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ABSTRACT

This paper describes ASDF-RNN (Audio Synthesis from
Dance Features), a neural network architecture for synthe-
sising raw audio directly from motion features extracted
with a computational model based on Laban Movement
Analysis (LMA). The system is composed of a deep recur-
rent Neural Network that maps LMA features to a mixed
gaussian distribution of encoded mel-spectrograms repre-
senting classical music. Audio is reconstructed by sam-
pling from the mixed gaussian distribution and decompress-
ing the mel-spectrogram with a dedicated decoder network
trained on classical music. The results from this investi-
gation are promising, however the generated audio retains
very little resemblance to its original source. Addition-
ally, an informal qualitative assessment made it clear that
audio generated by ASDF-RNN from widely different mo-
tion had no perceivable differences in melody or harmonic
content.

1. INTRODUCTION

Thanks to the apparition of tools that "hide" the most com-
plex mathematical part, libraries that facilitate the use of
standard models and the possibility of training the mod-
els on servers with great computing power, the discipline
of Machine Learning (ML) has made the leap to the pub-
lic. Among this audience is the artistic community and
creative technologists, who have incorporated tools such
as RunwayML [1], Magenta [2] or Mimic [3] into their
creative process. The aim of this project is to create a mu-
sical soundtrack for a video of a single person dancing.
There are currently several ML tools which generate dance
moves [4, 5], tools to sonify the dance movements [6] or
movement in general [7], but there is little research into
generating music for a set of dance moves using ML.

Our motivation emerges from the idea that music can be
generated directly from low-level or symbolic features ex-
tracted from a dance performance. Thus, the problem we
seek to circumvent is the arbitrary mapping from gesture
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to audio that seems to be current state-of-the-art in the ex-
tant literature. With this in mind, the authors acknowledge
that such approaches are desirable for composers or musi-
cians who would use systems such as the ones developed
by [8–10] as extended instruments.

This paper presents ASDF-RNN, a prototype of a full-
body motion analysis system for generating classical mu-
sic. The aim of this system is to analyse dance that has
been choreographed to a specific music genre and subse-
quently generate new music that retains similarity to the
original style.

The rest of the paper is organized as follows. Section 2
presents relevant computational models for full-body mo-
tion analysis with emphasis on the use of Laban Movement
Analysis. Subsequently, we discuss the state-of-the-art ML
models for raw audio generation. Section 3 outlines the im-
plementation process of ASDF-RNN. Here we emphasise
the training procedure and workflow of our own proposed
architecture. Section 4 presents the results from the model
training. Informal qualitative assessments of the generated
music are also presented. Section 5 discusses the results,
and we provide reflections on the hyper-parameters, train-
ing workflow and general improvements, while sections 6
and 7 conclude the paper and provide directions for future
development, respectively. All the original data, source
code and generated content for this project are available
online (see table 1):

Table 1. Code and data repositories

Contents URL

Source code https://tinyurl.com/SMC7-source
Multimedia examples https://tinyurl.com/SMC7-media
Full data https://tinyurl.com/SMC7-data

*all source code and data is freely available to use

2. BACKGROUND

2.1 Music generation from dance

Some recent advances in the study of generating music
from dance rely on an arbitrary mapping (or no mapping at
all) from the performed gestures to a corresponding musi-
cal output. In [8], no specific movement style was imposed
on the dancer. Key points from the movement were de-
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tected, and lower level features such as the velocity of the
key points between frames were directly mapped to a musi-
cal output. Other advances have left the musical mapping
to the user of the system. The EyesWeb project provides
an interface with real-time analysis of full-body movement
that composers and choreographers can use to make real-
time music and visuals to stage performances [9]. A simi-
lar tool was developed by [10], who describes their project
as an approach to create a real-time motion analysis engine
to be used in multimedia dance performances. Other than
[8], it is apparent that projects that focus on dance as the in-
teractive mechanism for driving music or visuals, primarily
focus on the analysis and extrapolation of full-body mo-
tion. They compute low-level features extracted from mo-
tion features, used later in higher-level processes to gener-
ate symbolic representations of the performed movements.
These symbolic representations are the output, to be used
as the basis for mapping either music or visuals [9, 10].
These systems have been used in public performances, for
example in [5] where the human dancer tries to imitate the
(previously trained) AI movements and the AI tries to imi-
tate the human, engaging in a feedback loop / duet.

2.2 Full-body Motion Analysis

At the lowest level of any motion analysis system, some
virtual representation of the body has to be acquired. Ca-
murri et al. [9] used a setup of at least two cameras. The
signals were preprocessed using classical image process-
ing techniques and propagated further to the MIL (Matrox
Imaging Library), which extracts high-level information
about movement. An even more extensive setup was used
in [10]. A 16-camera marker based motion capture sys-
tem was used to extract the individual joints of the body.
Generally, Motion Capture (MoCap) systems of various
sorts are preferred in the analysis of full-body motion due
to the extensive information about each joint they provide
[11–13]. MoCap setups are, however, both expensive and
very time consuming to prepare [12]. To avoid large cam-
era setups, analog sensor based approaches have also been
used with some success [14]. Such approaches (e.g. [14])
attach accelerometers to each desired joint of the body un-
der analysis. Modern depth-cameras such as the Kinect
is a great alternative to extensive MoCap or analog sen-
sor setups and has been used in various motion analysis
projects [15–17]. The Kinect software performs pose es-
timation and can output a skeleton where prevalent body
joints are represented as positions in 3D real-world coordi-
nates in relation to the camera [18]. When real-time acqui-
sition of the body is not important, for example in the train-
ing and development phase of motion analysis specific ML
projects, online MoCap databases have often been used
[12, 19–21]. The problem with online MoCap databases
(and databases in general), is that they might not fit within
the specific context desired for a ML project [12]. In these
scenarios, models as PoseNet [22] e.g. provided through
the RunwayML [1] framework can be used by data sci-
entists and ML researchers as a cheap and easily avail-
able method of extracting and estimating poses. This ap-
proach does not compete with MoCap, analog sensors or

