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HUMANOID ROBOTS

Human-robot facial coexpression

Yuhang Hu', Boyuan Chen2'3'4, Jiong Lin', Yunzhe Wangs, Yingke Wangs,
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Large language models are enabling rapid progress in robotic verbal communication, but nonverbal commu-
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nication is not keeping pace. Physical humanoid robots struggle to express and communicate using facial
movement, relying primarily on voice. The challenge is twofold: First, the actuation of an expressively versatile
robotic face is mechanically challenging. A second challenge is knowing what expression to generate so that
the robot appears natural, timely, and genuine. Here, we propose that both barriers can be alleviated by train-
ing a robot to anticipate future facial expressions and execute them simultaneously with a human. Whereas
delayed facial mimicry looks disingenuous, facial coexpression feels more genuine because it requires correct
inference of the human’s emotional state for timely execution. We found that a robot can learn to predict a
forthcoming smile about 839 milliseconds before the human smiles and, using a learned inverse kinematic
facial self-model, coexpress the smile simultaneously with the human. We demonstrated this ability using a
robot face comprising 26 degrees of freedom. We believe that the ability to coexpress simultaneous facial

expressions could improve human-robot interaction.

INTRODUCTION

Few gestures are more endearing than a smile. But when two people
smile at each other simultaneously, the effect is amplified: Not only
is the feeling mutual but also for both parties to execute the smile
simultaneously, they likely are able to correctly infer each other’s
mental state in advance. This cognitive affirmation further cements
the emotional bond by establishing that the two parties are “on the
same wavelength” (1-3). Social alignment behaviors, such as simul-
taneous smiling, are important for successful social interactions
because they indicate mutual understanding and shared emotions
(4-6). Put simply, if a smile is simultaneous, then it is more likely to
be genuine (7).

Facial expressions have been widely studied in various fields
such as psychology, neuroscience, and robotics. For some facial
gestures, observation of a facial movement of others will inadver-
tently generate spontaneous similar facial movements (8-11). For
example, the atmosphere created by two people smiling at the same
time can often reflect the harmony and sincerity of the communica-
tion (12). However, it is essential to note that this mirroring is not
universal. In cases of social misalignment, contrasting facial reac-
tions can emerge, such as responding to anger with fear (13). The
imperceptible, subtle synchronization of some expressions is an
ability that may carry substantial evolutionary advantage because it
fosters social cohesion and mutual understanding—both crucial
for group survival (14). In everyday interactions, if an individual
displays a delayed smile while others smile in unison, then it might
be perceived as disingenuous or submissive.

Across different ages and ethnic and cultural backgrounds, peo-
ple frequently express similar states of mind through similar facial
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movements (15). However, note that there is substantial evidence
showing cultural variance in both the display and the perception of
facial expressions. Although facial movements might be universally
recognized to some extent, the way they are expressed and inter-
preted can differ across cultures (16, 17). In addition, cross-ethnic
and cross-age differences can further influence the perception of
these expressions. For instance, younger individuals might interpret
certain facial cues differently than older individuals, and people
from one ethnic background might perceive facial expressions
differently when displayed by someone from another ethnic back-
ground (I8, 19). It is often posited that facial expressions frequently
mirror inner emotions, leading to the near-simultaneous occur-
rence of expression formation and emotion experience (20, 21).
However, recent studies, including that of Barrett et al. (22, 23), sug-
gest that this relationship is not always straightforward and can vary
on the basis of numerous factors. Therefore, we recognize that
the following work only scrapes the surface of a very complex and
powerful mode of human-robot interaction (24, 25).

In the realm of human-robot interaction, we believe that the im-
portance of anticipatory facial expressions is paramount. Currently,
most robots can only perceive human emotions and respond after
the human has finished making expressions (26). Such reactive
expressions lack the authenticity and immediacy that come with
anticipatory expressions. Robots that are limited to mimicking
human expressions after they occur cannot fully integrate into
human social environments because the delay in response is per-
ceived as artificial and unrelatable.

For robots to be perceived as genuine and emotionally intelli-
gent, they must be capable of anticipatory facial expressions. This is
particularly critical for smiles, which play an outsized role in social
bonding. As shown in Fig. 1C, there is a stark contrast between a
mimicry smile and an anticipatory smile. An anticipatory smile,
generated with the understanding and prediction of the other
party’s emotional state, is vital for creating genuine human-robot
emotional bonds. Anticipatory models in robots can bring human-
robot interactions closer to human-human interactions, bridging
the gap in social communication and leading to more integrated and
emotionally intelligent robotic systems.
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Fig. 1. Facial coexpression process. (A) Sam-
ple simultaneous output. (B) Depiction of the
overall pipeline. The human face is in a calm
(baseline) state at time to, and the expression
attime t, is when the facial expression chang-
es with the greatest acceleration. The future
target face (tn) has the maximum difference
from the calm face. After detecting the peak
activation, the landmarks extracted from t, to
t, are concatenated as the input of the predic-
tive model. The inverse model takes the nor-
malized facial landmarks as input and outputs
a set of motor commands for controller execu-
tion. (C) The top row illustrates the process of
facial coexpression, where the robot uses
anticipatory models to produce facial expres-
sions simultaneously with the human par-
ticipant. The bottom row shows the mimicry
baseline, in which the robot generates a facial
expression identical to the human’s but with
a noticeable delay. Each row contains a se-
quence of four snapshots capturing the pro-
gression of the expression from initiation to
completion. This visual representation high-
lights the synchronization and authenticity to
achieved through anticipatory facial expres-
sions as compared with the delayed response
in the mimicry baseline. For a dynamic view
of this interaction, please refer to the video
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demonstration in movie S1.

