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Abstract. With recent developments in artificial intelligence, it is possible to
generate human motion using deep learning. In this paper, a transformer deep
learning algorithm is investigated to generate improvisation dance motions for
the Another Kind of Blue (AKOB) data set. AKOB is an innovative dance group,
located in The Hague, Netherlands, with a specialization in combining modern
dance and technology. For this study, AKOB recorded various dance movements
with different pieces of music using a motion capture system. This data is used
to train a transformer network and generate sequences of improvisational dance
using seed motions and musical input. The produced movements are visualized
and compared to the ground truth of human motions to examine their quality. The
results show possible human positions, but the speed of motions is a lot compared
to the music. Also, sometimes the transition from one position to another is not
feasible.

Keywords: Transformer Network · Improvisation Dance · Human Motion ·
Music

1 Introduction

In vision-based humanmotion recognition, algorithms are used to analyse themovement
of people using camera-captured images. These algorithms have various applications
in domains like sports, art, entertainment, surveillance, man-machine interfaces, and
robotics [1]. Similarly, motion recognition can be used to analyse the choreography
of dance. In the art discipline of modern dance, movements are combined with music
to express artistic ideas [2]. These choreographies are then performed by professional
dancers. With rapid advances in artificial intelligence, it is now possible to train neural
networks models that are able to generate new choreographies [3].

Another Kind of Blue (AKOB) is a dance group that uses controlled drones and
artificial intelligence (AI) in its performances [4]. Currently, AKOB uses drones that
are pre-programmed to perform certain movements, based on recorded human move-
ments. AKOBwishes to develop an algorithm that enables the drones to improvise dance
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motionswithout an external control. The first step towards this is to create a deep learning
algorithm that generates human movements based on music. In the future, these human
movements can then be translated into drone movements. Therefore, in this study we
explore how a deep learning algorithm can generate 3D dance movements, based on a
musical score and existing AKOB choreographies.

Different architectures of neural networks for generating human motions have been
investigated in the literature, such as convolutional neural network [5], generative adver-
sarial networks [6], restrictedBoltzmannmachines [7], recurrent neural networks [8], and
transformers [9]. Recurrent networks and transformer networks are recently developed
architectures [10]. In theory, they should be effective in generating unlimited motion;
however, in reality the generated movements freeze or turn to abnormal movement after
some iterations [9]. Bengio et al. (2015) propose to ease this problem by periodically
using the network’s outputs as inputs during training [11] (Fig. 1).

Fig. 1. Airman show performed by AKOB; drones are following dancer movements [12].

There are other studies that usemusic to generate 3Dhumanmotions. In these studies,
different approaches are employed, such as long short-term memory networks [13],
generative adversarial networks [14], recurrent neural networks [15], and convolutional
sequence-to-sequence models [3]. However, these methods fail to predict the main pose
when the same audio sample has multiple different corresponding motions, which often
occurs in dance data. Li et al. (2021) eliminate this problem by using seed motion,
which allows the generation of multiple motions from the same audio. They used the
AIST dance video database [16], and the results show that their transformer model is
better at retaining the correlation between music and dance movements than previous
models. It generates plausible sequences with longer durations [16]. In this study, their
transformer network will be trained with AKOBmovement data. As far as we are aware,
this is the first time such a model is trained with dedicated improvised dance data from a
modern dance group. Also, we believe it’s the first time the results were evaluated with
a professional choreographer.
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2 Data Acquisition

AKOB records dance and music sequences with a motion capture (MoCap) system
for performance and research purposes. The company and dancers are well experienced
with theMoCap system and have used it for various other projects previously [4]. AKOB
utilizes multiple Optitrack cameras1 installed around the studio to capture the motions.
Dancers wear a Velcro suit with 54 reflective motion sensors, which are detected by the
cameras. From the various 2D images, corresponding 3D movements are reconstructed
using Motiv, the software for MoCap data recording and manipulation [17] (Fig. 2).

Fig. 2. Left: Optitrack cameras around the studio, right top: Markers on the dancer’s suit, right
down: MoCap recording in Motiv software.