the Kinect in real-time full-body acquisition. PoseNet sup-
plies body poses in 2D pixel coordinates only. However,
the enormous flexibility provided due to its availability weigh
up the necessary trade-offs. When using existing video ma-
terials, PoseNet beats all other alternatives.

2.2.1 Laban Movement Analysis

Laban Movement Analysis (LMA) is a comprehensive model
describing human motion. Originally developed as a way
to qualitatively describe dance, it has since been extended
to comprise human movement of any sort [23]. LMA can
be considered as high dimensional model. One of these
dimensions, denoted the effort axis, breaks down move-
ment into four sub-categories: weight, time, space and
flow [11, 13, 23]:

1. Weight: describes the amount of force involved in
a movement. It is further sub-divided into two ex-
tremes: strong and light.

2. Time: describes the degree of urgency in the move-
ment. That is, how much acceleration or decelera-
tion is involved. The two extremes of this category
are sudden and sustained.

3. Space: is sometimes described as the attitude to-
wards a chosen pathway or how that pathway is ap-
proached. It can also be described as the directness
of the movement, relating to how much attention is
paid to the surroundings. The two extremes are di-
rect and indirect.

4. Flow: is the degree to which the movement is con-
trolled or released. Also described as the continuity
of the movement. The two extremes are free and
bound.

Another axis of LMA sometimes considered is the shape-
axis [11, 13]. The Shape descriptor describes the way the
body sculpts itself in space, or the changes in relationships
of the body parts to one another and their surroundings.
Only of one of this axis’ sub-categories will be considered,
namely the Shape Directional descriptor. This describes
the shape of a path along which a movement is executed.
It also has two extremes, arc-like and spoke-like.

2.2.2 LMA Computational Models

LMA is in its essence a purely qualitative model [23], and
the above descriptors and their two extremes comprise one
of the highest levels of movement representation and de-
scription. In actual LMA, practice certified LMA experts
(also referred to as Certified Movement Analysis Experts)
derive the motion descriptors through repeated observation
of the subject in question [13, 14, 23]. Due to its rigidity
in describing motion, several computational models have
been developed to approximate aspects of LMA [24]. LMA
is usually broken down into analysis of smaller segments
of the body such as the head, upper limbs (shoulders, el-
bows, arms), lower limbs (hips, knees, feet/toes) and the
torso [23]. As a result, most computational models esti-
mating LMA factors require motion trajectories from a set



of joints. Hence, MoCap-like data is usually the assump-
tion behind most available models. Every model computes
a set of low-level features based on the motion trajecto-
ries. The more advanced models proceed by using these
low-level features to estimate high-level LMA dimensions.
Most models stay within the effort-axis described above
[13, 14, 17]. For the sake of brevity, this paper will not
elaborate on high-level LMA feature extraction.

2.2.3 Low Level LMA Features

In their review of computable descriptors of human mo-
tion, Larboulette & Gibet [11] provide formulas for esti-
mating motion descriptors from LMA on the effort- and
shape axes, as described in section 2.2.1. The first assump-
tion in their model is that the input data is in the form of k
motion trajectories, where k represents a single joint from
set m of body joints. Each trajectory can be specified in
either quaternions or position at time t. For example, con-
sidering the case where MoCap-like data is provided in po-
sitions:

• Given a set of m joint positions, a pose can be con-
sidered as:

x(ti) = {x1, x2, ..., xm}(ti) (1)

where xk are positions associated with the kth joint
at time index ti in the motion trajectory. Each pose
x(ti) is encoded by either a 2 × m or 3 × m di-
mensional vector, corresponding to the depth of the
captured data.

In [11]’s formulation, the joint positions of the motion
trajectories together with their first, second and third deriva-
tives represents the basis for computing descriptors on the
effort- and shape axes. These formulas are outlined from
[11, pp. 25-26] as follows:

E(ti) =
∑
kεK

αkv
k(ti)

2

Weight(T ) = maxE(ti), i ε [1, T ]

(2)

Timek(T ) =
1

T

T∑
i=1

ak(ti)

Time(T ) =
∑
kεK

αk Time
k(T ), i ε [1, T ]

(3)

Spacek(T ) =

∑T
i=2 ||xk(ti)− xk(ti−1)||
||xk(T )− xk(t1)||

Space(T ) =
∑
kεK

αk Space
k(T ), i ε [1, T ]

(4)

Flowk(T ) =
1

T

T∑
i=1

jk(ti)

Flow(T ) =
∑
kεK

αk Flow
k(T ), i ε [1, T ]

(5)

Shapek(T ) =
1

T

T∑
i=1

Ck(ti)

Shape(T ) =
∑
kεK

αk Shape
k(T ), i ε [1, T ]

(6)

The variables vk, ak and jk represent the magnitudes of
the first, second and third derivatives (velocity, accelera-
tion and jerk, respectively) andCk the curvature of the mo-
tion trajectories associated with each joint k at time index
i. The repeating pattern between the above formulas is that
they compute a weighted sum of kinematic descriptors on
a per joint basis over a time interval T. Subsequently, the
contribution from each joint is included in the final esti-
mate by the weight factor αk. The result is that a small set
of global feature descriptions of the performed motion for
a set of time windows is achieved.

