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Abstract—Emotional facial expression transfer involves
sequence-to-sequence mappings from an neutral facial expression
to another emotional facial expression, which is a well-known
problem in computer graphics. In the graphics community,
current considered methods are typically linear (e.g., methods
based on blendshape mapping) and the dynamical aspects of the
facial motion itself are not taken into account. This makes it
difficult to retarget the facial articulations involved in speech. In
this paper, we apply a temporal restricted Boltzmann machines
based model to emotional facial expression transfer. The method
can encode a complex nonlinear mapping from the motion of one
neutral facial expression to another emotional facial expression
which captures facial geometry and dynamics of both neutral
state and emotional state.

I. INTRODUCTION

Facial animation is to enable natural communication
between human and machine. Computer facial animation
can be found applications in the entertainment industry,
human-computer interaction, and information retrieval sys-
tems. Therefore, various facial animation methods have been
developed. In the early research stage, physically-based mod-
eling techniques are used to generate facial expressions by
simulating muscle and skin movement [1], [2], [3], [4], [5],
[6], such as Facial Action Coding System (FACS) [2]. The
facial emotion was decomposed into small Action Units(AUs)
based on facial anatomy by FACS, which uses the movement
of some specific AUs to generate different expressions.

Recently, performance-driven techniques have been widely
explored [7], [8], [9], [10], [11], [12], [13], [14], [15], [16],
[17], [18], [19] because the facial movement is produced
based on the facial motion data of real people. Compared
to physically-based modeling, performance-driven techniques
can potentially generate more realistic and more natural emo-
tion using a large face expressions database.

According to Pighin [28], performance-driven techniques
can be classified into two categories. One category is called
phoneme-based methods, which connect phoneme segments
directly from facial motion database [11], [20], [21]. Kshir-
sagar and Thalmann [11] presented a method in which motion-
captured data are categorized and divided into small parts
based on syllable motions and new speech animation is
synthesized by concatenating syllable motions from created
database. In order to combine longer phoneme or syllable
sequences, the search algorithms were further improved for

created database [21], [22], [23]. Another category so called
data-driven facial animation approaches aim to learn statistical
model from motion-captured data. Chuang et al. [12], [13]
learned a mapping from neutral emotion to other emotions
using bilinear models. To synthesize an expressive facial ani-
mation, the facial animation with neural emotion is synthesized
first and emotional animation is created through mapping. Cao
et al. [7] proposed to learn a mapping from neutral emotion
to other emotions through a Radial Basis Function (RBF) and
this mapping is used to transfer neutral talk to expressive talk.
Deng et al. [8] aligned expressive motion data with neutral
motion data by phoneme-based time warping and extract
pure expressive motion signals by subtracting neutral motion
from expressive data. These pure expressive motion signals
are used to generate expressive facial animation from neutral
ones. Recently, Susskind et al have used restricted Bolzmann
machines (RBMs) for facial expression generation, but not
retargeting. They focuses on static rather than temporal data.
However, none of these models explicitly incorporate dynam-
ics into the mapping. Zeiler et al addressed this limitation by
proposing an approach with input-output temporal restricted
Boltzmann machines [29] for facial expression transfer, which
can encode a complex nonlinear mapping from the motion of
one individual to another.

In this paper, we apply input-output temporal restricted
Boltzmann machines to emotional facial expression transfer
using emotional facial motion capture data and show that
the method can capture facial geometry and dynamics of
both neutral state and emotional state of speaker in a natural
and harmonic way. This technique can make our animated
characters produce emotional facial expression and motions
more efficiently.

The organization of paper is as follows. In Section II
presents an emotional facial expression transfer system of
which the mapping models are built from emotionally expres-
sive motion data and neutral motion data, and can be used to
generate novel synthetic emotional facial motions associated
with novel neutral facial motion segments. Section III presents
the recording stage and pre-processes the motion capture data.
In Section IV, we briefly review several latent variable models
which can map an sequence to an output sequence. We review
the temporal restricted Boltzmann machine and the input-
output temporal restricted Boltzmann machine (IOTRBM)

978-616-361-823-8 © 2014 APSIPA APSIPA 2014



which extends the architecture to model an output sequence
conditional on an input sequence. The simulation results will
be presented against three baseline systems with IOTRBM.
Finally, Section VI concludes this paper.

