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Figure 1: Dancers performing with real-time music accompaniment generated by Con Moto.

Abstract
Con Moto is a real-time generative music system for dance im-
provisation that supports embodied steering of a transformer
model with configurable levels of agency. While existing frame-
works demonstrate the potential of embodied music-making and
movement sonification in live performance, achieving both high
musical coherence and low-latency responsiveness remains an
ongoing challenge. In response, we leverage the musical coher-
ence of real-time MIDI-based transformer models to design an
integrated system that translates camera motion data into move-
ment parameters, which in turn control the musical output. Con
Moto employs two layers of control strategies: 1) inference-time
steering of the transformer model and 2) post-generation render-
ing using Max/MSP as a control interface and Ableton Live for
sound synthesis. We present the system through a duet perfor-
mance for a live audience, supplemented by qualitative reflec-
tions from the dancers and the audience. By reconfiguring how
the dancers’ movements map to musical functions, we create a
system with configurable agency. Fine-grained control over an
individual musical voice invited dancers to experience the sys-
tem as a playable instrument, while abstract musical mappings
to a genre’s energy opened space for the system to act as an
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autonomous creative partner. By navigating the aesthetic friction
between human intent and AI agency, we explore a dynamic that
facilitates a deep, bidirectional feedback loop.
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1 Introduction
Live dance performance is a deeply embodied experience, in
which dancers interpret and express musical structure through
physical movement. Timing, weight, spatial trajectories, and ges-
ture all reflect a dancer’s understanding of the music as it unfolds,
and these elements are shaped by both anticipation and reaction.
In this sense, dance is not merely synchronized to sound, but is
an active, perceptual engagement with musical form, phrasing,
and energy.

Within improvisational traditions—often referred to as "free-
styling" within Hip-Hop and street dance cultures— dancers con-
tinuously listen to the music, form expectations about its future
evolution, and adapt their movements in response to deviations,
accents, and emergent structure. Dancers rely on their musicality
to navigate the feedback loop between perception and action. In
this work, we use the terms "improvisation" and "freestyling"
interchangeably to honor the diverse contemporary and street-
style lineages that inform our practice.

We are interested in extending the dance-music reciprocal
dynamic to human–AI collaboration [8], exploring settings in
which dancers do not only respond to music, but also participate
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Figure 2: The system is designed to facilitate collaboration between human dancers and a generative AI in a live setting.
The dancers’ physical motion is captured through a camera and processed into control signals, consumed both by the
generative model outputting plain MIDI events, and the DAW rendering the MIDI. The synthesized audio is played live to
the dancers, who simultaneously react to the generated music and shape the future generation through motion.

in shaping its generation in real time. Rather than treating music
as a fixed or externally determined stimulus, we ask how gener-
ative systems might support a shared improvisational space in
which movement and sound co-evolve. Such a framing positions
the generative model not as an accompaniment engine, but as a
responsive, high-agency partner in performance [5, 6, 10]. Our
approach follows a first-person Dialogic Design process [29],
moving away from hierarchical designer-user roles toward a
multi-directional flow of ideas between our dancer-researcher
and AI-researcher authors. Over two months of weekly design
and movement sessions, mangling artistic and technical con-
straints [23], we expanded this collaboration to include an ex-
ternal professional dancer to investigate how AI can mediate
human-human resonance in addition to the individual human-AI
loop.

Designing for this kind of collaboration introduces a central
tension between control and autonomy. If dancers are given
direct, low-level control over musical parameters, the system be-
comes a conventional instrument with limited generative agency.
Conversely, if the model operates with too much autonomy, the
dancer’s influence becomes opaque, weakening the sense of au-
thorship and intentionality. Achieving a productive balance re-
quires interfaces and models that allow dancers to meaningfully
influence musical behavior while preserving the system’s capac-
ity for independent musical decision-making.

We introduce Con Moto, a system that explores this balance by
coupling embodied movement input with real-time generative
music processes, aiming to support collaborative improvisation
between dancers and an AI-driven musical partner. To evaluate
the system’s expressive potential, we present unscored (Figure 1),
a live improvisation performance in which two dancers navi-
gate a shared sonic space to steer both low-level nuances—such
as timbre, velocity, and articulation—and high-level structural
parameters, including harmony, instrumentation, and genre1.