2.2.4 Action Segmentation

The concept of action segmentation in the context of LMA
computational models, rely on the notion that "[...] move-
ment can be rationalized as a series of snapshots that can
be ordered, structured, and formalized as the building blocks
of a representation" [24, p. 37]. That is, a particular move-
ment can be regarded as an ordered set of gestures. These
gestures can even be subdivided on a per joint basis. On
a purely theoretical level, action segmentation is the pro-
cess of splitting a kinematic signal (e.g. motion trajec-
tories) into smaller windows of time based on some con-
dition. Two LMA feature extraction studies [13, 17] pro-
pose a method based on finding the zero-crossings of the
scalar acceleration trajectories associated with each joint.
In their approach, an action is said to "begin", when the
scalar acceleration exceeds a threshold. The action has
ended after the second zero-crossing in the trajectory has
been passed. The interonset time (in samples) between the
beginning and end of the action determines the time win-
dow over which the LMA features are computed [13]. An
even simpler approach that has been used in an LMA con-
text is uniformly dividing a trajectory in time windows of
size N [14]. Larboulette et al. [11] proposes three unsu-
pervised clustering methods (e.g. [19–21]) to segment the
motion trajectories. These authors stem from the field of
kinematics research and proposes algorithms for extract-
ing keyframes from MoCap data. In the context of action
segmentation they are still relevant, as the keyframe-to-
keyframe scenario has to encode the most relevant poses
for reconstructing a movement-sequence through subse-
quent interpolation [20, 21].

2.3 Raw Audio Generation

Currently for raw audio generation ML, SampleRNN and
WaveNet are the most ubiquitous tools. Raw audio gener-
ation is defined as the synthesis of audio waveforms rather
than symbolic representations such as MIDI or sheet mu-
sic; speech and music synthesis for example. Tools used
for speech synthesis are often appropriated for music gen-
eration.



2.3.1 WaveNet

WaveNet is a fully probabilistic and auto-regressive model
developed by Google in order to generate raw audio wave-
forms. [25]. WaveNet presented a state-of-the-art model
in 2016 by incorporating dilated causal convolutions as
the "main ingredient". Causal convolutions had previously
been used in other contexts such as in signal processing
[26] and image segmentation [27] but this was the first time
that it had been used in the audio time domain specifically.
WaveNet as a result was able to have a very large receptive
field allowing it to learn the characteristics of music over
large temporal scales.

WaveNet also uses a fully probabilistic model using the
softmax function to select the most appropriate value for
the next raw audio sample value. Raw audio would nor-
mally require 65536 outputs but, by quantising using the
µ-law algorithm, this is reduced to 256 values. A typical
Neural Network (NN) output results in the conditional av-
erage of the presented data where as this probabilistic view
presents a condition probability distribution. For tasks where
the conditional average is a poor representation of the sta-
tistical properties of the data, this probabilistic view often
produces better results [28].

2.3.2 SampleRNN

SampleRNN proposed a model that utilises a hierarchi-
cal structure of modules at different temporal resolutions
which allows SampleRNN to learn the data manifold di-
rectly from the audio samples [29]. This allows SampleRNN
to be computationally much faster than WaveNet. Sam-
pleRNN was inspired by a need for a simpler model as
WaveNet "is just really complicated" [30]. It differs by us-
ing a recurrent NN architecture. This helps to model the
dependencies in audio data which inspired the use of an
RNN architecture in the ML pipeline in this project. Simi-
lar to WaveNet, SampleRNN uses a µ-law quantised output
to determine output samples.

SampleRNN produces great results for raw audio gen-
eration but it appears difficult to find a way to condition
SampleRNN on the Laban features. These models alone
are not capable of producing music conditioned on another
input.

2.3.3 Tacotron 2

Tacotron 2 was published by Google Deepmind as a NN
architecture designed for text to speech [31]. It uses both
convolutional layers and LSTM layers in processing the
input data to WaveNet as shown in Figure 1.

The most relevant section is the hidden feature represen-
tation which is used to generate a mel-spectrogram. An
autoencoder is trained on mel-spectrograms to produce a
vector representation of length 1024. The decoder then
uses this vector representation in order to predict the mel-
spectrogram.

This stage of Tacotron 2 is an example of sequence to
sequence learning where the speech and linguistic feature
input is translated into a mel-spectrogram.

Figure 1. Tacotron2 Architecture [31]

2.4 Mixture Density Networks

Mixture Density Networks aim to model arbitrary condi-
tional probability distributions instead of modelling arbi-
trary functions as in conventional NNs. This technique is
particularly useful in models where an input may map to
multiple outputs. One such example presented in the paper
is inverse problems such as robot kinematics [28], or in se-
quence to sequence topologies, such as in [16]. Consider
that a dance move has no inherent mapping to its accompa-
nying audio. Hence, when a range of outputs are suitable, a
probabilistic model is better suited than a conditional aver-
age. The state of the art raw audio generation systems use
probabilistic output distribution as seen in 2.3.1 and 2.3.2.

