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A Bayesian Filtering Framework for Continuous
Affect Recognition from Facial Images
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Abstract—Continuous affective state estimation from facial
information is a task which requires the prediction of time
series of emotional state outputs from a facial image sequence.
Modeling the spatial-temporal evolution of facial information
plays an important role in affective state estimation. One of
the most widely used methods is Recurrent Neural Networks
(RNN). RNNs provide an attractive framework for propagating
information over a sequence using a continuous-valued hidden
layer representation. In this work, we propose to instead learn
rich affective state dynamics. We model human affect as a
dynamical system and define the affective state in terms of
valence, arousal and their higher-order derivatives. We then
pose the affective state estimation problem as a jointly trained
state estimator for high-dimensional input images, combining
an RNN and a Bayesian Filter, i.e. Kalman filters (KF) and
Extended Kalman filters (EKF), so that all weights in the
resulting network can be trained using backpropagation. We
use a recently proposed general framework for designing and
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learning discriminative state estimators framed as computational
graphs. Such approach can handle high dimensional observations
and efficiently optimize, in an end-to-end fashion, the state
estimator. In addition, to deal with the asynchrony between
emotion labels and input images, caused by the inherent reaction
lag of the annotators, we introduce a convolutional layer that
aligns features with emotion labels. Experimental results, on
the RECOLA and SEMAINE datasets for continuous emotion
prediction, illustrate the potential of the proposed framework
compared to recent state-of-the-art models.

Index Terms—recurrent neural network, Bayesian filter, adap-
tive alignment, continuous affect recognition

I. INTRODUCTION

Automatic emotion recognition has a huge potential in
human-computer interaction applications in fields such as
human robot interaction and game entertainment interaction.
In recent years, various automatic emotion recognition systems
have been developed. They can be categorized as discrete
emotion recognition and continuous affect recognition sys-
tems. Discrete emotion recognition assumes that the human
emotional state can be described by several basic discrete
emotions, such as the six basic emotions - happy, anger,
sad, disgust, fear, and surprise [0]]. However, the discrete
categorical representation has an obvious drawback that it
usually cannot cover the entire emotional space. To describe
the subtle changes of emotions, continuous dimensional spaces
have been proposed and a widely used dimensional model is
the two dimensional affect model proposed by Russell in [[].
It consists of the arousal and valence dimensions. The arousal
dimension denotes the level of excitement that the emotion
depicts, and it ranges from sleepiness or boredom to wild
excitement. The valence dimension defines the positivity or
negativity of an emotion and it ranges from unpleasant feelings
to pleasant feeling (sense of happiness).

Continuous affect recognition aims at estimating a series of
emotional states (e.g. arousal and valence) of a person from
an observed sequence of audiovisual data. Such sequence-to-
sequence generation problem is very challenging mostly due
to its complex temporal structure. Long short-term memory
recurrent neural networks (LSTM) based models have been
often used to model such complex temporal structure in
continuous affective state recognition [3], [8], [S5]. Often, the
arousal and valence outputs (predictions) from LSTM are
smoothed via a post-processing step involving median filtering,
moving average or weighted moving average filtering [BG],
[@], [8], [9]. Other works posed the problem of affective
state prediction as a time series filtering task, and proposed
using Kalman filter [[I0], [TT], [T2], [I3], switching Kalman
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filter [T4], and particle filter [I5], [I6] to continuously track
each affective dimension. These approaches first adopt a
static regression model, such as support vector regression
or linear regression, on the input audio-video features to
obtain the initial predictions of the affective states. Then the
initial predictions are used, along with the ground-truth labels,
as observations to learn the parameters of the considered
Bayesian filters (BF), such as Kalman filter or particle filter,
which models the dynamics of affective states as a state space
model (SSM). When human perceive and label the real valued
continuous affective dimensions, there exists uncertainty due
to human expression and cognition of emotions. The post-
processing methods based on moving average or weighted
moving average try to reduce the uncertainty by smoothing
the initial predictions. However, the process is equivalent to
assuming an infinitely strong prior on the temporal structure
of continuous affective states. On the other hand, Bayesian
filter, based on state space model, models the uncertainty of
continuous affective states more reasonably.

In our previous work [[7], we addressed the problem of
continuous affective state estimation from facial expressions
by leveraging the Bayesian filtering paradigm, i.e. considering
human affect as a latent dynamical system and recursively
estimating its state using a sequence of visual observations.
We modeled human affect as a dynamical system and defined
the affective state in terms of valence, arousal and their higher-
order derivatives. To address the non-linearity of real-world
affect data, we proposed a deep extended Kalman filtering
(DEKF) framework, in which stationary state transition and
observation models of EKF are modeled using neural networks
(NN). In addition, we introduced a sensor model implemented
by a convolutional neural network (CNN) for extracting the
visual features. The visual features from the sensor model are
input to the DEKF for estimating the affective states. It needs
to be noted that, the sensor, transition model and observation
model are trained separately.

In the above Bayesian filter based affect recognition ap-
proaches, Bayesian filter was utilized to model the dynamics
of the high-level affective states. However, the dynamics of the
low-level visual data was ignored. In this work, we propose
staking a Recurrent Neural Network (RNN) and a Bayesian
filter to learn rich, dynamic representations of the visual
data and affective states simultaneously. As a deep learning
black box, RNN models the temporal structure of complex
visual data, outputting the observations of affective states.
Bayesian filter, as a "hand-designed" strong relation induction
bias [[[&¥], models the spatio-temporal relationship between the
observations and affective latent states. We propose learning
the dynamics of both high-level affective states and low-
level visual features by viewing the staked RNN-BF as a
computational graph [[9]. Specifically, the parameters of the
BF module can be optimized based on a deterministic com-
putational graph for training discriminative state estimators
following the work of [20], therefore the RNN and BF can be
jointly trained by the backpropagation through time (BPTT)
algorithm [1]. The BF module, with a very sparse network
structure designed with specialized domain knowledge, has
very a small number of parameters. It is more suitable than
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LSTM to model the dynamics of the low-dimensional high-
level affective states, more adaptable to scenarios with small
amount of training data and low computing resources, and
also benefits the generalization ability of the whole model.
Compared to the affect recognition methods with LSTM and
post-processing, our proposed RNN-BF framework can deal
with the unreliability within the labels of the continuous
affective dimensions. Compared to the methods with static
regression model and Bayesian filter, as well as the DEKF
model, our proposed RNN-BF framework can model the dy-
namics of the high-dimensional low-level visual data, and the
dynamics of the low-dimensional high-level affective states,
simultaneously.

