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A Music-driven Deep Generative Adversarial
Model for Guzheng Playing Animation

Jiali Chen, Changjie Fan, Zhimeng Zhang, Gongzheng Li,
Zeng Zhao, Zhigang Deng, Senior Member, IEEE, Yu Ding

Abstract—To date relatively few efforts have been made on the automatic generation of musical instrument playing animations. This
problem is challenging due to the intrinsically complex, temporal relationship between music and human motion as well as the lacking
of high quality music-playing motion datasets. In this paper, we propose a fully automatic, deep learning based framework to
synthesize realistic upper body animations based on novel guzheng music input. Specifically, based on a recorded audiovisual motion
capture dataset, we delicately design a generative adversarial network (GAN) based approach to capture the temporal relationship
between the music and the human motion data. In this process, data augmentation is employed to improve the generalization of our
approach to handle a variety of guzheng music inputs. Through extensive objective and subjective experiments, we show that our
method can generate visually plausible guzheng-playing animations that are well synchronized with the input guzheng music, and it
can significantly outperform the state-of-the-art methods. In addition, through an ablation study, we validate the contributions of the

carefully-designed modules in our framework.

Index Terms—deep learning, generative adversarial networks, motion capture, guzheng animation, music-driven, data augmentation

1 INTRODUCTION

HILE playing music with an instrument, musicians
W are generally in continuous motion [1], often involv-
ing facial expression, hand gesture, torso movement, etc.
Such visual behaviors are not only dedicated to touching a
musical instrument at the right place for matching the score
[2] but also visually consistent with the music rhythm to
convey musical expression and thoughts to the audience [3],
[4]. These visual cues reflect the musician’s interpretation
of the music [5]. On the other hand, human observers are
intrinsically skilled at perceiving the conveyed emotion and
intention from such visual behaviors of music playing.

To generate instrument-playing animations in concert
with given music, manually making such animations or
direct motion capture of the musician’s instrument playing
performances are two potential solutions. However, manu-
ally making such animations are labor-intensive, non-trivial,
and less accurate. Collecting large-scale, quality instrument-
playing motion capture data not only is expensive but also
requires overwhelming efforts on manual data cleaning and
correction. To this end, these two methods are at most lim-
ited to few delicately planned scenarios. Another direction
to solve this issue would be to automatically generate musi-
cal instrument playing animations based on novel inputted
music, without human intervention. In [6], researchers an-
alyzed the creativity of computers in generating expres-
sive music performances and proved that certain aspects
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of personal styles are recognizable. This suggests that it
is potentially possible to directly generate music playing
performances based on novel inputted music. Also, several
previous works have attempted to model the relationships
between music and the corresponding instrument playing
behavior at low-level representations [7], [8].

A straightforward data-driven solution to the automated
generation of instrument playing animations would be to se-
lect pre-defined action segments according to the features of
novel inputted music, and then concatenate and interpolate
them as the final animation. Such a method requires care-
fully collecting and processing action segments, and even
so it is difficult to ensure good synchronization between
the input music and actions. With the rapid advances of
machine learning techniques in recent years, in particular,
deep learning algorithms, researchers started to exploit deep
learning for the automatic generation of instrument playing
animations. For example, Shlizerman et al. [9] utilized the
classical temporal model of deep learning, long short-term
memory (LSTM) [10], to generate 2D skeleton animations
of playing the piano or violin from novel inputted music.
However, the LSTM-based network is time-consuming due
to the inherently sequential computation [11]. Moreover, in
their approach, only the regression loss is used, but the
regression loss focuses on the generated animation at frame-
level. More importantly, the adversarial loss that can enforce
the distribution of synthetic human motions to be close to
that of real human motions is not utilized, which affects
the quality of the resultant animations in their approach.
Indeed, to date, automatically generating high quality in-
strument playing animations for novel inputted music is
still considered a wide open problem.

Deep learning techniques have been successfully ap-
plied to many fields and applications. For example, in
recent years, the Unet [12], a variant of the CNN net-
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Fig. 1. Frames of a generated Guzheng-playing animation. The bottom row shows the input music; the middle row shows the outputted skeletal
animation of the upper body; and the top row shows the corresponding virtual character animation.

work, demonstrated noticeable successes in multiple tasks,
including medical imaging [13], [14], image generation
[15], and conversational gesture generation [16], due to
its powerful capacity of capturing multi-scale input. In
addition, Generative Adversarial Networks (GAN) [17] has
been proved to be an effective framework for generating
realistic images [15], [18] and video-realistic facial expres-
sions [19], especially for producing high-frequency details
in images/video.

In this paper, taking advantage of the recently developed
Unet [12] and GAN [17], we propose a Unet-based, end-to-
end, music-to-motion GAN to synthesize the upper body
motion of playing the Guzheng (a widely-known musical
instrument in China) for any input music. Specifically, our
method extends the Unet from the image domain to the
animation domain, in order to capture the short-time de-
pendence and the long-time dependence relationships be-
tween music and motion. Based on a recorded audiovisual
dataset of Guzheng playing, acquired by an in-house motion
capture system, a carefully-designed, Unet-based GAN is
developed to model the dynamic correlation between the
music and motion in the dataset, and the trained GAN can
be used to generate realistic upper body animations given
novel inputted music. Via various objective and subjective
experiments, we demonstrated that our approach can gen-
erate natural and visually-plausible upper body animations
of Guzheng playing, and it can soundly outperform the
state-of-the-art LSTM-based and CNN-based methods [9],
[12]. Figure 1 shows some frames of a synthesized Guzheng
playing animation by our approach.

The motion data used in [9] were captured via the Open-
Pose library [20], but such data are well-known to suffer
from the problems of mis-detection [9] and bone distortion
[21]. In this work, to preserve the accurate temporal relation-
ship between music and motion, we collected an in-house,
high-quality dataset of Guzheng-playing motions, with the
aid of a professional motion capture system. The collected
Guzheng-playing motion dataset is publicly released for the
purpose of research’.