2.5 Spectrogram Representation

One of the problems that arise when dealing with audio
is the large amount of raw data to analyze. Therefore, it
is common to perform feature extraction on the raw data
and achieve a more compact representation. Transforming
the signal from the time domain to the frequency domain
allows a more compact set of audio features [32].

In fact, the spectral representation of music is so linked to
the medium that composers have paid special attention to
it, from impressionist musicians (Debussy, Ravel, Delius,
Griffes, Varèse, etc.) to the movement of ’spectral com-
posers’ that emerged in 1970. In both cases, composers
are more interested in the timbre of the works than in the
melody or the rhythm itself [33].

Spectrograms, as a lower dimensional set of features, are
being used in a wide variety of audio recognition / clas-
sification problems: genre recognition, speaker identifica-
tion, speaker genre classification, artist classification, mu-
sic transcription, etc. [34–36].

One particular interesting transformation that can be ap-
plied to spectrograms are the mel-filters bank to obtain a
mel-spectrogram [37], so the linear-frequency scale will be
non-linearly transformed into a mel-scale based in the per-
ceptual equidistance of the tones, with fewer components
than the original one (the resolution for higher frequencies



is reduced, mimicking human perception) Since this is a
perceptual transformation, there is more than one imple-
mentation for this conversion. Librosa’s implementation is
based on the MATLAB Auditory Toolbox by Slaney [38],
using a linear scale for frequencies below 1 kHz and log-
arithmic for frequencies above 1 kHz. The spectrogram is
finally converted to dB. As noted, mel-spectrograms are a
fundamental part of Tacotron 2 workflow [31], where they
are generated in a prediction network and the feed into a
modified version of WaveNet, but also are used in disci-
plines such as sound classification [39].

2.6 Convolutional Autoencoder networks

By using a spectrogram, it is possible to represent the au-
dio as an image and, therefore, apply ML techniques that
are used in the field of computer vision. In this case, one
of the most common architectures used is a Deep Convo-
lutional Network (DCN), since by its structure -imitating
how the human vision works- it lends itself to discover-
ing the structures present in the two-dimensional data, by
a series of convolving and downsampling operations. The
hidden layers are able to learn and represent the underlying
structure of the data. For example, in [40], the authors use
a DCN to classify 1.2 million high-resolution images into
1000 categories. The authors cite as a drawback the time
needed to train such a network when the images are in high
resolution, as well as the need to find datasets large enough
to avoid overfitting.

In music and in particular, in automatic music genre clas-
sification, DCN are used independently with a three-layer
architecture [41] or together with handcrafted features, both
from the visual and the acoustic domains [42]. DCN are
also used in speech recognition [43] and in music segmen-
tation [44].

In order to further reduce the dimensionality of the data,
an autoencoder [45] can be used, a unsupervised multilayer
network architecture divided into two parts, the encoder,
which reduces the dimensionality of the input data, com-
pressing the input into a vector with a smaller number of
elements, called "code vector"; and the decoder, which will
reconstruct the original data using the code vector value
as input. Autoencoders are used not only to get a more
compact set of features (dimensions) but also as genera-
tive models [46], image inpainting [47] or anomaly detec-
tion [48].

3. DESIGN AND IMPLEMENTATION

The system is subdivided into a series of reusable modules,
so we can use them with hardly any modifications both in
the training stage and in the usage stage. The most promi-
nent modules are the LMA Feature Extractor for the Laban
feature extraction, the Convolutional autoencoder (CAE)
for the audio feature extraction and the LSTM Network to
generate the coded representation of an audio clip using
the Laban features as its input (see fig. 2).

During the training stage, the CAE is trained -using the
spectrograms obtained from the same ballet performances-
to get a compressed representation of the audio. The LMA

Figure 2. ASDF-RNN architecture

feature extractor is fed with pose data from the ballet per-
formances to get a denser set of (LMA) features. Finally,
the LSTM is then trained to generate a compressed audio
vector for each element of the LMA features set.

In the usage stage, we present the LSTM network with a
set of LMA features, and the output, a compressed repre-
sentation of the audio, is presented to the decoder half of
the CAE to generate the corresponding audio.

3.1 Movement Data Generation

We found no online databases to suit our specific context,
hence we opted for a web-scraping approach instead. The
data for subsequent training consists of six hours of video
of solo classical ballet performances, acquired from var-
ious online sources (e.g. YouTube and Vimeo). From a
custom made tool we sample each of these videos at a
constant framerate of 30fps. Every frame is encoded in
.png format and re-scaled to (600 × 400) pixels. Every
frame is analyzed individually in RunwayML [1], using
the PoseNet [22] model with the ResNet50 [49] architec-
ture with an OutputStride of 16, prioritizing the quality of
the detection over the processing speed. Subsequently, the
frame data from RunwayML is grouped in JSON files (240
poses per frame batch). As a pre-filtering condition, we
discard files with not enough poses and interpolate frames
where the dancer is not detected. After this process, we
obtain 1201 JSON files that collect the movements of the
dancer for eight seconds each (e.g. 240 samples).