II. SYSTEM DESCRIPTION FOR EMOTIONAL FACIAL
EXPRESSION TRANSFER

Facial expression transfer, also called motion retargeting or
cross-mapping, is the process of adapting the motion of the
recorded (source) performance to the target character. It is
related closely to very active research areas of facial motion
capture and performance-driven animation over the last several
years.

The main issues of this task involves facial model
parametrization (called ”rig” in the industry parlance) and
the natural of the cross-mapping [28]. Blendshape animation
is the most popular facial model parametrization technique,
where a rig is a set of linearly combined facial expression
each controlled by a scalar weight. The task of retargeting
becomes to estimate a set of blending weights at each frame
of the source data that accurately reconstructs the target frame.
There are many approaches to select the blendshape from a
simple selection of a set of sufficient frames from the data
to blendshap models created by principal component analysis.
Other common parameterizations are to simply represent the
face by its vertex, polygon or spline geometry, which have
many degree of freedom.

In general, the targeting problem can be formulated as a
mapping function estimation problem, which produces a target
expression for each source expression. A linear mapping is
the simplest approximation to any mapping, and is a common
choice for cross mapping. However, the inconvenience of
this cross-mapping is that it cannot produce subtle nonlinear
motion required for realistic graphics applications. Inspired
from the IOTRBM approach for personalized facial expression
transfer [29], we apply this method to our emotional facial
expression transfer using marker-based motion capture data,
which will drive the blendshape rig. In this paper, we focus on
emotional facial expression transfer from neutral state to any
emotional state using marker-based motion capture data and
build models explicitly integrating dynamics into the mapping
by IOTRBM.

Figure 1 illustrates our system for emotional facial ex-
pression transfer including two stages: training and testing.
In training stage, the different expressive facial motion data
and its accompanying speech are recorded simultaneously,
forced-aligned and preprocessed. Then a temporal restricted
Boltzmann machines is used to learn models from the different
emotional facial motion capture data pairs such as (neutral,
happy), (neutral, angry), (neutral, fear), (neutral, sad), (neutral,
surprised), and (neutral, disgusted). In the testing stage, based
on the learned emotional facial expression mapping functions,
a new emotional facial expression sequence is generated
according to a neutral emotional facial expression sequence
and specified expression.

Fig. 1. Overview of emotional facial expression transfer system

III. MOTION CAPTURE DATA COLLECTION AND
PREPROCESSING

To acquire high quality data, A VICON motion capture
system [35] with camera rigs was used to capture the motions
of a professional actress, who had 103 markers on her face.
The actress was arranged to speak an exquisitely designed
corpus seven times, with different emotions, including neutral,
happy, sad, angry, fear, surprised, disgusted emotions. The
corpus is composed with 539 phoneme-balanced sentences.
The corpus was designed to cover most of the frequently-used
diphone combinations analyzed from the CMU Sphinx English
dictionary. The facial motion data was captured with a rate of
100 frames per second. The actress was asked to speak the
sentences with full intensity expressions. The markers’ motion
and aligned audio were recorded by the system simultaneously.
Figure 1 illustrates the facial motion capture.

After data collection, we normalized the facial motion data.
A neutral emotion frame with closed-mouth pose was chosen
as a reference frame. The other data was aligned to the
reference frame through translating, scaling, and rotation. We
used a speech recognition engine to align recorded audio with
corresponding phonemes in the forced-alignment mode. The
aligned results are checked one by one to correct some errors.
Then the alignment results were used to align each phoneme
with its corresponding motion data segments. After that, based
on phoneme, we aligned expressive captured data strictly with
neutral emotion data through time warping and re-sampling.

After that, the head motion data were removed from the
motion capture data. Then principle component analysis (PCA)
algorithm was used to reduce the dimensionality of these
motion capture vectors. We reduced the dimension to 30,
covering over 99.1% of variation.

