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Abstract— Music to dance for humanoid robots is an in-
teresting task. Robot dance generation is challenging when
considering music pieces, human dancer motions, and robot
stability simultaneously. Previous methods rely on human-
designed motion library or stability constraints for robot
postures. Hence, dance generation for humanoid robots requires
expert design, which can be time-consuming across different
humanoid platforms. In this work, we propose a novel method
called DanceHAT, which generates stable humanoid dances by
imitating human dancers with self-learning. DanceHAT is an
adversarial training framework, which incorporates similarity
loss and stability loss simultaneously. Furthermore, DanceHAT
does not require human-designed features or robot model
information. Experiments in the simulation environment and
on the real robot demonstrate that our model can generate
stable, diverse, and human-like dances for humanoid robots
automatically. In addition, DanceHAT is a general training
approach for robot imitation tasks with stability constraints,
thus can be utilized in other humanoid tasks and will be
researched in future works.

I. INTRODUCTION
Dance is an important aesthetic art in human culture,

which plays an essential role in daily entertainment and
social interactions. Recently, generating robot dances, es-
pecially generating humanoid robot dances has become an
active research topic [1]–[5]. The humanoid robots have
human-like structure and human-friendly appearances, hence
more popular than other legged robots in dance scenarios
including dance teaching [2] and human dance imitation
[4]. However, designing dances for humanoid robots man-
ually requires extensive experience and art talents, thus is
quite challenging. Besides, tuning dance motions to satisfy
robot dynamics constraints such as stability requires expert
knowledge and is also time-consuming, which limits dance
applications of humanoid robots in our daily lives.

Over the past two decades, generating humanoid robot
dances automatically has been actively researched. One ma-
jor approach for this task is generating robot dances utilizing
music features directly without reference motions [3], [4],
[6]–[8]. Some excellent works are proposed utilizing various
methods, including Markov model [4], [6], key frame-based
designer [8] and task-based designer [7]. These methods can
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Fig. 1: The model architecture of DanceHAT. DanceHAT
incorporates similarity loss and stability constraints through
adversarial training. It can imitate human dances while
satisfying robot stability constraints.

synthesize flexible and stable dances for a given robot based
on the music input. However, extensive expert knowledge
is still necessary for these methods, such as designing robot
motion library and maintaining robot stability, which is time-
consuming and complicated in practice.

Another approach to synthesizing robot dances is to im-
itate human dances [1], [9]–[11]. Plenty of excellent works
are proposed with various methods, such as pre-defined
robot action modes [11] and generative auto-regressive model
[1]. With the development of deep learning, more interest-
ing methods are developed utilizing various deep learning
models, including LSTM [10], VAE [12], GAN [13], and
transformer [14]. However, as illustrated in Fig. 1, existing
works mainly focus on the similarity between the synthesized
dance and the corresponding human dance, which do not
incorporate the robot stability in the model architecture.
Thus, few previous works have been applied to the real
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humanoid robots without manual constraints on the poses.
In this paper, we propose a new method to generate

humanoid robot dances called DanceHAT (Generate Stable
Dances for Humanoid Robots with Adversarial Training).
Our method considers robot stability and similarity to human
dances simultaneously without any expert knowledge on the
robot dynamics. As shown in Fig. 1, DanceHAT is designed
based on the adversarial training framework composed of a
generator G and a discriminator D. During training, G is
utilized to imitate human dances and adjust robot motions
for stability through the similarity loss and stability loss
accordingly. D is considered as a classifier and trained to
predict the robot stability state during dancing. Experiments
on the humanoid robot NAO [15] and ROBOTIS OP2 [16]
demonstrate that DanceHAT can generate stable dances for
humanoid robots by imitation without pre-defined motion
library or human-designed constraints on robot motions.

The contributions of this paper can be summarized as
follows:

1) DanceHAT can compute a balanced solution which
minimizes the difference between generated robot
dances and target human dances, meanwhile main-
taining robot stability. Thus, without human-designed
motion library or expert knowledge on robot stability,
it can learn to generate stable dances across different
humanoid robot platforms.

