Designing Movement Generation Models in Collaboration With
Voguing And Dancehall Dancers

Léo Chédin

Laboratoire Interdisciplinaire des Sciences du Numérique

Université Paris-Saclay, CNRS, Laboratoire
Interdisciplinaire des Sciences du Numérique
Orsay, France
leo.chedin@universite-paris-saclay.fr

Baptiste Caramiaux
Sorbonne Université, CNRS, Institut des Systémes
Intelligents et de Robotique, ISIR
Paris, France
baptiste.caramiaux@sorbonne-universite.fr

Abstract

Recent advances in Artificial Intelligence have enabled powerful
generative models, yet few are tailored to dancers’ practices. We
present a long-term collaboration with a Voguing and Dancehall
collective to design movement generation models trained on their
repertoire. Our initial study with the dancers revealed that, despite
limited physical realism, the generated movements inspired them.
Iterative development led to Korai, an interactive tool for monitor-
ing training, visualizing motion data, and prompting generation,
which improved output quality. A subsequent structured observa-
tion study compared three model variants with high, medium, and
low fidelity to the original dataset’s style. Results show that dancers
favored either highly faithful or highly unfaithful outputs, rejecting
medium fidelity as neither authentic to their style nor creatively
stimulating. Our findings highlight how direct collaboration with
dancers not only informs model design but also deepens under-
standing of AI’s role in supporting creative movement practices.
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1 Introduction

Since the postmodern era of dance, choreographers have continu-
ously sought new ways to approach and create dance movements.
They often experiment with unconventional methods — such as
drawing, chance operations, or everyday situations — to develop
original motions. From its very beginnings, the computer has been
viewed as a potential way of inventing new ways to create move-
ment [12]. In his 1967 article, Michael Noll predicted that: “Different
movements might be stored in the computer’s memory and put
together at will. [...] Various elements of chance and randomness
could be used at the discretion of the choreographer” [38]. Over
the years, numerous generative systems have been developed and
used in dance. In their article reviewing compositional tools for
movement, Fdili Alaoui et al. defined generative tools for dance as
creativity support tools (CSTs) that generate movement material
either autonomously or manually, through the input of a choreog-
rapher [16].

In this context, the technical advances of Artificial Intelligence
(AI) have significantly expanded the potential of models that gen-
erate dance movements [37]. These models leverage recent neural
network architectures to generate dance movements in an increas-
ingly autonomous way [7]. Despite their great capabilities, current
research in Human-Computer Interaction (HCI) exhibits a striking
deficit in how dance practitioners’ knowledge is included in the
design, evaluation, and use of these movement generation mod-
els. Dancers build embodied connoisseurship of somatic, sensory,
aesthetic, and physical dimensions of movements. Within their
communities of practice, they acquire mastery of movements and
choreographic thinking, which are situated in the context of spe-
cific dance styles and genres. They develop a rich spectrum of
movements and repertoires, which are only partially represented,
in the current development of dance movement generation models.
Indeed, in most cases, the models are trained either on dance impro-
visations or on the few publicly available dance datasets. Although
efforts have been made to produce motion capture datasets of dance
across different genres [31], they remain too generic or limited to
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movements from improvisations in the contemporary dance style.
Studying the integration of dance connoisseurship from various
styles and traditions into the design of Al-based CSTs is thus a
research priority. Nevertheless, to date, no study has investigated
how generative movement models might foster dancers’ knowledge
and creativity within a specifically well-defined repertoire.

In this paper, we present a case study of the design of several iter-
ations of a system for dance generation in collaboration with dance
practitioners from Voguing and Dancehall dance styles. The study is
a close collaboration with two dancers from a dance collective based
in Paris that are connoisseurs [44] of these dance styles. The collab-
oration sought to generate movements grounded in the collective’s
dance practice in order to support improvisation and choreographic
creation within their dance repertoire. A central objective was for
the Al to encode the collective’s choreographic style faithfully. To
that end, we engaged in the iterative design and development of
an Al-based dance movement generation model and an interactive
system to generate and visualize movement sequences with the
model. Our study empirically assessed how dancers perceived and
interacted with successive versions of the model, examining its
suitability for their specific style and repertoire.

Our contribution is threefold. First, we contribute with the de-
sign of an Al-based dance movement generation model, made in
collaboration with Voguing and Dancehall dancers and targeting
their unique dance practice and repertoires. Second, we developed
an interactive system, Korai, to facilitate the visualization of mo-
tion capture recordings and to allow for direct interaction with
the generative model. Third, we contribute with empirical insights
gathered throughout multiple studies that help us understand how
dancers perceive, experience and interact with various iterations
of generative models producing movements with various levels of
faithfulness to the training dataset. We discuss these results in light
of the different qualities of the generated movements. In addition
to discussing the balance between novelty and physical realism
in the generated movements, we also underline the importance of
stylistic legibility, pointing to a possible uncanny valley in dance
generation. We then argue for greater practitioners’ participation
in the design of Al systems for dance and discuss how software
tool such as Korai could help mitigate the hardships of designing
Al models.

2 Related Works

In this section, we outline the history of motion generation sys-
tems in HCI and dance and technology and the recent technical
advances leveraging data-driven techniques. We then outline a gap
in the development of Al-based systems, which lack grounding in
practitioners’ work.

2.1 Movement Generation Models for Dance

Over the years, various algorithmic approaches for movement gen-
eration have emerged, including genetic algorithms [28], segment
concatenation [21], Hidden Markov Models, and Boltzmann Ma-
chines [2]. With the latest advances in Al and the increasing accessi-
bility of motion capture technology, motion generation techniques
have evolved significantly [1]. Chor-rnn [11] was the first move-
ment generation model based on deep learning techniques to be
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developed in 2016 for applications in dance and choreography. They
used a recurrent neural network to estimate the parameters of a
mixture density network. They trained their model on motion cap-
ture data of contemporary dance improvisation that was captured
using a Kinect. The model could then create new dance material
by generating the continuation of an existing sequence. Pettee et
al. investigated the use of variational autoencoders to enable con-
trol of the generated movements by manipulating the latent space.
They also trained their model using motion capture of their own
improvisations in a contemporary dance style [40].

Driven in part by significant progress in movement generation
in 3D animation, numerous Al systems for dance generation have
since been developed, leveraging various input modalities [37].
Among these modalities, dance generation models often use music-
conditioned dance generation [2, 31, 48]. Other models leverage
text-to-motion, such as Human MDM [47] or MotionGPT [27], style
transfer, as well as spatial or temporal editing (e.g., generating parts
of the body or parts of the movements to create the transition
between two existing motion sequences [42]).

Training this new generation of Al dance movement generation
models requires large training datasets. While several datasets exist
for animation [24, 41, 50], datasets of 3D dance movements remain
scarce, with only a few publicly available ones. The most popular
choice is AIST++, the largest dataset of music-aligned 3D dance
movements introduced by Li et al. [31], which they built from the
AIST multiview video dataset of dance [49]. It contains 310 minutes
of dance movements from several genres, including Hip-Hop, Ballet,
Jazz, House, Waack, and more.

While the systems in the literature currently offer impressive
technical capabilities, their training often occurs with limited in-
volvement from dance experts. Indeed, they are typically trained on
general-purpose dance or animation datasets such as AIST++ and
are not specifically tailored to dancers’ practices and repertoires.
Our work contrasts with these approaches as we involve dance
practitioners in the design of our movement generation models,
particularly in training the models based on their curated repertoire
of Voguing and Dancehall.

