conv-LSTM cell architecture can learn the horizontal
or the vertical inter-view angular information, as it accepts a
single sequence as input. To capture both the horizontal and
vertical angular variations, one possibility is to concatenate
the LSTM inputs, e.g. a series of features extracted from the
horizontal views sequence followed by those extracted from
the vertical views sequence. However, the merged sequence
may not be the best representation for the dependencies
between the horizontal and vertical angular information.

Since the novel LSTM cell architectures can simultaneously
receive multiple input sequences, they can jointly learn the
inter-view angular information along the horizontal and verti-
cal directions. As a consequence, an LSTM network built with
the novel LSTM cell architectures requires half the number of
cells for two input sequences, when compared with the Conv-
LSTM network, since each cell now processes two inputs at
once. In the considered example, the first novel LSTM cell
receives as input the left-most and top SA images, in the
middle row and middle column, respectively, as highlighted by
the blue boxes in Figure ] The second LSTM cell processes
the second left-most and the second top SA images, and so
on. With the new LSTM cell architectures, the relationships
within and between horizontal and vertical view sequences can
be jointly exploited.

In the proposed LF face recognition methods, SA images
are not directly processed by the LSTM network. In fact, it is
common practice [15] to first extract spatial embeddings from
each input SA image, to first learn from the intra-view spatial
information, and then use the LSTM network to also learn
the inter-view angular information from the spatial embedding
input sequences. In the present proposal, a single LF image is
rendered into a multi-view SA array and then horizontal and
vertical view sequences are created using selected sets of SA
images from the multi-view SA array. A deep CNN is used to
extract intra-view spatial embeddings, which are then passed
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Fig. 5: Proposed GLF-LSTM cell architecture.

to the novel LSTM architectures.

The proposed LSTM cell architectures, considering gate-
level fusion and state-level fusion schemes, are described
in the following. They are illustrated considering two input
sequences, named horizontal, H;, and vertical, V;, spatial
embeddings computed from the input SA images illustrated
in Figure @] Naturally, the novel LSTM cell architectures can
consider any number of correlated input sequences, possibly
of different types, addressing other analysis tasks.

C. Gate-Level Fusion LSTM (GLF-LSTM) Cell Architecture

The first proposed LSTM cell architecture adopts a gate-
level fusion scheme, learning the horizontal and vertical forget,
input and output gates and then merging the horizontal and
vertical gates outputs to compute the fused gates output. In
this context, the cell and hidden state outputs are controlled
by the fused gates, providing richer joint information to learn
a model from the LF angular information.

As illustrated in Figure |5} the horizontal, IiH , and vertical,
IV, input gates are computed according to Equations (9) and
(10), respectively, independently learning how to add horizon-
tal and vertical information to the cell state. The horizontal and
vertical input gates are computed for view number ¢, based on
the spatial embeddings H; and V;, respectively extracted from
the horizontal and vertical multi-view embedding sequences,
the previous hidden state h;_1, and the previous cell state C;_
as:

I =o(WHH; + hi_y + Ci_q] +bH), )

IV = o(WY[Vi4+hiog +Ciq] +bY), (10)

where W} and W“/{ are the horizontal and vertical input gates
weights, respectively, and b? and b} are the horizontal and
vertical input gates bias, respectively.

Then, the fused input gate, I;, is computed by adding the
horizontal and vertical input gates together:

L=[1"+1], (11)

The horizontal, C¥!, and vertical C}, vectors of candidate
values are computed according to Equations (12) and (13), re-
spectively. These vectors hold possible horizontal and vertical
weights that could be fully/partly added to the fused cell state
later. Horizontal and vertical candidate vectors are then fused

to compute the fused candidate vector, C~’i, (Equation (14)):
Cll = tanh(WE [H; + hiy + Cia] + %), (12)
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C‘ZV = tanh(Wg [VZ 4+ h;_1 + Cz;l] + bg), (13)

Ci=[C] + 7], (14)
where Wé{ and Wé[ are the horizontal and vertical weights
of the candidate vector, respectively, and bg and bg are
the horizontal and vertical biases of the candidate vector,
respectively.

Next, the horizontal, FiH , and vertical, F’ iV, forget gates are
computed according to Equations (15) and (16), respectively,
learning how to forget horizontal and vertical information from
the cell state, and after fused to compute the fused hidden state,
F;, (Equation (17)).