2) DanceHAT is a general adversarial training framework
for imitation tasks among humanoid robots. To our
knowledge, this is the first study to maintain robot
stability based on adversarial training in humanoid
robot imitation tasks.

3) Experiments on the humanoid robot NAO and ROBO-
TIS OP2 are conducted. The results in the simulation
environment and on the real robot demonstrate that
DanceHAT can effectively generate stable dances for
humanoid robots according to different music pieces.

II. RELATED WORK

A. Music to Dance Synthesis for Human

Recently, human dance synthesis has been studied actively.
Tang et al. [10] proposed an LSTM-autoencoder model to
synthesize 3D human dance motions sensitive to the music
genres and emotions. Lee et al. [12] proposed a novel
framework to dismantle and assemble between complex
dances and basic dance units. Guo et al. [17] proposed
a novel framework to generate natural and diverse human
dances utilizing Lie Algebra based VAE model. Li et al. [14]
proposed Full Attention Cross-Modal Transformer model
(FACT) for long motion sequence generation correlated with
the music. Ren et al. [18] proposed a self-supervised model
to synthesize realistic and diverse dance videos. Huang et
al. [19] designed a novel seq2seq architecture for long-term
dance generation with curriculum learning. Although these
excellent methods can synthesize diverse human dances eas-
ily, the dances generated are unsuitable for humanoid robots
because of various constraints such as stability problems.

B. Music to Dance Synthesis for Robot

Robot dance generation is a classic and active research
topic. Kojima et al. [4] designed a humanoid robot dance
system composed of a foot states classifier and a key-
frame detector. Nakaoka et al. [9], [11] developed a dance
imitation method based on key-states and human designed
tasks. Recently, various deep learning methods have been
developed [10], [12], [13]. Hyemin et al. [1] proposed a
deep learning based framework, which can synthesize diverse
dances for humanoid robots. However, robot stability is
not considered in some recent works, while other works
ensure stability by designing motion library [8] or designing
geometric constraints based on ZMP [20], which require
expert knowledge on robot dynamics. In this work, a new
model for humanoid dance synthesis is proposed based
on adversarial training, which can generate stable dances
automatically across different humanoid robots.

C. Generative Adversarial Networks

Generative Adversarial Networks (GAN) [21] is a classic
and important framework for generative tasks. It has shown
considerable potential in various tasks since proposed by
[21], including image generation [22], image translation [23],
and domain adaptation [24]. Recently, GAN has been widely
used in robot motion generation [13], [25]. However, existing
works mainly focus on the similarity of synthesized motions
with corresponding target motions, while the robot stability is
not taken into consideration. In this work, we propose a new
method DanceHAT to incorporate similarity and stability
based on adversarial training.

III. METHODOLOGY

A. Problem Formulation

In this section, we formulate the robot dance synthesis task
with mathematical descriptions. As shown in Fig. 2, a human
dance dataset and a simulation environment for humanoid
robot R is given. The human dance dataset (M,PH) is
composed of acoustic features of N pieces of music M =
{mi|1 ≤ i ≤ N} and corresponding human dances PH =
{pH

i |1 ≤ i ≤ N}, where mi, pHi are the music feature and
human pose feature of the i-th piece of music respectively. Ti
denotes the time length of the i-th piece of music and dance.
Given a humanoid robot R with specific dynamics, PR

denotes the space of possible robot dances. ∀pRi ∈ PR (1 ≤
i ≤ N) denotes the robot dance synthesized for the i-th piece
of music mi

1.
In order to measure the stability of the robot R dur-

ing dancing, we define a function F(pRi ) ∈ [0,1]Ti , where
F(pRi )t denotes the stability state of the robot R dancing
with motion sequence pRi at time t, i.e.

F(pRi )t =

{
0 if robot R is stable at time t;
1 if robot R has fell down at time t.

(1)

1The music feature mi, robot pose feature pRi , and human pose feature
pHi are two dimensional matrices, which are supposed to be in bold style.
Normal style is utilized in this work for convenience and readability.
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Fig. 2: The detailed model architecture of DanceHAT. DanceHAT is designed based on the adversarial training framework
and composed of two deep neural networks G and D. The discriminator D predicts robot stability during dancing. The
generator G synthesizes robot dances based on musics input, which is trained to imitate human dances and adjust poses as
slightly as possible to maintain robot stability. More details are shown in the experiment section and the video attached.