Humans can generate thousands

of different facial expressions to con-
vey countless and nuanced emotional
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states, and this ability is one of the
most potent and effective interfaces
in human social interaction (27).
During the coronavirus disease 2019
epidemic, masks made social interac-
tion awkward because they obscured
facial expressions. At the same time,
remote conferencing became more
effective when video cameras were
turned on (28-30). In a similar vein,
once robots can reveal rich three-
dimensional (3D) facial expressions,
they can enhance their communica-
tion ability and be more conducive to
building trust with humans.
Although robots have advanced
notably in the past few years because
of developments in artificial intel-
ligence, there has been relatively
little progress in the field of facial
robots. Face animatronics require complex hardware and soft-
ware design. Although past work has resulted in impressive hu-
manlike face robots, these rely mostly on preprogrammed facial
animations (31-37). These expressions are usually carefully
preprogrammed, tuned, and choreographed rather than being
spontaneous. Recent developments in facial robotics have fo-
cused on diversifying and improving dynamic facial expressions
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of emotion (38, 39), which is a step toward creating more human-
like interactions.

Our previous robot platform Eva was an early example of a robot
with the capability to self-model its own facial expressions (1). How-
ever, to achieve more convincing social interaction, the robot must
learn to predict not just its facial expression but also that of the con-
versant agent with whom it communicates.
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Here, we present an anthropomorphic facial robot called Emo,
which features notable hardware improvements compared with Eva.
Emo is equipped with 26 actuators (Fig. 2) that offer more degrees of
freedom, allowing for asymmetric facial expressions, as opposed to
the 10 actuators for Eva’s face. One of the key differences in Emo’s
design is the use of direct-attached magnets to deform the replace-
able face skin instead of the cable-driving mechanism (Bowden
cable) used in Eva. This approach provides more precise control
over facial expressions. Furthermore, Emo features embedded cam-
eras in its eyes, enabling humanoid visual perception. These high-
resolution RGB (red, green, blue) cameras, one inside the pupil of
each eye, enhance the robot’s ability to interact with its environment
and better predict the conversant’s facial expressions. In addition to
these hardware upgrades, we introduce a learning framework con-
sisting of two neural networks—one to predict Emo’s own facial
expression (the self-model) and another to predict the conversant’s
facial expression (the conversant model). Our soft-skinned human
face robot has 23 motors dedicated to controlling facial expressions
and three motors for neck movement. Overall, these improvements
make Emo a substantially different and more advanced facial robot
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Magnets

Camera

Servo motor

Socket joint

Passive linkage

compared with its predecessor, Eva. We also propose an upgraded
inverse model that can allow the robot to generate motor commands
more than five times faster than the previous generation on the same
computing hardware. We demonstrate a predictive model that can
anticipate the target facial expressions of the conversant in real
time. By combining the self-model and the anticipatory conver-
sant model, the robot can perform coexpression. Our method
generalizes more than 45 human participants. Last, we present how
to use both models to achieve simultaneous human-robot expres-
sion on our physical robot.

RESULTS

A face robot design

Our results were achieved using our anthropomorphic facial robot
with 26 actuators and interchangeable soft facial skin (Fig. 2). The
entire facial skin was fabricated from silicone and attached to the
robotic hardware using 30 magnets (Fig. 2A). The robotic facial skin
can be replaced with alternative designs for a different appearance
and for skin maintenance. For example, in Fig. 2B, we changed the

C

Without face skin

Fig. 2. Robot face platform. (A) Design overview. Our face robot contains 26 motors and uses position control. The soft face skin can easily connect to the hardware
mechanism by magnets. Three motors control neck movements in three axes (roll, pitch, and yaw). Twelve motors control the upper face including eyeballs, eyelids, and
eyebrows. Eleven motors control the mouth mechanism and the jaw. (B) The magnetic connection design allows the robot'’s facial skin to be easily replaced. (C) Eyes
module. (1 and 2) Linkages with magnet connections control eyebrows. (3) Upper eyelid. (4) Lower eyelid. (5) Eyeball linkage. (6) Eyeball frame. (7) Camera. (D) Mouth
module. (8 to 10 and 13) Mouth passive linkages. (11 and 12) Linkages of 2D five-bar mechanism.
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robot face from a light blue face to a
darker shade of blue with spiral marks.
The robot consists of three subassem-
bly modules: two eye modules, a mouth
module, and a neck module.