The system consists of a real-time generative music model
coupled with a motion-based control pipeline designed for live
performance (Figure 2). A motion-capture camera tracks the
dancer’s location and movement on stage, extracting spatial and

1https://con-moto-nime.github.io/

activity-related features from the performer’s motion. These fea-
tures are mapped to musical control signals that influence the be-
havior of the generative model and downstream sound synthesis
processes. In particular, spatial position is mapped to high-level
pitch constraints, such as the active pitch range, while measures
of movement intensity and the detection of specific movement
patterns are mapped to timbral parameters via a digital audio
workstation and a Max/MSP-based control layer. The generative
model operates continuously. It regenerates musical material
in response to incoming control messages including changes
in pitch range or instrument availability, allowing the dancer’s
movement to shape both the harmonic space and the sonic char-
acter of the music in real time.

Our key contributions are:
� An inference-time control strategy for steering a genera-
tive music model during live performance.
� An integrated system that enables movement-based con-
trol of music generation in a live setting, combining a
motion-capture camera, a generative model, andmappings
from embodied movement to control signals.
� Qualitative insights from both performers and audiences
into a novel mode of music–dance interaction.

2 Related Work
We situate our work at the intersection of several domains: move-
ment sonification, generative motion-to-music systems, real-time
language model steering, and human-AI co-creation. Integrating
high-level movement qualities, topological sonification methods,
and diffusion-based generation directs the focus toward systems
that do not merely respond to a performer, but resonate with
them.

2.1 Movement sonification
Sonification is traditionally defined as the functional transfor-
mation of data and interactions into sound [13]. In dance, the
transformation typically involves translating kinetic data—such
as joint orientation, velocity, or acceleration—into musical pa-
rameters [2, 11, 15, 18]. Current approaches move beyond these
structural mappings to treat sonification as a medium for what

https://con-moto-nime.github.io/


Con Moto: Embodied Steering of Music Transformers for Live Dance Improvisation NIME '26, June 23�26, 2026, London, UK

Bevilacqua et al. [4] describes as sensori-motor enhancement.
We ground our research on the notion that music is movement,
viewing sound as not a secondary response to motion, but as an
extension of the body's expressive intent [2].

Building on the work of Bang et al. [3], our approach utilizes a
methodology of designing in proximity, prioritizing slowness and
humility in the design process. This aligns with the framework
of Technical Practice Research [22], where we treat our weekly
studio sessions not as mere evaluations, but as the primary site of
knowledge production. Rather than seeking a perfect technical
mapping, we focus on the entanglement of sound and movement
as it evolves through practice. In this state, the system facilitates a
dual awareness: an inward-looking sensitivity to physical propri-
oception and an outward-looking poetic exploration of the sonic
environment. Our goal is to leverage these a�ordances to move
from reactive soni�cation toward a state of organic human-AI
resonance.

2.2 Neural motion-to-music generation
Recent developments in neural audio synthesis have shifted
the focus from deterministic mapping to generative systems.
Early work by Aggarwal and Parikh[1] inverting the conven-
tional paradigm�where motion is typically a response to au-
dio�demonstrated the viability of using deep neural networks
to synthesize music directly from dance. Researchers coin gen-
erative AI models that support interactions translating dance to
music as "motion-to-music models."

Recent interactive performances have explored how navigat-
ing the latent spaces of generative models can facilitate expressive
co-creation. Nabi et al. [21] utilizes the RAVE (Real-time Audio
Variational Embedding) architecture, leveraging its capacity for
low-latency e�ective timbre transfer [7]. By mapping Inertial
Measurement Unit data directly to RAVE's latent space, this ap-
proach enables dancers and musicians to co-create in a shared
sonic environment. Building on this, Meyer et al. [19] replaces
wearable sensors with computer vision, training lightweight au-
toencoders to map video input directly to sound in real time.
While these systems excel at reactive sound production, they
often lack the structural complexity found in traditional musical
compositions.

To address musical structure, di�usion-based methods have
introduced tailored architectures for aligning motion and au-
dio spaces, achieving higher musical quality and beat alignment
scores than previous models [28, 30]. However, a critical limita-
tion remains: these high-�delity systems typically operate o�ine,
as the iterative nature of di�usion processes struggles to meet
the low-latency requirements of �uid live performance. Con-
sequently, existing frameworks often face a trade-o� between
musical richness and real-time interactivity. Furthermore, while
these works explore individual embodied music-making, the so-
cial and interpersonal dynamics between multiple dancers within
these generative loops remain signi�cantly underexplored.