1. https:/ / github.com /FuxiVirtualHuman/Guzheng-Playing

The main contributions of this work can be summarized
as follows:

Drawing on the benefits of both the Unet and the
GAN, we propose an end-to-end, music-to-motion
GAN framework to synthesize visually-plausible up-
per body motion based on novel inputted Guzheng
music;

we build the first-of-its-kind, high quality, Guzheng-
playing motion dataset, which will be released for
the research purpose in the research community.

2 RELATED WORK

Since our task is essentially an animation generation prob-
lem, in this section we first review recent related works on
the synthesis of facial animation, conversational gesture an-
imation, dance animation, and musical instrument playing
animation, then report the recent developments on deep
generative adversarial networks.

Facial animation. Many researchers have made great
efforts to explore the synthesis of facial animations and
expressions [22]-[47]. In recent years deep learning tech-
niques have been exploited for facial animation synthesis.
For example, Karras et al. [36] utilize CNN to learn the cross
modal mapping between audio and facial animation. Pham
et al. [39] employ the LSTM to capture the temporal depen-
dencies and futher combine the CNN and LSTM to improve
the model performance [42]. Readers of interest can refer
to recent comprehensive surveys on facial animations [48],
[49].

Conversational gesture animation. With recent devel-
opments on deep learning, researchers also employ deep
neural models to synthesize conversational gestures from
speech. For example, both Ferstl et al. [50] and Ginosar
et al. [16] use LSTM based structures to synthesize 3D
joint angles and 2D joint positions, respectively, from input
speech prosody. Kucherenko et al. [51] first take an encoder-
decoder structure to map 3D joint position into a lower
dimensional, pose embedding space to remove pose noise,
and then utilize a LSTM-based framework to regress the
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pose embedding. Recently, Jin et al. [52] proposed a LSTM-
based approach to generate realistic three-party head and
eye motions based on novel acoustic speech input together
with speaker marking (i.e., speaking time for each inter-
locutor). Considering that there is a many-to-many mapping
between speech and gesture, Rodriguez et al. [53] introduce
a generative adversarial network to improve the quality
of the generated gestures. Our work also leverages the
adversarial training strategy and replaces LSTM with CNN
to accelerate the framework without sacrificing the synthetic
quality.

Dancing Animation. Existing dancing animation syn-
thesis works can be roughly divided into motion segment
based methods and generative model based methods. Gen-
erally, the motion segment based methods [54]-[59] first cut
several pre-defined choreography dance segments from a
database, and then select and parse these segments into a
dance sequence. However, different methods use distinct
segmentation strategies, e.g., Shirator et al. [54] design
matching rules according to rhythm features. Lee et al. [55]
first compute the music similarity and then select the best
matched dance segments. Fukayama et al. [56] simulate the
matching criterion with Gauss processes. Berman et al. [57]
leverage motion graphs to optimize the selection of motion
segments. Ye et al. [58] utilize LSTM to learn the matching
between music and dance segments. Chen et al. [59] add
extra information of music style and rhythm signatures in
the matching process.

The generative model based methods [60]-[66] aim to
directly synthesize the dance frame at each time step.
Ofli et al. [60] employ hidden markov models (HMM) to
generate dance motion. Alemi et al. [61] utilize Factored
Conditional Restricted Boltzmann Machines (FCRBM) and
RNN to generate joint angles. Tang et al. [62] proposed a
LSTM-autoencoder framework to synthesize joint positions.
Lee et al. [63] proposed a framework to produce action
units instead of action frames to synthesize smooth motions.
Lee et al. [64] proposed a CNN based encoder-decoder
framework to generate 2D skeleton coordinates. Huang et
al. [65] proposed a self-attention based network to learn
a cross-modal mapping and utilize curriculum learning to
reduce error accumulation. Wallace et al. [66] treat the dance
generation from music as a one-to-multimodal distribution
mapping, and proposed a Mixture Density Recurrent Neu-
ral Network(MDRNN) to learn the mapping.

Both the above motion segmentation based methods and
the generative model based methods may not be suitable
for the synthesis of instrument playing animations. The
main reason is that dancing animation synthesis generally
only considers the rhythm and style in the music, while
instrument playing animation needs the mining of the
musical scores. For instance, pianists are able to translate
piano music into MIDI files easily, but it is very difficult to
analogously infer dance motion from music.

Musical instrument playing animation. In recent years
researchers developed many deep learning methods to auto-
matically synthesize various musical instrument playing an-
imations [9], [67]-[70]. For instance, Li et al. [67] combine the
CNN and LSTM to produce pianist body movements from
MIDI note streams and additional metric structures. In their
work, the CNN is used to extract musical features and LSTM

is employed to capture temporal dependencies. Shlizerman
et al. [9] utilize the vanilla LSTM to automatically generate
2D skeletal animations of piano or violin playing given
music input, and then further use the skeletal animations to
drive the animation of pre-defined 2D textured characters.
Considering the existence of different motion patterns in
different body parts, Liu et al. [68] proposed a three branch
framework to synthesize the violin playing motion for the
right hand, the left hand, and the upper body, respectively.
Bogaers et al. [69] explored more music features in piano
animation generation and demonstrated the usefulness of
MECC features. Kao et al. [70] design a two-branch network
to synthesize the movements of the right hand and body
according to the characteristics of violin playing. In the right
hand branch, they proposed a framework combined with
the Unet, LSTM and self-attention, which is similar to our
method. In our work, we also do comparative experiments
with their framework.

Deep Generative Models. In comparison with the LSTM
model [10], the CNN-based network has the capability of
parallel computation. CNN has been widely used in tempo-
ral sequence processing [11], [71] and image processing [12],
[72], [73]. Recently Bai et al. [71] proposed a temporal convo-
lutional (neural) network (TCN) on sequence modeling and
demonstrated that the TCN model can substantially out-
perform generic LSTM models. Dauphin et al. [11] use one
linear mapping path in each convolutional layer to reduce
both the vanishing gradient problem and convergence time.
Researchers also explored to use the identity path, which
is similar to linear mapping path in image processing [72],
[73]. The above works show that the delicately-designed,
CNN-based networks are also capable of modeling temporal
sequences.

