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Abstract

Dance performance traditionally follows a unidirectional re-
lationship where movement responds to music. While AI
has advanced in various creative domains, its application in
dance has primarily focused on generating choreography from
musical input. We present a system that enables dancers to
dynamically shape musical environments through their move-
ments. Our multi-modal architecture creates a coherent mu-
sical composition by intelligently combining pre-recorded
musical clips in response to dance movements, establishing a
bidirectional creative partnership where dancers function as
both performers and composers. Through correlation analysis
of performance data, we demonstrate emergent communica-
tion patterns between movement qualities and audio features.
This approach reconceptualizes the role of AI in performing
arts—as a responsive collaborator that expands possibilities
for both professional dance performance and improvisational
artistic expression across broader populations.

Introduction
Dance and music traditionally exist in a hierarchical relation-
ship where movement follows sound. Typically, choreog-
raphers design dance to existing music, or collaborate with
composers to create accompanying scores. Even in improvi-
sational dance, performers respond to pre-composed or live
music, but rarely influence the musical composition itself.

Artificial intelligence now offers an opportunity to invert
this relationship. While most AI systems in dance maintain
the traditional paradigm by generating choreography from
musical input, our research proposes a fundamental shift:
enabling dancers to dynamically shape musical environments
through their movements. This approach reconceptualizes
dancers as both performers and composers, establishing a
bidirectional creative partnership between human movement
and AI-created sound.

In this paper, we present a system that enables dancers
to dynamically influence musical composition in real-time
through their movements. Our technical contribution is a
multi-modal architecture (Figure 1) that selects and seam-
lessly combines pre-recorded musical clips in response to
a dancer’s movement patterns. Unlike previous approaches,
our system creates an evolving musical environment where
the dancer becomes an active co-creator of the soundscape
rather than merely responding to it. We demonstrate through

correlation analysis of pilot performances that this approach
creates emergent communication patterns between dancer
and system, establishing meaningful bidirectional relation-
ships between specific movement qualities and audio fea-
tures.

Figure 1: System diagram

This approach not only transforms dance performance
but also opens new theoretical and practical directions for
studying creative partnership between human performers and
AI systems. While considerable research has examined AI’s
role in generating static artistic content like images or poetry,
the dynamic, real-time nature of dance performance presents
unique challenges that remain largely unexplored.

Related Work
Existing research in dance and AI has primarily focused on
generating choreographic movements from musical input.
Tang et al. (2018) developed an LSTM-autoencoder model
that synthesizes dance choreography by mapping acoustic
features to motion features, addressing the challenge of select-
ing appropriate dance figures that match musical elements.
Lee et al. (2019) proposed a synthesis-by-analysis frame-
work that decomposes dance into basic units to generate
style-consistent and beat-matching movements from music.
While these approaches demonstrate technical sophistica-
tion in movement generation, they maintain the traditional



unidirectional relationship where dance follows music.
Some researchers have begun exploring more interactive

approaches to AI in dance. Kumar et al. (2020) developed
LuminAI, an improvisational dance installation where an
AI agent dances with users, implementing a lead-and-follow
dynamic based on creativity metrics. The choreographic duo
AΦE’s recent “Lilith.Aeon” performance, as reported in The
Guardian (Winship 2024), demonstrated how an AI system
trained on human-generated movements could become an ac-
tive creative partner, suggesting new movement possibilities
while maintaining the distinctive style of the choreographers.
The Royal Ballet choreographer Wayne McGregor’s collabo-
ration with Google Arts & Culture Lab produced AISOMA, a
system that suggests new movement variations by analyzing
rehearsal videos, expanding the choreographic possibilities
available to dancers and choreographers (Winship 2024).

Theoretical Foundations. This research builds on several
theoretical foundations that help frame our understanding of
human-AI creative collaboration. Particularly relevant is the
concept of “mixed-initiative creative interfaces” developed
by Deterding et al. (2017), which describes systems where
human and computational agents take turns contributing to an
evolving artistic work. In the context of dance performance,
this framework takes on new dimensions as the collaboration
happens in real-time, with the dancer’s physical movements
and the AI’s musical responses creating a dynamic feedback
loop.

Additionally, our work is informed by computational cre-
ativity concepts such as Colton and Wiggins’ (2012) ”cre-
ative responsibility,” where AI systems take on creative roles
beyond mere tools—evaluating aesthetics and inventing pro-
cesses. This complements Jennings’ (2010) notion of “cre-
ative autonomy,” which requires systems to independently
evaluate and evolve their standards.