The eye module controls the move-
ments of eyeballs, eyebrows, and eyelids,
as shown in Fig. 2C. Each eye frame
is imbued with a high-resolution RGB
camera. The eye frame is separately actu-
ated by two motors through a parallelo-
gram mechanism in two axes of pitch
and yaw. The merit of this design is that
it creates more space in the center of the
eye frame, allowing us to mount the camera module in its natural
location corresponding to the human pupil. This design facilitates
more natural face-to-face interactions between robots and humans.
It also allows for correct and natural gaze, a key aspect of nonverbal
communication, especially at close range. A video demonstration of
our robot with cameras in its eyes to track people’s faces is provided
in movie S2.

The movements of the mouth are complex. Whereas most ani-
matronic robot faces typically exhibit only simple jaw motion, we
aimed to replicate the complex motion of human lips through a
mechanical structure. To solve this challenge, we designed several
passive joints and linkages so that while the robot mouth moves,
the soft skin can flex over the passive degrees of freedom of the
mechanical structure to form complex yet natural-looking deforma-
tions. The mouth module contains nine kinematic chains shown in
Fig. 2D. Six of them with passive joints control the upper and lower
lips. Two five-bar linkages control the movements of the mouth
corner, and the final linkage mechanism controls the movement of
the jaw. We provide a video to demonstrate the movement of the
mouth module and the robot’s entire hardware in movie S3.

Inverse model for generating robot expressions

We propose a self-supervised learning process to train our face
robot to generate human facial expressions without explicit cho-
reography of the motion and without human labels. The traditional
method of controlling robots relies on kinematic equations and
simulations, but this only applies to rigid-body robots with known
kinematics. Our robot has soft deformable skin and several passive
mechanisms with four socket joints, so it is difficult to obtain the
kinematic equation of the robot kinematics. We overcame this chal-
lenge by leveraging a visual-based self-supervised learning method
in which the robot can learn the relationship between motor
commands and the resulting facial expression by observing itself
in a mirror.

The facial expressions of the robot are controlled by 19 motors, of
which 18 are symmetrically distributed, and one motor controls the
jaw movement. In our case, the expressions in the facial dataset are
all symmetrical; therefore, the symmetrically distributed motors can
share the same motor commands when controlling the robot.
Consequently, the actual control commands only need 11 parame-
ters normalized to the range [0, 1].

The facial inverse model was trained using the dataset generated
by the robot itself (Fig. 3), which consisted of motor commands and
the resulting facial landmarks. We collected the data using a process
of random “motor babbling” in a self-supervised manner. Before
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Fig. 3. Data collection. The robot looks at itself through a camera to learn to make facial expressions. We set up an
RGB camera in front of the robot and random-sampled the motor actions to actuate the face robot. The motor actions
are constrained to avoid self-collision or tearing of the soft face skin. Using this process, the robot learns the relation-
ship between motor commands and facial appearance, without human supervision.

sending the commands into the controller, the process automati-
cally removes motor commands that may tear the face skin or cause
self-collision. After the servo motors reached the target position
defined by the commands, we captured robot face images with an
RGB camera and extracted the robot’s facial landmarks.

Given the dataset of motor commands and facial landmarks,
we then aimed to train an inverse model that, given facial land-
marks, can generate the corresponding motion commands. The in-
verse model is formed by several layers of multilayer perceptrons
that implicitly capture the robots face morphology, elasticity, and
kinematics. Each datum tuple consists of entire face landmarks
set, represented by a vector of 113 X 2 size and the corresponding
11 motor values. We collected 1000 data points, of which 200 were
used for validation and the remaining 800 were used for training.
Because the eye module movement in the upper half of the robot’s
face is relatively independent of the movement of the mouth module
in the lower half, the overall training dataset can be separated into
two parts. The training data can be augmented by extracting the
upper half facial landmarks (52 X 2) and the lower half facial land-
marks (61 X 2), respectively, from two separate sub-datasets and
combining them together to form augmented data.

We evaluated the effectiveness of the inverse model by compar-
ing our method with three baselines. The first baseline is to generate
motor commands randomly, and the second is to sample and com-
pare commands from the training dataset randomly. Both baselines
use random selection but in different distributions because the
commands that we used to generate the inverse model dataset are
modified by constraint functions. The third baseline is the nearest
neighbor. It compares the landmarks with the training dataset and
directly uses the command of the closest landmark as the output.
We used the L1 metric to measure the distance of motor commands
normalized to [0, 1]. Figure 4A shows a boxplot of our inverse model
evaluation. The inverse model generates motor commands that re-
sult in facial expressions that are more accurate than the three base-
lines. Our model successfully learns the relationship between the
motor commands and the soft facial skin morphology and elasticity.

Predictive model for expression anticipation

For the robot to achieve authentic and timely facial expressions, it
must anticipate facial expressions in advance, giving its mechanical
apparatus sufficient time to actuate. To accomplish this, we devel-
oped a predictive facial expression model and trained it with a video
dataset of humans making expressions. The model is able to predict
the target expression that a person will produce on the basis of just
initial and subtle changes in their face.
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Fig. 4. Evaluations. (A) We compared the performance of the inverse model with other baselines using 45,200 samples. (B) Two baselines [random search (RS) and mimicry
baseline] were used to evaluate the effect of our predictive model. We tested 214 different expressions and used facial landmarks to measure the errors. For both (A) and
(B), we conducted a detailed statistical analysis, including the calculation of SD, SEM, and 95% confidence intervals (Cl). The precise values in the boxplots and histogram

plots for data distribution are shown in the Supplementary Materials.