Ronneberger et al. [12] proposed the Unet network, a
variant of CNN, for image segmentation. Later, due to its
special structure of down-sampling layers and up-sampling
layers with the skipped connections between them, the Unet
network has been successfully extended for multiple tasks,
including medical imaging [13], [14], image generation [15],
and conversational gesture generation [16]. The module of
the down-sampling layers is a CNN-based encoder, mainly
consisting of convolution layers and max pooling layers.
The module of the up-sampling layers is a CNN-based
decoder, mainly consisting of convolution layers and de-
convolution layers. Oktay et al. [14] further use attention
mechanisms in the Unet network for medical image seg-
mentation.

The GAN model was first proposed in [17] to generate
images from random noise. The GAN network consists of
a generator G and a discriminator D. In the training stage,
G is trained to confuse D, and D is trained to correctly
distinguish whether the output of G is real or fake. Mirza
et al. [18] proposed the conditional GAN (cGAN) to control
image synthesis according to input conditions. The discrim-
inator in the cGAN distinguishes not only the synthetic
image is real or fake but also whether the image matches the
conditions. Isola et al. [15] proposed a patch discriminator
that has the benefit of fewer parameters and runs faster. For
a comprehensive review on GAN models and their latest
applications, please refer to the recent survey article [74].
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MoCap cameras

MoCap room Recording equipment

MoCap Suit

Optical marker

Guzheng

Fig. 2. Snapshot of the in-house motion capture setup for collecting data
in this work.

3 DATA COLLECTION AND PROCESSING

Our deep learning based framework needs to use a quality
dataset for model training. Therefore, in this work we used
an in-house motion capture setup to record a dataset that
contains both the audio (music) and motion of the musician
who plays Guzheng. Note that the music and human motion
were acquired simultaneously. In this section we describe
the data collection and processing step.

3.1

To obtain a high-quality dataset, we invited a Guzheng
musician to play 36 pieces of Guzheng music. Each piece
lasts from 45 seconds to 6 minutes, and the total recording
time is 1 hour 6 minutes 23 seconds. This dataset was
collected in a VICON motion capture room. As shown in
Figure 2, the musician wears a motion capture suit with 59
optical mocap markers at specific locations of the human
body, including joints, hips, elbows, wrists, etc.

When the musician plays the Guzheng instrument, the
motion capture system records the movements of the human
joints, from which we can further extract the rotations and
displacements of the joints. Since the focus of our work
is on the upper body motion, 47 joints of the upper body,
including the torso, head, arms, and fingers, are used in this
work, illustrated in Figure 3. The motion capture data were
captured at 30 frames per second (fps), and the Guzheng
music was recorded with 44.1 kHz through a professional
audio recording device. Due to the limitations of the used
optical motion capture system (e.g., limited capability to
handle occlusions), the recorded finger motion data cannot
accurately reflect the fingers’” movements. Therefore, we
manually corrected finger motions in our data processing
step.

Although our data were collected in the professional mo-
tion capture room, a few reasons make the relative positions
of both the hands and the strings of the Guzheng are not
correct sometimes. Specifically, the skeleton scales of the real
human and the virtual character are different. Motion re-
targeting from the human to the virtual character sacrifices
the accuracy of motion, to a certain extent. Moreover, the
size of the virtual Guzheng is also different from the real
one. Also, the recorded music and motion were manually
aligned by a professional annotator, with the aid of the
ELAN software [75].

Data Collection

4 Head and torso: )
\ Spine, Spine1, Spine2, Neck, Head _
_______________ —
/ Left and right arms: \
| Clavicle, Upperarm, Forearm,
Foretwist, Foretwist], Hand, Finger0~14 )
N e e e e L e e L L e e —

Fig. 3. lllustration of the human joints used in this work.

3.2 Data Processing

To meet the need of our model training task, we processed
the recorded music and motion sequences separately and
then composed them into a set of audiovisual data.

Music processing. Widely used in audio feature extrac-
tion, spectrogram has been successfully used for a variety
of applications, including voice conversion [76], speaking
gesture generation [16], etc. In this work, we extracted
768-dimensional spectrogram features as the input to our
model. Compared to MFCC features used in [9], spec-
trogram features have higher dimensions and keep more
information from the raw audio data. Each sample of music
audio is represented by a sequence of spectrogram features
T = ffy;fy; 0 f o Frg, where fi is a 768-dimensional
vector of spectrogram features and T is the total number of
frames in T.

Motion processing. Since the virtual character anima-
tion is controlled by a bound skeleton, we represent and
store the rotation of each joint as a Quaternion (4 dimen-
sions). Quaternion is chosen over other rotation represen-
tations (such as Euler angles) since it is more suitable for
smooth rotation interpolation and prevents the Gimbal lock
[771, [78].

Based on the above quaternion representation, the
upper body motion is represented by a sequence (M)
of 188-dimensional vectors (denoted as m;), m =
Tmy; my; i me; i mr g, where T is the length of sequence
m, and m¢ is the 188-dimensional motion features at
time t (47 joints 4 per quaternion = 188). Moreover,
through the forward kinematics algorithm, the positions
of 3 end effectors (i.e., the left hand, the right hand,
and the head) were calculated and represented by a se-
quence (p) of 9-dimensional vectors (denoted as pt), p =
Tp1;p2; i P 5 P Y, and pe is composed of the xyz posi-
tions of the 3 end effectors. Specifically, we calculated the
position of each end effector relative to the skeletal root,
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Capture Motion

Spectrogram

\
T |
= S 5>
Discriminator

Feature size: 188

(D)

Real Fake

Generator
(G)

| T:
128

Feature size: 188

Predict Motion

Fig. 4. Pipeline overview of the proposed music-to-motion framework. The framework consists of a generator and a discriminator. Please see
Figures 5 and Figure 9 for more details on the generator and the discriminator, respectively.

and then further normalized the position data in order to
enforce the resultant data distributing between [0,1].