2.2 Research on Dance Generation Systems
In-the-World

Most research in dance movement generation is currently focused
on the technical capabilities of the models themselves, with few
studies investigating how practitioners interact with these tech-
nologies. Most studies introduce new models, which they typically
evaluate based on a combination of quantitative metrics and crowd-
sourced platforms such as Prolific, where participants are asked
to select their preferred output [3, 22, 31, 48]. While these evalua-
tions are a necessary first step to assess the model’s capabilities,
there is a strong need to study the use of these systems to sup-
port dance creation and improvisation. Previous HCI research has
shown the value of deploying and assessing technology for dance
and performance in-the-world? [5, 10, 15].

A few recent works aimed to bridge this gap and assess pro-
fessional dancers’ use of generative models. Wallace et al. [51]

'We use the term in the world instead of in the wild as argued by Ssozi-Mugarura et al.
[45].
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studied how dancers improvise with an abstract dance movement
generation system. Their study highlighted the difficulties of using
generative systems within established dance practice. In particular,
they showed the challenges of providing dancers and choreogra-
phers with appropriate interfaces to interact with the generative
model without the help of machine learning experts.

More recently, Liu and Sra introduced DanceGen, an interface
that allows practitioners to directly interact with a generative
model [32]. The model is based on the Motion Diffusion Model [47],
fine-tuned on the AIST++ dataset. To evaluate the interface, the
authors conducted a study in which dance practitioners used the
system to create sequences, followed by semi-structured interviews.
The study found that while the system sparked creativity, dancers
emphasized the importance of integrating such tools into studio
settings.

While these works present valuable insights about how dancers
interact with the generative models, their agency often remains
limited. The models are not designed or trained with the practi-
tioners, whose input is only gathered through short improvisation
sessions once the system is developed. As a result, there might be
a mismatch between the dancers’ repertoire and the one known
to the model, limiting its adoption by dancers in choreographic
and improvisation settings. For example, models trained on AIST++
include a mix of styles and genres, while the studies tend to be
conducted with dancers practicing contemporary dance styles. This
reflects a trend noted by Fdili Alaoui [15], whereby researchers
frequently evaluate their systems in improvisational contexts. In
such settings, dancers approach the systems without predefined
expectations, unlike situations where the systems would directly
encode choreographic material or stylistic conventions specific to
their practice. Consequently, dancers often engage with and show
interest in these systems—not necessarily because of the systems’
intrinsic value, but rather due to the dancers’ own creative capaci-
ties.

With a focus on Voguing and Dancehall, our goal is to under-
stand whether a generative model can capture the essence of these
dance styles and support the practitioners’ artistic practices and
expectations. To close the loop between Al development and dance
practice, we collaborated with a dance collective from the early
stage of the research project, following a participatory and col-
laborative approach to design a system that supports their dance
practice and improvisation. Our approach is iterative, leading to
generative models that are grounded in and assessed in the real-
world practice of the dance collective.

3 Overview of the Method

This paper presents a close collaboration with two dancers from a
Voguing and Dancehall dance collective based in Paris, which took
place over three years.

3.1 Context of the Project

This research emerged from a larger project called Living Archive
initiated in our group that aimed at designing technologies to
support the documentation and archiving of non-institutionalized
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dances? that have not been the subject of academic research, techno-
logical design or institutional archival efforts. In particular, we were
interested in the use of generative machine learning as a means to
explore, interpret and transmit knowledge in dance. In this context,
such models create opportunities to provide dancers with real-time
feedback on their practice or serve as improvisational partners that
nurture their embodied experiences of these dances.

Among the case studies that were initiated in the project, we were
involved in dances that developed in underground and LGBTQ+
milieus, namely “Ballroom dances”. We initiated a collaboration
with Ballroom dance practitioners that practice Voguing and Dance-
hall. We contacted the collective through social media and personal
connections. After a first conversation with the collective founder
Dancer-M, we initiated a collaboration with him and another dancer
from the collective, Dancer-Y. Our collaboration with the collective
was motivated by the dancers’ interest in movement generation to
support their choreographic practice. Additionally, we were inter-
ested in assessing the potential of generative models with dances
such as Voguing and Dancehall, because these styles are highly
codified and follow precise and structured steps. This contrasts
with most prior works, in which generative models are trained and
evaluated on less codified movements that are usually improvisa-
tional [37].

With Dancer-M and Dancer-Y, we embarked on the design of
a generative Al model and a series of studies that aimed at inves-
tigating how they experience and interact with various iterations
of the model to create movements and improvise within their spe-
cific styles and repertoires as further described in the following
Section 3.2.

3.2 [Iterative Design With Connoisseurs

We followed an iterative design process with connoisseurs [44].
We designed a dance movement generation model that aligns with
the Voguing and Dancehall repertoires practiced by the dancers
with whom we collaborate. Through their practice, Dancer-M and
Dancer-Y are connoisseurs of these styles. By collaborating with
them, we placed their dance expertise at the heart of our movement
generation model design. Our iterative design unfolded over three
years, yielding several generations of models and interfaces, each
assessed through empirical studies. The three main stages of our
research process are presented in Figure 1.

The first stage of the research, described in Section 4, presents
the design of the first iteration of the machine learning-based move-
ment generation model. In this stage, Dancer-M and Dancer-Y par-
ticipated by curating steps from their repertoires, and we recorded
both dancers performing them using motion capture. We trained a
first iteration of the model, which we evaluated by analyzing the
two dancers’ experience of improvising with its generated move-
ments.

The results of the improvisation session showed the model’s
creative potential and technical limitations and the need for an
interface to control the generative process. This laid the ground for
the second research stage, described in Section 5. In that section,
we describe the design of the Korai system that helped the research

%Institutionalized dance practices typically include ballet, modern or contemporary
dance.
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team train a second iteration of the generative model. While the
dancers contributed to the design of the generative models, Ko-
rai was created primarily to support the researchers’ workflow
in training the models prior to sharing them with the dancers.
After training a new model, we ran a structured walkthrough to
gather feedback from the dancers about how they perceive the new
model that provides more fluid and physically realistic movement
sequences.

The structured walkthrough showed a mixed response to the
refined movement generation model, despite its physical realism.
This was due to the model’s lack of faithfulness to the dance style.
This inspired us to assess the dancers’ experience according to the
generation’s level of faithfulness to the dance style. In the third stage
of our research (Section 6), we conducted a comparative structured
observation study, evaluating the dancer’s experience across three
variants of the generative model that varied from high, medium, to
low fidelity to the original dataset.

4 Stage 1: First Iteration of an Al-based
Movement Generation Model

This section describes the development of a first iteration of a
generative model tailored to the specific repertoire of the collective
by training it exclusively on their data.

4.1 Model Design and Training

We designed an initial generative model that produces sequences of
movement based on a training dataset composed exclusively of the
collective’s motion data. Our generative model uses the Chor-rnn
architecture [11], considered state-of-the-art at the time. We chose
Chor-rnn because of the compact size of its architecture, enabling
us to train model instances from scratch on limited data without
relying on large and generic datasets (as opposed to transformer-
based architectures). Besides, Chor-rnn also enables performing
movement generation without relying on other modalities such
as sound or text. By prompting the generation using a specific
movement, the model generates movements that are close to the
source and that act as their continuation. Since the collective’s
repertoire consists of two distinct dance styles, we hoped that
prompting the model with a movement in a given style would steer
it toward that style.

The first step of designing the model involved collecting motion
capture of the collective’s repertoire. Next, we trained the model
and assessed its generated movements qualitatively to ensure they
produced inspiring movements.