IV. LEARNING WITH TEMPORAL RESTRICTED
BOLTZMANN MACHINES

In this section, we review a class of nonlinear generative
models for high-dimensional time series. We first review a
model based on the restricted Boltzmann machine (RBM) that



uses an undirected model with binary latent variables and real-
valued ”visible” variables. The latent and visible variables
at each time step receive directed connection from visible
variables at the last few time-steps. This ”conditional” RBM
(CRBM) makes on-line inference efficient and allows us to
use a simple approximate leaning procedure. The power of
the approach can be demonstrated by synthesizing various
sequences from a model trained on motion capture data and
by performing on-line filling in of data lost during capture.
Then we review the temporal restricted Boltzmann machine
and show how to generate expressive facial motion using the
input-output temporal restricted Boltzmanne machine, which
extends the architecture to model an output.

A. Temporal Restricted Boltzmann Machines

We have emphasized that models with distributed hidden
state are necessary for efficiently modeling complex time
series. But using distributed representations for hidden state in
directed models of time series (Bayes nets) makes inference
difficult in all but the simplest models (HMMs and linear
dynamical systems). If, however, we use a restricted Boltz-
mann machine (RBM) to model the probability distribution
of the observation vector at each time frame, the posterior
over latent variables factorizes completely, making inference
easy. In this section, we first review the RBM and then
show a simple extension to capture temporal dependencies yet
maintain its most important computational properties: simple,
exact inference and efficient approximate learning using the
contrastive divergence algorithm.

The restricted Boltzmann machine [32] is a Boltzmann
machine with a special structure. It has a layer of visible
units fully connected to a layer of hidden units but no
connection within a layer. This bi-partite structure ensures that
the hidden units are conditionally independent given a setting
of the visible units and vice-versa. Simplicity and exactness of
inference are the main advantages to using a RBM compared
to a fully connected Boltzmann machine.

The RBM can be extended to model temporal data by
treating its visible units and/or hidden units on a short history
of inputs. Thus, this new model is called Temporal restricted
Boltzmann machine [31]. Inference is more difficult than in
the standard RBM if conditioning the model on the previous
settings of the hidden units. Although it is possible to approx-
imate the posterior distribution with the filtering distribution
(treating the past setting of the hidden units as fixed), we
still choose to use a simplified form of the model which
connect only on previous visible states [34]. This model has
the same advantages of the standard RBM in the computational
properties; simple, exactness and efficient learning.

Typically, RBMs use stochastic binary units for both ob-
served and latent variables. In order to model real-valued
data (e.g., the parameterization of a face), we can use a
modified RBM with binary logistic hidden units and real-
valued Gaussian visible units [30]. This model, shown in Fig. 2
(a), defines a joint probability distribution over a real-valued
representation of the current frame of data, ot and a collection

of binary latent variables ht, hj ∈ {0, 1}, where the energy
function is now

p(ot,ht|o<t) =
exp (−E(ot,ht|o<t))

Z(o<t)
(1)

where E(ot,ht) is an energy function. In order to simplify
notation, we put a recent past of data at t − 1, · · · , t − N
into a vector o<t. The distribution (Eq. 1) is conditional on
this recent past and normalized by a quantity Z which is a
normalization constant called the partition function, whose
name comes from statistical physics. The partition function
is intractable to compute exactly but not needed for inference
nor learning. The energy function is given by

E(ot,ht|o<t) =
1

2

∑
i

(oi,t−ĉi,t)
2−

∑
j

hj,td̂j,t−
∑
ij

Wijoi,thj,t

(2)
which models pairwise interactions between parameters and
recent past, assigning high energy to improbable configura-
tions and low energy to probable configurations. The vector
ĉi,t is a dynamically changing bias that is an affine function
of the past:

ĉi,t = ci +
∑
k

Ckjok,<t (3)

where k indexes the history vector. Weight matrix C and offset
vector c (with elements ci) parameterize the autoregressive
relationship between the history and current frame of data.
Each hidden unit hj contributes a linear offset to the energy
which is also a function of the history:

d̂j,t = dj +
∑
k

Dkjok,<t (4)

The matrix D and the dynamical bias d (with elements di)
parameterize the relationship between the history and the latent
variables. The final term of Eq. 2 is a bi-linear constraint on
the interaction between the current setting of the visible units
and hidden units, characterized by matrix W .