First, we quantified the facial expression dynamics using the
Euclidean distance between each set of facial landmarks and the
facial landmarks of the initial (“resting”) facial expression in each
video. We defined the resting facial landmarks as the mean land-
marks of the first five frames and the target facial landmarks as those
that maximally differ from the resting facial landmark. The Euclid-
ean distance between the resting facial landmarks and the landmark
from other frames continuously changes and can be differentiated.
Therefore, we can calculate the trend of expression change through
the second derivative of the landmark’s distance with respect to
time. The details of data collection for the predictive model and
training process are provided in the Supplementary Materials. We
used the video frame at the moment when the expression change
acceleration is the largest as the “peak activation.”

To improve the accuracy and avoid overfitting, we augmented
each datum by sampling the surrounding frames. Specifically,
during the training procedure, the input of the predictive model is
an arbitrary set of four frames from a total of nine frames before and
after the peak activation. Similarly, the label is randomly sampled
from the four frames after the target face. The dataset contains
45 human participants and 970 videos in total. Eighty percent of the
data were used for training the model, and the rest was used for
validation. We analyzed the entire dataset and obtained the average
time that humans normally take to make a facial expression as
0.841 + 0.713 s. The prediction model and inverse model (referring
solely to the processing speed of the neural network models used in
our paper) can run about 650 frames per second (fps) and 8000 fps,
respectively, on a MacBook Pro 2019 without a GPU device. This
frame rate does not include data capture or landmark extraction
times. Our robot can successfully predict the target human facial
expressions and generate the corresponding motor commands
within 0.002 s. This timing leaves about 0.839 s to capture facial
landmarks and execute the motor commands to produce the target
facial expression on the physical robot face.

To quantitatively evaluate the accuracy of predictive facial
expressions, we compared our methods with two baselines. The first
baseline randomly selects one picture in the inverse model training
dataset as the prediction. The dataset of this baseline contains a large
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number of pictures of robot expressions generated by motor babbling.
The second baseline is a mimicry baseline that selects the facial
landmarks at the peak activation as the predicted landmarks. If the
peak activation is close to the target face, then the baseline can be
very competitive with our method. However, the results of experi-
ments demonstrate that our method is better than this baseline,
showing that the predictive model successfully learns to predict the
future target face by generalizing subtle changes in the face instead
of simply copying the facial expression in the last input frames.
Figure 4B shows the quantitative evaluation of the predictive model.
We computed the mean absolute error between the predicted land-
marks and the ground truth landmarks, which consist of human
target facial landmarks with dimensions of 113 X 2. The table results
(table S2) demonstrate that our method outperforms both baselines,
exhibiting a smaller mean error and a narrower standard error.

Combining the self-model with the anticipatory model

The final step in the process involves using both the predictive model
and the inverse model together to achieve human-robot facial simul-
taneous expressions. This task is not the same as face mimicry be-
cause the predictive model does not observe the target face, so the
task is first to predict the facial expression and then to swiftly gener-
ate the predicted facial expression.

The overall pipeline described in Fig. 1B shows how the robot
simultaneously generates the same facial expression as the human
participant by predicting the human target facial expression first on
the basis of intermediate frames and then producing action com-
mands using the inverse model in the remaining time before the
target expression appears.

We ran both models on a MacBook Pro 2019 (Intel Core i9) and
sent the motor commands to the robot controller for execution. The
entire pipeline runs at 25 Hz. We designed the models to be very
lightweight, so our robot does not need to rely on GPU computing
or high-performance servers. This allows extra computing power to
be used for other functions in the future, such as listening, thinking,
and speaking.

We conducted an experiment by running both our method and
the mimicry baseline on our physical robot. The comparison of both
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methods is shown in diagrams in Fig. 1C and table S2. In this ex-
perimental setup, the timeline begins at t = 0, which marks the start-
ing point when both the robot and human face begin the expression
process. When ¢ = n, this represents the moment the robot detects
the peak activation and begins to predict human facial expressions.
The objective is to achieve simultaneous human-robot facial expres-
sions when t = m, with m denoting the target time by which the ro-
bot aims to have matched the human's facial expression.

We conducted experiments on videos of various human partici-
pants shown in Fig. 5 with different facial expressions. The perfor-
mance was calculated from the testing dataset used to train the
predictive model. The columns with four sequential frames are the
input frames observed by the predictive model. The target face
column is the target facial expression that the robot does not per-
ceive. Ground truth pictures are the normalized target facial land-
marks directly put into the inverse model to produce the robots
target face. We actuated motor commands on our physical robot
and took robot front-face pictures, as shown in the actual final robot
face column, to demonstrate that our approach successfully allowed
the robot to learn to predict the human target face using only the
initial subtle changes in the face. The results also demonstrate
that our learning framework generalizes across various human
participants and diverse facial expressions.