4.1.1  Recording the Motion Capture Dataset. To create the training
dataset, we recorded a set of sequences of Voguing and Dancehall
of the collective using motion capture. The sequences of Voguing
and Dancehall were performed by both dancers from the collec-
tive, Dancer-Y and Dancer-M. They were based on a repertoire
curated by the two dancers, composed of foundational steps from
the Voguing and Dancehall styles. The complete list of the recorded
dance moves is listed in Appendix A. Over two days, we recorded
each dancer performing each sequence individually. We used an
Optitrack marker-based optical motion capture system composed
of 18 Flex 3 cameras connected to the Motive software (version
2.3). The dancers wore full Optitrack motion capture suits with 41
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passive retro-reflective markers, as shown in Figure 2. Using these
markers, the software reconstructs the dancers as 3D skeletons of
21 joints. The complete motion capture recordings amounted to
approximately 35 minutes of data with a frame rate of 100 frames
per second, which we exported as BioVision Hierarchical (BVH)
files. The BVH format is a data file format that stores and structures
3D movement data in a hierarchical way [35].

4.1.2  Training and Generating Movements With the Model. We
reimplemented Chor-rnn and trained a version of this model solely
on the collective’s motion capture data. Technical details of the
model’s implementation and training are given in Appendix B.2.
Models based on this architecture perform motion continuation:
they are prompted on an existing movement of arbitrary length,
which acts as the source movement, also called seed. The model
then generates the continuation of the seed as a time series of
motion data in a frame-by-frame fashion. To generate sequences,
the model’s output is used as its own input for the next frame.
Through its architecture, the model retains information from past
sequences. The generation process is illustrated in Figure 3.

After training the model, we could generate movements using a
command-line interface. The parameters available to control the
generation are the extract chosen as the seed (its nature and length)
and the desired generation length. Our pipeline then outputs the
generated movements as BVH files. We used the software Blender’
to visualize the results. An example of a sequence produced by the
model and visualized in Blender is shown in Figure 4.

4.2 Experimenting With the Voguing and
Dancehall Generative Model

We ran a movement session with Dancer-Y and Dancer-M, where
they were invited to improvise with the generated movements
resulting from the model trained on their data. The goal was to
probe how they perceive and interact with the generated sequences
and to understand the potential and limitations of this iteration
of the model. At that point, the model’s outputs were glitchy and
discontinuous, going from one pose to another every second. By
glitches in the generation, we refer to physically unrealistic motion
artifacts where for example body parts move at unnatural speed,
adopting anatomically impossible positions, or intersecting with
one another. Previous works in the literature argued that glitches in
digital systems hold creative and generative potential for dance [26,
52]. Therefore, despite their glitchy and discontinued nature, we
were interested in probing the dancers’ response to the generated
movements as sources for dance improvisation.

4.2.1  Dance Workshop. The workshop was conducted in a pro-
fessional dance studio. After warming up, the dancers performed
four improvisational duets, each lasting approximately 10 minutes.
Generated movement sequences were projected on one of the stu-
dio’s walls during each improvisation. The dancers were free to
look at them, follow them, or ignore them altogether. They were
also free to set up the space for themselves and choose any music
they preferred to improvise with, in addition to the visuals.

3https://www.blender.org/
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Figure 1: We present our research process in three main stages, detailing the interfaces used or designed, the generative dance

models iterations and the studies conducted.

4.2.2  Data Collection and Analysis. The improvisation sessions
were video-recorded. After each improvisation, we engaged in
group discussions with the dancers, which were also recorded. The
discussions were transcribed by the first author. Additionally, the
first and last authors watched the videos of the improvisations and
annotated them according to the most salient movement features
performed. The last author is a certified Laban Movement Analyst.
She used her movement observation skills to produce the move-
ment annotations from the videos[anonymous reference]. Follow-
ing a thematic analysis approach, the first, second, and last authors
worked independently to familiarize themselves with and gener-
ate codes from both the annotation and the transcript. Through
collaborative discussion, these codes were then merged, compared,
refined and grouped, resulting in the three themes described in the
next findings section.

4.2.3 Findings. We describe the three themes that reveal the po-
tential of this first iteration of the Al-based movement generation
model for dance improvisation in the context of Voguing and Dance-
hall, as well as its limitations.

Incorporating Postures in Fluid Movement Improvisations. Through-
out the improvisations, the dancers interacted with the model by
embodying the postures that were in front of them, either partially
or entirely. Since the model’s outputs were displayed in a pose-by-
pose fashion, it allowed the dancers to analyze and incorporate the
poses into their improvisations. The slow pace of the display made
the generated poses more understandable and easier to perceive
which enabled the dancers to integrate them on the fly into their
improvisation.

We observed that when a specific gesture in a posture was clear
to the dancers, they imitated the part of the body that performed
the gesture and improvised with the rest of their bodies. For ex-
ample, they imitated the specific gesture of an arm or a leg while
improvising with the rest of their bodies. They performed this type
of imitation and integrated gestures into their improvisations flu-
idly and seamlessly. Occasionally, when the poses were stylistically
evocative of Voguing and Dancehall, they mirrored the model’s
entire poses, blending them into their ongoing improvisation. Note
that because of the glitches present, most of the time the poses
were only partially stylistically legible as the dancers recognized
one hand’s gesture or one leg’s angles.

Borrowing from the Poses to Start, Interpolate or Transition Be-
tween Sequences. Even if the poses were not physically realistic or
glitchy, the dancers drew inspiration from them and incorporated
them in their improvisations. The model acted as a source of inspi-
ration, providing what we call posture cards. These posture cards
were used by the dancers to draw ideas from to start new sequences
of movements. They also used them to integrate new sequences
in their improvisations. While improvising, they interpolated be-
tween the sequences that they were performing and the ones they
borrowed from the model. This interpolation was performed while
maintaining fluidity and continuity in their improvisation. They
also used the postures to transition between the two dance styles of
Voguing and Dancehall, especially when these postures were am-
biguous, borrowing from both or merging Voguing and Dancehall
styles.
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Figure 2: One of the dancers recording a Voguing sequence
in the motion capture studio.

Limited Creative Possibilities over time. We observed that over
time, the dancers paid less attention to the projection of the gen-
erated movement and favored improvising with each other and
with the music. Indeed, once they had interacted with the model
over a few sessions, they stopped drawing inspiration from it. We
believe that this is due to the model’s technical limitations, which
did not allow for the generation of enough dance material to sustain
a long interest in the dancers. Once they exhausted the creative
possibilities of the model, we observed how they shifted the source
from which they drew their motivation for improvising and focused
more on interacting with one another and on responding to music.

4.3 Lessons Learned

We articulate several lessons learned from our experiments. First,
regarding the model’s quality: although the generated poses were
stylistically evocative of postures and gestures present in the collec-
tive’s repertoire, the experience seemed to reveal that higher-quality
generation with physically realistic sequences would be needed to
enable dancers to interact with complete dance sequences, moving
beyond isolated and glitchy poses.

Second, the generation workflow lacked interactivity: Working
with the terminal with offline rendering and importing each file
into Blender was tedious when repeated several times. Moreover,
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generating sequences offline made it difficult to assess movement
generation quality. Conventional metrics, such as validation losses,
are insufficient for evaluating the creative potential of generated
poses. This highlights the need for real-time rendering tools that
can allow visual assessment of the generation.