We can express F(pR
i )t in the form of a special step function

on the time axis, i.e.

F(pRi )t = 1(t − t f ) =

{
0 if t < t f ;
1 if t ≥ t f ,

(2)

where 1(t) denotes the unit step function and t f is defined as
the time when the robot R falls down. As described above,
the ground truth of stability F(pR

i )t is a discrete value, which
can be obtained from simulation quite easily.

Our goal is to construct a generator G(mi) for humanoid
robot dance synthesis based on the music, i.e. G(mi)→ pRi .
The generated dance is as similar to the corresponding human
dance pH

i as possible while the robot R maintains stable
during dancing. In other words, G needs to find the balance
between the similarity goal and the robot stability constraint.
The mathematical description for this task is as follows:

min
G

Emi,pHi ∼(M,PH)

[
Lsim

(
G(mi) , pHi

)]
s.t. F (G(mi)) = 0, ∀mi ∈ M,

(3)

where Lsim is the similarity loss and measures the similarity
between two input dances. In the following sections, Nm
denotes the dimension of the music feature mi; NH and NR
denote the dimension of the human pose feature pHi and
robot pose feature pR

i respectively.

B. Generate Stable Dances with Adversarial Training

In this section, we transform the problem Eq. (3) into
the problem form proposed in [21], which can be solved
by adversarial training. Based on Eq. (3), we can obtain the
following optimization problem:

min
G

Emi,pHi ∼(M,PH)

[
Lsim

(
G(mi) , pH

i
)

+λLstable (F (G(mi)) ,0)
]
,

(4)

where λ is a Lagrange multiplier and Lstable denotes stability
loss. We assume Lstable

(
F
(

pRi
)
,0
)
≥ 0 for ∀pR

i ∈ PR,
and Lstable

(
F
(

pRi
)
,0
)
= 0 ⇔F

(
pR

i
)
= 0, i.e. the robot R

remains stable consistently. Lstable satisfying this assumption
can be designed as Binary Cross Entropy (BCE) Loss. Eq.
(3) and Eq. (4) are equivalent when λ →+∞.

However, the formula of the function F is unknown thus
indifferentiable, which prevents us from solving Eq. (4)
utilizing gradient descent (GD) based algorithms. Thus, a
differentiable discriminator D is proposed to replace F , i.e.

min
G

Emi,pHi ∼(M,PH)

[
Lsim

(
G(mi) , pH

i
)

+λLstable (D(G(mi)) ,0)
]

s.t. D(pR
i ) = F(pRi ), ∀pRi ∈ {G(mi) | mi ∈ M},

(5)

where D(pRi )t ∈ [0,1] denotes the probability of the robot R
falling at time t predicted by D, thus is a continuous value.
Then the following equivalent optimization problem Eq. (6)
is obtained:

min
G

Emi,pHi ∼(M,PH)

[
Lsim

(
G(mi) , pHi

)
+λLstable (D(G(mi)) ,0)

]
+ min

D
τ Emi∼M

[
Lstable (D(G(mi)) ,F (G(mi)))

]
,

(6)

where λ and τ are Lagrange multipliers with λ →+∞, τ →
+∞. The problem Eq. (6) is quite similar to the problem
proposed in [21], thus could be solved by the adversarial
training method.

In this work, a new method called DanceHAT for hu-
manoid dance synthesis is proposed based on Eq. (6) and
adversarial training. DanceHAT is composed of a dance
generator G and a robot stability state discriminator D. Loss
functions for G and D are illustrated in Eq. (7) and Eq. (8)
respectively:

LG = α Emi,pHi ∼(M,PH)

[
Lsim

(
G(mi) , pHi

)]
+β Emi∼M

[
Lstable (D(G(mi)) ,0)

]
,

(7)

LD = Emi∼M [Lstable (D(G(mi)) ,F (G(mi)))] , (8)

where α and β are weights for the loss functions.
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C. Model Framework

As illustrated in Eq. (6) and Fig. 2, DanceHAT is com-
posed of a generator G and a discriminator D. The following
is one possible architecture utilized in this work.