Evaluation of facial expression prediction using a

confusion matrix

To further evaluate the performance of our robot in predicting facial
expressions, we constructed a confusion matrix on the basis of the
prediction commands for the facial expressions. The primary task
here was to predict the commands that would generate target facial
expressions. Given that the commands are normalized between
0 and 1, representing the activation of muscles on the robot’s face,
we can classify each command as activated or not. Each facial ex-
pression is generated by a set of 11 motor commands, with each
command representing the actuation of muscles on the robots face.
Our dataset comprised 214 test samples, resulting in a total popula-
tion of 2354 commands.

We set a calm facial muscle as the reference point and defined
positive samples as those where the L1 distance between the target
face commands and the calm face commands is greater than 0.25.
The choice of L1 distance and the threshold of 0.25 is informed by
the normalization of the commands to a range of 0 to 1; thus, the
calm face with a range of +0.25 covers a half region, which is 0.5.
Conversely, negative samples are defined as those where this dis-
tance is within 0.25. If the predicted commands fall in the same region

as the target commands, then they are considered true; otherwise,
they are classified as false.

Figure 6 visually illustrates the prediction process and compari-
son with ground truth in four representative cases. Figure 6A show-
cases a true positive case where the robot correctly predicted a
big smile from a calm face. Figure 6B illustrates a false positive
case where the robot inaccurately predicted a smile even though the
ground truth showed calmer facial muscles. Figure 6C represents a
false negative case where the robot failed to predict a facial expres-
sion that was present. Last, Fig. 6D shows a true negative case, where
the robot accurately predicted that there was no substantial devia-
tion from the calm face. Table 1 shows that our model correctly
predicts the activation of facial muscles for expressions in approxi-
mately 72.2% of the cases. The high positive predictive value sug-
gests that when our model predicts that a muscle will be activated,
it is correct 80.5% of the time. However, the false omission rate of
0.462 and the false positive rate of 0.446 suggest that there is room
for improvement in minimizing both the false negatives and false
positives.

Given that the commands in our setup are normalized to a range
between 0 and 1, we designated the calm face as the origin. In this
normalized space, we used the L1 distance to measure the deviation
between the target face’s commands and the origin calm face’s com-
mands. The L1 distance was chosen because of its interpretability
and sensitivity to changes in the command dimensions. To differen-
tiate between positive and negative samples, we established a thresh-
old for the L1 distance. We selected a threshold of 0.25, ensuring
that the calm face region, which is considered within +0.25 of the
origin, constitutes half of the total normalized range (0.5). This
number can easily classify notable changes as activated commands.

DISCUSSION
We present a face robot with soft anthropomorphic face skin and its
controller capable of performing simultaneous expressions by pre-
dicting human facial expressions. The overall pipeline consists of
two neural networks: the predictive model and the inverse model.
We demonstrated the effectiveness of both models by quantitative
evaluation in comparison with other baselines. The results show that
our predictive model successfully anticipates diverse human target
facial expressions and can generate the predicted facial expression
long enough in advance to allow the mechanical apparatus sufficient
time to actuate.

It is imperative to acknowledge that discretion must be exercised
in the selection of facial expressions for the robot to mimic. Certain
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Table 1. Confusion matrix of facial expression prediction. Confusion matrix summarizing the performance of our facial expression prediction model within a
total population of 2354 instances. It quantifies the model’s accuracy in predicting the activation of facial muscles during expressions, highlighting a success
rate of approximately 72.2%. Acc., accuracy. The table includes several key metrics: positive predictive value (PPV), false omission rate (FOR), false positive rate

(FPR), sensitivity (SEN), likelihood ratio-positive (LR*).

Predicted condition

Total population = 2354

Positive

Negative

Actual condition Positive

Acc.=0.722
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PPV =0.805

SEN =0.795

LR+=1.782

FOR=0462
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Target
Human Face

Input Frames

Fig. 5. Result visualization. The landmarks of the four consecutive frames on the left were input into the predictive
model. The facial landmarks of target face frames are the labels of the predictive model. We derived the motor com-
mands to produce the ground truth face by directly inputting the facial landmarks of the human target face into the
inverse model. The number on the upper right in each picture is the time stamp. The prediction pictures are the
results of the entire pipeline by observing only the four input frames. Additional examples of these results can be

found in fig. S4.

facial gestures such as smiling, nodding, and maintaining eye con-
tact are typically reciprocated naturally and are perceived positively
in human communication (40, 41). Conversely, the mimicking of
expressions such as pouting or frowning should be approached with
caution because these could potentially be misconstrued as mock-
ery or convey unintended sentiments (42).

It is worth noting, however, that in certain contexts, mimicking
such expressions can be strategically used for humor or diffusion of
tense situations (43-45). Moreover, in future work, it will be impor-
tant to consider that the genuineness of smiles is not solely deter-
mined by their anticipatory nature but also involves specific facial
movements, such as the Duchenne marker, and temporal features,
like sustainment and decay rate (46).

Our key contribution is the development of both robot hardware
and learning algorithms for enabling anticipatory facial expressions.
Although the effectiveness of the proposed method has been vali-
dated quantitatively using standard facial tracking metrics, we rec-
ognize that the ultimate measure of success is how these expressions
are perceived by human users. An essential future step is to validate
the emotional effect of these expressions in real-world human-robot
interactions in various contexts to determine their psychological
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Robot Face Robot Face

Actual Final  validity. This is an area of focus for our
upcoming research.