3.2 LMA Feature Extractor

The LMA extractor processes individual JSON files encod-
ing a sequence of poses (as described above). We denote
each JSON file a frame batch, which consists of 240 sam-
ples/poses. The extraction process is subdivided in three
stages:

1. Estimate kinematic descriptors on a per joint basis
for every pose in a batch.

2. Segment the motion per batch using a keyframe ex-
traction algorithm.



Figure 3. Mean bone angle curve θ, with corresponding keyframes (top). The pose at estimated keyframes (bottom)

3. Compute LMA descriptors per batch over the time
windows as estimated by the keyframes.

3.2.1 Kinematic Descriptors

The kinematic descriptors; velocity, acceleration, jerk (first,
second and third derivatives of the motion trajectory, re-
spectively) and curvature are calculated on a per joint ba-
sis over the 240 poses in a frame batch. When estimating
higher discrete derivatives, noise in the motion signal is
gradually amplified. Therefore, the motion signal is pre-
processed by being passed through a low-pass filter (here,
the 2D-signal has been split into separate 1D-signals along
each dimension). The low-pass filter is a 5th order IIR-
filter with a cut-off frequency at 3Hz (cf. [50]). The formu-
las used for estimating the discrete derivatives are derived
from [11]. For example, we estimate velocity as:

vk(ti) =
xk(ti+1)− xk(ti−1)

2δt
(7)

As usual, the superscript k refers to the kth joint in the
pose at time ti. δt is the sampling frequency, which in
our case is 1

30 . The higher derivatives are estimated in a
similar fashion to (7). All transients in the kinematic sig-
nals are simply estimated using an edge wrapping scheme,
i.e. t0 = t1 and tn+1 = tn. The scalar equivalents of
the motion derivative signals are simply the magnitude of
the vector quantity. Since the motion trajectories in our
case are derived using PoseNet [22], they are all encoded
in 2-dimensional cartesian coordinates. Hence, curvature
is calculated using the 2D estimation:

Ck(ti) =
|detA|

[vk(ti) • vk(ti)]
3
2

, A =

[
ak(ti)
vk(ti)

]T
(8)

where vk and ak are 2-dimensional row vectors and •
represents the dot product.

3.2.2 Action Segmentation

To segment the motion trajectories into smaller time win-
dows, we use a variation of the keyframe extraction algo-
rithms described in [20] and [21]. First, the motion tra-
jectories are reorganised. Each joint is connected with its
neighbour joint (following the hierarchy described in [21]),
thus representing the pose as a set of vectors, or "limb
bones", with the kth bone at time ti denoted Bk(ti). For
each limb bone connecting two joints, we calculate an an-
gle with a reference limb bone in the pose. That is,

θk(ti) = arccos
Bk(ti) •Bref (ti)

|Bk(ti)||Bref (ti)|
(9)

For each curve represented by bone angle θk(ti), i =
1, 2, ..., N , we find the time indices ti which represents the
highest curve salience. Salient points are where the curve
has high fluctuation with respect to neighboring points. In
other words, where there are occurrences of drastic changes
in the bone angle. Finding these salient points is a three-
step process inspired by [20]:

1. An absolute difference of gaussians is computed for
each bone angle curve θk. That is, we convolve θk

individually with two gaussian kernels of varying
sigma parameters. The absolute value of the differ-
ence between the two curves after the convolution
we denote a salience curve, Sk:

Sk = |θk ∗G(µ, 2σ)− θk ∗G(µ, σ)| (10)

In the above equation µ = 0. The specific choice
for σ and the window length of the gaussian kernel
can be arbitrarily chosen [20]. In our case we chose
a window length of size 5 and σ = 0.75.



2. The time indices ti representing salient points are
the points Sk(ti) greater than the mean of all points
in Sk. We can formulate these time indices as the
set F k of candidate keyframes, fi, for a curve asso-
ciated with limb bone k:

F k = {fi ;∀ti : Sk(ti) > meanSk} (11)

3. The candidate keyframes inF k close together in time
are separated into their own clusters. The separation
condition is simply that frames (i.e. time indices)
within their cluster differ by no more than 5 samples
in relation to their neighbors. For each cluster, we
only retain the keyframe which maximises or min-
imises the original bone angle curve θk.

At this stage we have a subset F ks ⊆ F k of keyframes for
each limb bone k. To achieve a representation of keyframes
for the whole movement, we take the union of every F ks
to get the set F of unique keyframes for every limb bone
k εB:

F =

|B|⋃
k=1

F ks (12)

Again, the keyframes are separated into clusters. How-
ever, the amount of clusters at this stage determines the
eventual number of time windows that the motion will be
segmented into. Since we do not want this number to be
variable, we use the k-means algorithm to compute the
clusters. A condition for k-means is that you supply how
many clusters you expect. We take advantage of this prop-
erty to get the same amount of clusters for each frame batch
we process. Again, we only retain the keyframe of each
cluster which maximises or minimises the angle curve θ,
where we in this case estimate θ to be the mean of all bone
angle curves θk:

θ =
1

|B|

|B|∑
k=1

θk (13)

The assumption here, is that common high value peaks
in the individual bone angle curves will be retained due to
constructive interference while opposing peaks will cancel
each other out. The result after running the keyframe ex-
traction procedure set to finding 9 keyframes can be seen
in fig. 3.

3.2.3 Computing LMA Features

From the subset of unique keyframes Fs ⊆ F , we define
the number of time windows Ti for a frame batch to be the
interonset time between consecutive keyframes:

Ti = fi+1 − fi, i ε [1, |Fs| − 1] (14)

We compute every LMA feature along the effort- and
shape axes as outlined from the equations (eqs. (2) to (6))
in section 2.2.3 for every time window Ti. Recall that
the contribution from each joint is combined through a
weighted average with the weight factor αk. In our case,

we chose to emphasise the ankle- and wrist joints, since
these joints see the most change over time in a ballet per-
formance.

