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Abstract

Background and Objective: Facial palsy patients or patients with facial transplantation have abnormal
facial motion due to altered facial muscle functions and nerve damage. Computer-aided system and physics-
based models have been developed to provide objective and quantitative information. However, the
predictive capacity of these solutions is still limited to explore the facial motion patterns with emerging
properties. The present study aims to couple the reinforcement learning and the finite element modeling for

facial motion learning and prediction.

Methods: A novel modeling workflow for learning facial motion was developed. A physically-based model
of the face within the Artisynth modeling platform was used. Information exchange protocol was proposed to
link reinforcement learning and rigid multi-bodies dynamics outcomes. Two reinforcement learning
algorithms (deep deterministic policy gradient (DDPG) and Twin-delayed DDPG (TD3)) were used and
implemented to drive the simulations of symmetry-oriented and smile movements. Numerical outcomes were

compared to experimental observations (Bosphorus database) for evaluation and validation purposes.

Results: As result, after more than 100 episodes of exploring the environment, the agent starts to learn from
previous trials and can find the optimal policy after more than 300 episodes of training. Regarding the
symmetry-oriented motion, the muscle excitations predicted by the trained agent help to increase the value of
reward from R = -2.06 to R =-0.23, which counts for ~89% improvement of the symmetry value of the face.
For smile-oriented motion, two points at the edge of the mouth move up 0.35 cm, which is within the range

of movements estimated from the Bosphorus database (0.4 £ 0.32 cm).

Conclusions: The present study explored the muscle excitation patterns by coupling reinforcement learning
with a detailed finite element model of the face. We developed, for the first time, a novel coupling scheme to
integrate the finite element simulation into the reinforcement learning for facial motion learning. As
perspectives, this present workflow will be applied for facial palsy and facial transplantation patients to guide

and optimize the functional rehabilitation program.

Keywords: Reinforcement learning, finite element modeling, facial motion learning, facial rehabilitation,

Artisynth.
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1. Introduction

Facial palsy patients or patients with facial transplantation have abnormal facial motion
patterns due to altered facial muscle functions and nerve damage leading to abnormal
motion control for different movements such as eating, speaking, or facial expressions [1-
4]. Moreover, involved patients also suffer asymmetric face effect, which indicates the
imbalance and inequality of facial structure in terms of shape, size, location, and
arrangement of left and right components on the sagittal plane [38]. In fact, the recovery of
a symmetric face with balanced functionalities requires a complex rehabilitation process in
which patients must practice patient specific facial movements. Thus, understanding of
facial motion mechanism helps the involved patients to recover symmetrical movements
and normal facial expressions. It is important to note that current facial rehabilitation has
mainly based on a mirror approach to monitor the visual qualitative feedback from the
rehabilitation exercise. More precisely, patients watch their distorted features in the mirror
as a reference to teach themselves the right expressions during rehabilitation exercises.
This strategy is ineffective and subjective without any feedback. Moreover, the current
rehabilitation process is limited by a lack of patient specific knowledge about muscles
driving facial motions. Therefore, understanding of facial motion mechanism and muscle
activation and coordination is clearly fundamental. To provide quantitative and objective
information on the facial motion during the rehabilitation exercise, computer-based
systems that automatically recognizes action units (AUs) defined by the Facial Action
Coding System (FACS) have been developed [5]. Such complex systems can provide an
objective guideline for monitoring the facial rehabilitation process, which is a long-term,

inconvenient, and sometimes ineffective [6-8].
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In addition, for investigating muscles driving facial motion problem, biomechanical
models are recommended because they can be customized to reflect the true anatomy and
pathological anatomical deformations as well as imitate physical process [39]. In fact,
physics-based facial models using finite element methods have been intensively developed
to explore the role of the facial muscle excitation, contraction and coordination during
facial motion [9-16, 31-32]. Muscle excitation represents the neural control process, which
contracts the face tissues and moves the skull to perform facial expressions and movements.
Despite a detailed view on the muscle contraction mechanism and its effect on the facial
motion, the physics-based approach is descriptive with a priori known input information
such as muscle properties. Moreover, which muscles and what value of muscle excitations
for performing a desired movement for facial rehabilitation is still an open and
longstanding research question. It is practically impossible to directly measure muscle
activations from living subjects due to safety and accessibility limitations. Diverse
numerical techniques have been proposed for estimating muscle excitation such as inverse
dynamics, forward-dynamics tracking simulation, and optimal control strategies [10].
However, the use of this approach depends strongly on the a priori definition of input data,
model properties and the targeted motion. Thus, this approach has a limited predictive
capacity to explore a larger parameter space to find emerging properties during dynamic

movements of the face.