1) Generator G: As shown in Fig. 2, the generator G is
composed of a music encoder and a pose sequence decoder.
The music feature encoder is a convolutional neural network,
which extracts important information from the input music
features. The dance motion decoder synthesize robot dances
pR

i based on music information extracted by the encoder.
As illustrated in Eq. (7), Lsim measures the similarity

between synthesized dances and human dances. Lsim can be
designed as Mean Square Error (MSE), if robot pose feature
pR

i and human pose feature pH
i have same dimensions,

i.e. NR = NH. Otherwise, other differentiable Lsim could
be constructed, according to definitions of pose features. In
this work, we choose MSE loss for Lsim and BCE Loss for
Lstable. The loss function for G is illustrated as Eq. (9):

LG = Emi,pHi ∼(M,PH)

[
1

NH×Ti

Ti

∑
t

αt

NH

∑
j

(
G
(
mi)

t, j − pH
i, t, j

)2
]

− Emi∼M

[
1
Ti

Ti

∑
t

βt log(1−D(G(mi))t)

]
,

(9)
where pHi, t, j is the j-th pose feature value of the pose
sequence pHi at time t. Ti denotes the time length of the i-th
piece of music mi. α ∈RTi and β ∈RTi are hyper-parameters.

2) Discriminator D: The discriminator D is composed of
a Gated Recurrent Unit (GRU) [26] and a robot stability state
predictor. Given robot dances pRi , the GRU extracts pose
features related to the robot stability. Afterward, the stability
state predictor predicts probability of the robot falling down
during dancing, i.e. D(pRi )t ∈ [0,1].

As illustrated in Eq. (8), D is designed to predict robot
stability, i.e. fit F with the stability loss Lstable. During
training, the ground truth of robot stability, i.e. F(pRi )
is obtained by performing robot dances in the simulation
environment. BCE loss is utilized for Lstable in this work.
Thus, we can obtain the following loss function for D:

LD = EpRi ∼{G(mi)}

[
1
Ti

Ti

∑
t=1

[
−F(pRi )t log

(
D
(

pRi
)

t

)
−
(
1−F(pR

i )t
)

log
(
1−D

(
pR

i
)

t

)]]
= EpRi ∼{G(mi)}

[
− 1

Ti

[ t f −1

∑
t=1

(
log

(
1−D

(
pRi

)
t

))
−

Ti

∑
t=t f

log
(
D
(

pR
i
)

t

)]]
(see Eq. (2)),

(10)
where t f is the time instance when robot R falls down.

3) Training Procedure: DanceHAT is trained with mini-
batch stochastic gradient descent. In each iteration, given
batches of musics mi, G synthesizes corresponding robot
dances, i.e. pRi = G(mi), and D predicts robot stability,

i.e. D(pRi ) through forward propagation. The ground truth
of stability states F

(
pR

i
)

are obtained from simulation.
Afterward, G and D are trained through Eq. (9) and Eq. (10)
accordingly. After training for K iterations, the synthesized
dances are as similar as possible to the human dances, under
the conditions of robot stability, which is the goal proposed
in the problem formulation as illustrated in Eq. (3).

IV. EXPERIMENTS

A. Experimental Setup

In this work, the humanoid robot NAO (Softbank, Tokyo,
Japan) [15] and ROBOTIS OP2 (ROBOTIS, Seoul, Korea)
[16] are utilized to conduct experiments. NAO is an compact
and flexible humanoid robot, which has 25 degree of freedom
(DOF) and 21 DOF are utilized in this work. The joints on
wrists and hands are ignored, since they have no influence
on the visual effects or robot stability. ROBOTIS OP2 is
a high performance humanoid robot with 20 DOF. In the
training procedure, we utilize Mujoco [27] as the simulation
environment.

B. Dataset and Preprocessing

1) Human Dance Dataset: Human dance dataset pro-
posed in [10] is utilized, which provides 61 music audios
with corresponding 3D human dances. The music audios are
provided in MP3 format with time lengths ranging from 50
seconds to 2 minutes. The 3D human dances are composed
of 3D skeleton frames of human dancers, represented by the
3D coordinates of 21 key body points.