FiH = U(WFH[H»L + hi—1 + Ci—l] + bg)a 5)
EY =o(WYX[Vi + hi_1 + Ci_1] +by), (16)
Fy = [F' + FY], a7

where WH and W) are the horizontal and vertical forget
gates weights, respectively, and b2 and b}, are the horizontal
and vertical forget gates biases, respectively.

Then, based on I;, F;, and éi, the previous cell state, C;_1,
is updated to obtain C;, according to Equations (18), to update
the long-term memory observed so far with respect to the
horizontal and vertical information observed in the current
horizontal and vertical view embeddings:

Ci=F,0C_1+1,06C;, (18)

The horizontal, O , and vertical, O}, output gates are
computed according to Equations (19) and (20), respectively,
learning how to update hidden state. These gates are then
added to compute the fused output gate, O;, according to

Equation (21).

O = oW [H; + hi—1 4+ Ci1] + b)), (19)
O = o(WH Vi + hi_1 + Ci_1] +b8), (20)
F; = [0 + 0/, @n

where W} and W} are the horizontal and vertical output
gates weights, respectively, and bg and bg are the horizontal
and vertical input gates biases, respectively.

The current cell state, C;, already updated with respect
to the jointly learned fused gates and the fused output gate,
F;, can then be used for predicting the current cells hidden
state, h;, according to Equation (22), thus producing the final
embedding for the novel GLF-LSTM cell:

hi=0;® tanh(Ci), (22)

In our example, the GLF-LSTM cell architecture jointly
learns a deep model from LF horizontal and vertical informa-
tion, in the form of fused gates. It is composed by independent
horizontal and vertical gates, so that the computation of the
horizontal and vertical input, forget, and output gates can be
performed in parallel when implementing this cell architecture.

ST 0

>

Fig. 6: Proposed SLF-LSTM cell architecture.

D. State-Level Fusion LSTM (SLF-LSTM) Cell Architecture

The second proposed LSTM cell architecture provides a
state-level fusion scheme, learning the horizontal and vertical
cell and hidden states, and then merging their outputs to
compute the fused cell and hidden state outputs.

As illustrated in Figure @ first, the horizontal elements,
including horizontal input gate (Equation (23)), candidate
vector (Equation (24)), and forget gate (Equation (25)), are
computed based on the horizontal view embedding H;, the
previous hidden state h;_1, and the previous cell state C;_1:

O = tanh(WH[H; + hiy + Cimg] +b2), (24
FiH = J(W}{:I[Hi +hi—1+Cia] + bIIg)’ 25)

Then, based on I, F, and CH, the previous cell state,
Ci_1, is updated to obtain the horizontal cell state C#,
according to Equation (26). This means the long-term memory,
including the horizontal and vertical information observed
so far, is updated with respect to the horizontal information
observed in the current view embedding as follows:

¢ =FloCia+ 1 o0, (26)

To learn how to update the horizontal hidden state, the
horizontal output gate, O, is computed as:

Of = o(WH[Hi + hi—1 + Ci_1] + b8), @7

The horizontal cell state, C, already updated with respect
to the horizontal gates, along with the horizontal output gate,
OZH , can be used for predicting the horizontal cell hidden state,
hi, according to Equation (28), thus producing the horizontal
embedding for the novel SLF-LSTM cell:

hE = OF © tanh(C]), (28)

Next, the vertical elements, including vertical input gate
(I}), candidate vector (C*g’), forget gate (F}), cell state (C}),
output gate (O}), and hidden state (h}) are computed, ac-
cording to Equations (29), (30), (31), (32), (33), and (34),
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respectively, based on the vertical spatial embedding V;, the
previous hidden state h;_;, and the previous cell state C;_1:

1V =o(W) [Vi4 hi—1 + Cizq] + b)), (29)
CY = tanh(WX[Vi + hi—y + Ci—1] + bE), (30)
FY = o(WE[Vi + hi—1 + Ci_1] + b), G
of =FV oC . +1Voc, (32)

OY = o(WY Vi + hie1 + Ci_1] +bY), (33)
hY = 0Y ® tanh(CY), (34)

Finally, the cell and hidden state outputs, that were indepen-
dently computed based on horizontal and vertical information,
are added together to compute the fused cell state, C;, and the
fused hidden state, h;, according to:

C; =[CH + Y, (35)
hi = [hf" +R)], (36)

The SLF-LSTM cell architecture jointly learns a model from
the LF horizontal and vertical information in the form of fused
states composed by independent horizontal and vertical states.
The SLF-LSTM parallelism capability is the same as for GLF-
LSTM since all the horizontal and vertical learning weights
are independently computed.