2.3 Inference-time generation steering
The exploration is further grounded on the a�ordances of MIDI
for real-time interaction, as demonstrated by the collaborative
improvisations of Jordan Rudess and JAM_BOT [5]. While prior
works on mapping motions or gestures to music often operate in
the audio synthesis space enabled by real-time audio processing

capabilities and thus often require precomposed music or expert-
curated sound samples [20, 24, 26], generative models can o�er
more diversity and �exibility in the musical content.

Generating MIDI events instead of directly generating audio
streams has multiple advantages. MIDI-based generation enables
faster inference and signi�cantly lower latency, while providing a
more interpretable and controllable representation. Because mu-
sical structure is explicitly encoded at the event level, synthesis
parameters can be tuned independently of the generative model
and rendered through di�erent instruments or timbral con�g-
urations. Moreover, inference-time constraints can be applied
directly in the symbolic domain at substantially lower computa-
tional cost than in audio-domain models.

Prior work in natural language generation has explored so-
phisticated inference-time mechanisms for steering model out-
puts toward desired attributes, often relying on auxiliary classi-
�ers, discriminators, or gradient-based updates during decoding
[9, 16, 27]. These methods are designed to impose high-level se-
mantic constraints in domains where structure is implicit and
must be inferred from raw token sequences. In contrast, our
approach operates in a symbolic musical domain where core
structural attributes such as pitch, onset, duration are explic-
itly represented. This allows inference-time control to be im-
plemented through simple, deterministic constraints on event
selection, without auxiliary models or expensive optimization.

3 System design
The design of the Con Moto system is motivated by the pursuit of
human-AI partnership, speci�cally investigating the continuum
of danceability within generative music environments. While
generative models o�er a vast creative space, they often struggle
with rhythmic consistency and structural predictability, appear-
ing disconnected to a performer who requires a steady pulse
to maintain an embodied dialogue. Consequently, our system
design evolves around two key design considerations:

� Embedding high-level generative music models within
intuitive, low-latency embodied control schemes.

� Applying generative heuristics to ensure the generated
music remains rhythmically and structurally danceable.

The system is organized as a real-time control loop that couples
embodied movement features to both symbolic music generation
and audio rendering (Figure 2). Con Moto consists of three pri-
mary components: (1) a generative music model that produces
symbolic musical material and supports inference-time steering
via external control messages; (2) a depth camera and feature-
extraction process that estimates the dancer's position, activity,
and salient movement patterns from joint trajectories; and (3)
a Max/MSP patch that serves as a central hub to receive OSC
messages from Windows Laptop, send OSC messages to PC, send
MIDI control signals to Ableton, receive multi-channel audio
from Ableton, and send eight-channel spatialization to Dante
Virtual Soundcard.

The generative model uses the anticipatory music transformer
[25] as a pretrained backbone. The model is then �netuned on
smaller datasets of speci�c music genres. One model is �netuned
on the Maestro dataset[12], which contains expressive perfor-
mance MIDI of classical piano pieces, to obtain a classical style
model. We turn to a piano model to probe pitch range, leveraging
the instrument's broad register as a space for expressive variation.
Other models focus on dance-style music and are �netuned on
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�ltered subsets of the GigaMIDI dataset[17] including pieces la-
beled with genres such as jazz and disco. The real-time inference
system for the generation is built upon the jam_bot system [5],
which handles the model con�guration, generation, and output
scheduling in a multi-threaded system.

Motion data is streamed from the camera analysis process to
Max/MSP via OSC. The analysis process extracts a compact set
of features, including spatial location on stage, activity level, and
detected movement motifs, which are transmitted at interactive
rates. Within Max/MSP, these features are �ltered, smoothed, and
quantized to reduce jitter and to convert continuous movement
into musically meaningful control signals.

Max/MSP formats and sends high-level control messages to the
generative model, specifying constraints such as the active pitch
range and the set of enabled instruments. The generative model
runs in parallel and continuously produces symbolic musical
output. When new control messages are received, the model re-
generates or re-steers its output to re�ect the updated constraints,
allowing dancer movement to in�uence musical structure with-
out requiring note-level control.

The symbolic output of the generative model is sent to the
DAW for playback and MIDI-based synthesis. In parallel, Max/MSP
maps movement-derived features to timbral and dynamic param-
eters in the DAW, enabling the dancer's movement to shape both
the generated musical content and its sonic realization.