Lastly, several challenges arose when attempting to visualize the
files effectively, as BVH skeleton data is not designed to be viewed
directly in 3D animation software. Instead, it should be paired
with an avatar, which requires expert knowledge in "attaching”
(a process called rigging) the animation data to a 3D avatar. This
process is both complicated and time-consuming, which reveals that
future workflows should prioritize accessible tools and streamlined
processes to enable customizable renderings.

5 Stage 2: Designing an Interactive Workflow to
Improve the Generative Model

This section describes the second iteration of the design of the
generative model for Dancehall and Voguing movements based
on the lessons learned in the previous iteration. We motivate and
describe the design of Korai, an interface that allows the research
team to directly interact with the generation processes to track
improvements over the model easily. We discuss preprocessing and
hyperparameter choices for the model, which constitutes a core part
of the model’s design. Finally, we present the results of a structured
walkthrough with Dancer-Y.

5.1 Designing Korai, an Interface for Interactive
Movement Generation and Visualization

Our initial experiments with Voguing and Dancehall movement
generation underlined several challenges related to the workflow
for training, generating, visualizing and assessing movement se-
quences. In particular, we lacked an appropriate tool for visualizing
the results with the dancers and, more critically, for the research
team to monitor and evaluate the quality of the generated dance
movements throughout the model development cycle. To address
these challenges, we designed Korai, a web application to visualize
3D movements and interact with movement generation models.

5.1.1 Design Goals. To support the researchers’ workflow, we de-
rived a set of design goals for Korai:

(1) Facilitate Data Exploration and Interactive Seeding.
The generative model performs movement continuation, re-
quiring a seed — a segment of source movement — to generate
a new sequence. The system should enable interactive selec-
tion of generation seeds by navigating the motion capture
recordings. Movement generation should be performed with
low latency so that the exploration process remains interac-
tive, fostering navigation between recorded and generated
content.

Enable Interactive Visualization of Source and Gener-
ated Movements. Instead of a tedious process requiring the
manual rendering of generated motion capture sequences
with Blender, Korai should implement real-time 3D render-
ing of moving bodies. The rendering should be interactive,
so that users can manipulate the 3D scene, and preferably
web-based so that a variety of users can access the movement

@
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Figure 3: Diagram illustrating the workflow of the generative model. The motion capture dataset is used to train the model,
which can then generate new movements. Both the original dataset and the model’s outputs can be visualized for comparison.

Figure 5: Dancers improvise with the generated poses pro-
jected onto the studio’s wall. Starting with the second ses-
sion, we used two camera perspectives within Blender at the
dancers’ request, allowing them to draw from different parts
of the avatars.

Figure 4: Examples of poses generated by the model and
visualized using Blender.

even when prompted with the same seed. Ideally, the gener-
ation model should capture variability within the training

data without platform or installation constraints. To facilitate data, generating new but realistic variations when repeat-
quality assessment, the seed and its generated continuation edly prompted. The system should provide a way to generate
should be visualized together consistently, enabling users to and visualize several sequences using the same seed to com-
compare the input and output visually. pare them. Korai should also allow users to switch between
(3) Present Comparisons of Movement Alternatives. As the different versions of the model to assess the differences in

model is stochastic, it produces different results every time, generated sequences in similar contexts.
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5.1.2  System Description. Korai is a web application, available as
open-source software*. A screenshot of Korai’s interface is pre-
sented in Figure 6. Korai is configured with a dataset of motion
capture recordings. Users can navigate this corpus using a drop-
down menu to select animation files. When choosing a file, the
system loads the BVH data in a motion capture player for real-time
interactive visualization. Movements are rendered in a 3D viewer,
allowing users to move, rotate or zoom into the scene. Users can
play and pause the animations using buttons and they can navigate
in the animation using a progress bar, and adjust the playback rate
- that can be negative, in which case the animations play in reverse.
Regarding the visual aspect of the avatars performing the dance
movements, we kept a skeleton-like visual with thick bone seg-
ments. This choice was a compromise between simple stick figures
composed of points and lines without thickness, which can be too
rigid for dancers, and more elaborate avatars that impose specific
body representations. Our skeleton-like visualization results in a
representation close to a human body but abstract enough to help
dancers focus on the movements.

The generative movement model is directly integrated into Korai,
enabling users to request new generated sequences interactively.
Users can directly select the seed used for generation using the
progress bar of the current source animation. They can choose the
seed duration (how many seconds of the movement are used by
the model) and the duration of the generated sequence, which is
a continuation of the seed in the dance style on which the model
was trained. To give the model enough context, we constrained the
source movement to be at least 1 second long, but the users can
generate sequences as long as they wish.

Thanks to the lightweight nature of the model, inference can
be achieved in quasi-real-time with any modern computer, even
without a dedicated GPU.> A settings drawer gives access to a few
visualization parameters, such as the version of the generation
model used, enabling them to choose different trained models with
varying parameters for easy comparison.

When a movement is generated, it is displayed in the same 3D
viewer as the source animation. Generated movements play syn-
chronously with the source movement from which they were gen-
erated. Each time a sequence is generated, a new timeline is added
at the bottom of the player, where the generated sequence is high-
lighted as a colored segment. Users can toggle the visibility of the
various sequences with checkboxes, making it possible to visualize
several generated sequences together, with or without the source
animation. For each generated output, a collapsible panel is created
to display information about the model used for generation and the
training parameters, allowing users to delete it.

Rather than enabling users to compose dance sequences by con-
catenating movements generated from various source animations,
we chose to attach the model output to their source animation. The
application’s state is automatically stored: generated movements
are removed from the view when the user changes the source
animation, and are restored if the user reloads the same source
animation. Users can delete the generated movements and recreate

“https:/gitlab.lisn.upsaclay.fr/lched/korai

5As a reference, generating 30 seconds of movements takes approximately 10 seconds
on the laptop we used, which had an 11th-generation i5 processor and no GPU,
including exporting the files.
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as many as they wish. Technical implementation of Korai is detailed
in Appendix C.

Following the study in Stage 1, our initial goal for the genera-
tive model was to produce complete, fluid dance sequences. Over
time, we refined a workflow facilitating the model development
work, which required many experiments on data preprocessing,
movement representation, data augmentation, and hyperparame-
ter tuning. Training of the models was done on a remote cluster,
and we used Tensorboard® for monitoring the training process,
using training and validation losses to ensure proper training of the
model. Once a new model was trained, it was evaluated through
direct interaction in Korai and visual assessment. For such motion
generation, loss metrics are often not informative enough and do
not capture aspects related to anatomical realism or the creative
potential of movement. Korai was therefore instrumental in vi-
sualizing and evaluating how changes in data representation or
hyperparameters affected the model’s capacity to produce realistic
output and to generalize with new sequences.

5.2 Structured Walkthrough

To review and discuss the improvements made to the model, we
ran a structured walkthrough with Dancer-Y, which is an effec-
tive method to obtain feedback about a system [55]. The model
used in the walkthrough was trained with the goal of generating
movement sequences that were fluid and physically realistic . They
also needed to be creatively inspiring to the dancers. To do so, we
trained a model that produces movements that are neither too close
nor too far from the original dataset. These movements are both
recognizable but also provide novelty for the dancers. This choice
was inspired by the guidelines from Wallace et al. that argue for the
creative value of Al models that respect a good balance between
novelty and realism [53].