IV. PROPOSED FACE RECOGNITION METHODS

The two proposed LSTM cell architectures have been inte-
grated into a deep learning-based method for face recognition
with LF images. This section presents these face recognition
methods.

A. Technical Novelty

The two proposed LSTM cell architectures have been inte-
grated (naturally, one at a time) into a deep network for face
recognition. The inputs to the LSTM networks come from a
ResNet-50 CNN [42] applied to a selected set of horizontal
and vertical 2D SA image sequences derived from a single LF
image. The differences between the proposed methods and the
one described in [[10] which adopts Conv-LSTM cells, are: i)
the two Conv-LSTM networks to be fused at feature-level in
[LO] are replaced by the new LSTM cell networks proposed in
this paper; i) the VGG-16 CNN architecture in [[10]] is replaced
by a more powerful CNN, ResNet-50; iii) the LSTM network
architecture in this paper is bi-directional as opposed to the
uni-directional approach used in [10]; and iv) an additional
attention layer is added after the recurrent layer, to focus on
the most important spatio-angular embeddings.

B. Architecture and Modules

The architecture of the proposed network for face recog-
nition is presented in Figure [/} It should be noted that the
two novel LSTM cell architectures lead to two different
recognition methods. The proposed methods are composed of
a pre-processing module and four sub-networks, notably CNN
feature extraction, joint recurrent learning, attention learning,
and classification, whose descriptions are provided in the
following:

1) Pre-processing: First, LF raw (LFR) input images are
rendered using the Light Field Toolbox v0.4 software [43],
to create the multi-view SA array, which includes 15 x 15
SA images per LF image, each with a spatial resolution of
625 x 434 pixels. Then, the face region within each SA image
is cropped and resized to 224 x 224 pixels, which is the
expected input size for the ResNet-50 network. The middle
row and the middle column SA images are independently or-
ganized into two sequences, each including fifteen SA images.
These images represent viewpoint changes along the horizontal
and vertical directions with maximum parallax, thus better
capturing the LF information coming from multiple directions.

2) CNN feature extraction: Each selected SA image is fed
to a pre-trained ResNet-50 CNN [42], to extract a spatial
embedding with a fixed length of 2048 elements. As ResNet-
50 has been pre-trained on the large-scale VGG-Face 2 dataset
[44], the proposed method will not suffer from overfitting and
thus there is no additional training performed at this stage.
ResNet-50 [42] has been selected here as it delivers better
results than other CNN architectures in the context of the
proposed face recognition systems. A comprehensive analysis
of the impact of two other CNN architectures, namely SE-
ResNet-50 [45] and VGG-16 [30], on the performance of the
proposed face recognition method, has been performed and
results are presented in Section V-D.

3) Joint recurrent learning: The extracted horizontal and
vertical ResNet-50 spatial embeddings are provided to one
of the novel LSTM networks proposed in Section 3. A Bi-
LSTM network incorporates the novel LSTM cell architectures
to capture both the joint forward and backward relationships
within and between the sequences. The Bi-LSTM network
architecture can be modeled as two uni-directional LSTM
networks, respectively analyzing the input sequences in the
forward and backward directions. Finally, the output hidden
states of the two uni-directional LSTM networks are concate-
nated to produce the Bi-LSTM network’s outputs.

4) Attention learning: An attention mechanism [46] is used
to selectively focus on the most important LSTM embed-
dings, corresponding to different viewpoints. It can boost the
recognition performance by assigning higher weights to the
more relevant spatio-angular embeddings while ignoring the
spurious perspectives. To this end, the Bi-LSTM outputs are
multiplied by a set of trainable parameters. Equations (37) and
(38) compute a score a; to measure the attention level for h;

which is the output hidden state vector for the ith LSTM cell,
-th

corresponding to the ¢*" viewpoint:
u; = tanh(Wiph; +by) Vi€ (1,...,n) (37)
el
a; = V; € (1, ,TL) 38)

22:1 et

where, n is the number of viewpoints and W}, and by, are the
trainable weights and biases for the hidden states h;, respec-
tively. Finally, A#tEmb, the attention layers output embedding,
is computed as:

AttEmb =Y ah; (39)

i=1
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Fig. 7: Architecture of the proposed face recognition methods adopting the proposed LSTM cell architectures.