In addition, one of the limitations of
the current study is the potential lack of
cultural sensitivity in the model’s predic-
tions and mimicking of expressions. Dif-
ferent cultures may have varying norms
and meanings associated with certain
facial expressions (47). For instance, al-
though a smile is generally considered a
sign of happiness or friendliness in many
cultures, it can also be a sign of embar-
rassment or uncertainty (48). Similarly,
direct eye contact might be perceived as
a sign of confidence and honesty in some
cultures but can be considered rude or
confrontational in other cultures (49).
Future work could explore integrating
cultural context into the model, possibly
by incorporating datasets from various
cultural backgrounds and incorporating
an understanding of cultural norms in
the algorithm.

We also acknowledge that facial mim-
icry alone, even when done simultane-
ously, is far from capturing the full range
of facial communication ability of hu-
mans and may even feel distasteful when
performed by an adult-looking robot.
However, just like infants learn to imitate
their parents before graduating to make
independent facial expressions, we be-
lieve that robots must learn to anticipate
and mimic human expressions as a first
step before maturing to more spontane-
ous and self-driven expressive communi-
cation (50).

Target

Potential influence on other fields

The potential influence of this research extends beyond robotics to
fields such as neuroscience and experimental psychology. In the
field of neuroscience, the study of mirror neurons provides a rele-
vant example. Mirror neurons are brain cells that fire both when
an animal acts and when the animal observes the same action per-
formed by another (51). These neurons have been implicated in un-
derstanding other people’s actions, imitating behavior, and empathy
(52, 53). A robotic system that can predict and synchronize facial
expressions can be used as a tool for studying the mirror neuron
system (54). By interacting with participants while measuring brain
activity, researchers can gain insights into the neural correlates of
social interaction and communication (55).

In experimental psychology, understanding facial expressions is
crucial, for instance, in education and therapy for individuals with
autism spectrum disorder (ASD). People with ASD often have diffi-
culty interpreting facial expressions (56). Robots with the ability to
predict and synchronize facial expressions could be used as educa-
tional tools to help individuals with ASD develop better social com-
munication skills. Studies have shown that robots can be effective in
engaging children with ASD and promoting social interaction (57).
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0.56
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Fig. 6. Visual representation of four cases. (A) True positive—correct prediction of a big smile; (B) false positive—
incorrect prediction of a smile; (C) false negative—failure to predict an actual facial expression; (D) true negative—

correct prediction of no notable deviation from the calm face.

Being able to predict and recognize emotions through facial
expressions is also crucial for empathy (58). Empathy, in turn,
is a fundamental component of effective communication and
maintaining social relationships (59). Thus, we believe that the
ability to perceive people’s emotions before their expressions is
an essential first step toward building robots that are more so-
cially adept (60). In this study, we focus on developing a ro-
botic face capable of anticipatory facial expressions, laying the
groundwork for more authentic human-robot interactions. Un-
derstanding and optimizing this interaction paves the way for
potential applications in therapy, education, and everyday com-
munication.

Ethical considerations

Last, as we reflect on the advancements in robotic facial expres-
sions, we remain cognizant of the ethical dimensions associated
with this technology. As robots evolve in their capacity to emu-
late humanlike behaviors, they gain the potential to forge stron-
ger connections with humans (61). Although this capability
heralds a plethora of positive applications, ranging from home
assistants to educational aids, it is incumbent on developers and
users to exercise prudence and ethical considerations (62). The
potential for misuse of such technology, such as deception or ma-
nipulation, underscores the need for robust ethical frameworks
and governance to ensure that these innovations are aligned with
the values and well-being of society (63, 64).
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Actual Final
Robot Face

METHODS

Data representation

We extracted facial landmarks from pic-
tures using Mediapipe (65) because land-
marks had lower dimensions than raw
images and were robust in describing
facial features across genders and eth-
nicities. To realize the natural human-
robot interactions, the robot needed to
have a high-speed response at a rate sim-
ilar to that of a human. Reducing the di-
mension of observation helped reduce
the time required for computation and
prevented people from losing patience
and interest because of time-consuming
data calculation. In our work, we selected
113 landmarks of the 468 original facial
landmarks to represent facial expressions.

Target
Robot Face

Inverse model training

The inverse model took in the robot
landmarks or normalized human land-
marks to generate motor commands.
The movement command consisted of
11 numbers: two for the eyebrows, two
for the eyelids, six for the mouth, and
one for the jaw. We normalized all the
motor action values to the [0, 1] range.
The input landmark matrix of dimen-
sion 113 X 2 represented the positions
of the 113 face points on the x and y
axes. Given input landmarks, the in-
verse model outputted 11 motor values
aimed at imitating those landmarks on the robot’s face.

The inverse model had three fully connected layers (Fig. 7A). The
activation function used in the first two layers is a bilinear rectified
linear unit, and the last layer is Sigmoid. The model was optimized
with a mean square error loss using the Adam optimizer (66) and a
10~° learning rate.