To this end, we created an audiovisual dataset,
TF; m; pg, consisting of 36 audiovisual pieces. Each piece
has a different length. To meet the training requirement,
each piece was split into audiovisual segments, each of
which has empirically-chosen 128 frames (about 4 seconds).
Finally, the dataset includes a total of 108,372 audiovisual
segments, denoted as S = fF128 768, miz8 188, p*?8 9.

4 Music-To-MoTION GAN

The goal of our approach is to automatically synthesize
realistic upper body motion, including torso motion, head
motion, arm motion, and finger motion, based on a Guzheng
music as the given input.

Our music-to-motion model is a GAN-based framework,
illustrated in Figure 4. Specifically, an animation generator
G is built to synthesize upper body motion sequences
m 2 R128 188 from the spectrogram features of the input
Guzheng audio, T 2 R128 768 Fyrthermore, the audio spec-
trogram T is separately concatenated with the real motion
sequence M and the synthetic motion sequence m to form
two tuples: TF;mg 2 R128 956 and ff;mg 2 R1%8 956 A
discriminator D is designed to determine whether ff;mg
and ff; mg is real or fake. G and D are CNN-based neural
networks where one-dimensional convolutions are utilized
over the audio spectrogram T or the motion m¢ and carried
out along with the time dimension t. In the training, G
produces realistic upper body motions as much as possible
to fool D. Meanwhile, D is updated to correctly distinguish
the synthetic tuple Tf; Mg from the real tuple Tf; mg. G is
trained under the supervision of D. This adversarial train-
ing process aims to enforce the synthetic joint movements
M more realistic and natural. The details of our framework
are described in the remainder of this section.

To refine the generated animation, G is supervised by
two regression losses and a GAN loss. The regression losses
govern both the rotations of the joints and the positions of
the end-joints, and they are designed to make the synthetic
animation as close to the real data. The GAN loss performs
via a pyramid discriminator, which is designed to prevent
the resultant animation falling into the mean value and to

enforce the generated animation follows the distribution of
the real motion. The combination of the regression losses
and GAN loss is able to ensure the generated motion more
natural and realistic.

4.1

In general, training a deep learning framework requires a
large amount of data. Considering the limited amount of
our recorded music/motion data and the generalization
of the generator for various music inputs, we carry out
a data augmentation step by expanding the diversity of
the input music and by slightly stretching/shrinking the
simultaneously recorded music and motion data.
Stretching and shrinking audiovisual data. A piece
of music may be played relatively fast or slow. To satisfy
the requirement of differential music speeds, the recorded
music and motion data are slightly stretched or shrank si-
multaneously. Our experiments found that too much scaling
would negatively affect the result because the musician’s
upper body could move differently when s/he plays music
at different music tempos. For example, when fast-tempo
music is played, the arm’s action space is relatively small; in
contrast, while slow-tempo music is played, the arm’s action
space could be relatively large, which cannot be achieved
by simply stretching the motion in the temporal dimension.
By randomly sampling the scaled music and motion to the
Audition software, we can find a suitable scaling factor.
To maintain the quality of both the resultant music and
motion, we use a scaling factor between 0.75 and 1.25 for
shrinking and stretching, respectively. We use a constant-
speed adjustment method for music; we stretch or shrink
the motion data using the cubic Spline Interpolation [79].

Data Augmentation

4.2 Generator: Mapping from Audio to Body Motion

The upper body motion generator in this work aims to
map the spectrogram features of Guzheng music to the
joint angles of the upper body (represented by quater-
nions). Our generator is based on a U-shaped deep neural
network, as illustrated in Figure 5. In the down-sampling
layers, 4 1D residual blocks and 4 max pooling layers are
employed. Each 1D residual block is followed by a max
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Res
e block

Time:128
Feature size:768

Res
block | 1:1024

0:2048

Fig. 5. Pipeline illustration of the Music-to-Motion generator in this work.

pooling layer. The 1D residual block and the max pooling
layer are repeated alternately to extract long-range temporal
contextual information and high-level abstract information
from the input audio. The output of each max pooling layer
is denoted as a down-sampling feature map. Along with
the down-sampling operations, multi-scale down-sampling
feature maps are also obtained.

To improve the performance of the generator, we use
attention blocks (AttB in Figure 5) and “upsample + 1D
conv” layers. The attention blocks manipulate the temporal
weights to control the flow from the down-sampling layers
to the up-sampling layers. “upsample + 1D conv” layers are
used to avoid the problem of checkerboard artifacts [80].

In the up-sampling layers, 5 1D residual blocks and 4
“upsample + 1D conv” layers are applied to compute the
quaternion sequence of each upper body joint. Each of the
first four 1D residual blocks is followed by one “upsample
+ 1D conv” layer. The output of each “upsample + 1D
conv” layer is denoted as a up-sampling feature map. Along
with the up-sampling operations, multi-scale up-sampling
feature maps are obtained. In particular, the down-sampling
and up-sampling feature maps with the same scales in those
symmetric layers are fused as the input to the 1D residual
blocks in the up-sampling path. The fusion is done by con-
catenating the up-sampling feature map and the weighted
down-sampling feature map. The weights are calculated
through an attention block.

The up-sampling feature map of the 5-th 1D residual
block is fed into a linear transformation on the feature
channels through a convolutional layer (kernel size is 1,
stride is 1) to fit the dimension of the motion m. Then, a
normalization operation is performed on the feature map to
satisfy the rotation constraint.