In spite of the increasing availability of massive databases and computational models,
artificial intelligence has rapidly grown [17]. One of the promising solutions in the control
field is the reinforcement learning with tremendous theoretical and practical achievements
in robotics control [18], gamming [19], autonomous driving [20], computer vision [21],

and healthcare [22-24]. In particular, the question of the use of this learning strategy in the
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healthcare domain to tackle real-world applications has recently raised [22-24].
Reinforcement learning distinguishes from other types of machine learning in several
perspectives. The agent collects data through interactions with the environment and uses
that data to train the agent itself. This dependence results in variation outcomes from one
run to another. Recently, the reinforcement learning strategy has been coupled with rigid
multi-bodies dynamics to explore the motion of the lower limbs during walking and age-
related falls [33]. Thus, this learning strategy opens new avenues to explore human system
motion and novel emerging properties without any a priori motion data. Thus, the present
study aims to explore the facial motion learning capacity by the coupling between the
reinforcement learning and the finite element modeling. The main objective is to provide,
for the first time, the modeling workflow for this complex coupling and then to evaluate
different learning strategies to establish motion patterns of the face during facial expression
motions. Our novel solution will explore the patient specific facial motions without a priori
data from the patient and then provides a set of facial muscle activation and coordination
patterns for a specific rehabilitation-oriented movement (e.g. symmetry or smile). The
remainder of the paper is organized as follows: section 2 focuses on the coupling workflow
between reinforcement learning and finite element model of the face for learning symmetry
and smile motions. Section 3 provides computational results and the comparison with other
studies. Section 4 provides a detail discussion on the method and obtained results. Finally,

section 5 addresses conclusions and perspectives of the present work.

2. Materials and methods

2.1 Novel coupling workflow between reinforcement learning and finite element

modeling
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Our novel simulation workflow requires main two components (Fig. 1): 1) A
reinforcement learning agent (a human face) having a policy that decides what action
(muscle excitations) to take when it observes a state (facial motion) and 2) A finite element
modeling and simulation environment. The coupling between the finite element simulation
environment and the reinforcement learning process is managed by an information
exchange protocol. More precisely, at the beginning, the reinforcement learning agent
observes the state of the face using the positions of selected key points (Fig. 2). Secondly,
the policy predicts values of muscle excitations, which are then applied to the
biomechanical model of the face for a physical simulation. Then, the simulation
environment returns the positions of selected key points after simulation. And finally, these
positions are used to compute the reward value by pre-designed multi-objective function
(related to symmetry or smile exercises), which is then used to update training parameters

for the training process.

Reinforcement Learning

Finite Element

RL Agent Modeling

Action: muscle excitations

v

T reward State

Multi-objective |
function )

Target Facial Motion

Figure 1. Overview of the novel coupling workflow between reinforcement learning and

finite element modeling.
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RL agent .
environment

K\A ( / Physical simulation

+ Policy update using reward 2L+ Finie clement model of
* Input: srate Action the face
* Output: action * Input: action

» Output: state

| 1 (1) State (3)

Multi-objective function

Reward (4)

» Rehabilitation-oriented
movements

_ o  Input: state
Actions: muscle excitations « Output: reward

States: positions of key points

Figure 2. Detailed flowchart of the interaction between reinforcement learning and finite

element modeling processes.
2.2 Face finite element model

A physically-based model of the face within the Artisynth modeling platform was used
(Fig. 3a). This model has been from previous researches [16], [25], [26], [27]. The face
finite element model includes three components such as 1) soft-tissue component with the
hypodermis, dermis, and epidermis layers, 2) a cranium and maxilla component, 3) a jaw-
hyoid component [28]. To reduce computational cost and accelerate the training process,
the facial model is simplified by keeping only the soft-tissue component with ten orofacial
muscles (Levator Anguli Oris (LAO), Levator Labii Superioris Alaeque Nasi (LLSAN),
Buccinator (BUC), Zygomaticus (ZYG), Depressor Anguli Oris (DAO), Risorius (RIS),