When people annotate the affective dimensions, delays often
exist between the labels and the input videos due to the
reaction time. To deal with this challenge, in [2Z], [23],
before training the regression models, grid search strategies
were adopted to obtain the optimal delay by considering the
linear correlation between the features and the affective labels,
and the audiovisual signals were delayed to align with the
labels. These methods actually performed a hard alignment
to compensate for the delay. In fact, the mapping relationship
between the features and affective labels is extremely complex,
the hard alignment methods ignore the non-linear correlation
between the features and affective labels. In this work, we
propose to embed a Gaussian filter in the proposed RNN-
BF model to achieve adaptive alignment (AA) on the features
and labels, with the peak position of the Gaussian filter
representing the delay time. The parameters of the Gaussian
filter can be jointly optimized within the whole RNN-BF-AA
framework. Overall, the proposed RNN-BF-AA framework
models the dynamics of both low-level features and high-
level affective states with uncertainty, and avoids the hard pre-
/post-processing procedure such as hard smoothing and hard
alignment.

The contributions of this work are:

(i) We model human affect as a dynamical system and define
the affective state in terms of valence, arousal and their
higher-order derivatives.

(ii)) We frame the learning of the state estimators as a com-

putational graph by stacking a Recurrent Neural Network

(RNN) and a Bayesian filter to learn rich, dynamic

representations of the visual data and the affective states

simultaneously.

A highly synergistic RNN-BF framework is proposed for

continuous affect recognition, where RNN models the dy-

namics of high-dimensional low-level visual data, while

BF, with a very sparse network structure, models the

dynamics of low-dimensional high-level affective states

with uncertainty. The parameters of RNN and BF are
jointly optimized as a computational graph for continuous
affect recognition.

(iv) We further propose to embed a Gaussian filter in the
RNN-BF framework for adaptively learning and align-
ing the input features with the labels of the affective
dimensions. The resulting RNN-BF-AA framework is
optimized jointly.

(iii)
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The remainder of this paper is organized as follows. In
Section I we give an overview of the related works. The
proposed model is detailed in Section M. Experimental results
on the RECOLA [24] and the SEMAINE datasets [Z9],
illustrating the performance of the proposed RNN-BF-AA
framework, compared to state-of-the art, are presented in
Section M. Finally, conclusions are drawn in Section M.

II. RELATED WORK
A. RNN and Bayesian Filtering

Modeling the temporal structure of sequential data is a
fundamental challenge in a range of tasks dealing with
sequence-to-sequence learning such as speech recognition and
synthesis, tracking, and continuous emotion prediction. RNN
and Bayesian filtering have been used to deal with such tasks.

RNNs, such as LSTMs [26], [277], gated recurrent units
(GRUs) [2¥] capture the temporal structure of sequential data
via recurrent weights and gating mechanism. Their flexible
functional form can support large scale models. BF models
the dynamics between the hidden state and the measurement
as a stochastic Markov process [29], [B0]. Given a sequence
of noisy measurement, the goal of Bayesian filtering is to esti-
mate the optimal states. Similarly, RNN learns the prediction
from a sequential input to the sequential output via passing
information overtime through the hidden state. As noted by
Gu et al. [B1], one obvious difference between RNN and BF
models is that for BF, the system transition and observation
matrices change over time, indicating that it is an adaptive
estimator; while for RNN, after the training stage, the learned
weight matrices are usually fixed.

Recently, there have been a few studies that discuss the
relationship between a Kalman filter and an RNN. To alleviate
RNN training issues, several authors introduced Bayesian
filtering-based updates for learning the parameters of RNN
architecture [32], [B3], [34], [BY]. Downey et al. [36] proposed
the Predictive State Recurrent Neural Networks (PSRNN) for
filtering and prediction in dynamical systems. PSRNN uses
bilinear transfer functions to combine information from multi-
ple sources. Such bilinear functions arise naturally from state
updates in Bayesian filters. Other authors proposed integrating
an RNN with a Kalman filter. Coskun et al. [B7] proposed long
short-term memory Kalman filter as recurrent neural estima-
tors for pose regularization. Instead of using a Kalman filter
as a motion model and measurement model of a pose, they
proposed to learn rich, dynamic representations of the motion
and noise models. In particular, they proposed learning these
models from data using long short-term memory. Krishnan et
al. [BY] introduced the use of an RNN as a component in a
Kalman filter, while Haarnoja et al. [2U] proposed to train a
Kalman filter as a type of RNN with backpropagation. [Z0]
combines a convolutional neural network with a Kalman filter
to model a generative dynamical system without having to
explicitly create a generative model of images. Essentially, as
we did in [I7], one can train a CNN on images to predict
some target information, e.g., the coordinates of a target,
and then use the representation as an input to a Kalman
filter. The approach in [Z0] is to instead treat this process
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as one single computational graph, and to backpropagate
through the Kalman filter to tune everything together. The
standard Kalman Filter equations have been expressed in a
computational graph, thereby integrating probabilistic state
estimation with a per-frame CNN.

In this work, we follow the same ideas and propose a novel
model for continuous affect recognition by staking an RNN
and a BF to learn rich, dynamic representations of the affective
states with uncertainties. Different from the model proposed
in [37], we consider the staked RNN-BF as a computational
graph and use the approach of [PU] to train the proposed
architecture in an end-to-end fashion using backpropagation.

B. Continuous affect recognition

Affective analysis from facial video sequences, comprising
facial expression recognition and continuous affect recogni-
tion, has attracted research interest within the affective com-
puting community. For example, [BY9] proposed an incremental
facial expression recognition network, which can learn a
competitive multi-class classifier with a lower requirement of
computing resources. For the more recent work about facial
expression recognition, readers can refer to [40], which well
summarized deep learning based methods. It’s should be noted
that, affective image content analysis (AICA) is a related but
different branch, which focuses on understanding the seman-
tics at a higher level — the affective level, i.e. understanding the
emotions that can be induced by the images in viewers [&1].
Our work focuses on continuous affect recognition from facial
images. In the following we introduce recent related works.

Recently, a series of new deep neural network (DNN) archi-
tectures have been used for sequence-to-sequence modeling.
The emotion recognition domain has highly benefited with
the advent of such DNNs[42], [43], [44], [45], [26]. In order
to capture the temporal and contextual structure of continuous
affect recognition, GRU [&7], LSTM [4¥], bidirectional LSTM
(BLSTM) [29], and Echo State Networks [80], Bidirectional
Convolutional Recurrent Sparse Network (BCRSN) [51], have
been often used. For example, [47] proposed Dynamic Facial
Models (DFM) and Bidirectional GRU (BGRU) based con-
tinuous affect recognition method. To capture more low-level
dynamic information encoded in multiple adjacent frames,
[52] proposed 3DCNN and Convolutional LSTM (CLSTM)
based continuous affect recognition method.