TABLE II: Best parameter values obtained for the proposed face
recognition methods.

Sub-Network | Parameter | Setting

CNN Feature Extraction | Architecture ResNet-50
Pre-trained Model VGG-Face2
Number of Inputs 15 x 2
Embedding Layer Average Pooling
Embedding Size 2048

Joint Recurrent Learning | Cell Architecture GLF/SLF LSTM
Number of Inputs 15 x 2
Number of Outputs 15
Hidden Layer Size 256 x 2
Dropout Rate 0.1
Network Architecture | Bi-directional

Attention Learning Activation Function | Softmax

Full Network Mini-batch Size 100
Loss Function Cross-entropy
Optimizer rmsprop
Metric Accuracy
Number of Epochs 1000

5) Classification: The set of attention layers outputs, corre-
sponding to the attentively learned spatio-angular embeddings,
are used as input to a softmax classifier. The classification sub-
network uses a softmax activation function that squashes the
input values into an output vector in which each element takes
a value in the range of [0, 1]. This sub-network then quantifies
the agreement between the squashed vector and the labels to
perform face recognition.

C. Implementation and Training Details

The optimal parameters values capable of achieving the best
results are summarized in Table This table includes the
values for CNN feature extraction, joint recurrent learning,
and attention learning sub-networks along with for the whole
deep network. The entire architecture has been implemented
using TensorFlow [47] with Keras backend [48] and trained
using four Nvidia RTX 2080 Ti GPUs.

V. EXPERIMENTS AND PERFORMANCE ASSESSMENT

This section presents the dataset and test protocols used, the
state-of-the-art methods considered for benchmarking, and the

Neutral
Image

Emotion Action Pose lllumination Occlusion
D D Di i D i Dil

Fig. 8: IST EURECOM LFFD: Illustration of the set of cropped
central SA image variations for a single subject.

obtained performance results along with their analysis. It also
includes ablation experiments to investigate the impact of each
individual sub-network of the proposed deep networks on the
overall face recognition performance.

A. Dataset

The IST-EURECOM Light Field Face Database (LFFD)
consists of LF face images captured by a Lytro ILLUM
camera [49] and will be used here for performance assessment
purposes. The IST-EURECOM LFFD includes 4000 LF im-
ages, captured from 100 subjects, in two separate acquisition
sessions with a temporal separation between 1 and 6 months.
Each session contains 20 LF images per subject with different
facial variations including facial emotions, actions, poses,
illuminations, and occlusions, as illustrated in Figure |§|

B. Test Protocols

This paper proposes three test protocols with practical
meaningfulness to assess the performance of the novel LSTM
cell architectures in the context of the face recognition method
described in Section 4. The test protocols are defined as
follows:

1) Protocol 1: The training set contains only the neutral
LF images from the first acquisition session (one image per
subject), while the validation set includes the left and right
half-profile images from the same acquisition session (two
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Fig. 9: IST-EURECOM LFFD division into training, validation and testing sets (a) Protocol 1; (b) Protocol 2; and (c) Protocol 3.

images per subject), thus corresponding to a low-complexity
enrolment scenario. Testing is done by considering all facial
variations captured in the second acquisition session as illus-
trated in Figure Pla. This scenario assumes that recognition
should be robust to real-life conditions where face images
may be captured at different times and in less constrained
conditions, for instance with facial expressions or partial
occlusions. This protocol represents the one shot learning [50]
problem that has been considered as one of the most difficult
challenges in face recognition [51].

2) Protocol 2: The training set contains the neutral plus the
left and right full-profile LF images from the first acquisition
session (three images per subject). The validation set, on the
other hand, includes the left and right half-profile images from
the same acquisition session (two images per subject) and the
test set includes all the LF images from the second acquisition
session, as illustrated in Figure [9]b. This protocol also assumes
a rather simple and quick enrolment phase, corresponding to
a low-complexity enrolment scenario while being slightly less
challenging than the first protocol in terms of recognition
performance.

3) Protocol 3: The training set contains all twenty dataset
face variations captured during the first acquisition session,
while the validation and testing sets each consider half of
the second session’s images, as illustrated in Figure Plc.
This scenario assumes a more complex acquisition phase,
considering more training images, under the assumption that
the increased complexity will result in better training, thus a
better recognition performance.