5.2.1 Method. During the structured walkthrough, the first au-
thor served as the presenter. They prepared a variety of movement
outcomes in advance generating them using seeds from both Dance-
hall and Voguing movements. The purpose of the walkthrough was
to walk Dancer-Y through the generation of these movement out-
comes visualized directly in the Korai system and identify with
them as many problems and opportunities as possible. During the
walkthrough, we made space for critiques, questions and open dis-
cussions to emerge. The walkthrough lasted approximately 40 min-
utes. The first author captured the walkthrough via audio recording
then transcribed the data. The research team separately familiarized
themselves with this transcript and, through collective discussion,
identified the two main limitations highlighted by Dancer-Y.

5.2.2  Findings.

Difficulty Recognizing Dance Styles. The generative model works
by creating a possible continuation of an existing movement. The
second iteration of the model that we used in the walkthrough pro-
duced more continuous and fluid sequences of movements. While
these movement sequences were deemed physically realistic, they
left Dancer-Y surprised and unconvinced by the results of the gen-
eration. He found that the movements generated were not legible

®https://www.tensorflow.org/tensorboard
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Figure 6: The Korai application. The main parts of the application are (1) the 3D viewers to visualize movements, along with
navigation controls, and (2) the panel on the left that allows users to generate new movements from the currently displayed
source movement. Users can choose how long the seed should be, how long the generated movement should be and if they
wish to keep the seed in the resulting animation. (3a) The progress bars display the position and duration of each generated
movement played alongside its seed. (3b) Panel displays the models used to generate the movements. They allow users to delete
generated movements individually. (4) Finally, a settings drawer lets users change the generative model used.

and recognizable, knowing the dance steps in Voguing and Dance-
hall. He recognized the source movements that were movement
sequences from their repertoire captured using motion capture
but did not recognize the generated outputs following them. An
explanation for this is that the generative model is not explicitly
conditioned to a dance style during training or inference. Because
our training repertoire consisted of both Voguing and Dancehall,
the resulting generated movements appeared to be in between these
two dance styles and did not clearly belong to one or the other. This
created difficulty associating the generated dance sequences with
Voguing and Dancehall styles.

Difficulty Recognizing Dance Structures. According to Dancer-Y,
despite the improved quality of the generation, the sequences did
not have consistency in rhythm. He also argued that the movement
sequences did not follow the structures of the dances. He did not
understand the logic of the sequence and why one movement was
followed by another: “I don’t see how it [the model] can take what
I was doing below [the training movement] and then do that [the
generated movement].” An explanation for this is that the generative
model was seen by the dancer as generating movement that partially
resembled Voguing and Dancehall but they didn’t perceive the
overall sequences as corresponding to Voguing or Dancehall steps.
This led him to form higher expectations about the structural and

stylistic legibility of the sequences. Indeed, the dancers tended
to compare the generated sequences to the sequences from the
training dataset, arguing that the generation was less faithful to the
styles and structures of Voguing and Dancehall than the recorded
motion capture data and is thus less usable for dances that are
highly codified, such as Voguing and Dancehall.

5.3 Reflections

In the experimentation with the first iteration of the model, despite
the glitchy, physically unrealistic, and discontinuous nature of the
generated poses, the dancers were able to use them creatively in
their improvisation. Surprisingly, their responses to our structured
walkthrough indicated that they were critical of the second iteration
of the model that provided continuous, fluid and more physically
realistic movement sequences. The second model did not seem
novel enough to spark their creative interest, nor stylistically legible
enough to be useful in their practice. These results led us to explore
whether their perception and experience of the model depend on
the stylistic legibility of the movements generated by the model.
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6 Stage 3: Studying Dancers’ Experience of
Movement Generation According to Levels of
Stylistic Legibility

To investigate the effect of stylistic legibility on the dancer’s experi-
ence, we designed a comparative structured observation study [34]
that compares the dancers’ perception, experience and response to
three different movement generation models used as variants. The
three models varied from high, medium, or low fidelity movements
generated depending on the degree to which the model fits the
training data, which is obtained by varying the number of training
steps of the model.

6.1 Experimental Setup

The structured observation was conducted with Dancer-Y in a
professional dance studio that was one of his usual rehearsal studios.
The first author brought their laptop to the studio and ran Korai
to visualize the movements generated from the three generative
models using the same setup. They then projected their screen onto
a wall to allow Dancer-Y to view the movements while dancing
freely in the studio space.

6.2 Procedure

During the study, Dancer-Y engaged in three improvisations with
movements generated by three different models visible in Figure 7,
in the following order:

(1) The first model was called "medium-fidelity" and was the
same model used to showcase the movements during the
structured walkthrough. It provided movements that were
not too close nor too far from the original dataset. This
model was obtained with the training procedure detailed in
appendix B.2.

(2) The second model was called "high-fidelity". It provided
movements from a highly overfitted version of the train-
ing data. These movements were close to the original dataset
both in terms of physical realism and stylistic faithfulness.
This model was obtained by overfitting on the collective’s
training data. Compared to the previous training procedure,
we did not use a validation set but the whole dataset to train
the model. Therefore, we did not use early stopping and
instead trained the model for a fixed 230 epochs.

(3) The last model was called "low-fidelity". It produced move-
ments that were far from the original dataset. These move-
ments did not resemble the dance styles and occasionally pro-
duced glitches and physically unrealistic movements. This
model was obtained using the checkpoint saved after the
10th epoch of this same training dataset.

Each improvisation with a given model lasted approximately 20
minutes. The dancer could move freely and choose the music he
preferred. After each improvisation, an interview was conducted
with the dancer.

6.3 Data Collection and Analysis

The improvisations were video-recorded using a fixed camera in
the studio that recorded a wide-angle view, including most of the
rehearsal space and the wall with the projected Korai interface.
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(a) Movement sequence generated with the medium-fidelity model.
The movements were physically realistic and presented partial stylis-
tic faithfulness.

(b) Movement sequence generated with the high-fidelity model. The
movements generated were close to the original dataset and were
both physically realistic and stylistically faithful.
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(c) Movement sequence generated with the low-fidelity model. The
movements generated were far from those in the original dataset,
occasionally producing glitches and physically unrealistic poses.

Figure 7: Examples of generated movements for the three
sessions. The sequences all last 10 seconds, and the postures
shown here are extracted every 1 second.

A research team member also took close-up videos during the
improvisations. The interviews after each improvisation session
were audio-recorded. Logs of the generated movements with their
metadata were also collected during the improvisations.

We conducted a reflexive thematic analysis [8] on all the data col-
lected. We used a mix of inductive and deductive thematic analysis.
Guided by the structure of our comparative structured observation,
we followed a deductive approach that focused on comparing the
responses of the dancer to the three models’ generated movements.
We also followed an inductive approach where we actively defined
and named themes from the codes generated to describe the data.

Precisely, the first author transcribed the interview data. Then,
along with the last author, who is a Laban Movement Analyst,
they watched the videos of the improvisations and annotated them
according to the most salient movement features performed. Fol-
lowing that, the first, second, and last authors read both the tran-
scriptions of the interviews and the video annotations Then, they
highlighted quotes from the interviews that they identified as rel-
evant to understand the responses of the dancer to the different
levels of faithfulness of the models. They generated codes indepen-
dently from both the annotations and the highlighted quotes in
the transcript. In order to reach inter-coder reliability, differences
among researchers’ codes where discussed and resolved through
consensus. Through collaborative discussion, these codes were then
merged, compared, refined, and grouped, resulting in the three
themes described in the next findings section.

6.4 Findings

We extracted three themes related to how the dancer perceived the
models, how he interacted with the system, and the improvisation
strategies he deployed in response to the three models.
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Figure 8: The dancer improvising with generated movements
visualized in Korai.