Depressor Labii Inferioris (DLI), Mentalis (MENT), Orbicularis Oris Peripheralis (OOP),
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Orbicularis Oris Marginalis (OOM)) (Fig. 3c). The soft tissue finite element mesh consists
of 6342 brick elements (with 6024 hexahedrons and 318 wedges) and 8720 nodes. The
activation for the face model results from the orofacial muscle strain and force.
Ten orofacial muscles are modeled and attached in the lower face that applies muscle
forces in terms of muscle excitations onto the finite element model. Muscle fibers are
modeled by a set of uniaxial cable elements. For example, the zygomatic ligaments are
represented by fixing all degrees-of-freedom of soft tissue nodes that are in the region
where these ligaments attach to the maxilla. Soft tissue constitutive equation for the
hypodermis layer is based on a Mooney-Rivlin constitutive equation, and Fung constitutive
equation for the epidermis and dermis layer as in the Flynn et al. paper [16]. The
mechanical characteristics (such as force-displacement response, pre-stress behaviors, non-
linear, anisotropic, and viscoelastic constitutive laws) for the skin layer were estimated
based on a combination of in vivo experiments and numerical methods. Muscles are
modeled as continuous sets of cable elements, which activate in tension as point-to-point
Hill-type models and are aligned along element edges. The mechanical property evolution
of muscle contraction comprises muscle contractile fibres (active part), muscle body
(passive part), and the stress stiffening effect [25]. The movements of the mandible
generated by muscles of mastication are not handled yet in the model. Thus, the superficial
muscles, which are muscles around the lip region, involved in facial mimics are focused.
Two finite element models of the face corresponding with the modeling of the symmetric

face (Fig. 3a) and the asymmetric face (Fig. 3b).
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Figure 3. The face finite element model (a) referred as the symmetric face, (b) referred as
the asymmetric face (unbalanced deformation between left and right sides), and related

facial muscle network (c).

2.3 Reinforcement Learning for Facial Motion Control

2.3.1 Reinforcement learning model and algorithms

Reinforcement learning (RL) aims to find a policy, m(a|s), which maps the state space to
the action space and instructs the agent on how to make decisions that maximizes the long-
term cumulative reward inspired by a reward function r(s, a), where a is the action needs
to take in the state s. Bellman equations are solved to find the optimal policy. In this
present study, two RL algorithms were used. The first algorithm is the Deep Deterministic
Policy Gradient (DDPG) in which the Bellman equation was solved by combining a deep
neural network for learning Q function and a deterministic policy gradient algorithm for
learning a policy. This is off-policy reinforcement learning used for continuous state and
action spaces, which is suitable for our problem. The second used algorithm is the Twin
Delayed DDPG (TD3). DDPG is often brittle with the tuning process for hyperparameters.

It usually fails when exploiting the error in the Q-function, the learned Q function starts to
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overestimate Q-values results in policy breaking. Twin delayed DDPG copes with this
issue and improves performance by applying three tricks as 1) Clipped Double-Q Learning:
learning two Q-functions (twin) and using smaller Q-values for the Bellman error loss
functions, 2) Delayed Policy Updates: sparse updating the policy compared to the Q-
function, 3) Target Policy Smoothing: adding noise to target actions to reduce exploiting

Q-function errors.

Environment

Finite Element
Modeling

v

State

Hidden 1&2: 64

Figure 4. The network architecture of DDPG: one actor network and one critic network.

A
! Error
Critic network Environment
Reward
X compare [ Finite Element
" 4 Modeling
v = 2

Min value
Actor network

v

State >

Action

Hidden 1&2: 64

Figure 5. The network architecture of TD3: one actor network and two critic networks.

The network architecture of DDPG contains the actor network and the critic network. Each
network has two hidden layers with 64 nodes (Fig. 4). The actor network inputs the state

vector while outputs the action vector. The input of the critic network contains both the
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action vector output from the actor network and the state vector, while the output is the
predicted Q-value. TD3 has the same architecture as in DDPG except it has two critic

networks (Fig. 5).