Other works posed the problem of affect state prediction as
a time series filtering task and proposed the Bayesian filtering
as a post-processing step to smooth the (track) the estimated
affective states. Kalman filter [I0], [IC1], [I2], [I3], switching
Kalman filter [[[4], and particle filter [T], [T6] have been used.
Such approaches first adopt a static regression model, such as
support vector regression or linear regression, on the input
audio-video features to obtain initial predictions of affective
states. Then the initial predictions are used, along with the
ground-truth labels, as observations to learn the parameters of
the considered Bayesian filter.

In our previous work [I'7], estimating the human affective
state given an incoming stream of video sequences has been
posed as a Bayesian filtering problem, i.e., estimating the
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latent state of a dynamical system based on a sequence of noisy
measurements related to the state of the system. This way of
posing the human affective state estimation problem opens new
horizons in terms of computation techniques used for design-
ing an automated system for continuous emotion recognition.
Leveraging the Bayesian filtering paradigm requires at least the
two following models: a transition model for describing how
the latent state, z; (in our case valence, arousal and higher-
order derivatives) evolves in time and an observation model
for describing how the noisy measurements, o;, are related to
the latent state. In classical engineering problems, the noisy
measurements are directly obtained from the sensor, while in
our case we only have access to raw video sequences. We,
therefore, added a third model, sensor model, which describes
the relationship between the raw video sequences x; and the
noisy measurements o; related to the latent state. We proposed
using a CNN representation to extract o;, which are then used
along with the ground-truth labels and a DEKF, modeled as
neuronal networks, to estimate the transition and observation
models [’Z]. The sensor, transition and observation models
have been trained separately.

In this work, to consider both the temporal structure of
low-dimensional high-level affective states and the tempo-
ral structure of the high-dimensional low-level input visual
streams, we propose an RNN-BF framework by stacking an
RNN model in a BF model, where the output of RNN are fed
BF as its observations. The BF module is implemented as a
deterministic computational graph for training discriminative
state estimators following the work of [Z0]. Also, the BF
module can be regarded as a special type of RNN. So, the
parameters of the proposed RNN-BF framework can be jointly
optimized by the BPTT algorithm.

Besides, to deal with the annotation reaction lags, we
introduce a time delay estimation by a Gaussian filter which is
embedded in our model architecture to align the visual features
to the affective states. Our approach follows the recent work
of Khorram et al. [63], who introduced a multi-delay sinc
network that can simultaneously align and predict labels in an
end-to-end manner. Their network is a stack of convolutional
layers followed by an aligner network that aligns the speech
signal and emotion labels.

III. RNN - BAYESIAN FILTERING FRAMEWORK

In recognizing the continuous affective state from face
video, there exists two temporal dynamic processes: the
dynamic process of the low-level facial expressions (visual
features), and the dynamic process of the high-level affective
states. When human perceive and label the real valued con-
tinuous affective state, there exists uncertainty due to human
expression and cognition of emotions, moreover, there are
delays between the labels and the input video due to the
reaction time. In this paper, to model all the factors above in
one nutshell for continuous affect recognition, we propose an
RNN-BF-AA framework, in which RNN models the dynamics
of high-dimensional low-level visual data, while BF, with a
very sparse network structure, models the dynamics of low-
dimensional high-level affective states with uncertainty, and a

ermission. See http://www.ieee.org/

Gaussian filter is embedded to learn the delay and adaptively
align the visual features to the affective states. The parameters
of the proposed RNN-BF-AA framework are jointly optimized
by viewing the framework as a computational graph. In the
RNN-BF-AA framework, the BF module captures the sparse
structure of real-world generation processes and supports
effective learning and reasoning algorithms, enables the pro-
posed framework to adapt to low data and computing resources
scenarios, and improves the generalization performance of the
framework.

In this section, we first present the proposed RNN-BF
framework for latent affective state estimation. As in [IZ],
we formally define the affective state as a continuous time-
dependent state vector z(t), with an associated affective state-

space A C R [17):
o \T
d z) )

A dz
=(0) (Z it dt?
consisting of a level of valence (or arousal) and its higher-order
derivatives. In this work, we consider the highest order to be
n = 2, yielding to a state vector composed of the valence
(or arousal) and its first and second order derivatives. The
dynamics of the affective state can be modeled by a state
space model which can be described by the follwing dynamic
system:

zy = f(zi—1) + Qy
o; = g(z¢) + 1y

dynamics update, 5
observation inferred from RNN, @
where f and ¢ is a function, q; and r; is random variables
that have particular probability distributions. This state space
model is a probabilistic graph based generative model as
illustrated in Figure M(a). Figure [M(a) represents the generating
process of data, for example, o; are generated based on z;.
The affective state estimation problem can be posed as the
estimation of the state z, at each discrete time step ¢ given
noisy observations O; = {oy,...,0:}.

We formulate the general affective state estimation problem
as computing (at each time step t) a belief (posterior distribu-
tion) of the affective state z; given all available observations
up to and including time step t:

p(z¢|0¢) = p(2¢|0¢—1, 04)
X P(0t|Zt7 Otfl)p(zt|ot71)
= p(o¢|zt) p(z¢|O0¢—1) .

update

3)

prediction

Computing such belief is also known as Bayesian filter-
ing [29]. In this work, the observations O; are the outputs of
an RNN model which maps the high-dimensional input visual
data x; to a lower dimensional vector oy.

To train the full model, we follow the computational graph
framework of Haarnoja et al. [PU], the Bayesian filtering
process is formalized into a BF network layer, whose input
is the observation of the current affect state, the affect state of
the previous moment and its covariance, namely its uncertainty
measure. Its output is the affect state and the uncertainty of
the affect state at the current moment. The parameters of
the Bayesian filter are taken as part of the parameters of
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the neural network. Based on the error back propagation and
gradient descent method, the whole framework is optimized
jointly for continuous affect recognition. In this way, the
network framework of RNN-BF is obtained, as illustrated in
Figure O(b).

The input of our model is the image features sequence X,
and its outputs are the estimated latent states z;, corresponding
to the valence or arousal affective dimension. First, to model
the temporal dynamics of the image features sequence x;, we
use an RNN model followed by a fully connected (FC) layer
to get outputs o;:

ht = RNN(xh ht—l)a

Oy = FC(ht), (4)

with hg set equal to 0. Then oy is regarded as observations for
the BF, providing the state space z; and it covariance matrix
P,, which represents a measure of uncertainty for affect state
estimation:

(Zt,Pt) = BF(Ot,Zt_l,Pt_l). (5)

Actually, one realization of the framework consisting of
a CNN and a Kalman filter has been evaluated on a visual
tracking task [Z0]. The CNN is introduced to estimate the
observable parts of the true state given the input images.
The basic idea of the approach is that the state labels yy,
representing noiseless observations, are not incorporated into
the Bayesian Filter update, but instead enter the model at
training through the cost function. This enables optimizing
the CNN, as an observation function, and the resulting low-
dimensional features, being the filtered state, directly on the
input images using standard backpropagation.