The three protocols correspond to cooperative user scenar-
ios, offering different trade-offs in terms of the initial enrol-
ment and training complexity versus the expected recognition
performance. The first and second protocols have multiple
practical applications, such as access control systems, where
the users can be registered/enrolled into the system by quickly
taking a mugshot, including a frontal-view and side-view
photos in a controlled setup. Then, the goal is to recognize
a person from an image captured at a different time, and
possibly in non-ideal conditions, e.g. exhibiting unpredictable
facial variations. The third protocol corresponds to a more
cooperative user scenario, targeting applications with increased
security requirements, where the users are willing to cooperate
more during the registration phase, simulating different facial
variations, over a range of expressions, actions, poses, illu-
minations, and occlusions, to capture as many variations as
possible during the enrollment phase, so that the recognition
system can more effectively recognize users during the daily
system operation.

C. Benchmarking Face Recognition Methods

The LF-based face recognition methods considered for
benchmarking purposes include Depth Local Binary Pat-
terns (DLBP [52], Multi-linear Principle Component Anal-
ysis (MPCA) [40], LFLBP [23], HOG+HDG [24], VGG
2D+Disparity+Depth (VGG-D?) [23], and VGG+conv-LSTM
[10]. These methods are discussed in Section II-C. It should
be noted that all the tested recognition methods were re-
implemented by the authors of this paper since this was
required for testing with the novel proposed protocols. Per-
formance results were obtained considering the best parameter
settings for each method reported in the respective original pa-
pers. Additionally, Spatio-temporal LSTM (ST-LSTM) [53] is
a multi-input LSTM cell architecture available in the literature,
allowing the fusion of two types of sequences, can be used
for LF-based face recognition. In the original reference, [533],
the ST-LSTM architecture is designed to jointly learn a body
skeleton, in the form of joint positions, and visual texture data,
for activity recognition. The performance of using this cell
architecture for LF face recognition has also been considered
in the benchmarking study. When presenting the results, the
two newly proposed face recognition methods, GLF-LSTM
and SLF-LSTM cell architectures, are labelled as ResNet-50 +
GLF-LSTM and ResNet-50 + SLF-LSTM. Rank-1 recognition
rates are used to report the obtained results.

D. Comparison between CNN Architectures for Feature Ex-
traction

Table [IT] presents the performance of the proposed face
recognition methods, when the selected CNN architecture
used in feature extraction sub-network, ResNet-50 [42], is
replaced by two other CNN architectures, notably SE-ResNet-
50 [43] and VGG-16 [30]. It is worth mentioning that all
these architectures were pre-trained on the same large-scale
VGG-Face 2 dataset [44]. Results are presented for the Conv-
LSTM as well as for the novel GLF-LSTM and SLF-LSTM
cell architectures when considering the three test protocols
described in Section V-B. The results clearly show the recog-
nition performance benefits of using ResNet-50 over the
two other architectures, thus justifying its selection for the
proposed face recognition methods.

E. Comparison to other Fusion Strategies and Joint LSTM
Architectures

Table presents the face recognition performance when
different strategies are used to fuse the information extracted
from the horizontal and vertical LF view sequences. The first
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TABLE III: Comparison of three CNN feature extraction architectures
in the context of the proposed methods.

CNN CNN LSTM |Protocol |Protocol | Protocol | Mean
Architecture Model Type |1 2 3

VGG-16 [30] VGG-Face2|Conv [84.80 [90.80 [95.70 [90.43
SE-ResNet-50 [43]|[VGG-Face2|Conv [96.30  |96.95 [98.80 |97.35
ResNet-50 [42]] VGG-Face2|Conv (97.10 |97.40 |99.10 |97.86
VGG-16 [30] VGG-Face2|GLF [86.75 [92.10 [96.40 [91.75
SE-ResNet-50 [43]|[VGG-Face2|GLF [97.00 |97.55 [99.10 |97.88
ResNet-50 [42] VGG-Face2|GLF [97.75 |98.00 (99.80 |98.51
VGG-16 [30] VGG-Face2[SLF  [86.95 [92.60 [97.00 [92.18
SE-ResNet-50 [45]|[VGG-Face2|SLF [97.00 [97.30  [99.10 |97.80
ResNet-50 [42] VGG-Face2|SLF  (97.65 [98.00 (99.60 |98.41

TABLE IV: Comparison of the novel LSTM cell architectures with
five alternative fusion strategies and one available LSTM cell archi-
tecture for LF-based face recognition.