3.3 Audio Feature Encoding

Before the CAE can be trained, the data should be ex-
tracted from the performance videos and converted to spec-
trograms. This process consists of two steps:

1. Extraction of 21825 audio fragments of 8 seconds
of duration, downsampled to 22050Hz, 16 bit, mono.
The audio fragments are overlapped 7 seconds (one-
second hop between fragments). Shorter duration
fragments are discarded during the extraction pro-
cess.

2. Generation of 128 band mel-spectrograms, using
librosa [51], with a FFT window of 4096 samples
(185.7ms) and a hop between frames of 690 samples
(31.3ms) to obtain a representation of (128 × 256)
elements per spectrogram. Phase data is discarded.
The spectrogram (power) is then transformed to dB.

The convolutional autoencoder is trained to extract a set
of 1024 features from the mel-spectrograms. This reduced
set will be used in the LSTM network. The autoencoder
is not symmetrical: the encoder is a deep convolutional
network, and the decoder is a shallow network.

The encoder and decoder are created as separate models.
A third model linking the encoder and decoder is also cre-
ated. The full model is used during the training stage: the
encoder is used to generate the training set for the LSTM
network and the decoder model is used for reconstructing
the spectrograms from the LSTM-generated code vectors.

The autoencoder has the following architecture (Figure
4):

• Input layer: 32768 (128× 256) neurons.

• Convolutional layers: four two-layer stages, a fully-
connected layer with 32768 neurons and the code
layer, with 1024 neurons. The first layer of each
two-layer stage is a convolutional layer, in charge of
stacking filters (32, 64, 128 and 256) using a (3, 3)
kernel and a stride of 1. The second layer will reduce
the dimensionality of the previous layer to (64 ×
128), (32×64), (16×32) and (8×16) respectively
by applying a pooling operation.

• Dense layer: the final convolutional layer is flat-
tened and fully-connected to the code vector.

• Code vector: this layer is common to the encoder
and the decoder. It has 1024 neurons and is fully-
connected to the output layer.

• Output layer: 32768 (128× 256) neurons.

We use ReLU [52] as the activation function (faster to
train than tanh [40]) in all layers except the last one, where
we use a sigmoid function.



Figure 4. CAE structure.

3.4 LSTM Network

A RNN (Figure 5) is trained to produce the vector of 1024
elements from the Laban features and loss is calculated
against the vector representation of the accompanying spec-
trogram as produced by the CAE. The output from this
RNN will be used in the final pipeline as input to the de-
coder from the previous section.

• LSTM layers: The network consists of 2 LSTM
layers of 512 and 1024 units with an input of 9x5
corresponding to the 5 Laban features for 9 detected
dance moves. The first LSTM uses return sequences
as true while the second is false as the dimensional
for the spectrogram must be reduced from 3 to 2.
The activation function for both these layers is sig-
moid.

• Dense layers: Next there is a series of Dense and
Dropout layers of size 2048, 4096, 2048. The first
layer uses a sigmoid activation function with the next
two layers being ReLU.

• MDN layer: Finally, a Mixture Density Network
(MDN) layer is used as the final output. The MDN
is set up with a final dimension output of 1024 and
the number of distributions is set to 10.

4. RESULTS

4.1 Convolutional autoencoder

4.1.1 Training parameters

For the training process, the data is split 80-20 into training
and testing (17460 and 4365 spectrograms). The CAE is
trained for 400 epochs with a batch size of 128, using adam

Figure 5. LSTM structure.

[53] as the optimizer with a fixed learning rate of 0.001 and
minimum square error as the error function.

Using the final architecture, the autoencoder training takes
3 hours on a Titan X. At the end of that period, we got a
training loss of 0.0019 and a validation loss of 0.0031.

4.1.2 Evaluation

We have found that the error must be kept below 0.0040
(ideally below 0.0035) for the CAE to produce recogniz-
able audio. In another case, we will get sounds that go
from noise to some kind of audio reconstruction (e.g. table
2), but we need to stay below that threshold to get recog-
nizable musical fragments.

Table 2. Loss vs. perceived quality of sound

Loss Results

> 0.0080 Noise
0.0080 - 0.0060 Amplitude modulated noise
0.0060 - 0.0050 Amplitude modulated timbre
0.0050 - 0.0035 Blurred notes

< 0.0035 Recognizable melody

To achieve these values we started with approx. 2700
non-overlapping sound fragments, and a simple autoen-
coder architecture, with no convolutional layers. The au-
toencoder learned all the examples from the training set,
but was overfitting severely, and the validation loss was
over 0.0060, way above the threshold of "musical intelligi-
bility" we were aiming for.

To avoid this situation, we augmented the data, gener-
ating overlapping spectrograms. We tried several dataset
sizes generating fragments with 4-second hop, a 2-second
hop, and lastly, 1-second hop. Data augmentation reduced
overfitting, but increased the training loss, which forced
us to add more complexity to the architecture of the net-
work, introducing the convolutional layers, and increased
the dimensionality of the code vector from 256 to 1024
(still a 172-to-1 compression). After trying several archi-
tectures, with additional dense layers before and after the
code vector, we have obtained the best results flattening
the last convolutional layer (256 8×16 filters) which gives
us again a layer with 32768 neurons (the same number as



pixels in the image) fully connecting that layer to the code
vector and making the decoder shallow. With that architec-
ture (as shown in Figure 4) we were able to obtain both a
validation and training loss below our required threshold.