In this work, we follow the same ideas, however, use an
RNN model, instead of a CNN, to fully consider the temporal
structure of the input visual stream. So, the whole framework
allows jointly and efficiently training the proposed RNN-BF
model using BPTT algorithm. As an instance of BF, we
summarize hereafter the used Kalman filter module, more
details can be found in [20].

A. KF Module

The Kalman filter represents the exact solution of the
Bayesian filtering problem (Equation(B)) when the process and
observation models are linear and Gaussian. In the case of
linear dynamics, the dynamic system functions (Equation D)
reduce to f(z;) = Fz; and g(z;) = Hz,. The dynamics noise,
g+, and observation noise r;, are assumed to be IID zero mean
Gaussian random variables with covariances Q and R.. Then,
the computing process of the Kalman filtering module is given
by

z; =Fz,_,
P, =FP,_,FT +Q
K, = PH”(R + HP,HT)™!
7z, =2 + Ky (0, — Hzy)
P, = (I1- K,H)P,

state dynamics update
covariance dynamics update

Kalman gain

observation update

covariance observation update
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In the case of non-linear dynamics, Kalman filter can be
extended to extended Kalman filter (EKF), whose comput-
ing process can is obtained by setting F and
H = %P:zw Note that in [20], the authors only consider
the case of linear dynamics (Kalman filtering), and include an
intermediary ground truth observation, y; = C;z,;, by adding
an extra fully-connected layer to obtain the KF module output,
which is not the case in our implementation.

In the prediction step, the time update is based on the latent
state estimate of the previous moment. In the correction step,
the measurement is updated based on the observations at the
current moment. In this work, the EK/EKF process is imple-
mented as a EK/EKF (BF) layer, whose computational graph
is showed in the red dashed rectangle of Figure m(b). And
here, the latent state z; is inferred based on the observations
Oy¢.

While the KF/EKF process and measurement noise are
typically formulated with full covariance matrices, in this work
we consider them as isotropic. So, Q and R are diagonal
matrices. To make sure that they also are positive definite
matrices, we parameterize them with vectors q and r, with
Q = Diag(Softplus(q)) and R = Diag(Softplus(r)), with
Diag() the diagonalization of a vector, and Softplus() is an
activation function.

2]
£|Z=Zt

B. RNN Module

In this work, we adopt the long short-term memory recurrent
neural networks (LSTM) as RNN module, The input image
features, x;, are first fed to a feedforward network of two
hidden layers:

hi = (Wit Xt + by1),

6
h? = U(WhQJLlhtl +bh2). ©

Then, the output h? is fed to an LST M layer for modeling
the temporal dynamics of the sequential data.

(he,ce) = LSTM(h], hi—1,ce—1), N

where ¢; the cell activation vectors at time ¢. hg and ¢y are
set equal to 0.

The outputs h; are further input to a fully connected layer
with activation function o = tanh to obtain the observations
o; for the BF module:

Oy = U(tht + bz)7 (8)

with W, and b, the weights and biases, respectively.

C. Adaptive alignment

Continuous emotion labels are generally not synchronized
with the input video stream due to delays caused by reaction-
time, which is inherent in a human annotation. To deal with
> this challenge, most previous works adopted grid search strate-
, gies to align the feature sequence to the annotation sequence

in a pre-processing step before the training phase [27], [23].
> These methods actually used a linear correlation based hard
> alignment method to compensate the delay, which directly
_considers the linear correlation between the features and

ion. See htt

http://www.ieee.org/publications_standards/
on April
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Fig. 1. (a): The probabilistic graphical model of the BF; (b): the proposed RNN-BF model which is formed by stacking a BF and an RNN for valance/arousal
prediction. Green dashed rectangle: the probabilistic graphical model (generative model) of the BF, red dashed rectangle: the computational graph model

(inference network) of the BF, blue dashed rectangle: RNN model.

affective labels to estimate the delay time. However, the
mapping relationship between the features and affective labels
is extremely complex, so these methods ignored the non-linear
correlation between the features and affective labels. To solve
this problem, this paper proposes to embed a Gaussian filter in
the continuous affect recognition model to achieve automatic
alignment of the affective labels and features, in which the
peak position of the Gaussian filter indicates the delay time.
The Gaussian filter is embedded in the proposed network
model, which enables simultaneous alignment and prediction
of affective states in an end-to-end manner.

Assume the output of RNN-BF is the predicted valence
(arousal) z(t) without delay, if we know the time-delay, pu,
the aligned predictions y(¢) can be obtained by the following
equation:

y(t) = =(t) % 5(t — p), ©)

with * the convolution operator and § the dirac-delta function.
In this work, we approximate (¢) with a Gaussian filter f(¢).
The smaller the variance of the Gaussian filter is, the closer
the approximation is to the §(¢) function:

y(t) = z(t) * f(t — p), (10
with ) .
ft) = ——e . (11
210

In practice, we approximate the above equation by applying
a rectangular window h., (¢):

y(t) =z(t) * (f(t — phw(t)), (12)
where [ ]
1, tel|-T,T

hu () = { 0, otherwise ’ (13)

and [T, T] is the range of the rectangular window h,,(¢). In
our implementation, we discretize the above equation using
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the sampling frequency of 25H z (the frame rate of labels in
RECOLA), leading to the following discrete convolution.

D
Yo =2 % (frophuwi) = D fop Bt (14)
k=—D

where

1 (k—p)?
—c 2, keZ -D<k<D
0 otherwise

fk—p =

15)
and [—D, D] is the discrete time range. We further normalize
the weights as

D
Ye= D [rop 2k (16)
k=—D

with f, = =l
>ke_p Ik

t, the peak of the Gaussian filter is at ¢ — p, therefore the

weighted sum y; contains mainly the component of z;_,.

The parameters p and o are jointly learned with the other
parameters of the model via gradient descent during the
error backpropagation process. In the implementation, we re-
parameter {p,o} as p = 100 * tanh(y') € (—100,100)
and 02 = Softplus(c’?) where i/ and o’ are the learnable
parameters of the Gaussian filter layer.

It should be noted that besides aligning the predicted
valence/arousal to the annotations, as a side-effect, the Gaus-
sian filter also introduces a further smoothing effect on the
predicted values.