During the data collection phase, the robot generated sym-
metrical facial expressions, which we thought could cover most
of the situation and reduce the size of the model. We used an
Intel RealSense D435i to capture RGB images and cropped them
to 480 pixels by 320 pixels. We logged each motor command
value and robot image to form a single data pair without any
human labeling.

We used the setup described above to create two datasets,
each consisting of 1000 robot facial expressions. In the first set,
the robot only moved the eyes and eyebrows; in the second
dataset, the robot only moved the mouth. This separation was
conducted because the top half and bottom half of the robot face
can be actuated independently, giving rise to 1,000,000 combi-
nations in total. This augmentation method improved the effi-
ciency of our training model process and also prevented the
robot from overusing the motors and causing hardware prob-
lems. All the datasets to train the inverse model and the trained
model are provided in the Supplementary Materials. We divided
each group of 1000 expressions into 800 pairs for training and
200 for validation.

8of12

920z ‘Gz ARe|Nl uo (noyzbuens)) ABojouyde | pue 8duB 1S Jo A1sieaiun Buoy BuoH ay] e Hi0:eousios mmmy/sdiy woly papeojumoq



SCIENCE ROBOTICS | RESEARCH ARTICLE

A
Flatten
e 0
Facial Landmarks Motor
113 x2 226 FC+RelLU+BN FC+RelLU FC+Sigmoid Commands
1024 512 11 11
B + + +
Flatten
Y v v
Facial Landmarks Predicted Facial
4x113x 2 904 FC+Tanh FC+Tanh FC+Tanh FC+Tanh FC+Tanh FC+Tanh FC FC Landmarks
1024 1024 1024 1024 1024 1024 512 226 113x2

Fig. 7. Model architecture. (A) Inverse model architecture. A flattened input datum from the facial landmarks in pixel coordinates was transmitted through three fully
connected layers (FCs). The first FC output was fed into the rectified linear unit (ReLU) and batch normalization (BN) processing before continuing to transmit to the next
FC(72).The last FC layer used the Sigmoid activation function to map the resulting values between 0 and 1. (B) Predictive model architecture. The input was flattened data
with a size of 4 X 113 x 2 consisting of four groups of facial landmarks. The model had eight FC layers and outputted 226 size data that could be reshaped to a group of
facial landmarks. The output of the first six FCs entered the Tanh activation function before entering the next layer. The FC layer between 4 and 6 has a skip connection,
which could amplify the output of the previous layer to preserve the information of the original data.

Predictive model training

The predictive model generated predicted target landmarks on the
basis of a sequence of landmarks after the peak activation. The pre-
dictive model was a residual neural network with eight fully con-
nected layers optimized by a mean square error loss and Adam
optimizer (Fig. 7B). We used a learning rate of 107> and a batch size
of 128 during the training procedure.

We constructed our dataset to train a predictive model using the
MMI Facial Expression database (67, 68). This database contained
2900 videos of 75 human participants ranging in age from 19 to 62
making 79 series of expressions. The human participants were of
European, Asian, or Hispanic/Latino ethnicity. It is important to
note that although this dataset provides a range of facial expressions
and some diversity in participant ethnicity, it does not encompass a
comprehensive representation of all global ethnicities. The selection
of the training dataset was constrained by the capabilities of our
robot hardware. For instance, facial expressions like pouting, stick-
ing the tongue out, and puffing out the cheeks were not achievable
by our robots, and we manually removed such data to form a data-
set that was more representative of our robot’s capabilities.

Among the 970 videos we selected, 756 videos were used for
training and 214 videos were used for testing. We chose to split the
videos from each participant in an 80:20 ratio for training and
validation because of the varied number of videos provided by
each participant (for instance, participant #18 provided 83 vid-
eos, but participant #25 provided only 2). This method allowed
us to ensure a balanced and representative distribution of data for
training and validation, resulting in more stable and reliable model
performance. In our Supplementary Materials, we performed two
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additional fivefold cross-validation tests using different data-
splitting methods to assess the performance of our model. After
splitting the data into training and testing sets, we extracted land-
marks from the expressions of four frames before and after the
peak activation. This resulted in a single input datum of size
9 X 113 X 2, representing the concatenated landmarks from
multiple frames. Each label datum with a size of 4 X 113 X 2 was
composed of the landmarks extracted from the target face frame
and the subsequent three frames. When training the predictive
model, we sampled four sets of landmark data from each input
data and one set of landmark data from label data to form a data
pair. With this data augmentation method, we could theoretically
construct 1,629,600 pairs of data. The inverse model and the pre-
dictive model were neural networks implemented with Pytorch
(69). We provide all the details regarding training for the predic-
tive model including the dataset and the trained model in the Sup-
plementary Materials.

Predictive model data generation

We trained our predictive model with human facial expression
videos. In this section, we describe how to generate the data for
training the model automatically in detail. Because we used facial
landmarks to represent the human face, we could quantify the
change in the human face by calculating the distance between facial
landmarks in each frame with the resting facial landmarks. In
Fig. 7A, we leveraged a Savitzky-Golay filter (70) to smooth the raw
data curve. The frame corresponding to the peak of this smoothed
curve was identified as the target face, which had the maximum
deviation from the resting face. Then, we calculated the second
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derivative of the processed curve to depict the acceleration of face
change. The maximum value of this new curve was the peak activa-
tion, as shown in Fig. 8B. To improve the data efficiency and make
the performance more robust, we sampled the data around peak ac-
tivation as input data and target face as label data.