1D residual blocks. Our 1D residual block (ResB) con-
sists of two paths: a residual path and an identity mapping
path. Its structure is illustrated in Figure 6. In the residual
path, 1D convolutional layer, the BN operation [81] and relu
function [82] are stacked to extract non-linear features. In
the identity mapping path, a 1D convolutional layer (kernel
size is 1, stride is 1) is used to make the channel size the

———————————— > AttB >
A - i ==p conv_l ==P norm
T block
11128

Time:128

Feature size :188

1: 256 0:188

0:128

--> AttB - Res
T block | 1:512
[ 0:256
Max pooling (kernel:2)
Res Up Sample(2x) +
block | 111024 1Dconv+BN+Relu
---» . Skip-connection
1: 2048
0:1024
Channel Concat.
v
input
lldentity path Residual path
1Dconv+BN+ReLU
conv_1 v
1Dconv+BN+ReLU
Add
output
¢"l+1

Fig. 6. Schematic illustration of the used Residual block (abbreviated as
Res block or ResB).

same as that of the residual path. The results from both the
residual path and the identity mapping path are added as
the output of the 1D Residual block. Our 1D residual block
can be represented as

Xi+1 = 1(X1; i) + R(Xi; r); 1)

where X|, Xj+1 are the input and output of the Ith 1D
residual block; | represents the identity mapping path; R
denotes the residual path; j and  are the parameters of
the two paths respectively. Our 1D residual block design
has the benefits of both reducing the training loss and im-
proving the performance, which is described in our ablation
experiments (refer to Section 5.)

Upsample + 1D conv. In the up-sampling layers of the
generator, deconvolutional layers generally cause the prob-
lem of checkerboard artifacts [80] due to uneven overlapped
placement of each deconvolutional pattern. This always
leads to the motion jittering of the joints. Inspired by the
work of [80], we employ linear interpolations to enlarge
the hidden features, which avoids the uneven overlapped
pattern placement in the deconvolution. Moreover, a 1D
convolutional operation with the BN and relu operations
[81], [82] are followed by the enlarged hidden features
to perform a non-linear feature mapping. The “upsample
+ 1D convolutional” layers contribute to the generation
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of more natural motion than the deconvolutional layers.
Figure 7 shows several comparison examples of the motion
trajectories generated with the deconvolutional layers and
the “upsample + 1D convolutional” layers. As shown in this
figure, the “upsample + 1D convolutional” layers can gen-
erate smoother motion trajectories than the deconvolution
layers.

1) Predicted Head motion trajectories

X =

—— UpSampling + Conv.
—— DeConv.

2) Predicted Neck motion trajectories

—— UpSampling + Conv.
—— DeConv.

3) Predicted Left Clavicle motion trajectories

Y

—— UpSampling + Conv.
—— DeConv.

4) Predicted Left Upperarm motion trajectories

S e
—— UpSampling + Conw.
—— DeConv.

5) Predicted Right Clavicle motion trajectories

=

—— UpSampling + Conv.
—— DeConv.

6) Predicted Righ erarm motion trajectories

—— UpSampling + Conv.

—— DeConv.

Fig. 7. Comparisons of the generated motion trajectories in 3D space.
The red and blue trajectories are generated with the deconvolution and
“upsampling + convolution“ layers, respectively, in the decoder.

Attention blocks. The attention block (AttB) [14] is used
to control the flow of the down-sampling feature maps Ty
into the concatenation with the up-sampling feature maps
fu that have the same scale. The schematic illustration of
the AttB is illustrated in Figure 8. AttB outputs fy that is
weighted along with the temporal dimension. The weights
are computed by first mapping fq and T to the same hidden
feature space with two linear transformation matrix Wy and
W\, respectively; then by fusing them through an element-
wise addition; and finally by feeding the summation into
a stack of a non-linear function of relu, a convolutional
layer (kernel size is 1, stride is 1) and a sigmoid function.
The down-sampling feature map is element-wise multiplied
with the weights in the temporal dimension as the output
of the AttB, described in the following equation (2).

o="Fy (conv(relu(Wy fq + W] f))); )
where 0 denotes the output of the AttB, and Wy and W,
are the linear transformation matrices for fy and Ty, respec-
tively. Our attention block design has the benefits of both
highlighting the salient latent features and suppressing the
irrelevant parts of the latent features.

Relu g

fa W
Ad conv_1

W,
Tfu

Fig. 8. Schematic illustration of the Attention block (AttB).

Multiply

4.3 Discriminator: Multi-scale Patch Discrimination

A multi-scale patch discriminator, D, is designed to super-
vise the training process of the generator. It contributes to
refine the realistic movements of the upper body joints. It is
illustrated in Figure 9. It consists of four sub-discriminators,
denoted as D = fD;1;D;;D3; D4g. Dj;i 1;2:3:4 is
a patch discriminator [15] with the multi-scale receptive
fields of 1 for D4, 12 for Dy, 48 for D3 and 128 for Dy.
The multi-scale receptive fields govern the output of the
generator at different scales and help to refine the output
motion trajectories. Dj consists of multiple convolution
layers, each of which is built with a 1D convolution layer,
batch normalization, and the reLu activation function. In
our work, the numbers of the neural layers in fD;g are
different: 4 layers for Dy, 3 layers for D, 5 layers for D3,
and 5 layers for D4. Each Dj outputs the binary probability
distribution of true or false, denoted as pj. The average value
of Tpig; i = 1;2;3;4, is considered as the output of D, the
final probability distribution of true or false.

4.4 Loss Functions

In the training process, the generator is supervised with
three loss functions: the joint rotation loss Ljr, the end-
effector position loss Lejp, and the GAN loss Lgan; and
the discriminator is supervised only with Lgan-

We first consider Lj, in our experiments, since Ljr
contributes to govern the accuracy of all the joints. However,
using Ljr alone would easily cause inaccurate positions
of the end-effectors, due to the accumulated errors in the
forward kinematics process. This also means that the joints
closer to the root typically have a greater impact on the
positions of the end-effectors. To solve this issue, we add
an extra loss Lejp to constrain the positions of the end-
effectors. Lejp has influence on all the joints due to the
fitting of the joint probability distribution of all the joints.
The GAN loss Lgan has the benefits of both encouraging
high-frequency details [15] and synthesizing realistic upper
body motion due to the joint modeling of motion and music
signals. So we add Lgan in our design. We detail the three
loss functions below.