Figure 6 shows the relationship between dataset size and
training and validation losses and the intelligibility thresh-
old.

4.2 LSTM Network

4.2.1 Training parameters

The LSTM Network was trained for 3750 epochs taking
approximately 15 hours on a Titan X. This resulted in a
training loss of -1084.61 and a validation loss of -1124.99
as seen in Figure 7. During training the batch size was set
to 8, and during predicting and sampling the output from
the MDN layer the temperature is set to 1.

When normalising the Laban input data, some features
have large extreme values over different time-steps which
results in very small, similar values. When each feature is
scaled with respect to the other features in that series of
time-steps it yields better results.

After preprocessing, the dataset contains 1201 total spec-
trogram representations with 9x5 Laban features. Using a
80-20 split for the data set this corresponds to 960 features
for training and 241 features for validation. The optimizer
is RMSProp with a learning rate of 0.0001 and the ρ pa-
rameter is set to 0.9.

The output of the LSTM Network is a combination of dis-
tributions that are sampled to obtain the 1024 length vector.
The sampling is dependent on temperature. For the tem-
perature value we found that 1.0 provides the best results
and even varying this to 0.7 or 1.5 causes the quality of the
final audio to decrease significantly to the point where it is
indistinguishable from noise.

4.2.2 Evaluation

The Network appears to converge for training and valida-
tion, but during training the validation loss follows a trend
of long periods of non-decreasing validation before finding
a new minima as shown in Figure 7.

Figure 6. Relationship between number of audio fragments
used and training and validation loss.

Figure 7. LSTM RNN Loss.

4.3 ASDF Audio Evaluation

To evaluate the performance of ASDF-RNN a series of
videos have been chosen including two charleston num-
bers, the comic sketch Ministry of Silly Walks (Monty
Python’s Flying Circus, 1970), a musical number from the
film "Singin’ in the Rain" (Stanley Donen, Gene Kelly,
1952) and different poses by the SMC-2019 student team.
Using the same tools as in the training stage, 123 fragments
are obtained. Spectrograms are presented to the CAE, and
Laban features are presented to the LSTM Network getting
a total of 123 audio fragments.

Table 3 shows two generated wav files. These spectro-
grams and waveforms have been generated only using La-
ban dance features and ASDF-RNN at different stages of
training. Wav10 and Wav50 are examples of the train-
ing and validation the output of ASDF-RNN respectively.
ASDF-RNN generalises well with comparable sounding
results found for both the training and the validation exam-
ples but there is a recurring issue of unwanted noise that is
present throughout all the generated audio.

Table 4 shows a comparison of audio for 000.wav. The
generated audio uses ASDF-RNN system to generate au-
dio from Laban features and the decoded audio is the ideal
case with the latent space 1024 vector generated from its
corresponding encoder. There are some similarities in the
audio with issues stemming from the reconstruction of the
phase information but the ASDF-RNN has clearly learned
how the lower frequencies generally have a higher power.
The trend of this attenuation of power with frequency has
also been modelled somewhat correctly by the LSTM Net-
work and CAE. The audio for these examples can be found
in the examples from Table 1.

4.4 Qualitative Assessment of Generated Audio

We did an informal qualitative assessment on the quality of
the generated audio from ASDF-RNN, through a very brief
listening test with subsequent scoring. The assessment was
simply carried out by colleagues from the Sound and Mu-
sic Computing education at Aalborg University. All our
colleagues have previous musical experience, and one had
a background in non-western music. For the informal pro-
cedure, We generated three fragments of audio, presenting



Epochs Wav 10 Wav 50
Spectrogram & Waveforms

100

1000

3000

Table 3. ASDF-RNN Waveform and Spectrogram examples

sequentially the same three fragments to the five subjects.
We were curious whether they could perceive significant
differences in melodic or harmonic content of the frag-
ments. As such, we asked them to rate on a 10-point likert-
type scale if they perceived the fragments to be different,
with 1 being very similar and 10 very different. Four rated
the fragments to be very similar (between 2-3 points on
the scale). The fifth subject, the only one versed in non-
western music, rated the fragments as "somewhat differ-
ent" (5 points on the scale).

5. DISCUSSION

5.1 Audio

ASDF-RNN audio generation is a two-stage process. The
LSTM generates a code vector and the CAE renders it
into sound. The CAE is robust enough to encode unheard
fragments of classical music (specially strings and piano).
Testing with other music styles (Charleston, pop, spoken
word) and other timbres (wind, percussion, choir, etc.) the
results are poor but promising. The CAE tries to repro-
duce those unheard sounds and is able to generate a simi-
lar amplitude envelope, but can not reproduce the timbre.
Although the CAE is not intended to be used as a end-
to-end music compressor, since once trained we only use
the decoder layers, training the CAE using classical pieces
with different orchestrations should improve its response
and get better audio reconstructions.