Fusion Strategy [ Protocol 1 [ Protocol 2 | Protocol 3 [ Mean

No Fusion (Hor. Views) | 96.90 97.25 99.10 97.75
No Fusion (Ver. Views) | 96.45 97.30 99.20 97.65
Feature-Level Fusion 1 | 97.00 97.40 99.20 97.86
Feature-Level Fusion 2 | 97.10 97.40 99.10 97.86
Score-Level Fusion 97.05 97.45 99.20 97.90
ST-LSTM [53] 97.25 97.65 99.30 98.06
GLF-LSTM 97.75 98.00 99.80 98.51
SLF-LSTM 97.65 98.00 99.60 98.41

and second rows in Table respectively, show the individual
performance results obtained by considering the horizontal and
vertical sequences separately, i.e., when no fusion strategy has
been used. The third row in Table denoted by Feature-
Level Fusion 1, presents the results when concatenating the
horizontal and vertical spatial embeddings together, so that the
size of the input sequence to the LSTM network is 15 x 4096.
Alternatively, the forth row in Table presents the results
of Feature-Level Fusion 2 strategy by first processing the
horizontal images followed by the vertical ones, thus creating
a concatenated sequence with size 30 x 2048 to be used as
the LSTM network input. Score-Level Fusion (the fifth row of
Table employs two independent LSTM networks for the
horizontal and vertical views, whose classification scores are
finally added together to perform face recognition. Apart from
fusion strategies, the recognition performance when using the
ST-LSTM cell architecture [S3] for the LF face recognition
task is also reported in the sixth row of Table Finally,
the performance of the novel GLF-LSTM and SLF-LSTM
cell architectures are presented in the the seventh and eighth
rows of the table. The performance results clearly show the
superiority of novel cell architectures in comparison with the
five fusion strategies and another LSTM cell architecture to
deal with horizontal and vertical LF view sequences.

FE. Comparison to State-of-the-art Recognition Methods

Tables and report the rank-1 recognition rates
obtained for the proposed recognition methods and the 6
selected benchmarking methods, for test Protocols 1, 2, and 3,
respectively. These results are presented for the five recogni-
tion variations, corresponding to the LFFD dimensions (shown
in Figure[)), notably emotions (including neutral face), actions,
poses, illuminations and occlusions, using all the test set

images as defined for each test protocol; the best results and
the proposed methods are highlighted in bold.

The obtained rank-1 recognition results demonstrate the su-
periority of the deep learning-based methods when compared
to non-deep learning-based methods, including DLBP [52],
MPCA [40], LFLBP [23] and HOG+HDG [24]. The results
also show that the proposed recognition methods adopting the
two novel LSTM cell architectures achieve better performance
than VGG-D? [25] as well as the best performing bench-
marking method, the Conv-LSTM method [10], for all the
face recognition variations considered. The added value of the
proposed recognition methods is more evident for the more
challenging test Protocols 1 and 2, where limited amounts
of training data are available. Finally, performance results
show that the proposed ResNet-50 + GLF-LSTM recognition
method works slightly better than the ResNet-50 + SLF-
LSTM method. This is mainly due to establishing a learning
interaction between both LSTM gates and memory states as
compared to the ResNet + SLF-LSTM, which only learns joint
memory states.

G. Feature Space Exploration

To show the discrimination ability of the proposed face
recognition methods adopting the GLF-LSTM and SLF-LSTM
cell architectures, as well as the best bechchmarking method,
i.e. VGG + Conv-LSTM [10], a t-Distributed Stochastic
Neighbor Embedding (tSNE) visualization [54] has been used.
The tSNE visualization shows the feature spaces produced by
each method in a two dimensional space, thus representing the
discrimination ability of the different embeddings. Figure
plots the different embeddings feeding the classifier, when i)
VGG-16 + Conv-LSTM [10] (Figure [I0]row (a)), i) ResNet-
50+GLF-LSTM (Figure [I0]row (b)), and iii) ResNet-50+SLF-
LSTM (Figure[I0row (c)) are used. To make this visualisation
easier to interpret, the t-SNE analysis is performed only for the
first 10 subjects available in dataset, respectively for Protocol
1 (Figure [I0] column (i)), Protocol 2 (Figure [I0] column (ii)),
and Protocol 3 (Figure [T0] column (iii)) test data.