2.3.2 Reward Function, Action Space, and State Space

The aim of our study is to find the appropriate muscle excitations for performing a facial
motion, which is generated by defining appropriate biomechanics-inspired reward function.
In our model, action is a vector of 10 pairs of left and right muscles in terms of muscle
forces normalized between O and 1. To avoid the exhausted search, only significant
muscles (left and right Levator Anguli Oris (LAO), left and right Levator Labii Superioris
Alaeque Nasi (LLSAN), left and right Zygomatics (ZYG), left and right Risorious (RIS),
Orbicularis Oris Marginalis (OOM), Orbicularis Oris Peripheralis (OOP)) were included
in training process (Fig. 6a). In our model, the agent’s state was defined through a set of
landmark points focusing on the mouth region of the face. In fact, 8 key points on the lips

are chosen as representations of the state of the face (Fig. 6b).
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Figure 6. Selected muscles excitations for training (a) and landmark points for the RL

agent’s state (b).
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Regarding the reward function, the agent receives a reward value from environment at each
time-step. Note that the training efficiency of reinforcement learning algorithm depends
strongly on defining the reward function. In our study, the reward function is designed by a
motion-oriented (e.g. symmetry-targeted motion, smile expression, sound pronunciations)
strategy. More precisely, different reward functions were formulated using the Euclidean
distance and angle created from the defined 8 landmark points. Mathematically, reward

functions are defined as follows:

Rdstance = —1000  (r + rf + r{) (1)

Reymmetry = —(rf + 78 +7§) 2)

Rymie = Ad 3)

where rl-d, rf* are the symmetry value-based distance and angle between left side compared

to right side for each pair point (point 1-5, 2-4, 8-6). Ad is the total moving up of point #1

and point #5 defined in Fig. 6b.

2.4 Information exchange protocol and implementation

Our study is based on two modeling platforms (i.e. Artisynth and PyTorch) coming from
different fields. The exchange information between these platforms need a novel
communication protocol. Artisynth-RL has been proposed to open the exchange capacity
with rigid multi-bodies dynamics simulation [30]. In the present study, Artisynth-RL was
extended to exchange information between the PyTorch platform which is a Python-based
training platform for RL models and Artisynth for running face finite element simulation.
Note that Artisynth-RL is a cross-platform based java script. To achieve this objective,

different technologies (RESTful API as a plugin, Spark framework from java, and Request
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package from python) were used as shown in Fig. 7. Regarding the communication
protocol, the muscle excitations from the reinforcement learning module are posted into
the Artisyngh module, then a new state is obtained from the Artisynth module to

reinforcement learning module after each simulation step.

RESTFul API Environment (Face-Artisynth)
postExcitation()

getState()

Agent (Gym OpenAl)

Request package Spark framework

Figure 7. RESTful API as a plugin for bridging reinforcement learning and Artisynth

As hardware configuration, a virtual machine configuration with ubuntu 20.04, 8 CPU, 16
Gb RAM, Python 3.6, and the open-source stable-baselines3 was used for the training

process.

2.5 Evaluation and validation

An open access 3D face database, named Bosphorus, was used for evaluation and
validation purpose. This database includes 105 subjects (44 females and 61 males) with
different expressions, poses, and occlusion conditions. 65 subjects have 7 expressions such
as happiness (smile), surprise, fear, sadness, anger, disgust, and neutral. Happiness (smile)
and neutral expressions, which are available in 130 face scans of all the subjects, were used
for further validation. Firstly, three key point at positions #1, #5, and #7 (as in Fig. 6b)
were manually picked for each face scan. Secondly, all the face scans were transferred
such that the point at position #7 is at the origin (coordinate [0, 0, 0]) and face scans of the
same person is at the same orientation. Finally, the total displacement of moving up action
of the two key points at positions #1 and #5 (as in Fig. 6b) were computed by subtracting

the corresponding points of smile face scan and neutral face scan of the same person. In
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fact, the values of the used reward functions were computed for each posture (neutral and
smile expression). Obtained values were represented in mean and standard deviation and

then compared to the final outcomes from the RL process.

Figure 8. Illustration from Bosphorus database with two expressions: neutral (left) and

smile (right).

A hyperparameter tuning process was implemented to select the best neural network
architecture and parameters. In particular, the hyperparameter tuning process is not
automatically tuned, but manually selects each parameter, while other parameters remain
unchanged. Each trial was performed for a training task with the hyperparameter within a
predefined set to ensure that the agent successfully explores and learns to make decisions
in its environment. The predefined set of hyperparameters includes several most critical
parameters, which govern the performance of reinforcement learning such as the neural
network size (nodes in hidden layers ([64, 64] or [400, 300] for the actor and the critic
networks)), learning rate (0.001, 0.01, note that the learning rate is shared for all networks),
batch size (16, 32), T parameter, which used to soft update both critic and actor target

networks (0.001, 0.005).