ASDF-RNN produces progressively better sound as the
number of epochs increase for the LSTM Network. In both
examples presented in Table 3, there are unwanted audio
artifacts heard in the audio. As the number of epochs in-
crease this sound has become less obvious leading to better

quality audio.
The audio produced by the LSTM has a high signal-to-

noise ratio, but has no clear tonal center and the sounds
are merged in a continuous glissando, producing an over-
all feeling of unpleasantness and uneasiness. This is due
the lack of consistent rhythm and a steady melodic refer-
ence. One suggestion for why we interpret this audio as
unpleasant is an uncanny valley for audio. Mori [54] sug-
gests that there is a link between uncanniness and fear and
before the point of complete familiarity (In our case realis-
tic sounding music) there is a point of maximum unfamil-
iarity. While there is no literature currently directly sup-
porting an uncanny valley for musical audio, Avdeeff [55]
and Grimshaw [56] have suggested links between uncan-
niness and fear and unfamiliarity and between randomness
and urgency for audio in other contexts.

Because of the lack of tonal center (the original pieces be-
ing written in different keys and) and the oscilating tones,
the resulting audio sounds random, and all the fragments
are perceived as very similar sounding, despite present-
ing clear differences when represented in the time domain
as a waveform or in the frequency domain as a spectro-
gram. The CAE should learn what cadences and sounds
are allowed. However, right now, the NN does not have
enough long-term information to understand the rhythmic,
harmonic and melodic relationships among notes.

Pitch adjusting software (Propellerheads’ Neptune pitch
adjuster) had problems detecting the pitch of the generated
audio. Also, Adobe’s Audition was not able to obtain co-
herent results when showing the spectral pitch of the frag-
ment. However, using the generated audio as the modu-
lator wave in a vocoder (Propellerheads’ BV512 Digital
Vocoder) the resulting audio sounded like a string instru-



Generated Audio Reconstructed Audio

Time

Domain

Frequency

Domain

Table 4. Amplitude & Frequency Comparison Table for 000.wav

ment. At this point, ASDF-RNN has learned the amplitude
modulation of the audio and the expected timbre, but it still
needs to learn how to produce tones and music.

From examining the spectrograms we can see the promi-
nence of audio at low frequencies. When listening to the
audio we can hear beating low frequencies which indicate
that there are at least two frequencies within their respec-
tive critical band. This could be learned from an overuse of
thrills in the training dataset but it possible that this could
be an effect from the NN performing poorly at selecting
specific frequencies for low register instruments and clus-
tering them too close together. The low frequencies may
be attenuated if desired using a 12dB per octave high-pass
filter (e.g. MEqualizer by Melda Productions).

During the development of this system the authors were
required to listen attentively to the out audio to evaluate the
results. Evaluation may have been hindered by the occur-
rence of listening fatigue. Symptoms can include tiredness
and loss of sensitivity and thus, it becomes harder to evalu-
ate audio accurately. As the listener becomes desensitised
to artifacts the quality of the output can be misinterpreted.

6. CONCLUSIONS

In this paper we have taken initial steps in the investigation
towards raw audio synthesis directly from motion features,
in our case derived from classical ballet dance. We have
provided a thorough explanation of acquiring these mo-
tion features using our own adaptation of a Laban Move-
ment Analysis computational model. Inspired by WaveNet
and Tacotron2, we used an Encoder-RNN-Decoder topol-
ogy to infer raw audio from motion. We have split the
implementation of the CAE (Convolutional autoencoder)

and the RNN (Deep LSTM network) into separate mod-
ules. The CAE and the RNN were trained separately. The
CAE was used to produce the target values for training the
RNN. Only the decoder module of the CAE is considered
when using and evaluating ASDF-RNN. Feeding new mo-
tion features through the pipeline produces relatively clear
audio, however the relation to its original source (a classi-
cal music piece) is extremely small on a perceptual level.
The generated audio appear virtually identical, retaining
only small fragments of perceivable melody. The results
are still promising however, and should be seen as a proof
concept in an otherwise sparse area of research.

7. FUTURE WORK

Future work will mainly focus on improving both audio
synthesis and sound quality. Increasing the size of the
dataset will help both the CAE and the LSTM Network.
The data used to train the CAE consists of 6 hours of video
and augmented audio data. We could use additional frag-
ments from ballet performances or incorporate a library
such as Google Audioset [57] that contains over a million
musical audio clips. A post-processing stage can also be
useful to filter out some of the aural artifacts the CAE gen-
erates: choppy sound, flanger-like sounds, noise, etc.

ASDF-RNN is trained only on ballet music. Alternative
versions could be trained in different dance styles and use
the LMA Feature Extractor to detect the style and use the
adequate model. Also, new CAE and LSTM architectures
can be tested. By adding a Variational layer [58] that en-
codes probabilities instead of points, we can get a decoder
that responds better to an unknown input. Final audio re-
sults are showing significant capacity for improvement that



can be achieved by improving the training and by testing
new architectures.

As the network was trained on a batch size of 8, it re-
quires that the input to the model be a series of 8 9x5 La-
ban features. A person dancing may not produce the ideal
input data size for the architecture. Hence the ability to
be able to use different input parameters is worth investi-
gating. An ideal model would be able to take a variable
number of dancing fragments instead of the 8 required and
would not rely on a static number of Laban dance features.

The training and usage stages are composed by a group
of reusable but disjointed scripts (Processing, bash scripts,
Python notebooks...) The pipeline could be more agile by
integrating some of the tools used. For example, instead
of pregenerating spectrograms, they can be created on the
fly in Keras using an user made extension [59]. By im-
proving the workflow we can obtain a continuous stream
of audio, but with an 8 second delay. Real-time feedback
would need additional research.
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