The system architecture is divided across three devices to bal-
ance GPU requirements and audio stability. Initial spatial tracking
is performed on a Windows laptop (NVIDIA GPU). Tracking data
is sent via OSC over a network to a MacBook running MaxMSP
and Ableton Live. MaxMSP acts as the central hub, sending con-
trol signals to a high-performance PC running a native C++ music
generation engine. Resulting MIDI data is returned to the Mac-
Book for 8-channel spatialization and distributed to the mixer
via Dante. This con�guration addresses speci�c limitations in
GPU compatibility and Windows audio driver reliability.

3.1 Pitch range and instrument control
To achieve inference-time control over pitch range and the active
instrument, we apply a �ltering operation to the model's note-
selection process during generation (Figure 3). At each generation
step, the model assigns scores to a set of possible next notes, i.e.,
a prior distributionc ¹:º , where: 2 f 0• ” ” ” •127g is a MIDI pitch
number. Notes whose pitches or instrument classes fall outside of
the currently active range»?<8=• ?<0G ¼are suppressed through
masking, ensuring that only notes within the speci�ed register
can be selected. After masking we sample from the posterior
distribution

c 0¹:º /

(
c ¹:º if ? min � : � ? max

0 otherwise
”

Since the instrument class is generated along with the pitch, the
instrument control can be implemented by restricting the tokens
to the desired instrument classes (Figure 4).

To reduce jitter and perceptual discontinuities caused by fre-
quent regeneration, we apply several stabilizing strategies. First,
we limit the rate of control updates so that a new pitch range or
instrument con�guration is only sent when there is a signi�cant
change in dancer input, de�ned in our performance as a shift of
more than six semitones. Second, when regeneration is triggered,
the system preserves the upcoming 250ms of already-generated

Figure 3: The pitch-token probabilities from the uncon-
strained model are masked to enforce a stage-position-
dependent pitch range. Sampling is then performed from
the masked posterior distribution.

Figure 4: Similar to pitch range, instrument control is
achieved through masking the non-active regions of the
pitch-class token space.

events before discarding future output, allowing ongoing musi-
cal gestures to complete naturally. Finally, pitch constraints are
updated smoothly rather than abruptly by interpolating between
the previous and new pitch masks, enabling musical ideas initi-
ated under the earlier constraint to resolve and resulting in more
continuous, musically coherent transitions.

This design allows dancer movement to in�uence large-scale
musical characteristics without requiring precise temporal align-
ment or discrete triggering. The generative model retains re-
sponsibility for choosing speci�c notes and rhythms within the
constrained space, preserving stylistic consistency while remain-
ing responsive to live, embodied input.

3.2 Harmonic control
Harmonic structure in the system is controlled through a learned
representation of pitch-class activity rather than through explicit
chord or scale constraints. We compute a chroma-based descrip-
tion of the musical context by aggregating the activation of the
12 pitch classes over sliding windows of one second. This rep-
resentation captures which pitch classes are emphasized over
time while remaining invariant to octave, providing a compact
summary of harmonic content that is well aligned with human
musical perception.

To integrate this information into generation, we extend the
decoder transformer architecture with an additional encoder that
processes the chroma representation. The encoded harmonic
features are then injected into the generative model using cross-
attention, allowing the model to condition its output on the cur-
rent harmonic context. This design enables the model to adapt
its note choices in response to evolving pitch-class distributions
while preserving the model's ability to generate expressive and
stylistically coherent musical material.

At performance time, we restrict the harmonic conditioning
to a small set of interpretable states. Speci�cally, we select two
chroma conditions corresponding to major and minor modal
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pro�les, which are extracted from real classical music rather than
de�ned by explicitly activating a scale. These pro�les are derived
from pitch-class statistics computed over one-second windows
of expressive classical performances, capturing characteristic
harmonic tendencies and voice-leading patterns beyond simple
scale membership.

3.3 Timbral, dynamic, and spatial control
In addition to steering the symbolic music generation in real time,
Con Moto directly maps movement to the timbral, dynamic, and
spatial layers of sound. Establishing a robust correspondence be-
tween movement and sound ensures that the performer's energy
is re�ected in the physicality of the music, thereby accentuating
the dancer-music connection.

Movement velocity to MIDI velocity. The average limb velocity,
calculated over a two-second sliding window, was mapped to
MIDI note velocity. Velocity control established a foundational
energy relation; if the dancers remained static, the generative
engine produced no sound. This ensured that the musical output
was a direct consequence of physical exertion, grounding the
generation in embodied e�ort.