The probability of observing ot can be expressed by
marginalizing out the binary hidden units in Eq. 1:

p(ot|o<t) =
∑
ht

p(ot,ht|o<t) =
∑
ht

exp(−E(ot,ht|o<t))

Z(o<t)

(5)
while the probability of observing a sequence, oN+1:T , given
o1:N , is just the product of all the local conditional probabil-
ities up to time T , the length of a sequence:

p(o(N+1):T |o1:N ) =
T∏

t=N+1

p(ot|o<t) (6)

The TRBM has been used to generate and denoise se-
quences [31], [34], as well as a prior in multi-view person
tracking [33]. In all cases, the initialization is required, o1:N ,
to perform these tasks. Alternatively, by learning a prior model
of o1:N it could easily extended to model sequences non-
conditionally, i.e., defining o1:T .



B. Input-Output Temporal Restricted Boltzmann Machines
(IOTRBM)

Here we give a brief review of IOTRBM. As the objective
of this paper is to transfer a neutral facial expression to
an emotional facial expression by a mapping function, it is
more interesting in learning a probabilistic mapping from
an input sequence (, s1:T to an output sequence, o1:T . In
other words, we look for a model that defines p(o1:T |s1:T ).
However, the TRBM only defines a distribution over an output
sequence p(o1:T ). The idea of IOTRBM is to extend the
TRBM method to learn an input-output mapping [29]. In
addition to having access to the complete history of the
input, the first N frames of the output are accessed to seek
a model p(o(N+1):T |o1:N , s1:T ). In steady of an N th order
Markov assumption on the current output, ot, that is, assuming
conditional independence on all other variables given an N -
frame history of ot and an N+1-frame history of the input (up
to and including time, t), the model p(o(N+1):T |o1:N , s1:T )
can be expressed in an online setting:

p(o(N+1):T |o1:N , s1:T ) =
T∏

i=N+1

p(ot|o<t, s<=t) (7)

where the shorthand s<=t is used to describe a vector that
concatenates a window over the input at time t, t− 1, · · · , t−
N .

The TRBM can be easily adapted to model
p(o(N+1):T |o1:N , s1:T ) by modifying its energy function to
incorporate the input. The general form of energy function
is still the same as Eq. 2 with conditioned on s<=t. The
dynamic biases (Eq. 3 and 4) are redefined as follows:

ĉi,t = ci +
∑
k

Ckjok,<t +
∑
l

Plisl,<=t (8)

d̂j,t = dj +
∑
k

Dkjok,<t +
∑
l

Qlisl,<=t (9)

where l is an index order over elements of the input vector.
Therefore the matrix P ties the input linearly to the output
(much like existing simple models) but the matrix Q also
allows the input to nonlinearly interact with the output through
the latent variables h. This model is called an Input-Output
Temporal Restricted Boltzmann Machine (IOTRBP) [29]. It is
depicted in Fig. 2 (b).

A desirable criterion for training the model is to maximize
the conditional log likelihood of the data:

L =
T∑

t=N+1

log p(ot|o<t, s<=t) (10)

It is obviously that the gradient of Eq. 10 with respect to
the model parameters θ = {W,C,D, P,Q, c,d} is difficult
to compute analytically due to the normalization constant Z.
Contrastive Divergence (CD) learning is typically used in
steady of maximum likelihood. It follows the approximate
gradient of an objective function that is the different between

Fig. 2. (a) A Temporal Restricted Boltzmann Machine. (b) An Input-Output
Temporal Restricted Boltzmann Machine.

two Kullback-Leibler divergence [36]. It is widely used in
practice and tends to produce good generative models [37].