3. Computational results
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3.1 RL accuracy and performance

Figure 9 shows the reward and the loss evolutions during the training process of the agent
to conduct one symmetry action. In general, after more than 100 episodes of random
interaction in the environment, the agent starts to learn from previous trials and can find
the optimal policy after more than 300 episodes of training. In particular, the learning start
parameter was set to 100 in the training phase, allowing the reinforcement learning agent
to collect a set of transitions (D = (s,a,r,s’,d)) by performing a random action from the
action space to the environment before learning from previous trials. These random actions
result in instable trend in the reward values in first 100 episodes. Having just 200 episodes
of learning, the agent still learns and explores the environment to discover the optimal
policy. During learning, the not optimal policy may predict the random actions for
exploring more the environment that might dramatically drop reward values. From 200 to
300 episodes of learning, the agent gradually finds the optimal policy after more than 300
episodes of training. The reduction in actor loss and critic loss values demonstrates the
efficacy of learning strategy in both DDPG and TD3 methods. The reward value predicted
using the model trained by TD3 (R = -0.26) is slightly higher than that of using the model

trained by DDPG (R =-0.33).

Symmetry training DDPG ini
0 y ry g 25 o ‘Symme‘try training TD3 o
At 12 1 25
reward 2
T2 ——actorloss| | 19 o B2 reward
[ s n © a
£ critic loss o 2 —actorloss| - 1 5 8
& 3l 11 - & 3 critic loss -
1
-4 0.5 4 05
5! 0 -5~ : : =0
0 100 200 300 400 500 0 100 200 300 400 500

Episodes Episodes
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Figure 9. The reward value and the loss values of the actor network and the critic network
during training reinforcement learning agent with two different methods: DDPG (left),
TD3 (right) for symmetry-oriented functional rehabilitation using 4 muscles as ZYG, RIS,
OOM, OOP. The reward value predicted using the model trained by DDPG is R = -0.33.

The reward value predicted using the model trained by TD3 is R = -0.26.

Figure 10 shows the reward and the loss evolutions during the training process of the agent
to perform the smile action. The similar patterns are observed according to figure 9. More
precisely, the agent spends 100 episodes collecting a set of transitions by taking random
actions to the environment resulting in instability of reward values. It then starts to learn
from previous trials and can find the optimal policy after more than 200 episodes of
training. The training is successfully demonstrated by the reduction of the loss value of
both actor and critic networks. The reward values during training model using DDPG
algorithm seem noisier compared to that of training model using TD3 algorithm. The
reward value predicted using the model trained by TD3 (R = 5.36) is slightly higher than

that of using the model trained by DDPG (R = 5.26).

Smile training DDPG Smilg training TD3
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Figure 10. The reward value and the loss values of the actor network and the critic

network during training reinforcement learning agent with two different methods: DDPG
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(left), TD3 (right) for smile-oriented functional rehabilitation using 3 facial muscles as
LAO, LLSAN, ZYG. The reward value predicted using the model trained by DDPG is R =

5.26. The reward value predicted using the model trained by TD3 is R = 5.36.

Table 1 shows the reward values obtained during the hyperparameter tuning process for
DDPG method when training smile expression. The process can help to identify the better
network architecture with associated optimal set of hyperparameters. In fact, the
reinforcement learning architecture including two hidden layers [400, 300] for the actor
and the critic networks, a batch size of 16, a learning rate for all networks of 0.001, t
parameter of 0.005, and without action noise yields the best reward value. The
computational time for training 500 episodes for each smile training and symmetry training
is around 6 hours. However, the most computational time is in the simulation environment,
where each simulation lasts for 30 seconds (5 hours for 500 episodes related to simulation
and restart of Artisynth only). Figure 11 reports the effect of the network architecture and t
parameter. The network architecture has a more important effect than that of the t

parameter.