. As shown in Fig. O, at time instance

D. Model Learning

To optimize the proposed RNN-BF with adaptive align-
ment (RNN-BF-AA) we follow the above described approach
of [20] ". All the parameter in the model are learned jointly. As

Icode available at https://github.com/Kyunghyuncho/backprop-Kalman-filter

4,2022 at 13:0%:56 UTC from IEEE Xplore. Restrictions apply.

ublications_standards/publications/rights/index.html for more information.
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Fig. 2. The proposed computational graph framework for affective state estimation.
mentioned above, in our current model, the affective state vec- between the estimated values and provided labels [54]:
tor is z; = [z, 24, ét]T, consisting of a level of valence/arousal 20(7,y)050
and its first and second order derivatives, and the predicted CCC(y,y) = 1YY (18)

delayed affective state vector is y; = [y¢, ¥t, ] . We train
two models one for valence and one for arousal, with ground-
truth ¥; = [9¢, U;, 9,]7 , using the following loss function:

min O(6) = ~CCC(7, Y)+MRMSE(y, )+ 2 RMSE(3, ),
17
where 6 includes all the parameters of the proposed model, and
the parameters A\; and A, are regularization parameters. In the
above equation we omitted the alignment factor for simplicity.
The Concordance Correlation Coefficient (CCC) measure
has been preferred to the Pearsons correlation coefficient (CC)
because of its capability of better capturing the agreement

Authorized licensed use limited to: Vrije Universiteit Brussel. Down

ogF o+ (g — )

where p(y,y) is the Pearson’s CC between ground truth and
prediction, o5 and o, their respective standard deviations and
pg and p, their respective means. The Root Mean Square
Error (RMSE) is defined as:
RMSE(y,y) =

E((y —9)?). (19)

IV. EXPERIMENTAL RESULTS

To assess the effectiveness of our proposal, we conduct
quantitative experiments on the RECOLA [P4] dataset and
SEMAINE [5] dataset. In this section we start by providing
a brief description of the used datasets and features, then

56 UTC from IEEE Xplore. Restrictions apply.
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we give the implementation details followed by a quantitative
evaluation with comparison to state-of-the-art methods.

A. Datasets and Evaluation Metrics

RECOLA Dataset: To assess the performance of our
proposed framework we conduct experiments on the
AVEC2016 [?3] dataset, being a subset of the RECOLA
dataset [24]. RECOLA has been recorded to study socio-
affective behaviours from multi-modal data in the context of
remote collaborative work. Audio, video, electro-cardiogram
(ECG) and electro-dermal activity (EDA) signals have been
synchronously recorded from 27 French-speaking subjects.
The dataset is equally divided in three partitions: training,
development and testing, each having 9 recordings of 5
minutes. The dataset is labelled with arousal and valence at
every 40ms. Since the test set labels have not been released
publicly, we use the provided validation set to compare our
results to reported state-of-the-art results. The Concordance
Correlation Coefficient (CCC) and the Root Mean Square
Error (RMSE) are the commonly used metrics to evaluate
affective state prediction performances. Higher CCC values
indicate a better performance. Following the protocol of the
AVEC2016 challenge, in our experiments, CCC and RMSE
are calculated by averaging over all the sequences in the
development set.

SEMAINE Dataset: We also conduct experiments on the
AVEC2012 [B5] dataset, being a subset of the SEMAINE
dataset [23]. SEMAINE is a benchmark dataset of audio-
video recordings of naturalistic human-agent interactions.
Each video lasts about 3 to 5 minutes, recorded at 49.979
frames per second with 780x580 pixels as spatial resolution.
The videos are provided with valence and arousal annotations.
We follow the evaluation protocol of AVEC2012, in which the
training set includes 31 videos, the development set consists
of 32 videos, and 32 videos of test set. AVEC2012 used
Pearsons correlation coefficient (CC) as evaluation metrics.
Since the test set labels are not publicly released, we use the
development set to compare our results to reported state-of-
the-art results. In our experiments, the CC is computed by
averaging over all the videos in the development set.

B. Features

For our experiments, we use the AVEC2016 baseline fea-
tures (LGBP-TOP and Geometric) [23], and a recently pro-
posed 3D scene flow features (3DSF) [56] on AVEC2016 and
AVEC2012:

LGBP-TOP features. The LGBP-TOP features provided by
the AV EC2016 challenge [23] are used for these exper-
iments. First, the 50k LGBP-TOP features are reduced to
84 via principal components analysis (PCA) and keeping
99% of the total variance. Then, a window-based Avg
& Std pooling is applied to the 84 dimensional features.
The window size is set to 150 frames (6s) for arousal, and
100 frames (4s) for valence, resulting in a feature vector
of dimension 168. The windows sizes are the ones that
provided the best prediction accuracy on the development
set.

Authorized licensed use limited to: Vrije Universiteit Brussel. Down
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Geometric features. We make use of the facial landmark
provided by the AV EC?2016 challenge [23]. Here also
we apply window-based Avg & Std pooling. The window
size is set to 100 frames (4s) for arousal, and 200 frames
(8s) for valence, resulting in a feature vector of dimension
632.

3D scene flow features. First, we locate 2D facial landmark-
s [87], which are then used to fit a 3D morphable face
model [58] to obtain for each frame a 3D point clouds.
By calculating the displacements of the 3D point cloud
for successive frames we obtain 3D scene flow features.
Such features, representing facial muscle deformations,
are robust to large facial pose, identity, illumination and
background noise. Here also we apply window-based Avg
& Std pooling. The window size is set to 7 frames,
resulting in a 174 dimensional 3DSF feature vector.

C. Experimental setup

In our experiments we separately train two networks one
for valence and one for arousal. Each network consists of (i) a
feedforward network of two hidden layers, composed of a 29-
unit fully-connected layer with relu activation function, and
a 16-unit fully-connected layer with relu activation function,
and (ii) a 16-unit LSTM layer followed by a 3-unit fully-
connected layer with tanh activation function; The output
of the latter is regarded as observation and fed to (iii) the
BF module. We evaluate both KF and EKF as BF modules.
For the EKF, we adopt a linear mapping with tanh activation
function as observation model h and system model f. All the
hyper-parameters of the model have been set empirically. The
parameter of the adaptive alignment is set to D = 100, which
is large enough to cover the annotation lag [[], [29]. Both
A1 and Ag are set to 0.25. All the models are implemented
based on PyTorch framework[59], and all the models are
trained using Adam [b0] based on a NVIDIA TITAN X
GPU (12G), with learning-rate=0.001, $;=0.9 and [5=0.999
(coefficients used for computing running averages of gradient
and its square).