While the pilot study reported in our paper establishes
technical foundations, these frameworks guide our vision for
AI systems that can function as genuine creative partners in
dance performance.

Beyond computational creativity, performance studies lit-
erature on improvisation and real-time creative decision-
making provides another crucial theoretical perspective.
Foundational work by Bailey (1992) and Nachmanovitch
(1990) established key principles of improvisational practice,
while recent scholarship addresses the complexities of dance
improvisation and human-machine interaction. De Spain’s
(2014) topographical approach illuminates how dancers make
moment-to-moment decisions, and Foster (2002) examines
how improvisational structures emerge through real-time
choreographic choices. For human-AI creative collabora-
tion specifically, Hoffman and Weinberg’s (2011) work on
interactive robotic improvisation offers frameworks for un-
derstanding how performers adapt to non-human partners.
Carter’s (2000) analysis of improvisation as breaking estab-
lished conventions to discover new artistic expressions that
”could not be found in a systematic preconceived process”
is particularly relevant. Following Carter, our system aims
to create new paradigms that enable real-time invention and
discovery through the act of creation itself.

System Architecture
Our system enables real-time generation of responsive mu-
sical accompaniment to dance movements through a multi-
stage machine learning pipeline. The architecture comprises
three primary components: (1) an audio encoding/decoding
system, (2) a movement encoding system, and (3) a cross-
modal generation network that predicts appropriate musical
responses to movement. These components work in concert
to create a cohesive interactive performance environment.

Audio Representation Learning. To learn audio represen-
tations, we trained a Variational Autoencoder (VAE) (Kingma
and Welling 2014) on spectrograms of 3.5-second audio clips.
The audio VAE consists of convolutional layers for both en-
coding and decoding, with a 128-dimensional latent space
representation. This architecture effectively compresses spec-
trograms into a compact latent code that preserves meaningful
acoustic properties while discarding noise. The encoder uses
five convolutional layers with ReLU activations to transform
input spectrograms (224×224×1) into a latent distribution,
while the decoder reverses this process through transposed
convolutions.

Movement Representation Learning. To encode dance
movements, we developed a parallel VAE architecture
that processes visual representations of movement trajec-
tories. The movement data is collected by using Tensor-
Flow MoveNet Thunder pipeline, which analyzes either pre-
recorded videos during training or webcam video stream
during inference. Rather than working with raw skeletal
joint data, we first transform movement sequences into color-
coded trajectory images (Figure 2b). Each 3.5-second move-
ment sequence is represented as an RGB image (256×256×3)
where five key landmarks (head, left wrist, right wrist, left
ankle, right ankle) are visualized as coloured curves showing
their trajectories over time.

(a) Dance timelapse photo (b) Movement trajectories

Figure 2: (a) Timelapse photo of dancer’s movements. (b)
Trajectories of dancer’s movements captured by our system.
The landmarks are colour-coded as follows: red - head, green
- left wrist, blue - right wrist, orange - left ankle, magenta -
right ankle.

This image-based approach allows us to leverage convo-
lutional architectures commonly used in computer vision
while capturing the temporal dynamics of movement. The
movement VAE employs a structure parallel to the audio
VAE, with the encoder producing a 128-dimensional latent
vector that encapsulates the essential spatial and temporal
characteristics of the dance movement.



Cross-Modal Generation The Generative Adversarial
Network (GAN) (Goodfellow et al. 2014) bridges the move-
ment and audio domains. The GAN’s generator takes two
inputs: (1) the latent representation of the current movement
and (2) the latent representation of the previous audio clip.
It then predicts the latent vector for the next audio clip that
would best complement the current movement.

The generator employs a latent combiner module that in-
tegrates movement and audio latent vectors. While we ex-
perimented with several combination methods (concatena-
tion, multiplication, and various learned approaches includ-
ing gated, FiLM, and cross-attention mechanisms), we found
that pointwise addition produces the most effective results.
This addition operation is followed by a multi-layer network
with hidden dimensions of 256 units, LayerNorm for stabi-
lization, and LeakyReLU activations.

Retrieval Module Rather than directly decoding the pre-
dicted latent vector, which could result in lower audio quality,
we employ a retrieval-based approach. We calculate the co-
sine similarity between the predicted latent vector and the
latent representations of clips in our reference database. The
audio clip with the highest similarity is selected, ensuring
high-quality output while maintaining contextual relevance.