For the data acquisition, we were inspired by the AIST dance video database [18].
Dance movements were recorded with 9 dancers, who improvised modern dance move-
ments. 20 different short choreographies were performed with 4 different pieces of
music, with specific durations. Movements were recorded for two scenarios, basic and
advanced. The basic recordings contain short dance movement sequences, while the
advanced recordings contain more complex movements. By separating these situations,
the neural network may be able to learn the separate movements with basic data. The
advanced data should allow it to learn to integrate movements into sequences of dance
motions. Each choreography was recorded at least 5 times under the same conditions.
In total there were 183 tracks, 74 min of recording; 90% basic situations, and the rest
advanced.

1 https://optitrack.com/cameras/primex-13w/.

https://optitrack.com/cameras/primex-13w/
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3 Data Preparation

To meticulously sync the start of the music track and the dance motions, 8 sound beats
were added to the beginning of the music. The dancers moved immediately after these
beats. Before training, the tracks were cut from the start of movement until the end of
the music track. The number of frames per second for recordings is 60.

While analysing each joint’s data, it was discovered thatMoCap frequently lost track
of the fingers’ joints. Therefore, the data of the finger joints was removed, and only the
general direction of the hand was kept, using the middle joint of the middle finger. This
also reduced each frame’s data size from 156 numbers to 66, and consequently reduced
the complexity of the model and the necessary computation time.

For training the model, the motion and music data needed to be translated into
features. A skinned multi-person linear (SMPL) is a 3D model of the human figure
[19] and it is a form to represent realistic human motions data in machine learning
applications [16]. Therefore, the motion features were SMPL inputs, which consists of
pose and global translation parameters. The pose parameters are a 3D rotation matrix of
each joint with respect to its parent joint (the joint to which it is attached), 72-dimension
in total (24 joints× 3 dimensions), while the global translation is the root joint’s position
in space (3 dimensions) [19].

15 head

12 neck

14 L collar
9 spine

13 R collar

6 spine

3 spine

0 pelvis

17 L shoulder

19 L elbow

21 L wrist

23 L hand

16 R shoulder

18 R elbow

20 R wrist

22 R hand

2 L hip

5 L knee

8 L ankle

11 L foot

1 R hip

4 R knee

7 R ankle

10 R foot

Fig. 3. Kinematic tree of the SMPL model [20].

The algorithm needs both movements and music data, so it can find the relation
between the two of them, and generate movements based on music (as well as previous
movements). In order to translate the music tracks into features, we used Librosa, a
publicly available audio processing toolbox [21]. It is a Python package for audio and
music signal processing, with various functions to retrieve musical information [22].
The following musical features were chosen based on Li et al. (2021): envelope, MFCC,
Chroma, one-hot peaks, and one-hot beats [16]. These features were added as input to
the model.
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4 Model and Training

In music and dance, sequences are usually chronologically dependent in order to create
aesthetically pleasing performances. Therefore, the model needs to account for these
correlations within the input data. The transformer network is a viable solution to fulfill
this requirement, as it is an architecture for investigating long-range dependencies in
a sequence-to-sequence dataset [23]. One main difference of the transformer network
compared to previous approaches is that the input sequence can be passed in parallel,
which means all the motion and music sequences are passed simultaneously. Thus,
translating from one sequence to the other is more accurate and faster compared to other
architectures [23].

Li et al. (2021) propose a transformer network architecture to learn music-motion
correlation and generate realistic dance motion sequences [16]. They present a model
with three transformers: an audio transformer, motion transformer, and a cross-modal
transformer.Themotion and audio transformers learn the relationship between sequences
while decreasing the dimension of the input data. The cross-modal transformer captures
the correlation between motion and music, and generates new motions. By using a
cross-modal transformer, the mutual information between the sequence of motions and
the sequence of music will be maximized at the sequence level rather than at the frame
level [24] (Fig. 4).

Fig. 4. The structure of the model, after Li et al. [17].

As seen in Fig. 3, the model receives as input: the 2 s seed motions (120 frames),
and 4 s of music (240 frames). The output of the model is the data for 20 future frames.
This output is the input of the next frames, as in an autoregressive model [16].