D. Ablation study

To corroborate the effectiveness of the proposed RNN-BF-
AA framework, we compare its performance with three models
with different configurations: 1) a baseline model consisting
of an LSTM followed by a Gaussian smoothing; 2) the RNN-
BF frameworks without adaptive alignment which adopt KF
and EKF as Bayesian Filters (BFs), respectively; 3) the RNN-
BF frameworks with manual alignment(MA)[7], [£Y9], using
KF and EKF as BFs, respectively. We report the quantitative
results of the ablation study for the different features in
Table I, Table O and Table M. The reported mean and standard
deviation are obtained by training the models 10 times with
random initial network weights at each trial. For each trial
the evaluation metrics, CCC and RMSE, are calculated by
averaging over all the sequences in the development set.

From 0 and [, as can be observed, the proposed framework
significantly improves the performance of continuous affect
recognition compared to the baseline model consisting of an
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TABLE I
ABLATION STUDY RESULTS ON THE DEVELOPMENT SET OF AVEC2016 USING LGBP-TOP FEATURES. THE SECOND AND THIRD COLUMN REPORTS THE
MEAN AND STANDARD DEVIATION OF THE SCORES ON AROUSAL AND VALENCE, RESPECTIVELY. THE LAST COLUMN REPORTS THE AVERAGE CCC
SCORE OVER-AROUSAL AND VALENCE.

Model Arousal Valence Average
RMSE CCC RMSE CCC RMSE CCC
Baseline 0.217£0.018 | 0.326£0.023 | 0.124+0.009 | 0.367£0.016 | 0.171£0.014 | 0.347+0.020
LSTM-KF 0.206£0.020 | 0.367+0.034 | 0.12740.009 | 0.401£0.028 | 0.167+0.015 | 0.38440.031
LSTM-EKF 0.209+0.024 | 0.367+0.017 | 0.127+0.005 | 0.420£0.020 | 0.168+0.015 | 0.394+0.019
LSTM-KF+MA | 0.2124+0.023 | 0.4184+0.052 | 0.1194+0.012 | 0.4574+0.027 | 0.166+0.018 | 0.438+0.040
LSTM-EKF+MA | 0.1944+0.011 | 0.4234+0.035 | 0.1174+0.006 | 0.4604+0.007 | 0.15640.009 | 0.44240.021
LSTM-KF-AA 0.198+0.005 | 0.424+0.026 | 0.118+0.003 | 0.474+0.014 | 0.158-+0.004 | 0.449+0.020
LSTM-EKF-AA | 0.1954+0.012 | 0.4474+0.029 | 0.117+0.004 | 0.484+0.014 | 0.156+0.008 | 0.466+0.022
TABLE II

ABLATION STUDY RESULTS ON THE DEVELOPMENT SET OF AVEC2016 USING GEOMETRIC FEATURES. THE SECOND AND THIRD COLUMN REPORTS THE
MEAN AND STANDARD DEVIATION OF THE SCORES ON AROUSAL AND VALENCE, RESPECTIVELY. THE LAST COLUMN REPORTS THE AVERAGE CCC
SCORE OVER-AROUSAL AND VALENCE.

Model Arousal Valence Average
RMSE CCC RMSE CCC RMSE CCC
Baseline 0.195+0.010 | 0.3344-0.010 | 0.10640.006 | 0.454+0.014 | 0.151+0.008 | 0.3944-0.012
LSTM-KF 0.204+£0.015 | 0.35740.037 | 0.11440.006 | 0.442£0.019 | 0.159+0.011 | 0.40040.028
LSTM-EKF 0.198+0.011 | 0.35940.027 | 0.11640.004 | 0.441£0.011 | 0.157£0.008 | 0.40010.019
LSTM-KF+MA | 0.19440.009 | 0.417£0.024 | 0.108£0.009 | 0.478%+0.037 | 0.15140.009 | 0.448+0.031
LSTM-EKF+MA | 0.195+0.011 | 0.4154+0.024 | 0.107+0.009 | 0.486+0.012 | 0.1514+0,010 | 0.4514+0.018
LSTM-KF-AA 0.184+0.007 | 0.417£0.022 | 0.111£0.004 | 0.480£0.022 | 0.148£0.006 | 0.449+0.022
LSTM-EKF-AA | 0.1831+0.003 | 0.4391+0.026 | 0.110+0.005 | 0.486+0.020 | 0.1474+0.004 | 0.463+0.023
TABLE III

ABLATION STUDY RESULTS ON THE DEVELOPMENT SET OF AVEC2016 USING 3DSF FEATURES. THE SECOND AND THIRD COLUMN REPORTS THE MEAN
AND STANDARD DEVIATION OF THE SCORES ON AROUSAL AND VALENCE, RESPECTIVELY. THE LAST COLUMN REPORTS THE AVERAGE CCC SCORE
OVER-AROUSAL AND VALENCE.

Model Arousal Valence Average
RMSE CCC RMSE CCC RMSE CCC
Baseline 0.17240.007 | 0.426£0.071 | 0.116£0.008 | 0.432+0.024 | 0.144+0.008 | 0.429+0.048
LSTM-KF 0.163£0.012 | 0.563£0.057 | 0.120£0.007 | 0.450£0.028 | 0.142+0.010 | 0.507+0.043
LSTM-EKF 0.161£0.010 | 0.584+0.026 | 0.114£0.007 | 0.462+0.025 | 0.138+£0.009 | 0.523£0.026
LSTM-KF-AA | 0.1674+0.009 | 0.57440.027 | 0.114+0.007 | 0.488+0.014 | 0.1414+0.008 | 0.53140.021
LSTM-EKF-AA | 0.1594+0.009 | 0.593+0.030 | 0.11540.008 | 0.48040.024 | 0.1374+0.009 | 0.53740.027
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LSTM with gaussian smoothing. Using LGBP-TOP features,
LSTM-KF-AA improves the average CCC from 0.347 to
0.449, and LSTM-EKF-AA improves the average CCC from
0.347 to 0.466. Using Geometric features, LSTM-KF-AA
improves the average CCC from 0.394 to 0.449, and LSTM-
EKF-AA improves the average CCC from 0.394 to 0.463. In
summary, the RNN-BF based methods consisting of LSTM
and KF/EKF outperform the baseline method consisting of
LSTM and Gaussian filter. This is because there exists dynam-
ic uncertainly within the labels of the affective dimensions,
and Bayesian filter can model such dynamic uncertainty more
reasonably. After manual alignment, the performance is fur-
ther improved. Compared to manual alignment, the proposed
adaptive alignment obtains better results because it takes into
account the non-linear relationship between the features and
labels. All the results in Table I and Table D valid the
effectiveness of our proposed method. It needs to be noted that
the LSTM-EKF(-AA) model generally obtains better results
than the LSTM-KF(-AA), meaning that there exists no-linear
relationship in the dynamics of affective states. The same
behaviour can be obtained when using the 3DSF features.
From Table M, one can see that the 3DSF features provide

the best performance in comparison to the other features.
In fact, the 3DSF features can describe the natural facial
muscle deformations, and are robust to self-occlusion and the
variation of identity, face pose, and illumination, which bring
the superiority for emotion recognition.