This human dance dataset contains four genres: Rumba,
Cha-cha, Tango, and Waltz. However, Tango and Waltz
dances in the dataset are duet dances, which are mainly com-
posed of dramatic position movements and delicate poses of
the lower body, such as fast rotation of the whole body. These
motions are out of NAO’s and ROBOTIS OP2’s movement
capability, thus unsuitable for this experiment. Therefore, we
only utilize 19 dances in the first two genres, i.e. Rumba and
Cha-cha in this experiment.

TABLE I: Music features for humanoid dances generation

Type Features Dimension

Pitch MFCC, MFCC-delta, constant-Q chromagram 10

Strength onset strength, tempogram 6

Beat beat mask, progression within beats 2

2) Music Feature Extraction: As shown in Fig. 2 and
Table I, music features mi are extracted from the audio files,
which are composed of pitch features, strength features, and
beat features in this work. These features are concatenated
as the music feature mi with 18 dimensions, i.e. Nm = 18,
and 100 pieces of features are obtained in 1s audio. An
audio analysis library named librosa [28] is utilized to extract
music acoustic features mentioned above.
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Fig. 3: The dances synthesized for NAO and ROBOTIS OP2 robot in the simulation environment. DanceHAT is trained in
the simulation environment for about 2500 epochs. The synthesized dances are similar to human dances and satisfy robot
stability requirements after training. More details are given in the video attached.

3) Pose Feature Extraction: In this experiment, the hu-
man dance dataset provides skeleton frames of the human,
represented by 3D coordinates of 21 key body points. For the
convenience of the following training procedure and inspired
by recent motion retargeting researches [29], each revolute
joint of the robot R can be easily visually assigned with
a corresponding human joint. The robot pose feature pRi
is defined as angle values of the robot joints, while the
human pose feature pH

i is defined as angle values of the
corresponding human joints, which can be calculated by
coordinates of key body points. Other retargeting methods
and pose feature definitions are also acceptable in this work,
such as C-3PO method proposed in [30].

C. Simulation Experiment

In this section, we train and evaluate DanceHAT in
the simulation environment. Before the adversarial training
procedure, the generator G is pre-trained to imitate human
dances directly using similarity loss Lsim only. In the adver-
sarial training procedure, the generator G is trained with Eq.
(9). The hyper-parameters α and β are adjusted dynamically
to maintain balances between loss gradients. In this work,
αt = 1.0, and

βt = ω

[
1
(
D(G(mi))t > δ

)
·D

(
G(mi)t

)
+ ε

]
, (11)

where 1(·) denotes unit step function, ω = 0.2, δ = 0.4,
and ε = 10−3 in the experiment. During experiments, we
find that ∥∇Lsim

∇G ∥ < ∥∇Lstable
∇G ∥ generally, because G is pre-

trained with Lsim, which leads to ∥∇Lsim
∇G ∥ → 0, especially

at the beginning of the training. This leads to Lstable being
dominant and the robot preferring to stand still with less
movements for stability. Thus, α is designed bigger than β

to maintain balance and encourage movements of the robot.
Besides, when D(G(mi))t ≤ δ , i.e. the synthesized dance
is predicted stable at time t, βt is decreased to encourage
G to emphasize similarity loss. Otherwise, βt is increased
to prevent the robot from falling down influenced by the
similarity loss Lsim.
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Fig. 4: The MSE loss and BCE loss for G during training
on the NAO robot.
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Fig. 5: The MSE loss and BCE loss for G during training
on the ROBOTIS OP2 robot.

D. Experiment Result

1) Performance Metrics: In this paper, the following
metrics are used to evaluate performance of the models:

• Completion ratio: It is defined as the ratio of stable
dance length to the whole dance length, i.e. t f /Ti ∈
[0,1]. It is used to evaluate the stability quality of the
generated dances. Higher completion ratio means better
stability quality in this work.

• MSE value: We use MSE between synthesized dances
and corresponding human dances to evaluate per-
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Fig. 6: The experiment result on a real humanoid robot NAO V6. The robot can dance stably with pose sequences generated
by DanceHAT. More details of the real robot dances are shown in the video attached.

formance on similarity, i.e. MSE(pR
i , pHi ) ∈ [0,+∞].