The CD updates for the IOTRBM have a common form (see
the supplementary material for details):

δθi ∝
T∑

t=N+1

<
∂E(ot,ht|o<t, s<=t)

∂θi
>data

− <
∂E(ot,ht|o<t, s<=t)

∂θi
>recon

(11)

where <>data is an expectation with respect to the training
data distribution, and <>recon is the M-step reconstruction
distribution as obtained by alternating Gibbs sampling, starting
with the visible units clamped to the training data. The input
and output history stay fixed during Gibbs sampling. In CD,
two main operations are required. Firstly, the latent variables
need to be sampled, given a window of the input and output,

p(hi,t = 1|o,o<t, s<=t) =
1

1 + exp(−dj,t −
∑

i Wijoi,t)
(12)

Secondly, the output data are reconstructed given the latent
variable

p(oi,t|ht,o<t, s<=t) = N (oi,t; ĉi,t +
∑
j

Wijhj,t, 1) (13)

Eq. 12 and 13 are alternated M times to arrive at the M-step
quantities used in the weight updates.

V. EXPERIMENTS

The purpose of this paper is to study the performance of
the IOTRM on emotional facial expression transfer.

We evaluate the IOTRBM on emotional facial expression
transfer dataset: 2D motion capture data of neutral and happy
facial expressions. We compare IOTRBM with the three meth-
ods such as linear regression (LR), N th-order Autoregressive
model (AR), and multilayer perception (MLP) on the dataset.

For aligned neutral-happy pair of sequences, a regularized
linear regression (LR) is performed between each frame of the
input (neutral sequence) to each frame of the output (emotional
sequence). The least squares method is applied to analytically



solve the model. The regularization parameter is set by cross-
validation on the training set.
N th-order Autoregressive model (AR) is used to improve

the linear regression model by integrating linear dynamics
through the history of the input and output. The regularized
least squares method is used to fit a matrix that maps from a
concatenation of the (N + 1)-frame input window s<=t and
N -frame target window, o<t.

Multilayer perception (MLP) is a nonlinear model with
one deterministic hidden layer, the same cardinality as the
IOTRBM. The concatenation of the source and target history
is taken as the input, the current target frame is considered as
the output. A nonlinear conjugate gradient method is used to
train the datasets.

These methods were chosen to compare to show the main
differences of IOTRBM approach over the majority of tech-
niques proposed for this application, namely the consideration
of dynamics and the use of a nonlinear mapping through latent
variables.

During the experiments, we set all models with a window of
4 input frames (3 previouse + 1 current) and 6 previous output
frames as in [29], with the exception of linear regression which
only saw the current input. For the IORBM models, if the
parameters C and P are initialized to the solution found by the
autoregressive model, slightly better results can be obtained.
All other parameters were initialized to small random values.
For constractive divergence (CD) learning we set the learning
rates for C and P to 10−6 and for all other parameters to
10−3 in order to prevent strong correlations from dominating
early in learning. All parameters used a fixed weight decay of
0.025 and momentum of 0.70. A small amount of Gaussian
noise (σ = 0.1) is added to the output history to make the
model more robust to unseen outputs during prediction based
on the suggestion by [33].

A. Alignment and pre-processing

We consider a dataset which consists of emotional facial
motion capture data of an actress who was asked to speak
the same sentences in different emotional states It has 532
trials for different emotions. Each frame is 206 dimensional,
representing the x and y positions of facial markers on the
face. We selected 200 trials for different emotions.

The FESTIVAL system [43] was used to perform phoneme-
alignment by aligning each phoneme with its corresponding
motion capture segments. This alignment work was done by
inputting audio and its accompanying text scripts into the
speech recognition program in a force-alignment mode. We
form different emotional pairs such like (neutral, happy), (neu-
tral, angry), (neutral, sad), (neutral, disgusted), and (neutral,
surprised).

Each pair of sequences has been manually time-aligned
based on a phonetic transcription so they are synchronized
between emotion states.

We found the original data to exhibit significant random
relative motion between the two emotional faces of a subject
through the entire sequences which could not reasonable be

modeled. Therefore, we transformed the data with an affine
transform on all markers in each frame such that a select few
nose and skull markers per frame (stationary facial locations)
were approximately fixed relative to the first frame of the
neutral sequences. For each pair of sequences, both the input
and output were reduced to 30 dimensions by retaining only
their first 30 principal components. This maintained 99.9% of
the variance In the data. Finally, the data was normalized to
have zero mean and scaled by the average standard deviation
of all the elements in the training set.