Effect of the network architecture Effect of f’olyak cpefficienlt

—tau=0.001
—tau=0.005

——nw [64 64]
—— nw [400 300]

0 100 200 300 400 500 0 100 200 300 400 500

Figure 11. Reward value during training reinforcement learning agent with different

hyperparameters and the network architecture.
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Table 1. The reward values obtained during the hyperparameter
tuning process

Hyperparameters Reward
) 16 5.21
Batch size 30 516
Learning rate 0.01 4.59
& 0.001 535
) [64, 64] 4.81
Network architecture (400, 300] 5 45
rameter 0.001 5.22
© parathete 0.005 5.26
Action noise With 4.69
Without 5.35

To sum up, two reinforcement learning algorithms namely DDPG and TD3 have been used
for learning symmetry and smile motions of the finite element model of the face. In terms
of reward predicted from the trained model, TD3 seems to have slightly better performance
compared to DDPG. The hyperparameter tuning process was also proposed to find the

suitable parameter for the model.

3.2 Facial motion learning

The obtained outcome and corresponding muscle excitation value of the symmetry-
oriented functional rehabilitation is shown in Fig. 12. and Table 2. According to the
prediction, the muscle on the right side of the mouth such as right OOM, right RIS, and
right ZYG are activated, while only the left OOP muscle is activated to improve the
symmetry of the face from the initial state with the reward value R = -2.06 to the new state

with the reward value R = -0.23, which counts 88.8% improvement.
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Figure 12. Face animation for symmetry-oriented motion. The face at initial state (on the

left R = -2.06) and after received muscle excitation (on the right R = -0.23) output from

reinforcement learning for symmetry-oriented functional rehabilitation.

Figure 13. Face animation for smile-oriented motion. The face at initial state (on the left R
= -1.6) and after received muscle excitation (on the right R = 5.35) output from

reinforcement learning for smile-oriented motion.

Regarding the smile-oriented motion simulation of the finite element model of the face,
both left and right muscles of LAO and ZYG are activated, while LLSAN is not activated
as in Fig. 13 and Table 3. The measured reward value increases from -1.6 at the initial state
to 5.3 at the terminal state. The obtained muscle activation levels for smiling movement are
within the range of values reported by Flynn et al. [16]. However, it is important to note
that there is a difference in smiling patterns between our simulation (i.e. unconstrained

smile) and their simulations (i.e. miles with open mouth or closed mouth).

. . . . L-Ly _ AL
The muscle action line length change and contraction amplitude &¢F = L—O = _are
0 0

shown in Table 2. The contraction amplitudes of OOM and OOP are estimated as the area

$-5,

that these muscles cover §E = S
0

= ?. Related to the smile, the right ZYG contracts -
0

16.26%, while this number on the left is -15.12%. The right and left LAO contract around -
30%. Note that all muscle contraction levels during smiling are in good agreement with

those estimated using Kinect-driven rigid multi-bodies modeling (Nguyen et al. [40]). In



362  their study [40], the head model was reconstructed from the subject-specific data acquired
363 by a Kinect device in a smile position. Then, a skull model was generated using the
364  statistical fitting method from a generic skull model and the head model. Moreover, a
365 muscle network was defined using insertion points on the head model and attachment
366  points from the skull model. Finally, the muscle contraction levels were estimated using

367  the length of these insertion points and attachment points.

Table 2. Muscle contraction levels during different facial expressions and comparison to
the literature data.

symmetry Smile Nguyen etal. [40]

(smile)
AL AL
CE — (%) — (%)
Muscle / § Ly (mm) / Lo / Ly (mm)/ Lo ) %(%)
Sy (mm? Sy (mm? 0
o () ag S0 (mmt) ag
50 SO

Right ZYG 52 mm -2.19 545mm  -16.31 From -9.13 to -19.72

Left ZYG 52.2 mm 1.12 546 mm  -15.09 From -13.59 to -21.32

Right LLSAN 272mm  -1.62 279mm  -10.26 From -1.99 to -8.12

Left LLSAN 272 mm -0.38 27.9 mm -10.2 From -0.69 to -6.13

Right LAO 27.3mm  -1.18 30 mm -28.13 From -18.66 to -29.46

Left LAO 24.3 mm 1.56 30 mm -28.17 From -21.19 to -28.03

Right RIS 522mm  -6.21 529 mm -8.12 From 3.55 to 7.30
Left RIS 52 mm 2.44 529mm  -8.135 From -3.09 to 6.96
OOM 590 mm? -1297 665mm?  -2.01 -
0]0) 1099 mm? -7.98 1138 mm? 17.40 -
368
369