Figure 3 shows how both previous audio and movement
influence the system’s predictions. With identical previous
audio but different movements, the system selects dramati-
cally different clips: ambient music for minimal movement
(3a) versus rhythmic clips for energetic break-dancing (3c).
Similarly, when movement remains constant but previous
audio changes (3a vs. 3b), the predicted clips also differ.

Real-time Inference We developed a React/NodeJS appli-
cation, which operates as follows during live performance:

Movement Capture: A webcam captures the dancer’s
movements, which are processed by a pose estimation model
(TensorFlow MoveNet Thunder) to extract the five key land-
marks.

Movement Encoding: The landmarks’ trajectories are ren-
dered as a color-coded image and encoded by the movement
VAE into a latent vector.

Audio Prediction: The movement latent vector and the
previous audio clip’s latent vector are fed into the GAN,
which predicts the next audio clip’s latent representation.

Clip Selection: The system retrieves the audio clip whose
latent representation has the highest cosine similarity to the
predicted vector.

Audio Playback: The selected clip is cross-faded with the
currently playing audio to create seamless transitions.

The dancer can also curate the source audio library from
which the system selects clips, allowing performers to in-
fluence the overall sonic palette and musical style of their
movement-conditioned compositions.

Dataset. The aligned video-audio dataset used to train the
movement VAE and GAN consists of 18K 3.5-second record-
ings, 17K of which were sourced from the AIST dance dataset
(Tsuchida et al. 2019) and 1K from our own dataset contain-
ing video material recorded specifically for this project or
provided to us by professional dance collaborators. The au-
dio VAE was trained on a larger set of 50K audio clips from
the authors’ studio recordings, spanning multiple genres of

(a) (b)

(c) (d)

Figure 3: System response examples showing the influence
of both inputs on prediction.

electro-acoustic music with varying tempos and instrumenta-
tion.

Pilot study
We conducted a pilot study with three participants of vary-
ing dance experience: P1 (10+ years ballet), P2 (2-3 years
ballet/jazz), and P3 (no formal training). Each dancer per-
formed improvisational movement with the system for up to
30 minutes. We recorded both video and system-generated
audio, collecting over 70 minutes of data. Our analysis aimed
to identify relationships between dance movements and gen-
erated audio, particularly examining which audio features
correlate most strongly with movement intensity.

Video and Audio Features. We segmented performances
into 10-second clips and extracted movement data using
MoveNet Thunder to track key body points (head, wrists,
ankles) normalized to [-1, 1]. Movement energy was mea-
sured as the Euclidean distance between corresponding points
in consecutive frames, with statistical measures (mean, min,
max, standard deviation) computed for each clip. For au-
dio, we extracted 47 features using Librosa and Essentia,
including spectral features (MFCCs, contrast, flux), chroma
features, and psychoacoustic measures. Key audio features
in our analysis include MFCCs (representing timbre, with
mfcc 1 capturing overall spectral shape), spectral contrast
(peak-valley differences across frequency bands), chroma
(pitch class distribution), and spectral flux (frame-to-frame



spectral changes).
Statistical Analysis1 To explore the relationship between

dance movement and system-generated audio, we applied
several statistical methods. Pearson correlation analysis was
performed to assess the linear relationships between individ-
ual movement energy measures (average, maximum, mini-
mum, and standard deviation) and audio features. Principal
Component Analysis (PCA) was conducted separately on
video and audio features to identify patterns of variance and
reduce dimensionality, while Canonical Correlation Analysis
(CCA) was used to examine the multivariate relationships
between movement and audio feature spaces.

Additionally, we used Partial Least Squares (PLS) regres-
sion to model predictive relationships between the two modal-
ities, evaluating how well sets of audio features could predict
movement energy metrics, and vice versa. To identify the
most influential audio features, we employed Random For-
est regression models, computing feature importance scores
based on their contribution to predicting each movement en-
ergy statistic. The quality of these predictive models was
evaluated using the coefficient of determination (R²).

Together, these analyses allowed us to identify which audio
features were most strongly associated with variations in
dancers’ movement intensity and to assess the strength of the
coupling between movement and audio dynamics produced
by the system.

Results. Our analysis revealed several key relationships
between movement energy and audio features generated by
the system.