Smaller MSE means better performance on similarity in
this work. Theoretically, the best result MSE(pRi , pHi )=
0 is impossible, because of the structure differences
between the robots and human dancers.

2) Performance During Adversarial Training: The
DanceHAT model is trained for about 2500 epochs, i.e.
K = 2500. Take a piece of music for example, the MSE
loss Lsim and BCE loss Lstable for G during training on
NAO and ROBOTIS OP2 are described in Fig. 4 and
Fig. 5 correspondingly. The epochs in green regions mean
that the robot maintains stability during dancing with the
synthesized dance. These epochs are called “stable epochs”
in the following description for convenience.

Take the training procedure shown in Fig. 5 as an example,
the robot cannot maintain stability initially, with the MSE
loss closing to 0 because of the pre-training with Lsim. After
training around 750 epochs, DanceHAT achieves the first
stable dance synthesis, with quite a high MSE loss. At this
epoch, the generator can synthesize stable dances with small
movements. Afterward, DanceHAT tries to synthesize stable
dances with lower MSE loss values utilizing adversarial
training. As shown in the figure, the model switches between
“stable epochs” (green regions) and “unstable epochs” (white
regions). In this stage, the generator tries to find a better
balance between the similarity and stability with adversar-
ial training, corresponding to Lsim and Lstable respectively.
During the “stable epochs”, the MSE loss decreases and
BCE loss increases, while in the “unstable epochs” stages,
the BCE loss decreases and MSE loss increases. At around
2500th epoch, the synthesized dance is stable with MSE
value low enough, which is satisfactory on the similarity and
stability metrics.

TABLE II: Comparison of DanceHAT to other methods.

Robot Metric Direct G-only DanceHAT

NAO
MSE 0.0 9.8×10−4 0.024

Completion ratio 2.22% 2.36% 100%

ROBOTIS

OP2

MSE 0.0 4.1×10−4 0.023

Completion ratio 0.15% 0.15% 100%

3) Experiment Result: In this section, we compare Dance-
HAT with other methods to demonstrate effectiveness of our

model. As shown in Table II, “direct” means transfer human
dances to robot dances directly without tuning. “G-only”
means disabling the discriminator D and training G with
Lsim only. The result shows that “direct” and “G-only” have
excellent performance on similarity but poor performance on
stability with quite small completion ratios. DanceHAT takes
a balance between similarity and stability, which obtains
excellent completion ratios and satisfactory MSE values.

4) Robot Dance in the Simulation Environment: As shown
in Fig. 3, the NAO robot can dance stably in the simulation
environment. The dances synthesized are similar to corre-
sponding human dances under the robot stability condition.
Because of the constraints of robot movement capability
and stability, the synthesized movements of the lower body
decrease obviously compared to the human dances, while
the upper body movements are same to the human dancers
basically. More details are given in the video attached.

E. Experiment on the Real Humanoid Robot

To evaluate performance on the real humanoid robot,
experiments on a real NAO robot are conducted. The model
trained in the simulation environment is transferred to a
NAO V6 robot. As shown in Fig. 6, the real robot can
dance stably with the synthesized pose sequences. The real
NAO robot can wave arms, turn around slowly, and stand
with edges of feet. Some human movements such as whole
body rotation and jumping are not in NAO’s capability, thus
DanceHAT learns similar robot movements to replaced those
action sequence through adversarial training. The experiment
results demonstrate that our method is effective for robot
dance synthesis and can be applied to dance synthesis tasks
with real robots. More details of the experiment results on
the real robot are given in the video attached.

V. CONCLUSIONS

In this work, we propose a new method DanceHAT for
humanoid dance synthesis driven by musics. DanceHAT in-
corporates similarity and robot stability simultaneously based
on adversarial training. Therefore, it can synthesize robot
dances and maintain robot stability automatically across
different robot platforms. The experiments in the simulation
environment and on the real robot demonstrate the effec-
tiveness of our method. Besides, DanceHAT has potential
to be utilized in more robot imitation tasks with stability
requirements, which will be researched in future works.
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