6.4.1 Stylistic Legibility Affects the Dancer’s Perception and Appre-
ciation of the Generated Movements. The dancer’s perception of
the generated movements varied significantly from one model to
another based on both criteria of stylistic legibility, and physical
realism of the generated movements.

Movements generated with the medium-fidelity model were per-
ceived as difficult to interpret. The dancer did not consider them
as a source of inspiration and they were seen as hindering the im-
provisation. The dancer described the outputs of the model as “not
legible”, adding, “It’s hard to compose with something that’s very
abstract” The difficulty in interpreting the medium-fidelity model’s
outputs was due to the fact that they were seen as lacking both
spatial and temporal structure present in Voguing and Dancehall.

In contrast, after the improvisation with the overfitted model
providing high-fidelity movements, the dancer had many positive
comments on the generated movements. He described them as
“legible”, “clear” and providing “movement, structure”: “I found
the [generated movements] much more legible, much easier to
bounce off, much more pleasant.” The "simplicity" and fluidity of
the movements generated with the high-fidelity model made the
dancer perceive them as closer to what he described as a danced
movement, stating “I find [the high-fidelity model generation] much
more lively”. Dancer-Y reported that he was more inspired by these
movements.

Dancer-Y found the movements generated with the low-fidelity
model difficult to interpret. He reported that glitches in the gen-
erated movements were a disadvantage and led to physically un-
realistic movements that lacked fluidity. Despite the fact that the
low-fidelity model generated the most glitched movements, the
dancer was able to recognize elements of their Voguing repertoire,
more so in this model than in the medium-fidelity model. He re-
ported finding the low-fidelity movements more inspiring than the
ones generated by the medium-fidelity model. He described the
movements as "strange, fast" yet related them more to the original
vocabulary and found inspiration in them. This indicates that phys-
ical realism alone does not fully explain the appeal of the model.
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In summary, he saw the movements provided by the model that
was closest to the original dataset, the high-fidelity model, as fluid,
clear and legible. He considered the movements provided by the
model that was furthest to the original dataset, the low-fidelity
model, as physically unrealistic but novel and inspiring. He judged
the movements from the medium-fidelity model as stylistically
illegible and creatively uninspiring and described them as "abstract,’
and hard to interpret.

6.4.2 High-fidelity Movement Generation Facilitates Fluid Improvi-
sation. Overall, the dancer preferred the high-fidelity model, which
allowed for a more natural improvisation. He said that “it allowed
me to be much more lively and to make more creative choices com-
pared to the other time [referring to the medium-fidelity model]”
Therefore, fidelity to the training data, stylistic legibility and inter-
pretability of the movements encouraged improvisation: “Seeing
[the avatar] move in a much more natural and much cleaner way,
it made me want to move more.” The recognizable movements of
the high-fidelity model were easy for the dancer to pick up and to
interact with. They encouraged him to borrow from the movements
displayed on the screen and integrate them continuously into their
improvisation.

With the low-fidelity model, the dancer stated that he struggled
to “understand” the glitchy movements and “pick up something
interesting” to use in his improvisation. This forced him to stop
the improvisation and think more consciously about how to in-
corporate elements of the generation into the dance. He indicated
that “too many things are happening” in the generated movements,
often forcing him to pause: “I'd pause, try to understand what was
happening on the screen, and see how I could react to that.” In this
scenario, the dancer described his interaction with the generated
movement as a "confrontation": “There were moments when I imag-
ined that it was really a confrontation, so for example when the AI
was moving towards me, well when the model was moving towards
me, I would move backward.” Since the model was not providing
movement that the dancer recognized clearly as Voguing or Dance-
hall, he wondered how the unfamiliar movements could contribute
to his improvisation beyond mere imitation, asking “what can I do
with it”

While the dancer reported verbally that the medium-fidelity
model didn’t inspire him, we observed that it changed his way of
dancing. When we asked him about it during the interview follow-
ing the improvisation with the medium-fidelity model, he explained
that while the interaction was not easy, he still drew elements from
the projected movements, such as introducing ruptures in his im-
provisation: “Even if it’s very abstract, seeing it raises questions,
intrigues me, it makes me want to go and look, makes me want to
stop, freeze the moment. But in any case, even if it’s very abstract,
I respond to it. And that also helps to break down the structure I
am creating, so that’s what I find interesting.” Thus, the response
of the dancer to the medium-fidelity model providing movement
with no particular novelty appeal was to reflect on he structure of
his improvisation. In his own words: “it allowed me to structure
[my improvisation], but by doing something unstructured.”

6.4.3 The Level of Stylistic Legibility Implies Diverse Improvisational
Strategies with the Generated Movements. At the beginning of the
study, the dancer mentioned that his dance style had evolved since
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recording the motion capture, partly because he had begun learning
and practicing contemporary dance. This had an effect on how
he utilized different dance styles and improvisation strategies in
the different improvisations with the three models, something we
observed from the video recordings and that he acknowledged
during the interviews. These styles and improvisation strategies
varied according to the different models’ levels of stylistic legibility.

When improvising with the medium-fidelity model, because of
the difficulty of interpreting the generated movements, the dancer
preferred to distance himself from the generated movements: “it
could have been something like "I see Dancehall on the screen, so I
respond by doing Dancehall” or "I see Voguing on the screen and I
respond by doing Voguing" and so on, but it’s not necessarily the
case” His improvisation strategy did not consist of imitating the
generated movements or reproducing known steps of Voguing or
Dancehall. Instead, we observed that he alternated between using
the rhythm and using poses of the generated movements, but he
rarely incorporated entire movements. In this configuration, his
improvisation style was closer to a contemporary dance style or
free improvisation.

Similarly, with the low-fidelity model, the generated movements’
lack of physical realism led to reduced legibility for the improviser.
We observed that the dancer faced various challenges in keeping up
with the generated movements. He often took pauses to understand
and respond to the less realistic outputs. This had the effect of
pushing him away from the original repertoire’s style (Voguing
or Dancehall) and towards more abstract movements that can be
identified as contemporary dance or free improvisation. When the
dancer picked up a movement that he wasn’t able to recognize or to
integrate in his ongoing style, we saw him shift his improvisation
style to free improvisation. This was confirmed by the dancer: “what
I did during this improvisation session... it was just an exploration
of movement qualities and techniques that are completely.... In fact,
I'd say there’s not even any technique, because it’s just feeling, just
lines, whereas Dancehall has steps and Voguing has steps.”

In contrast, with the high-fidelity model that produced more
physically realistic and stylistically legible movements, the dancer
was imitating the model more closely and borrowing more from
what was generated, which he interpreted as Voguing or Dancehall.
The improvisation, therefore, consisted of creating variations of
the generated movements. The more realistic and legible the move-
ments, the more fluid the improvisation with movements closely
aligned with the original dance styles of Dancehall and Voguing.

The evolution of the dancer’s practice had opened up new im-
provisational possibilities where he could go beyond imitation of
Voguing and Dancehall, utilizing free-form improvisation when
the generated movements projected were unfamiliar to him. This
revealed a contrasting strategy to respond to the legibility and nov-
elty of the projected movements, either by directly imitating them
when they are the clearest or by transforming them and using them
as prompts for free improvisation when they are the least familiar
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7 Discussion

This paper presents a long-term collaboration with a Voguing and
Dancehall collective, with whom we designed and assessed move-
ment generation models leveraging their knowledge of the reper-
toire.