Correlation Analysis. Pearson correlation analysis showed
that the minimum movement energy (min energy) had the
strongest and most consistent relationships with audio fea-
tures. In particular, mfcc 1 (first Mel-frequency cepstral co-
efficient) exhibited a significant negative correlation with
min energy (r = -0.45, p <0.001), suggesting that clips
with lower minimum movement energy were associated
with audio segments characterized by smoother spectral
shapes. Spectral contrast in the sixth frequency band
(spec contrast 6) and mfcc 7 also showed significant pos-
itive correlations with min energy.

Principal Component Analysis (PCA). PCA indicated that
a small number of components captured substantial variance
in both movement and audio features. In particular, variations
in energy-based movement measures (average, minimum,
maximum, and standard deviation) loaded heavily onto the
first few principal components, while audio variance was
dominated by MFCCs and spectral features.

Canonical Correlation Analysis (CCA). CCA revealed
moderate canonical correlations between the combined move-
ment energy statistics and audio feature sets. The first canon-
ical component pair linked high standard deviation of move-
ment energy with variations in spectral complexity and disso-
nance in the audio, indicating multivariate coupling between
movement expressivity and audio texture.

Partial Least Squares (PLS) Regression. PLS regression

1Detailed statistical analysis results are pro-
vided on the supplementary-material website:
https://sites.google.com/view/reimagining-dance

models found that audio features could modestly predict
movement energy, with the highest R² value (0.103) for pre-
dicting min energy. Conversely, movement features showed
stronger predictive power for certain audio characteristics:
movement energy metrics could predict mfcc 1 with an R²
of 0.202 and mfcc 7 with an R² of 0.162, suggesting that
dancers’ movement dynamics influenced the timbral qualities
of the generated soundtrack.

Random Forest Feature Importance. Random forest re-
gressions further confirmed the importance of specific audio
features. mfcc 1, mfcc 7, spec contrast 6, and spectral flux
consistently emerged as the most important predictors of
movement energy statistics across models, aligning with the
findings of the linear analyses.

Overall, the results suggest that the soundscape created
by our system responded most consistently to variations in
dancers’ minimum movement energy, with audio features
related to timbre and spectral dynamics (MFCCs and spectral
contrast) showing the strongest associations with movement
intensity.

Qualitative results Dancers reported a fluid exchange
of initiative with the system throughout their performances.
The system often influenced their movement choices at both
macro and micro levels, inspiring exploration of new dance
expressions to discover corresponding musical responses.
Conversely, dancers sometimes deliberately attempted to redi-
rect the musical atmosphere, such as introducing energetic
movement during ambient passages. While the system typi-
cally required 5-10 seconds to adapt to significant changes
in dance energy, this delay was intentionally designed to
maintain musical coherence. This adaptation period could
potentially be customized based on dance genre preferences,
balancing responsiveness against musical continuity.

Conclusion
This research presents a novel approach to dance through
AI-mediated co-creation, fundamentally reimagining the tra-
ditional relationship between movement and music. Our
system enables dancers to dynamically shape musical envi-
ronments while simultaneously responding to them, creating
a bidirectional creative partnership where initiative flows
fluidly between human and machine. Statistical analysis con-
firms meaningful correlations between specific movement
qualities and audio features.

This work explores a multi-layered creative relationship.
The original composer’s musical intent—which may itself be
improvisational—becomes raw material for a new emergent
composition, dynamically rearranged and remixed through
the dancer’s movements. The resulting sonic experience
is a form of real-time collage where three creative forces
converge: the original compositional elements, the system’s
algorithmic decision-making, and the dancer’s embodied ex-
pression. Each performance thus represents a unique re-
lationship between these creative entities, with the dancer
physically sculpting a new musical composition from frag-
ments of the composer’s work, creating something neither
could have produced independently.

By inverting the traditional paradigm where movement
follows sound, we position dancers as active co-creators of



the musical arrangements. The dance movements can serve
as a novel compositional tool for creating musical content
that has artistic value beyond the performance context. This
approach offers new creative possibilities not only to dance
performance, but also as a form of musical composition.

While the system was primarily envisioned as a co-creative
artistic framework for dance performance, another promising
application emerged during our pilot study. We observed that
when participant dancers experienced fatigue and naturally
reduced their movement intensity, the system organically
transitioned from dynamic rhythmic music to more ambient
soundscapes. This adaptive quality could be valuable not
only in dance performance, but also in exercise and training
settings.

We are currently planning a large-scale study with a pro-
fessional dance company to evaluate the system’s impact on
choreographic process and audience reception. Through this
ongoing research, we aim to develop a deeper understand-
ing of the emergent creative language that evolves between
human dancers and AI musical collaborators.
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