Li et al.’s model was retrieved from GitHub2, and parameter values were set accord-
ing to the specification provided by them. The data were split in a test and train dataset,
with the music in the test dataset being different from the music in train dataset. Thus,
we can investigate how the model responds to a new piece of music. In total, the test
dataset includes 22 tracks, 15.5min of recording and roughly 10%of the original dataset.
The training dataset was used to train the model, and Adam optimizer was employed.
The training phase took 25 days with HPC cloud and 1 GPU 2080 Ti. The learning rate
started from 1e−4 and decreased to 1e−6. Afterwards, the trained model was used to

2 https://github.com/google-research/mint.

https://github.com/google-research/mint
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generate new motions with the test dataset. Seed motion and music were used as input,
and the output was the newly produced dance choreography. The results of the test data
set were used for validation with human participants.

5 Validation

The results were analysed with three methods: assessing the quality of input data, specif-
ically motion data; evaluating the training phase of the model with the loss function;
and finally, investigating the generated motion quality, through an interview with a
professional choreographer and a survey among non-professionals.

5.1 Input Quality

After converting the motion data to SMPL, animations were generated in the Blender
software and compared to MoCap data, in order to investigate the quality of converted
data (see Fig. 5). MoCap data can only be shown as a skeleton in Blender. The SMPL
stick figures include pyramids above each joint, which shows the direction of each joint.

Fig. 5. Left: 10 frames of animated SMPL in Blender. Right: the same frames using MoCap.

We selected 35 (20% of recorded tracks) files at random for an input quality check.
The results show that on average, there is an error in 15% of the hip motions in the
converted files. By investigating the raw data, it was discovered that the error happened
when the joint rotatedmore than 150 degrees, particularly when the rotation data jumped
from 0 to 180 or −180 degrees for consecutive frames. However, the rest of the joints
show the exact movements recorded with the MoCap. Therefore, there might be some
error in the results for the hip motions, which shows the joints are rotating impossibly
like Fig. 6.

5.2 Model Quality

To see if the model was trained reliably, the loss function was examined during the
training phase. The loss function is a measure of the difference between the training
output data (ground truth) and the generated data. The L2 loss function was used, which
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Fig. 6. A sample of common error in SMPL hip movements (right) versus MoCap (left).

calculates the sum of squared differences between predicted values in the generated
motions and the actual movement values.

L2 =
n∑

i=1

(
ytrue − ypredicted

)2
(1)

It is expected that losses decrease with more training steps, as the model learns how
to generate new movements. The loss function trend with the number of training steps
is demonstrated in the table below. The loss is decreasing with more training steps; thus,
the algorithm is better able to predict the output values in the train dataset. However, the
fact that the model is able to reproduce motions it has seen, does not necessarily mean
that newly generated motions will be adequate. For this, we evaluated the test dataset
with human participants (see 5.3) (Table 1).

Table 1. Loss function trend over training steps.

Number of training steps Loss function

20 0.756355

50 0.456406

100 0.279331

5000 0.056492

100,000 0.003793

200,000 0.000244

500,000 0.000146

2,400,000 0.0000498

5.3 Motion Quality

To explore the quality of the generated motions, a survey was done with 20 candidates in
parallel to an interviewwith a choreographer. The generated motion files were converted
to an animations for two different models, one trained with 500K steps and the other
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with 2.4 million. By comparing these models, we can establish both the quality of the
generated movements, as well as the effect of longer training time.

Figure 7 show the sequences of one of the generated movements with 2.4 million
steps. The first figure is the seed motion, and the rest are the generated movements for
every 20 frames.

Fig. 7. Sequences of generated motions with 2.4 million training steps.

Study
The evaluation of generated choreography is complicated, as there is no unique way to
dance to the identical music, and the same movements can be used for distinct music.
In order to get a general impression of the naturalness of our generated movements, we
asked 20 participants to rate the generated choreographies. Two sets of videos, including
three videos of each model (with 500K and 2.4 million training steps) were provided
in pseudo random order, and were sent to participants. We asked these participants to
rate the correspondence of the movements to the music and the degree to which they
resembled real human dancing, both on a scale from 1–10 (1 meaning “not at all”, 10
meaning “perfectly”). The scores for the three videos were averaged for each candidate
and the results were examined statistically.