Table 3. Muscle activation levels reported from our simulation and its comparison to the
literature data

Muscle symmetry smile Flynn et al. [16] Flynn et al. [16]
(closed mouth smile) (open mouth smile)
Right ZYG 0.2 0.4 0.2 0.5
Left ZYG 0 0.4 0.2 0.5
Right LLSAN 0 0 0.1 0.5
Left LLSAN 0 0 0.1 0.5
Right LAO 0 0.4 0.1 0.5
Left LAO 0 0.4 0.1 0.5

Right RIS 0.4 0 0.2 0.6
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379

380

381

382

383

384

Left RIS 0 0 0.2 0.6
Right OOM 0 0 0 0
Left OOM 0 0 0 0
Right OOP 0.1 0 0 0

Left OOP 0.4 0 0 0

3.3 Evaluation and validation

For symmetry-oriented motion, the muscle excitations predicted by the trained agent help
to increase the value of reward from R = -2.06 to R = -0.23, which counts for ~88.8%.
While this number for smile-oriented motion, the reward value for both corners of the
mouth increases from R = -1.6 at the initial state to around R = 5.3 at the terminal state,
which is 0.35 cm moving up on average for each corner of the mouth. The average distance
of moving up for each corner of the mouth was 3.4+0.2 estimated using reward values
from Table 1 for different hyperparameters of the reinforcement learning algorithm. This is
within the range of movements compared to the value calculated from the Bosphorus
database, this value is 0.4 £ 0.32 cm when a person makes maximum effort to smile as in
Fig. 14. The variation in the value of this displacement of the Bosphorus database is large
(0.32 cm) compared to our results (0.02 cm). This is due to this value being estimated from
65 different subjects, while our result was only estimated using one patient-specific model

of the face.
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Figure 14. Displacement of the corner point of the mouth (moving up direction) of our
method and from the Bosphorus database of the smile position compared to the neutral

position.

4. Discussion

Understanding muscle coordination mechanism of facial expressions plays a crucial role in
the facial rehabilitation interventions for facial palsy or facial transplantation patients.
Numerical models (i.e. finite element models) have been intensively developed [31] to
provide a better understanding of this complex process. However, these developed models
are descriptive and their predictive capacity is still limited. Besides, computer-based
monitoring systems, that automatically recognize action units (AUs) to provide
quantitative and objective information on the facial motion during the rehabilitation
exercise have been developed [5, 36, 37]. Despite many efforts, understanding of facial
motion mechanism still remains a scientific and clinical challenge to help the involved

patients to recover functional facial movements. In particular, the role of muscle excitation
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and its value for performing a desired facial movement for facial rehabilitation is still an
open and longstanding research question. To achieve this complex and challenging
objective, the present study aimed to couple reinforcement learning approach to a muscle-
driven biomechanical model of the face to explore the facial motion learning capacity such
as symmetry and facial smiling actions. For the first time, facial expressions (e.g. smile)
are simulated without a priori input data (e.g. motion capture data). In fact, our novel
coupling scheme allows to explore emerging properties of the facial muscle contraction
mechanism and guides iteratively the face to express smiling action or becomes a
symmetric face. Thus, obtained outcomes showed the potential application of this novel
approach with facial palsy patients for a better understanding of facial muscle coordination

and muscle activation patterns to target a specific motion.

More precisely, regarding the symmetric motion of the face, the muscle contraction
involves right OOM, right RIS, and right ZYG, while only the left OOP muscle is activated.
This is reasonable due to the physical-based model of the face used for symmetry training
is drooping of the mouth on the right side. From the biomechanics point of view, this is a
symptom of the facial palsy patient on the affected side of the face. In smile-oriented
motion of the face, lavetor anguli oris and zygomaticus are the main muscles responsible
for smile action resulting in two corner points in the mouth moving up 0.35 cm, which is
within the range of motion compared to the Bosphorus database (0.4 £ 0.32 cm). There is
also a good agreement in muscle involvement for smile training as LAO and ZYG
compared with the simulation of Flynn et al. [16]. Note that Flynn et al. manually adjusted
muscle excitation value to find the appropriate value for expression movements of the
finite element model of the face. In fact, our present study revealed the usefulness of the

mechanical modeling coupled with reinforcement learning to guide the design of patient
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specific precision rehabilitation for the face with muscle activation and coordination

mechanisms.