Joint rotation loss. Ly is the L1-norm distance between
the synthetic joint rotation sequence m?® © and the real
joint rotation sequence m'?8 ° computed as:

Ljr =km rmk,: 3)

End-effector position loss. To guarantee the hands to
touch the Guzheng instrument and the plausible position
of the head, the end-effector position loss, Lejp, is de-
signed. Lejp computes the distance between the synthetic
and real positions of the three end-effectors. Specifically, the

499

500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516

517

518

519
520
521
522
523
524
525
526
527
528
529
530

531

533
534
535
536

537

538
539
540
541

542



543
544

545

546
547
548
549
550

551

552
553

554

555

556
557
558
559
560
561
562

563

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. XX, NO. XX, JANUARY 2021 8

Kernel size:1
Stride:1

Audio spectrogram f

e ke b i 2 I—'I—'I
Y M Kernel size:3

Concatg Stride:1
A

Concatenated tuple€ R'28X95¢  Kernel size:3

Stride:1

Joints movement m/iit

D,

Kernel size:3
Stride:1

Kernel size:1

Stride:1

0E€E R64X128

Kernel size:4
Stride:2

0€E R64X256

Kernel size:4
Stride:2

Kernel size:8
Stride:4

{
3 . 1Dconv+BN
i *  +Relu

i

N /

Kernel size:1
Stride:1

Kernel size:1
Stride:1

Kernel size:4
Stride:2

0 € R32x128 0 € R12%64

Kernel size:4
Stride:2

Kernel size:4
Stride:2

Kernel size:4
Stride:2

0€E R1><1

Kernel size:4
Stride:2

Kernel size:8
Stride:4

Kernel size:8
Stride:4

Multi-scale patch discriminator

Fig. 9. Schematic illustration of the multi-scale patch discriminator.

differentiable forward kinematics (FK) algorithm and the
quaternion representations of the joint rotations are utilized
to compute the positions of the end-effectors, as follows.

where p!? ? is defined in Section 3.2 and it refers to the

ground truth positions of the end-effectors; F K(:) denotes
the iterative forward kinematics function and it estimates
the 9-dimensional (two hands and the head) end-effector
positions for 128 frames according to a synthetic joint rota-
tion sequence M.

GAN loss. The GAN loss is formulated as:

L = minmaxF ;
GAN u g GAN; (5)

where:

14
Fean = 7 > Emr [logD; (ff; mg)]
i=1 6
L4 (6)
+ 22 Emellogl  DEFG(F); Fo))]:
i=1
Our final objective function is computed as:

G =argmin(Lean *+ jrbjr + ejplejp); @)

where jrand ejp are the weights for the joint rotation loss
Ljr and the end-effector position loss Lejp, respectively. In
our experiments, both jr and ¢jp are set to 100.

4.5

In our experiments, the training process was split into two
alternate steps. At step 1, the generator G was trained
with the regression loss functions only (including the joint
rotation loss Ljr and the end-effector position loss Lejp),
while the discriminator D was kept without any update.
At step 2, D was trained with not only Ljr and Lejp but
also the GAN loss Lgan. Meanwhile, Lgan was used to
train the discriminator D. In our experiments, we trained

Implementation Details

the generator through 150k iterations at step 1, and then
use the GAN loss at step 2 through 40k iterations. The
learning rate was set to 0.0001, and the batch size was
set to 128. The Adam solver [83] was used to optimize
the network parameters. All the models were implemented
using PyTorch [84]. Since our model uses a full-convolution
network, the network can be adapted to any length of time
during the animation generation.

5 EXPERIMENT RESULTS AND EVALUATIONS

To evaluate our approach, we conducted both quantitative
and qualitative evaluations. In this section, we first describe
various baseline methods used in our evaluations, and then
describe the quantitative result and qualitative evaluation
(via a user study).

Baselines. The baseline methods in this work include
the LSTM network [9], the CNN forward network [36],
the CNN and LSTM combination network [42],the TCN
network [71], the Unet network [12], and the R2Unet net-
work [85]. Particularly, the CNN forward network baseline
is inspired by [36] and ignores the emotional state input
layer used in [36]; and the CNN and LSTM combination
baseline [42] was proposed to generate 3D facial animations,
where CNN is used to extract abstract audio features in
each frame and LSTM is applied to model the temporal
relation between frames. Additionally, as the generator in
our model is an extension of the Unet network, we take the
Unet network as a baseline; Further, a latest extension of
the Unet called R2Unet, short for Recurrent Residual Unet
[13], is also considered as a baseline in this comparison. It
benefits from the advantages of a residual structure and a
convolution recurrent network [86].

Ablation study design. To look into the contribution
of each major module in our framework, we conducted
an ablation study to investigate the contributions of the
Res block, the Attention block, and the GAN framework.
Therefore, three framework conditions are defined: M GAN
is the proposed generator trained with both the joint rotation
loss and the end-effector position loss but without the GAN
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Unet

Attention + Unet =

ResBlock + Unet !! I\\' o '!

Attention + ResBlock
+ GAN + Unet -

Fig. 10. Some frames of synthetic results by different versions in our ablation study.

loss; differing from the proposed framework, MA" fuses the
downsampling and upsampling layers with the concatena-
tion operation instead of the attention block; M Res takes the
convolutional layers in the downsampling and upsampling
paths to replace the Res blocks in the proposed framework.

To have a fair comparison among all the methods, we
maintain the consistency of the input and output features
when comparing the baselines and our method. The inputs
are audio spectrogram features and the outputs are the
joint rotations of the upper body. All of the methods were
uniformly trained on the augmented dataset (described in
Section 4.1).

5.1

We used quantitative measures, including the test loss, Dy-
namic Time Warping distance (DTW) [87], and the Longest
Common Subsequence similarity (LCS) [88], to compare our
method to the baselines. Specifically, the test loss, DTW
distance and LCS similarity compute the skeletal joint tra-
jectory distance between the generated motion sequence
and the ground truth motion sequence on the test data.
Table 1 shows the averages of the test loss, DTW distance
and the LCS similarity on the test data. A lower test loss
indicates that the method has a better capacity of modeling
the temporal relationship between the audio channel and
the motion channel in the data; a lower DTW distance or a
higher LCS similarity indicates the generated animation is
closer to the ground truth (motion capture data).