We also analyse the estimated annotation reaction lag (on
AVEC2016) in terms of number of frames averaged on 10
trials, as listed in Table IM. The estimated delay u is around
2s ~ 3s (50 frames ~ 75 frames), which corresponds to the
delay time (1s ~ 3s) estimated in previous studies [[], [61]. In
addition, the estimated Gaussian filter has a very sharp shape
with a very small o2 approximating well the § function.

The ablation study outcomes confirm that staking a Recur-
rent Neural Network (RNN) and a Bayesian Filter (BF) to
learn rich, dynamic representations of the emotion dynamical
model and noise models, along with the adaptive alignment of
ground truth labels, perform well using different facial input
feature sequences.

E. Comparison with the state-of-the-art methods

In the following we compare our outcomes with state-of-
the-art methods using LGBP-TOP and Geometric features on

ermission. See ht'g) //www.ieeeorg/f;ublicationsﬁstandardsépublications/righ'gs/i‘ndexhtml for more information.
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ESTIMATED ANNOTATION REACTION LAG ON AVETézBédlEg I(\[/L AND 02 1S CALCULATED IN TERMS OF FRAMES).
Arousal Valence
Model Geometric LGBP-TOP Geometric LGBP-TOP
p(seconds) o2 p(seconds) o2 w(seconds) o2 w(seconds) o2
LSTM-KF-AA 54.7(2.2s) 1.03 | 53.3(2.1s) | 0.84 | 59.2(2.4s) | 0.89 | 51.8(2.1s) | 0.90
LSTM-EKF-AA | 60.8(2.4s) 1.00 | 70.6(2.8s) | 0.82 | 53.2(2.1s) | 0.81 59.5(2.4s) | 0.78

AVEC2016. For these experiments we select the best models
out of the 10 trials of the ablation study and used them to
compare with the following state-of-the-art methods: using the
same feature sets: SVR-KF approach of [I[1], the echo state
networks approach (FESN) of [50], the DLSTM of [67], the
bidirectional long short-term memory recurrent neural network
(BLSTM) method of [49] and our previous work based on
Deep Extended Kalman Filtering (DEKF) [I'/], using as inputs
LGBP-TOP features. Table M and Table M summarize the
quantitative results of our proposed framework, along with
the ones from state-of-the-art methods on AVEC2016. The
scores of state-of-the-art approaches were directly taken from
the original publications, except for the DEKF model [I['7], for
which the scores were obtained using the LGBP-TOP features.

From Table M, one can observe from the CCC error
metric that our model obtains the best average performance
compared to all other models when using the LGBP-TOP
features. From Table M1, one can see that, with the Geomet-
ric features, our proposed models obtain better results than
most of the state-of-the-art works and comparative results
to the FESN method [80]. With the LFBP-TOP features,
our method obtains much better performance than the FESN
method. In terms of average performance on the LGBP-

TOP features and Geometric features, our method outperforms
the FESN method. It should be noted that [50] applied lots
of post-processing procedures such as predictions bias and
scaling estimation, while our method does not adopt any post-
processing methods. We also note that the proposed RNN-
BF framework outperforms our previous DEKF model [I7]
in which we decoupled the observation model and the latent
state estimation, confirming that jointly training the RNN-BF
model provides better estimation of the latent space model.

In Table M, we use the 3DSF features and compare our
proposed model to state-of-the-art end-to-end approaches [b3],
[62], [&R], [64], [BS], [BA] on AVEC2016. The proposed
3DSF+LSTM-EKF-AA approach obtains the best results. In
addition, our proposed model can be combined with a deep
learning backbone which extracts the features, and also can
be used in other kind of time sequence problems. Due
to the hardware limitations, in some cases, this end-to-end
training might be not feasible, for example, when the batch-
size or the length of training sequence is too large. For a
better comparison with the state-of-the-art results, we list
the results of ResNet-50+LSTM-EKF-AA. First, we jointly
fine-tune the ResNet-50+DLSTM model based on the pre-
trained ResNet-50 model using RECOLA dataset following

TABLE V
QUANTITATIVE EVALUATION ON THE DEVELOPMENT SET OF AVEC2016 USING LGBP-TOP FEATURES. THE SECOND AND THIRD COLUMN REPORTS

THE SCORES ON AROUSAL AND VALENCE, RESPECTIVELY. THE LAST COLU

MN REPORTS THE AVERAGE CCC SCORE OVER-AROUSAL AND VALENCE. %

DENOTES A JOINT ESTIMATION OF VALENCE AND AROUSAL, I.E. STATE VECTOR COMPOSED BY BOTH VALENCE AND AROUSAL AND THEIR DERIVATIVES.

Model Arousal Valence Average
RMSE | CCC | RMSE | CCC | RMSE | CCC
LGBP-TOP+SVR+KF[IT] — 0.481 — 0.474 — 0.478
LGBP-TOP+FESNI[B0] — 0.503 — 0.357 — 0.430
LGBP-TOP+DLSTM[B2] 0.188 | 0.535 | 0.121 0.463 | 0.155 | 0.499
LGBP-TOP+DNN-BLSTM[&Y] 0.170 | 0.367 | 0.098 | 0485 | 0.134 | 0.426
LGBP-TOP+DEKEF [[4] 0.234 | 0.454 | 0.137 | 0375 | 0.186 | 0.414
LGBP-TOP + LSTM-EKF-AA* | 0.179 | 0493 | 0.100 | 0.462 | 0.140 | 0.477
LGBP-TOP + LSTM-EKF-AA 0.178 | 0.500 | 0.109 | 0.505 | 0.144 | 0.503

TABLE VI

QUANTITATIVE EVALUATION ON THE DEVELOPMENT SET OF AVEC2016 USING GEOMETRIC FEATURES. THE SECOND AND THIRD COLUMN REPORTS

THE SCORES ON AROUSAL AND VALENCE, RESPECTIVELY. THE LAST COLU

MN REPORTS THE AVERAGE CCC SCORE OVER-AROUSAL AND VALENCE. *

DENOTES A JOINT ESTIMATION OF VALENCE AND AROUSAL, I.E. STATE VECTOR COMPOSED BY BOTH VALENCE AND AROUSAL AND THEIR DERIVATIVES.