The results presented in Figure row (a) clearly show
that VGG + Conv-LSTM could not form separate and dense
clusters for some test samples. Even for the case of the less
challenging Protocol 3, there are still a few samples whose
data points are mixed. However, the results presented in the
second and third rows of Figure |10} show that the proposed
face recognition methods adopting the novel GLF-LSTM and
SLF-LSTM cell architectures create denser and more effective
clusters, notably with the data points distributed closer to their
centroids. This observation reveals that the subjects are more
easily separable in these feature spaces, thus validating the use
of the novel cell architectures in the context of the proposed
recognition method.

H. Ablation Study

An ablation study has been performed using the three test
protocols, to investigate the influence of each sub-network
in the recognition methods in terms of final face recognition
performance. Tables and [[X] present the performance of
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TABLE V: Protocol 1 assessment: Face recognition rank-1 for the proposed and benchmarking recognition methods.

Method [ Year [ Emot. [ Action [ Pose [ THum. | Occ. [ Mean
DLBP [52] 2014 59.25 64.50 30.33 24.50 22.33 36.55
MPCA [40] 2017 36.75 33.50 07.50 14.50 19.67 20.30
LFLBP [23] 2017 34.25 31.00 10.17 17.00 13.17 18.65
HOG+HDG [24] 2018 62.25 62.50 12.00 62.00 41.33 40.90
VGG-D3 23] 2018 99.50 99.00 56.50 99.00 75.50 79.50
VGG-16 + Conv-LSTM [10] 2020 99.25 99.50 71.67 99.00 91.17 88.55
ResNet-50 + GLF-LSTM 2020 100.00 100.00 94.50 100.00 98.00 97.75
ResNet-50 + SLF-LSTM 2020 100.00 100.00 93.83 100.00 98.33 97.65

TABLE VI: Protocol 2 assessment: Face recognition rank-1 for the proposed and benchmarking recognition methods.

Method [ Year [ Emot. | Action | Pose | Mum. [ Occ. [ Mean
DLBP [52] 2014 89.50 89.00 72.50 65.00 63.33 73.60
MPCA [40] 2017 68.50 68.50 20.50 32.00 41.00 42.85
LFLBP [23] 2017 67.00 70.50 38.50 46.00 55.67 53.75
HOG+HDG [24] 2018 80.00 79.00 21.34 67.50 65.00 59.20
VGG-D? 23] 2018 97.25 93.00 86.34 96.00 72.33 85.95
VGG-16 + Conv-LSTM [10] 2020 98.50 99.00 92.00 98.00 83.00 91.95
ResNet-50 + GLF-LSTM 2020 100.00 100.00 97.83 100.00 95.50 98.00
ResNet-50 + SLF-LSTM 2020 100.00 100.00 98.00 100.00 95.33 98.00

TABLE VII: Protocol 3 assessment: Face recognition rank-1 for the proposed and benchmarking recognition methods.

Method [ Year | Emot. [ Action | Pose [ Tum. [ Occ. | Mean
DLBP [52] 2014 56.50 64.00 69.66 75.00 69.66 63.70
MPCA [40] 2017 48.00 89.00 65.00 63.00 64.66 50.30
LFLBP [23] 2017 52.50 96.00 87.66 76.00 87.66 65.80
HOG+HDG [24] 2018 61.00 93.00 83.33 80.00 83.33 67.10
VGG-D? 23] 2018 94.00 98.00 98.00 97.00 98.33 97.40
VGG-16 + Conv-LSTM [10] 2020 100.00 100.00 96.33 100.00 98.66 98.80
ResNet-50 + GLF-LSTM 2020 100.00 100.00 100.00 100.00 99.33 99.80
ResNet-50 + SLF-LSTM 2020 100.00 100.00 99.33 100.00 99.33 99.60

the proposed face recognition methods, respectively adopting
the novel GLF-LSTM and SLF-LSTM cell architectures, when
removing/changing individual sub-networks from the recogni-
tion methods. It should be noted that the CNN feature extrac-
tion sub-network should always be kept to extract the essential
spatial embeddings. The complete methods’ performances are
presented in the last row of Tables and

1) Impact of joint recurrent learning and attention learn-
ing: The performance considering only the CNN feature ex-
traction sub-networks, i.e., without the joint recurrent learning
and attention learning sub-networks, is presented in the first
row of Tables and In this configuration, the spatial
embeddings obtained from the horizontal and vertical views
are concatenated to be directly used as input to the classi-
fier. This modification significantly degrades the recognition
accuracy as it limits the ability to learn the joint relations
between the extracted spatial embeddings. Moreover, in the
absence of the attention learning sub-network, it is not possible
to assign higher weights to the more important recurrently
learned embeddings. These results reveal the added value of
the joint recurrent learning and attention learning sub-networks
in learning a more discriminative spatio-angular model for LF
face recognition.