Verticality to articulation. The absolute height of the dancers
were mapped to note duration. This mapping was co-designed
with the dancers as a stable physical metaphor for controlling
musical articulation�ranging from staccato movements at lower
heights to sustained, legato tones when leaping or reaching up-
ward.

Interpersonal proximity to distortion. To sonify the social dy-
namics between the performers, the spatial distance between the
two dancers was mapped to vinyl distortion. As the dancers con-
verged, the harmonic complexity and grit of the sound increased,
providing a sonic representation of physical tension or intimacy.

Spatial Position to Sound Localization. The absolute-. coor-
dinates of each dancer were mapped to virtual source positions
within an 8-channel ambisonic �eld, implemented via the ICST
Ambisonics plugin for Max/MSP. As dancers moved through the
stage, the generative audio followed them, creating a localized
sonic presence.

Our co-designed expressive control mappings are scaled across
performance sections to support a dramatic arc. In the opening
movements, velocity and position control a single instrument;
by the �nale, these parameters extend to map to EQ �lters and
the overall track volume, e�ectively opening the soundscape as
the dancers' energy reaches its peak.

3.4 The co-design process
The development of Con Moto followed an iterative co-design
methodology, driven by internal weekly sessions between the
lead authors, supplemented by periodic insights from a profes-
sional dancer, musicians, artist-researchers, and sound designers;
there were a few key turning points that shaped the evolution
of the system. Across four sessions with the professional dancer,
totaling �ve hours, we followed a soma design approach [14] to
ensure the system's responses felt like a natural extension of the
dancers' movements, treating their physical experience as the
primary guide for re�ning the interaction.

Expanding embodied scale. While early prototypes focused on
localized hand gestures over a piano, we realized that a larger,

more expressive scale was needed to support full-body engage-
ment and to explore an embodied experience of live steering of
a generative model. Thus, we re-imagined the entire stage as a
virtual piano, where mapping the dancer's spatial coordinates to
musical range transformed the system from a localized tool into
an expansive sonic space.

De�ning danceability. The �rst session with the external dancer
highlighted that pure generative agency can feel disconnected
from a dancer's needs:

"... weird for me as a dancer, it's more like playing an
instrument."

To increase rhythmic legibility, we learned to force drum founda-
tion at the start of generation and �ne-tuned models on additional
genres outside of classical (Jazz and Disco) with a steadier beat.

Con�guring agency into narrative. To move beyond a feature
showcase, we developed con�gurable agency tailored to a per-
formance narrative. In our second session with the external
dancer, we developed interpersonal mappings�such as proximity-
based controls between dancers. In our session with other artist-
researchers, they asked:

"Do you need to generate everything live?"

While online generation o�ers a more interactive and adaptive
experience given that the model generation can be steered in new
directions through motion, we wanted to explore the capability of
the system without the latency constraints by employing o�ine-
generated tracks with fuller musical instrumentation in the last
section of the performance.

Technical and timbral re�nement. Sessions with musicians and
sound designers prompted the addition of post-generation MIDI
rendering and high-�delity instrument packages, alongside spa-
tialized audio to reinforce the physical connection between a
dancer's location and the sound source.

4 Performance overview
To evaluate Con Moto in a multi-user context, the �rst-listed au-
thor�a dancer-researcher with a background in Hip-Hop and
collegiate dance�partnered with an external dancer with back-
ground in ballet and Hip-Hop. We initially developed the system
as a medium for the author's artistic self-expression, seeking to
create a tool that resonated with their personal movement style
and musical sensibilities. However, we also aimed to explore its
potential as a collaborative platform. The two dancers shared a
pre-existing creative rapport from their time on the same com-
petitive dance team, which provided a foundational movement
language and shared shorthand that signi�cantly streamlined the
co-design process.

The team collaboratively developed unscored, an improvised
performance where the musical structure is entirely emergent.
While the �rst-listed author served as a system architect and
performer, the external dancer acted as an additional expert con-
sultant, providing real-time and retrospective insights. Through
the collaborative process, we re�ned the system to manage both
low-level musical nuances�pitch, velocity, timbre, articulation,
and tempo�as well as high-level concepts of harmony, instru-
mentation, and genre. The resulting performance for an audience
of ~70 at Harvard University's Paine Concert Hall2 is structured
into two acts, each with two scenes, outlined below:

2https://music.fas.harvard.edu/event/huseac-farewell-hydra-concerts-tribute-
professor-hans-tutschku
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