Results. As mentioned in Section 3.2, the collected au-
diovisual dataset S consists of 108372 segments. In each
experiment, 80% (86697) segments are randomly selected as
the training data and the rest 20% (21675) ones are taken as
the test data. The quantitative results are reported in Table
1, referring to the averages of 30 experiments.

As shown in this table, our method outperforms all the
baseline methods in terms of both the DTW distance and
the LCS similarity. Furthermore, our method achieves a
smaller test loss and a smaller DTW distance than M GAN,
MAUB and MReS; Also, our method achieves a higher LCS
similarity than MCGAN MAUE and MRS In other words,

Quantitative Evaluation

TABLE 1
Quantitative comparision among our method, the baselines, and the
ablation study versions. The used quantitative metrics include the
average of test loss, DTW distance (DTW, x10e4) and LCS similarity
(LCS) on the test data. The check marks refer to the employed
operations in the method.

| Model Test Loss DTW LCS
LSTM [9] .0608 3534 0561
CNN [36] .0390 2556 .1045
Baselines CNN+LSTM [42] 0632 2687 1070
TCN [71] 0438 2593 1033
Unet [12] 0184 2304 1218
R2Unet [85] .0376 3186 .0999
Music2Body [70] 0296 2543 1178
ResB AttB GAN
Ablation | p/GAN /0y 0138 2032 1314
Study |y J 0132 2046 1325
M1tes v 4/ 0179 2057 1330
Ours v v / oiis 2016 1358

our method performs better than all the ablation study
versions, which implies that each of the supervision of the
discriminator in the GAN framework, the Res block, and
the attention block makes a positive contribution to the
overall performance of our method. Figure 10 shows the
synthetic results of each block. The vanilla Unet produces
playing motions with invalid gestures and temporal jitter
occasionally (the first row). The attention block removes the
invalid gestures but still retains the temporal jitter (the sec-
ond row). The Res block removes both the invalid gestures
and temporal jitter while sacrifices the magnitude of action
(the third row). The GAN framework leads to larger motions
to improve the naturalness (the fourth row).

In order to evaluate the effectiveness of the data augmen-
tation in our method, we compared the performances of our
method with and without the data augmentation. Figures 11
and 12 illustrate the training loss, along with the number of
training iterations, achieved by our method with and with-
out the data augmentation, respectively. From Figure 11, we
can see that in the initial stage of training, the training loss is
reduced more slowly by our method with the data augmen-
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tation than by our method without the data augmentation.
However, as the training progresses, our method with the
data augmentation achieves noticeably smaller training loss
than our method without the data augmentation. Now if we
look into the validation loss comparison in Figure 12, we can
see that our method with the data augmentation achieves
a substantially smaller validation loss (on the test dataset)
than our method without the data augmentation. The above
results provide solid evidence that the data augmentation
step (Section 4.1) substantially improves the generalization
ability of our model.

1) Training loss

—— Aug
—— noAug

0 1 2 3 a 5
Iter(x10%)
Fig. 11. Comparison of the effect of data augmentation on the training

loss in the training stage. “Aug” represents “with data augmentation”,
and “noAug” represents “without data augmentation”.

2) Validation loss

0.30

— Aug
—— noAug

0.254
0.204
0
£ 0.15

0.104

0.054

0.00

lter(x 10%)

Fig. 12. Comparison of the effect of data augmentation on the validation
loss. ‘Aug” represents “with data augmentation”, and “noAug” represents
“without data augmentation”.

Table 2 shows the average of test loss, DTW distance
and LCS similarity, when our method includes data aug-
mentation or does not include data augmentation. The
results show that the case w/ data augmentation results
in a smaller test loss (0.0184 vs. 0.0280), a smaller DTW
distance (230.4361 vs. 240.2176) than the case w/o data
augmentation. In terms of the average LCS similarity, the
case w/o data augmentation is very slightly higher (ap-
proximately 0.03%) than the case w/ data augmentation.
Actually, their results are very close to each other (0.8782 vs.
0.8799). The results in Table 2 further confirm that the data

TABLE 2
Comparison of the quantitative measures for the cases w/ data
augmentation and w/o data augmentation. All the numbers reported in
this table are achieved after 50,000 iterations.

Model Test Loss Avg. DTW  Avg. LCS
w/o data augmentation 0.0280 240.2176 0.8799
w/ data augmentation 0.0184 230.4361 0.8782

augmentation step positively contributes to the performance
of our method.

1) Matching

LSTM CNN CNN+LSTM R2Unet Unet Ours gt

Fig. 13. The average scores and standard deviations of all the compari-
son methods in the user study in terms of the matching perception.

2) Naturalness

CNN CNN+LSTM R2Unet Unet QOurs gt

Fig. 14. The average scores and standard deviations of all the compari-
son methods in the user study in terms of the naturalness perception.

5.2 User Study

We conducted an online user study to compare our method
with the aforementioned baseline methods (i.e., LSTM,
CNN, CNN+LSTM, Unet, R2Unet) and the ground truth
data (abbreviated as “gt”). In other words, a total of 7
different methods (or called conditions) were compared.
Specifically, we randomly selected two recorded Guzheng
music pieces in the test data. The two music pieces last
27 seconds and 31 seconds, respectively. Then, we used
the 7 different methods to generate corresponding character
animations based on the 2 Guzheng music inputs. To this
end, we generate a total of 14 Guzheng-playing video clips
(2 7 = 14) for our user study, and we also created an
online website for participants to view and rate them. To
counterbalance the potential influence from the clip order,
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Mocap data ===

Generated &

Mocap data

Fig. 15. Snapshots from the generated and ground truth (motion caption) animation trajectories accompanied with the same music.