We evaluate the various methods on 6 random arbitrary
splits of the dataset of emotional pair (neutral, happy). In this
case, 150 complete sequences are maintained for training and
the remaining 50 sequences are used for testing. Each model
is presented with the first 6 frames of the true test output
and successive 4-frame windows of the true test input. The
exception is the linear regression model, which only sees the
current input. Therefore prediction is measured from the 7th
frame onward.

B. IOTRBM setting

The IOTRBM produces its final output by initializing its
visible units with the current previous frame plus a small
amount of Gaussian noise and then performing 30 alternating
Gibbs steps. At the last step, the hidden units are not sampled.
This predicted output frame now becomes the most recent
frame in the output history and we iterate forward. The results
show a IOTRBM with 3 hidden units. A model with different
hidden (10, 50, 100) units are tried and showed to perform
slightly worse.

We report RMS marker error in mm where the mean is taken
over all markers, frames and test sequences (Table V-B) for
the sequences pairs (neutral, happy). We can observe that the
IOTRBM consistently outperforms linear regression. In all but
two splits (where performance is comparable) the IOTRBM
outperforms the AR model. Mean performance over the splits
show an advantage to IOTRBM.

The robustness of each model are compared by corrupting
inputs or outputs. Various amounts of white Gaussian noise
are added to the input window, output history initialization or
both during retargeting with a trained model. The performance
of each model is given in Table V-B. The IOTRBM generally
outperforms the baseline models in the presence of noise. This
is most apparent in the case of input noise: the scenario we
would most likely find in practice. However, under low to
moderate output noise, it is worthy to note that the IOTRBM
is robust for any N frame output initialization to produce a
sensible retargeting.

VI. CONCLUSIONS

This paper applied a type of temporal restricted Boltzmann
machines (TRBM) to learn to generate happy facial expression
from neutral expression for an intelligent dialogue expressive
avatar. The TRBM is an extension of the RBM to model
temporal data by conditioning its hidden units only on pre-
vious visible states. This simplified TRBM inherits the most



TABLE I
2D DATASET, MEAN RMS ERROR ON TEST OUTPUT SEQUENCES (NEUTRAL,

HAPPY)
RMS Marker Error (mm)

Model S1 S2 S3 S4 S5 S6 mean
Linear regression 7.04 7.02 7.03 7.24 6.96 6.64 6.99 ± 0.14

Autoregressive 6.28 6.07 6.51 6.14 6.13 6.41 6.25 ± 0.17
MLP 6.12 6.09 6.50 6.02 6.05 6.03 6.06 ± 0.09

IOTRBM 6.10 6.08 5.80 5.72 6.02 5.98 5.95 ± 0.11

TABLE II
2D DATASET, MEAN RMS ERROR (IN MM) UNDER NOISY INPUT AND OUTPUT HISTORY (SPLIT

4)
Input noise Output noise Input & Output noise

Model 0.01 0.1 1 0.01 0.1 1 0.01 0.1 1
Linear regression 7.04 16.02 147.03 N/A

Autoregressive 6.85 11.23 89.41 7.64 8.13 39.51 6.25 12.03 97.23
MLP 6.50 6.69 7.20 6.23 6.45 6.32 6.26 6.45 8.03

IOTRBM 6.23 6.18 6.22 6.02 6.00 9.43 6.22 6.32 8.50

Fig. 3. retargeting with IOTRBM. The top row are the input (blue stars). The
bottom row shows the prediction from our model (red stars

important computational properties of RBMs: simple, exact
inference and efficient approximate learning of non-linear
structure and dynamics. The experimental results show that
the TRBM is powerful enough not only to capture the large
range of variations in expressive appearance in static face, but
also to capture the dynamics in temporal data. We shall apply
this method to other 2D and 3D emotional pairs and improve
further the performance of facial expression transfer as all
the existing facial expression transfer are unable to provide
human-like facial expression in the retarget motion. We are
interested in exploring the extensions of the model including
style-based contextual variables as well as integrating the
technique into our intelligent dialogue expressive avatar for
facial animation.
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