7.1 Navigating Stylistic Legibility, Realism and
Novelty: An Uncanny Valley of Movement
Generation?

Compared with earlier studies that focus on balancing novelty and
realism [53], we found that physical realism by itself fails to reflect
how dancers react to generated movements, particularly within
highly structured styles such as Voguing and Dancehall. Our stud-
ies elicited responses regarding both physical realism and stylistic
legibility of the generated movements. Our findings for the various
models used in the studies are summarized in Table 1. Despite a
technically limited model with glitchy poses, our first movement
session revealed that the dancers found the generated poses stimu-
lating and generative of movement ideas. These movements were
not physically realistic and presented limited stylistic legibility,
but they were novel and unfamiliar. In the structured observation
study, the low-fidelity model, which provided movements that
were unfamiliar, sparked dancers’ creativity and inspired new ways
of moving and improvising.

These findings align with prior CST research showing that glitches
and generation of unfamiliar movements can act as catalyst for
choreography Wallace et al. [54] by disrupting dancers’ habitual
movement patterns [33] and allowing them to make creative choices
during improvisation [20, 39]

On the other hand, the dancer responded critically to the model
that provided more physically realistic and fluid movement se-
quences presented in the structured walkthrough and as the medium-
fidelity model in the structured observation, even though the quality
of the sequences had dramatically improved. The model balanced
physical realism with novelty, providing movements that did not
overfit the original dataset and only partially incorporated features
of Voguing and Dancehall. Yet, the dancer perceived it as uninspir-
ing and lacking stylistic legibility.

In our comparative structured observation, we introduced an
even more physically realistic and stylistically legible model, result-
ing from clearly overfitting the original dataset. To our surprise,
the dancer expressed a clear preference for this high-fidelity model
over the medium-fidelity one, for the clarity and legibility of the
dance structures and steps displayed. Because of the highly codified
nature of Voguing and Dancehall, dancers expected the movement
generation model to produce sequences of movements that repro-
duced the steps and represented the structures inherent to how the
styles are defined.

Our results showed that when both physical realism and stylistic
legibility were present, the model inspired the dancers to imitate
the movements and incorporate them into his Voguing and Dance-
hall improvisations. When these qualities were absent (in the low
fidelity and the glitchy models), the generated movements were
seen as unfamiliar and novel which led the dancers to set aside their
expectations and use their creativity to draw inspiration from what
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Model Type of motion Physical realism Stylistic legibility

Study 1 Poses Not physically realistic Some poses were evocative of the style

Study 2~ Sequences Physically realistic Difficulty recognizing the steps’ style and
structure

Study 3 - Low-Fidelity Sequences Physically unrealistic, glitches and Some poses were evocative of the reper-

lack of fluidity toire, but the movements were mostly

novel and unfamiliar

Study 3 - Medium-Fidelity* Sequences Physically realistic Difficulty recognizing the steps’ style and
structure

Study 3 - High Fidelity Sequences Good physical realism Stylistically legible

Table 1: Overview of the different models used in this study.
“These two models are the same.

was in front of them. However, with the tradeoff of the medium-
fidelity model, the generated movements were physically realistic,
but that was not enough. Because they lacked stylistical legibil-
ity, the dancer perceived them as neither faithful enough to feed
their Voguing or Dancehall improvisation nor novel and unfamil-
iar enough to spark his creativity. This led him to express harder
critiques towards such a model, considering it both "unclear" and
uninspiring.

A possible interpretation of these results could be made using
the concept of an Uncanny Valley of Al-generated movement for
dance, by analogy to the term coined by Mori [36] for animation
and robotics. Similarly to Mori’s theory, the results from our struc-
tured observations seem to suggest an uncanny valley where the
response to the model becomes negative as the model becomes
more—but not exactly—like the original dance styles. As the model
gets closer to the original dataset, the response becomes positive
again. This concept was recently explored for dance movement
generation in a context where participants passively observed the
generated dance sequences [30]. This "uncanny valley" effect is
likely centered around the capacity of the model to encode stylis-
tic legibility rather than physical realism alone. Thus, our findings
complement previous work by Wallace et al., where AI models were
trained on non-codified movements from improvisation and gen-
erated sequences that did not need to fulfill stylistic legibility [53].
Our results therefore open up an interesting avenue of research in
the design of generative models for dance practices, suggesting the
need to carefully negotiate stylistic legibility — going beyond mere
physical realism - and novelty, tailoring this balance to the intended
use of the generation and the codified nature of the repertoire at
stake.

7.2 Towards More Participation in Al
Technology Design for Dance

An ambition of this research project was to develop Al-based sys-
tems in close collaboration with dancers, grounded in their practice
and repertoire. We aimed to integrate their expert embodied knowl-
edge in the design of the generative model, so that it serves their
own creative endeavors.

Our iterative design of the movement generation models illus-
trates a process including the dancers at multiple stages of the
design and assessment of the models. We positioned the dancers as

“subjects of knowledge" from which we sought to understand how
they apply dance knowledge in their practice [23]. As “subjects
of knowledge", the dancers provided a curated set of movements
according to their collective practice of Voguing and Dancehall
that we recorded and used to train the generative model. Their
involvement in assessing the models through various studies and
discussions offered important insights into how they embody and
experience the generated movements which motivated, inspired
and led the various iterations of the design process. Thus, draw-
ing from Fdili Alaoui et al.’s taxonomy, our study can be seen as
adopting a second-person perspective, centering the development
of technology around the unique perspectives of the dancers we col-
laborated with [17]. Yet, the level of involvement of the dancers in
our process is partial when compared to participatory approaches
in the HCI literature where dancers are involved in defining what
interactive technologies do and how they do it [14, 46]. Indeed, in
our case, iterations were long, involving researchers to mediate
between the dancers and the models, as in a typical approach to
machine learning development [4].

Our method thus presents a first attempt to develop Al mod-
els centered around close collaborations with dance connoisseurs
whose embodied, and subjective dance practice shaped (although
partially) the training and development of the movement gener-
ation models. This contrasts with the current literature of dance
movement generation models that are neither designed nor trained
with the practitioners, whose input is only gathered through short
improvisation sessions once the system is developed. This also con-
trasts with the dominant trends in the development of Al models,
which are now discarding years of research in HCI that demon-
strated the benefit of participation in technological design [43].
While high-level approaches towards "participatory AI" have been
discussed in the literature [6, 29], there remains a critical need for
collaborative tools that bridge Al development with the embodied
knowledge and expertise of dance practitioners. Thus, we argue
that researchers in HCI should continue to aim towards more partic-
ipation and engagement with communities of practice, both when
designing, developing and training generative models and when
studying them in situ.
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7.3 Korai: Attenuating the Hardships of
Designing AI Models

The model development process was particularly tedious, as it
required a tremendous amount of experiments (e.g., with movement
representation, data preprocessing and augmentation, stopping
criteria, etc.). In practice, working with machine learning models
still requires expert engineering skills, and the rigid workflows
of available software tools restrict the opportunities for domain
experts to directly act upon the training process. Indeed, machine
learning models are not originally developed to accommodate a
method centered on users where the technology can be adapted
to their needs, knowledge or practice. Another main challenge is
that generative models lack an objective measure of the model’s
quality, which forces developers to rely on subjective assessments to
guide the model-building process. Such subjective assessments are
hard to define and set up systematically. While approaches such as
Interactive Machine Learning (IML) have been proposed to involve
users in a tighter interaction loop with the training process [13, 18],
architectures such as Chor-rnn require a large amount of data,
computing infrastructures and are time-consuming, preventing
such interactive workflows.