2) Impact of bi-directional joint recurrent learning: This
ablation test changes the joint recurrent learning sub-network
by removing the backward connections between GLF-LSTM
and SLF-LSTM cells. In this context, the bi-directional LSTM
networks become the uni-directional ones, thus only exploiting
forward relationships. The results reported in the second row

of Tables and [IX] show a mean performance reduction of
0.48%, showing the added value of adopting a bi-directional
joint recurrent learning to exploit both the forward and back-
ward information available in the input sequences.

3) Impact of joint recurrent learning: The next ablation
experiment removes the whole joint recurrent learning sub-
network, thus feeding the attention layer directly with the
spatial embeddings obtained by ResNet-50. The results pre-
sented in the third row of Tables and [[X] show a perfor-
mance degradation of 3.31% and 3.21% when removing GLF-
LSTM and SLF-LSTM bi-directional networks, respectively.
This demonstrates the benefit of using the joint recurrent
learning sub-network in learning the relationships between
spatial embeddings.

4) Impact of attention learning: When the attention learn-
ing sub-network is removed, the recurrently learned spatio-
angular embeddings maintain their weights for classification,
instead of selectively focusing on the most important LSTM
embeddings. The results in the fourth and fifth rows of Tables
and [[X] show performance degradations when GLF and
SLF bi-directional and uni-directional LSTM networks have
been used without an attention learning layer.

VI. SUMMARY AND FUTURE WORK

This paper proposes two novel LSTM cell architectures able
to jointly learn a model from multiple dependent sequences of
input data. The novel LSTM cell architectures adopt gate-level
fusion and state-level fusion to create richer joint embeddings
to be used for visual analysis tasks. To show the efficiency of
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Fig. 10: tSNE visualization of the feature spaces using the

TABLE VIII: Ablation study for the ResNet-50 + GLF-LSTM face
recognition method.

CNN [ LSTM [ Bi-LSTM [ Att. [ Prot. 1 [ Prot. 2 [ Prot. 3 [ Mean
4 X X X 90.15 94.15 97.50 93.93
v v X v 96.90 97.80 99.40 98.03
v X X v 92.40 95.40 97.80 95.20
v v X X 94.80 96.65 99.50 96.98
v X v X 95.70 97.15 99.40 97.41
v X v v 97.75 98.00 99.80 98.51

TABLE IX: Ablation study for the ResNet-50 + SLF-LSTM face
recognition method.

CNN [ LSTM [ Bi-LSTM [ Att. [ Prot. 1 [ Prot. 2 [ Prot. 3 [ Mean
v X X X 90.15 94.15 97.50 93.93
v v X v 96.90 97.60 99.30 97.93
v X X v 92.40 95.40 98.30 95.20
v v X X 94.50 96.70 99.40 96.86
v X v X 95.65 97.00 99.40 97.36
v X v v 97.65 98.00 99.60 98.41

the novel LSTM cell architectures, they have been integrated
into deep learning-based methods for face recognition with
LF images. The resulting face recognition methods jointly
learn the scene horizontal and vertical parallaxes, capturing
richer spatio-angular information from these directions. A
comprehensive evaluation has been conducted on the IST-
EURECOM LFFD dataset using three challenging test pro-
tocols. The obtained performance results show the superiority
of the proposed face recognition methods based on the novel
LSTM cell architectures over six state-of-the-art benchmarking
methods. Additionally, the novel LSTM cell architectures have

00
Dim1.

(ii) (iii)

proposed and the best performing benchmarking methods.

been compared when using different fusion strategies to show
the benefits of the novel architectures in terms of learning the
dependencies between the input sequences for LF-based face
recognition.

The proposed LSTM cell architectures have been used for
LF-based face recognition in the context of this paper. The
proposed LSTM cell architectures can be generic enough to
address different visual recognition tasks, as accepting as
input two or more related sequences. Hence, future work
will consider the use of these LSTM cell architectures for
other recognition tasks, notably for multiple dependent and
synchronized sequences such as video streams from multiple
synchronized cameras or audio and visual sequences from
movie clips.
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