TABLE 3
The results of the paired Mann-Whitney U test for the obtained matching scores and naturalness scores by all the methods.

ours ground truth

matching naturalness matching naturalness
LSTM [9] U =5049.0;, p =4.96e-37 | U=17545,p =122e-55 | U=1916.0; p=1.93e-22 | U=457.5; p = 2.32e-37
CNN [36] U =1986.5p =2.61e-52 | U=4586.0,p=8.00e-42 | U=2828.0,p=8.64e-33 | U =824.0; p =3.46e-33
CNN+LSTM [42] | U =3868.0; p =8.64e-52 | U =3138.0;, p =3.24e-48 | U=1460.0; p=224e-26 | U=729.5p =1.84e-34
Unet [12] U =17140.5; p = 3.93e-3 | U =14702.0; p = 3.86e-7 U = 5330.5; p = 2.06e-3 U =2741.0; p = 7.94e-17
R2Unet [85] U =4535.0, p =2.03e-39 | U=23315.0,p =6.09e-47 | U =1848.5p =2.80e-23 | U =820.5; p = 3.13e-33
ground truth U =18279.0; p=5.25e-2 | U=11483.5;p = 1.17e-14 - -
ours - - U =18279.0; p =5.25e-2 | U =11483.5; p = 1.17e-14

we randomly select and display video clips for each partici-
pant.

58 participants aged 20-45 years were invited to partic-
ipate in our user study. Their average age is 32.12 and the
standard deviation is 6.20. Four volunteers are professional
music artists and the rest are amateurs in Guzheng. After
watching each video clip, they were instructed to use a 5-
point Likert scale to rate the matching between music and
animation and rate the naturalness of the animation. Before
the experiment starts, they were instructed that the “match-
ing” refers to the synchronization between the played music
and animation, and the “naturalness” refers to the quality of
the visual animation.

Furthermore, they were particularly instructed to ignore
minor visual artifacts (errors) from the inaccurate positions
of the fingers that touch the instrument, since the size and

position of the virtual Guzheng instrument are not the same
as those of the real Guzheng instrument used in our data
recording step and also the collected finger motions have a
low accuracy (as mentioned in Section 3.1). Each participant
took about 25 to 30 minutes to complete the user study.

Figure 13 and Figure 14 show the average scores and
standard deviations of the ratings obtained by all the meth-
ods, in terms of the perception on matching and naturalness,
respectively. As clearly observed in the two figures, our
method can soundly outperform all the baseline methods in
terms of both the matching and naturalness. Compared to
the ground-truth data (the “gt” case in the two figures), the
averaged ratings obtained by our method are not good as
but reasonably close to the ground-truth animation (driven
by the recorded motion capture data), in terms of both
matching (3.93 vs. 4.02) and naturalness (3.95 vs. 4.49).
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Generated

Human video

Generated

Human video

Fig. 16. Snapshots of the virtual character and a real musician playing the same music. The music in the musician video is extracted as input to our
music-to-body generator and then the generated animations are used to drive the virtual character.

Based on the obtained user rating data, we also per-
formed paired Mann-Whitney U test [89] between different
conditions. The statistical results are shown in Table 3 (for
the matching perception and naturalness perception). As
shown in Table 3 and two figures (Figure 13 and Figure
14), our method outperform all the baseline methods in a
statistically significant way, in terms of the perception of
both matching and naturalness. On the other hand, in terms
of naturalness, our method is still significantly inferior to the
ground-truth motion data. This indicates that there is still
room for our method to improve to produce more realistic
and natural Guzheng-playing animations.

In order to show the qualitative results conveniently,
we employ a professional technical artist to build a virtual
character. Figure 15 shows the comparison of some selected
frames from the animations generated by our method and
from the generated ground-truth animations (driven by
recorded motion capture data). Figure 16 shows the compar-
ison of some selected frames from the animations generated
by our method and from the recorded ground-truth video
of Guzheng-playing (acquired in our data capture stage). As
shown in the two figures, the results by our method are visu-
ally similar to the ground truth (both the generated ground-
truth animation and the recorded ground-truth video). For
the generated animation results in this user study, please
refer to the supplemental demo video.

6 DISCUSSION AND CONCLUSION

In this paper we present a novel GAN-based framework
to learn the temporal relationship between Guzheng music
and the upper body motion of Guzheng-playing. Given
novel Guzheng music as the input, our trained model can
automatically generate the corresponding natural and real-
istic Guzheng-playing character animations. Specifically, at
the training step, besides a multi-scale patch discriminator,
we also propose a music-to-motion generator that is super-
vised with both the joint rotation loss and the end-effector
position loss on top of the conventional GAN loss. In addi-
tion, attention blocks and “upsample+1D conv” layers are
also designed to refine the generated motion trajectories.

For this work, we specifically capture a large scale,
Guzheng-playing audiovisual dataset using our in-house
motion capture setup. We also introduce a novel data
augmentation step to increase the generalizability of our
dataset and thus our trained model. The effectiveness of our
proposed data augmentation was validated by our quanti-
tative evaluation. We plan to release this unique audiovisual
dataset for research purpose in the research community after
the work is published.

We also conducted extensive studies, including both
quantitative and qualitative (via a user study) experiments,
to compare our method with five state of the art methods
as well as the ground-truth animation. Our results validate
that our method can outperform all the five state-of-the-
art methods in a statistically significant way. Also, via an
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ablation study, we confirm that each of our modules (ie.,
the data augmentation, the Res blocks, the attention blocks,
and the GAN-based module) makes a positive contribution
to the overall performance of our method.

Our current approach only utilizes the recorded data of
a single artist. In the future, we plan to record Guzheng-
playing data of more artists, and then design effective al-
gorithms to model artist-specific styles of Guzheng-playing
and also to create new styles by smoothing transferring
from one artist-specific style to another. We will improve
the recording pipeline of finger motions and augment the
accuracy of the recorded finger motions, to synthesize high-
quality finger playing animations. Moreover, due to the
gaps in scale and position between the virtual and the real
musical instruments, the mocap and generated data cannot
reflect a good performance on touching the instrument. To
address this issue, we plan to make efforts on developing a
new animation generation which is adaptive to the virtual
instrument. In addition, we will collect and release other
audiovisual data playing other musical instruments for
the academic community and explore many widely-open
research problems regarding the motion of other musical
instrument-playing, e.g., a unified framework of synthesiz-
ing playing animations for various musical instruments.
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