We designed Korai to attenuate some of these issues. Korai im-
plements an interactive workflow that reduces the time-consuming
processing and representation of data. In addition, interaction with
model inference enables the model to be explored interactively and
fluidly, making subjective evaluation easier. This interaction seems
to facilitate an understanding of the behavior of the generative
model through experience. Using experience to assess Al output
has also been reported as the main way by which visual artists
work and assess Al models’ creative outputs [9, 25]. However, to
the best of our knowledge, this has never been reported in studies
designing generative models in embodied artistic practices such
as dance. While Korai was primarily designed to be used by the
researchers to facilitate the development of the model, we used
it in the studio to generate and visualize movements during our
structured walkthrough and structured observation studies. This al-
lowed us to provide a tool for both the dancers and the researchers
to visualize, reflect on, and experientially assess the generative
models’ outputs and the training datasets simultaneously.

7.4 Limitations and Future Works

In this paper, our design method with the dancers from the collective
allowed for an in-depth collaboration over a significant period of
time, enabling us to gain a deep understanding of the potential
that movement generation models hold to support their practice
depending on the level of realism, stylistic legibility and novelty
provided. This opens up interesting avenues for future research
on movement generation in dance. A complementary study could
involve a larger number of dancers and dance styles to investigate
more systematically how physical realism and stylistic legibility
affect dancers’ experiences across practices and repertoires.

As we highlighted in our discussion, our study presented a par-
tial participation of the dancers. We see potential in extending
participation by deploying movement-generation models within
choreographic creation. This would allow practitioners to engage
more fully in the design of the generative models, for instance, by

Léo Chédin, Jules Francoise, Baptiste Caramiaux, and Sarah Fdili Alaoui

training and testing them over long periods of time dedicated to
creation, typically during dance residencies. This could reveal how
the generated movements engage the dancers creatively over an
extended period, a limitation hinted at in our first study 4.2.3.

Our study builds on the Chor-rnn algorithm, which was state-
of-the-art when our collaboration started. While our work shows
compelling results in the movements generated, the emergence of
new architectures in recent years could help improve the model’s
representation of the dance styles. Yet, developing models that can
both maintain physical realism and faithfully capture the stylistic
essence of dance from limited data remains a major challenge.

We think that the system that we developed, Korai, has the po-
tential to facilitate these three possible future studies. The tool
could be adapted to be used directly by dancers, which would en-
able scaling up the research’s scope to accommodate more dancers
and other genres or more longitudinal studies in the context of
residencies . Moreover, it could be extended to support other move-
ment generation models and investigate their use in choreographic
settings.

8 Conclusion

In this paper, we presented a collaboration with a Voguing and
Dancehall collective to design and assess a movement generation
model leveraging their own repertoire. To alleviate the difficulties
related to developing and evaluating generative models, we de-
signed Korai, an interactive system that allows us to visualize and
monitor the generation process. Throughout our design process,
we included the dancers in a series of studies to investigate how
they perceived and experienced various iterations of the movement
generation model. The results of our studies showed that dancers
found inspiration in movements that were either strange, glitchy
and novel, or in movements that were familiar and that closely
aligned with their repertoire. Generated movements that fell some-
where in between, physically realistic but lacking stylistic legibility,
were found neither inspiring nor faithful to the structure of the
dance styles. We suggest a parallel with the concept of uncanny
valley, applied to dance movement generation. It is through our
long-term engagement with the collective that we were able to gain
such a deep understanding of the potential that movement genera-
tion models hold to support their practice depending on the level of
fidelity to the original style and novelty provided. We conclude by
arguing for the need to engage with communities of practice, both
when creating generative models and when studying them in situ.
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A Voguing and Dancehall Movements Recorded
with Motion Capture

Name of the step | Dance Style | Takes per dancer
Bogle Step Dancehall 1
Catwalk Voguing 4
DuckWalk Voguing 4
Gun Steps Dancehall 1
Gyal Step Dancehall 1
Hands Performance | Voguing 3
Improvisation Dancehall 1
Nuh Behavior Dancehall 1
Nuh Linga Dancehall 1
Scandal Dancehall 2
Wait Yuh Turn Dancehall 1

Table 2: Dance moves chosen by the collective and recorded
during the motion capture session. Each dancer of the col-
lective recorded these steps, resulting in 40 motion capture
recordings.

B Technical Details on the Model
B.1 Implementation of the Model

We implemented a movement generation model based on the Chor-
rnn architecture [11], a Mixture Density Recurrent Neural Network
(MDRNN) that has been extensively used in the literature. The
model’s architecture consists of a recurrent neural network using
long short-term memory layers that estimates the parameters of a
mixture density network (MDN). The MDN used 4 Gaussian ker-
nels. For the recurrent part of the model, we used 3 long-short
term memory layers (LSTMs) with hidden sizes 1024, 512 and 256,
which are the values used in [53]. They are then connected to 3
parallel separate linear layers estimating the parameters of the
MDN, namely the mixture coefficients, the means and the vari-
ances. The model generates movement by estimating a frame from
the previous ones. Because it uses an MDN, it is stochastic: the
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model estimates the parameters of the MDN, and to actually get the
generated frame, the resulting distribution is sampled. For motion
representation, the model encodes movement as joint angles using
an Euler representation.

B.2 Training the Model

We resampled the animation data from 100 to 30 frames per second
to train the model. We used an Adam optimizer with a learning rate
of 3.10™% and a batch size of 256. We used the negative likelihood
loss. The optimizer was given batches of data from 10-second-long
sequences (300 frames). The loss was computed for each of the 299
frames’ distribution estimated from the previous ones and averaged
over the batches. The training data comprises all of the motion
capture data we recorded with the collective. The sequences are
cut into 10-second overlapping sequences (over one frame only).
We kept five files from the motion capture data as a validation set,
which was used as a reference to check the progress of the training
loss against the same loss computed on that test set and perform
early stopping when the loss stopped improving for five epochs.
We trained our models on a single V100 GPU.

A checkpoint of the model’s training was saved every 10 epochs,
and intermediate generated dance movements were saved using Ko-
rai every 5 epochs to monitor and understand the training process.
These were always generated from the same seeds, which were
randomly chosen from the validation set at the start of the training.
Training stopped when the validation loss did not improve after 10
epochs. This resulted in 47 epochs of training.

C Implementation of Korai

Korai is a web application built using Marcelle [19], an open-source
toolkit for programming interactive machine learning applications.
The main interface is a web page built with the Svelte framework.
It leverages the Three.js’ and Threlte? libraries to render the 3D
models in real-time in the browser. Each source animation is loaded
as a BHV file and rendered as a Three.js object.

For movement generation, the web client communicates with a
Python script for inference using WebSocket communication. This
process is mediated by the backend system of Marcelle, a Node.js
server. When the user requests a new sequence, the generation
parameters are passed to the Python script (seed time and dura-
tion, sequence length). The script retrieves the source animation,
extracts the seed and performs the inference. The resulting motion
sequences are stored as a BVH file. The generated movements are
also stored in the backend. Once this process is complete, the client
is notified and the interface is updated in real-time to render the new
output. The application’s state is stored in a MongoDB database
managed by the backend, ensuring that refreshing or reopening
the application after closing it will restore the same state.

In practice, we used an 11th-generation i5 CPU-based personal
computer to run the application. This hardware setup is enough
to bring low-latency generation and keep the exploration interac-
tive, with about 10 seconds of inference for a 30-second generated
sequence.

https://threejs.org/
8https://threlte.xyz/
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