Normalization algorithm
The motion space of the robot was different from that of the human,
so to make the model trained by the robot face data meet the input
data of the human face, we needed a normalization process that
maps human facial landmarks to robot facial landmarks as shown in
fig. S1. This was necessary because the range of motion of the person
might exceed that of the robot. Furthermore, the normalization
process could yield more general results because the human facial
motion space was different among humans. We could obtain land-
marks in robot space Lz by normalizing human landmarks Ly using
the following equations

if L, —H,>0: Ly =Min((R

max

- Rs)> (LH - Hs)) X K + Rs (1)

if Ly — H, > 0: Ly = Min((R, — R, (Lyy — H,)) X K + R, (2)

where H;, Ry, Ryax, and Ry, represent the human and robot resting
facial expression and the robot value range of the spatial position of
the landmark in the inverse model dataset. K is the scaling factor
that adjusts the proportionality of the landmark mapping. This nor-
malization approach differs from our previous work (71), where the
calculations of human moving range and robot moving range are
unnecessary, so the robot can directly do normalization without
collecting such priors (human facial moving range) from human

participants. It will be more accurate for robots to learn human
expressions because the expressions of robots and humans will be
on the same scale.

Ethics approval and consent to participate

This study involved the use of identifiable images of the first author,
Y.H., who has explicitly consented to the publication of these images
without anonymization. Because the study did not involve addition-
al human participants directly, the requirement for broader ethics
approval was not applicable to this work.

Regarding the use of the MMI Facial Expression database, we
complied with the requirements set forth by the database’s end user
license agreement (EULA) (68). The database is freely available to
the academic scientific community for noncommercial use under
the condition that users register and agree to the EULA. This agree-
ment explicitly allows for the academic use of imagery contained
within the database, including publication and presentation, pro-
vided that the participants depicted have granted their permission
for such uses. The database can be accessed at http://mmifacedb.
com, and it requires users to register and agree to the EULA before
gaining access to the materials.

By exclusively using images for which explicit consent has been
obtained (from the first author) and relying on an open-source
database compliant with ethical research standards, this study
upholds the principles of consent and ethics in academic research.

Statistical analysis

We used Python (version 3.9) for statistical analysis. We compared
the performance of our inverse model against three baselines:
random commands, random face, and nearest neighbor search,

Fig. 8. Data for training predictive model.
(A) The raw data consisted of the distances 024 o rawdata
between facial landmarks in each frame and —— processed data
those of the resting face, calculated using the L e input frames
mean square error (MSE) method. The facial A g 0.11 @ targetframes
landmarks of the resting face were the mean
of the five initial frames. After smoothing the 00 eme , : .
raw data, we got processed data as a blue _(')— 2'0 4'0 6‘0 8'0 160
curve. When training the predictive model, 3
we sampled the input data from the input 0014 ® exciting point
frames shown with green points on the curve acceleration
and sampled one of the target frames as the B um.l 0.00 1
label. (B) The acceleration of face change. S
The peak activation at the gray point was the ~0.01 1
maximum value of this curve.
(‘) 2|0 4IO 6'0 8I0 1(I)0
Video frame

Resting face
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using a dataset comprising 45,200 samples. Similarly, we assessed
the effect of our predictive model in comparison with two baselines,
random search and mimicry, using 214 distinct expressions mea-
sured against facial landmarks. For both scenarios, we detailed the
statistical analysis by calculating the SD, SEM, and 95% confidence
intervals to ensure a robust evaluation of model performance. We
conducted a t test to compare the mean prediction errors between
our method and the mimicry baseline. We used a significance level
set at 0.05 to determine whether there was a statistically significant
difference between the means of these two independent groups. To
assess the generalizability and robustness of our predictive model,
we used fivefold cross-validation tests executed in two distinct man-
ners: based on video samples and based on participants. In addition,
we constructed a confusion matrix to assess the model’s ability to
predict facial expression commands, using L1 distance to classify
the activation of facial muscles.

Supplementary Materials
This PDF file includes:
Supplementary Methods

Figs. S1to S4

Tables S1 to S5

References (73, 74)

Other Supplementary Material for this manuscript includes the following:
Movies S1 to S4
MDAR Reproducibility Checklist
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Editor’'s summary

Humanoid robots are capable of mimicking human expressions by perceiving human emotions and responding after
the human has finished their expression. However, a delayed smile can feel artificial and disingenuous compared

with a smile occurring simultaneously with a companion’s smile. Hu et al. trained their anthropomorphic facial robot
named Emo to display an anticipatory expression to match its human companion. Emo is equipped with 26 motors and
flexible silicone skin to provide precise control over its facial expressions. The robot was trained with a video dataset
of humans making expressions. By observing subtle changes in a human face, the robot could predict an approaching
smile 839 milliseconds before the human smiled and adjust its face to smile simultaneously. —Melisa Yashinski
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