A t-test comparing the results for the 500K and the 2.4 million steps models showed
that the average correspondence of the movements to the music for the 2.4 million steps
model (M = 5.2, SD = 1.79) was significantly more than the 500K steps model (M =
3.75, SD = 2.09) conditions; t(37) = 2.36, p = 0.012. Moreover, the average rate of
resembling real human dance for the 2.4 million steps model (M = 5.12, SD = 1.95)
was significantly more than the 500K steps model (M = 3.73, SD = 1.65) conditions;
t(36) = 2.42, p = 0.010.

Expert Interview
The interview was done with David Middendorp, experienced choreographer and
AKOB’s director. At the beginning of the discussion, three generated videos from the
2.4 million steps model were shown, and a couple of general questions were asked. Then
we went through one of the video’s movements in more detail.
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In general, David thought the movements did not resemble natural human motions
because they were wobbling a lot, did not consider gravity and inertia, and did not
correspond to the floor surface. He used words such as ‘spooky’, ‘unhuman’, and ‘not
smooth’ to describe the movements. However, he believed there was some coherence in
themotion sequences that shows they are not random. Itwas hard to judge the relationship
between music and movements for him. He mentioned, ‘It is pretty a matter of taste, are
the movements right and what is right’. He said the generated motions were so fast while
the music was slow, and it seemed they might be correlated in a higher frequency of the
music.Meanwhile, he can see some relationships in armmotions, and he concluded: ‘The
movements are a little good to be random, but I am not sure.’ In the end, he mentioned
the current generated movements were not usable in his art shows because he preferred
to have the real human motions first, and then change them in his desired way. However,
he believed ‘They are not completely unusable. They have their weirdness that can be
usable.’

By going through one of the video sequences, Fig. 7,David agreed thatmost positions
are possible for a human, but the transition speed from one spot to another is not feasible,
and the movements do not correspond to gravity and the floor surface correctly. He liked
some generated positions, Fig. 8, and said they could not happen in real life for too long,
but they are ‘cool’ positions. Moreover, he vividly saw a proper correlation between
neck and arms movements in some motion sequences, Fig. 9. The neck moved smoothly
with the arms motion, which is aesthetically pleasing when the video ran slowly.

Fig. 8. Interesting positions in generated dance chosen by the expert.

Fig. 9. Appropriate relation between the neck and the arms motions.

6 Discussion

In this study, Li et al. [16] model is used to generate new dance movements for the
AKOB dance group. The data is managed precisely, from recording data to converting
it into SMPL and validating the new format. Although there are still a few errors in hip
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motions, their effects are not seen in the results. It is worthwhile to examine the reason
behind it more. Also, data splitting is done meticulously to assure the newly generated
movements do not overlap with the training dataset.

The current results show that with more training steps, the loss function decreases,
and the quality of generated motions gets better. The improvement in the quality of
generated dances with more training steps is validated with a survey. This approach was
chosen because there is no standard for dance movements, and any type of movement
might be pleasant for some people. However, the relatively low scores for the 2.4 million
steps model for both musical correspondence (M = 5.2, SD = 1.79) and human-like
quality (M= 5.12, SD= 1.95) show that even for the fully trained models, participants
did not perceive them as particularly natural. Besides the study, an interview is done with
an expert choreographer. He did not deny that the current results might be pleasant for
the audience, but he believed the crucial issue is syncing the speed of music andmotions,
which is not yet satisfying. Moreover, the professional mentioned the movements are
uncanny and do not consider the floor surface and gravity. By providing more datasets
for training, these drawbacks might be mitigated.

In the next steps, with iteratively running the model, it can be defined if there is a
need for modifying the model or tuning the parameters. The current music features are
chosen based on Li et al. [16] study. However, the genres in the literature differ from
the AKOB dataset. So, it is needed to examine if the relation between movements and
music improves with additional modifications in music features.
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