Model Arousal Valence Average
RMSE | CCC | RMSE | CCC | RMSE | CCC
Geometric+SVR+KF[ILT] — 0.297 — 0.612 — 0.455
Geometric+FESN[AU] — 0.516 — 0.582 — 0.549
Geometric+DLSTM[h?] 0.189 | 0.411 | 0.111 | 0.488 | 0.150 | 0.449
Geometric+ DNN-BLSTM[49] 0.162 | 0.366 | 0.095 | 0.503 | 0.129 | 0.435
Geometric + LSTM-EKF-AA* | 0.194 | 0.457 | 0.104 | 0.571 | 0.149 | 0.514
Geometric+ LSTM-EKF-AA 0.181 0.484 | 0.110 | 0.524 | 0.146 | 0.504
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TABLE VII
COMPARATIVE EMOTION STATE PREDICTION RESULTS ON THE DEVELOPMENT SET OF AVEC2016. THE SECOND AND THIRD COLUMN REPORTS THE
SCORES ON AROUSAL AND VALENCE, RESPECTIVELY. THE LAST COLUMN REPORTS THE AVERAGE CCC SCORE OVER-AROUSAL AND VALENCE. +
DENOTES OUR REPRODUCED RESULTS OF RESNET-50+DBLSTM WITHOUT ANY POST-PROCESSING. * DENOTES A JOINT ESTIMATION OF VALENCE AND
AROUSAL, I.E. STATE VECTOR COMPOSED BY BOTH VALENCE AND AROUSAL AND THEIR DERIVATIVES.

Approach Arousal Valence Average
RMSE | CCC | RMSE | CCC | RMSE | CCC
CNN1+LSTM [b3] 0.201 0.346 | 0.107 0.511 0.154 | 0429
CNN2+DLSTM [R2] 0.203 0.336 | 0.116 0.538 0.160 | 0.437
ResNet-50+DLSTM [EX] — 0.371 — 0.637 — 0.504
ResNet-50+DLSTM T — 0.265 — 0.423 — 0.344
ResNet-50+ LSTM-EKF-AA — 0.370 — 0.536 — 0.453
3DMM based Data Augmentation+ResNet-50+GRU[B4] — 0.312 — 0.554 — 0.433
Recurrent Attention Network[b3] — — — — 0.102 0.546
FaceNet/DenseNet-201+DLSTM[b6] — 0.570 — 0.550 — 0.560
3DSF + LSTM-EKF-AA* 0.166 0.577 0.110 | 0.497 0.138 0.537
3DSF + LSTM-EKF-AA 0.148 | 0.638 | 0.113 0.520 | 0.131 0.579

the work in [28]. Then, the 640 dimensional feature vector is
extracted based on the trained ResNet-50+DLSTM model. The
extracted features are fed into LSTM-EKF-AA for continuous
affect recognition. As can be seen from Table T (ResNet-
50+DLSTM™ denotes our reproduction of [&X] without any
post-processing), our approaches obtain better results than
CNN;+LSTM [b3] and CNN.+DLSTM [6Z], while lower
performance than the ResNet-50+DLSTM approach (Tzirakis
et.al’ work) [4R]. These reasons are in two-folds: first, [AX]
applied a chain of post-processing to the predictions, such
as centring (by computing the bias between gold-standard
and prediction), scaling (using the ratio of standard-deviation
of gold-standard and prediction as scaling factor); second,
the fine-tuning of the ResNet-50 model is difficult. These
outcomes validate our proposed RNN-BF model to learn
rich, dynamic representations of the emotion dynamical model
and noise models. We further compared our results to re-
cent works. From Table VIl we can see that, our proposed

0.5

3DSF+LSTM-EKF-AA approach obtains better results than
the Recurrent Attention Network based approach [b5] and the
FaceNet/DenseNet-201+DLSTM based approach [b6].

To better illustrate the performance of our proposed
3DSF+LSTM-EKF-AA approach, we show the estimated
arousal curves on the AVEC2016 video 1 in Figure B and
the estimated valence curves on the AVEC2016 video 9 in
Figure B. From Figure B and Figure B we can notice, when
the subject’s face is frontal or have a small pose, the peak
or valley of the arousal/valence curves can be predicted very
well. Meanwhile, we can see that the high estimation errors are
usually within the video segments where the subject’s face has
a large pose with only little facial information can be utilized,
which makes it challenging to predict the arousal/valence
values.

To further assess the generalization of our proposed model,
we also evaluate its performance on the AVEC2012 (part of the
SEMAINE) dataset and compare its outcome to reported state-
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Fig. 3. Temporal curves of arousal on the AVEC2016 development set and some successful cases (see the green box) and failed cases (see the red box).
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Fig. 4. Temporal curves of valence on the AVEC2016 development set and some successful cases (see the green box) and failed cases (see the red box).

of-the-art models for continuous affect recognition. Table VITI
summarizes our outcome compared to the DFM+BGRU model
of [&7], the CNN+LSTM of [I7], the convex unsupervised
representation learning (CURL) and extended Kalman filtering
(CURL-DEKF) of [IZ], and the 3D-CNN+LSTM of [57].
Here again, we obtain the best results for arousal prediction
and valence prediction.

TABLE VIII
QUANTITATIVE EVALUATION, IN TERMS OF PEARSONS CORRELATION
COEFFICIENT (CC), ON THE AVEC2012 DEVELOPMENT SET.

Method Arousal | Valence | Average
DFM+BGRU [&7] 0.38 0.32 0.35
CNN+LSTM [I7] 0.36 0.39 0.38

3DCNN+CLSTM [57] 0.46 0.52 0.49
CURL-DEKF [I7] 0.54 0.53 0.54
3DSF+LSTM-EKF-AA 0.63 0.63 0.63

V. CONCLUSIONS

In this work, to consider both the temporal structure of low-
dimensional high-level affective states and the temporal struc-
ture of the high-dimensional low-level input visual streams, we
propose an RNN-BF framework by stacking an RNN model
in a BF model. The parameters of the proposed RNN-BF
framework are jointly optimized as a computational graph for
continuous affect recognition.

Besides, to deal with the annotation reaction lags, we
introduce a time delay estimation by a Gaussian filter which is
embedded in our proposed RNN-BF framework to adaptively
align the input features with the labels of the affective states.
The resulting RNN-BF-AA framework is optimized jointly.

The performance of the resulting RNN-BF-AA framework
was empirically evaluated on publicly available benchmark for
continuous affect recognition, for which we obtained state-
of-the-art results. These facts manifest this work brought a

potential direction and can inspire more powerful methods
for continuous affect recognition. In the future work, we will
implement more variations of KF, and do more experiments to
further improve the performance of continuous affect recog-
nition.
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