Recently, deep reinforcement learning becomes an interesting solution for complex control
problems [33]. The coupling between a reinforcement learning strategy and a deep neural
network allows the agent to build knowledge by gathering information while interacting
with the environment. In fact, no prior data is required for training. This particular
character enhances the predictive capacity of the involved model. Indeed, reinforcement
learning methods were used to solve our problem since they require no prior input data (i.e.
muscle excitation and activation patterns). This is particularly useful for learning muscle-
driven facial motion problems. While other learning approaches require a database for
training, collecting experimental data by directly measuring muscle excitations from living
subjects is hard or impossible due to safety and accessibility limitations [9]. One of the
challenges when developing an efficient RL model relates to the use cumulative rewards to
quantify how the agents ought to take actions in an environment. In our present study,
specific rewards were defined to guide the motion patterns toward the specific targets
(symmetry and smiling motions). The efficiency of training reinforcement learning
algorithms is demonstrated by the reward values predicted using the learned model. The
"proper" reward function must be defined for successful training reinforcement learning.
The current work used two simple reward functions to train the finite element model of the
face for symmetry and smile motion. For more realistic outcomes, a bioinspired reward
function built from the bio-mechanical knowledge should be developed for reshaping the
mechanism of the desired facial motion. Moreover, two the state-of-the-art RL methods
(DDPG method and the successor TD3), which are off-policy algorithms and applicable

for complex environments with continuous action spaces, were used to drive the face
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toward the targeted motions from the activation of the facial muscles. Note that the use of
these methods leads to the win of the Learn to Move competition [35]. The reward values
during training model using DDPG algorithm seem noisier compared to that of training
model using TD3 algorithm. This is due to the nature of DDPG algorithm when it updating
the policy more often during training. In terms of reward predicted from the trained model,

TD3 seems to have slightly better performance compared to DDPG.

One of the most important limitations of the present work deals with the sensitive nature of
the hyperparameters of the physics-based face model. Further investigations should be
done to take the uncertainties of these parameters into account to provide more reliable
prediction outcomes. In fact, each parameter should be represented in a more generic
format like interval or probability-based structures (e.g. probability density function (PDF);
cumulative distribution function (CDF)) and then associated outcomes (i.e. muscle
activation) should be estimated within a plausible range of values. However, taking the
parameter uncertainty into account increases drastically the computational cost during the
reinforcement learning process. Thus, more efficient uncertainty propagation algorithms
should be investigated to scope with this constraint. Moreover, the present face model
includes only 10 muscles. In particular, all parameters were set up for a generic model.
Thus, a more detailed face model and patient-specific properties of the face tissues and
structures should be taken into consideration from medical imaging toward a patient
specific rehabilitation application. In particular, the increase of the number of muscles of
interest will allow the modeling system to explore full muscle action patterns of the face.
Thus, the present system could benefit from the FACS pattern for a given expression to
converge quickly to the optimal solution and then other applications like speech synthesis

or language learning could be investigated. Regarding the limitation of the used RL
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approach, the use of only a deep neural network seems to be underestimated for the
complex face motion coordination. As perspective, a multi-network approach should be
investigated for a better coordination of the facial muscle activations and contractions.
Finally, the coupling between RL and FE modeling frameworks requires the development
of a specific communication protocol. In a further work, the developed information
exchange protocol will be improved to provide a generic communication channel between
the RL framework and any other powerful and dedicated FE modeling frameworks like

Abaqus or Ansys to overcome the limitation of the current physics-based face model.

5. Conclusions

The present study explored the muscle excitation patterns by coupling reinforcement
learning with a finite element model of the face. We developed, for the first time, a novel
coupling scheme to integrate the finite element simulation into the reinforcement learning
for facial motion learning. In particular, two state-of-the-art reinforcement learning
algorithms (deep deterministic policy gradient (DDPG) and Twin-delayed DDPG (TD3))
were successfully applied and implemented to drive the simulations of symmetry-oriented
and smile movements. Obtained results were in very good agreement with experimental
observation. In fact, a better understanding of the facial muscle activation and coordination
mechanism is of great clinical interest to guide the optimal rehabilitation strategy. The
present work opens new avenues to achieve this challenging objective. As perspectives,
this present workflow will be applied for facial palsy and facial transplantation patients to

guide and optimize the functional rehabilitation program.
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