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Figure 1: An example of the “shift” in temporal relation between input gesture and output audio that speculative execution
(Spec-Ex) can provide. Predicting a completed gesture can reduce perceived latency (blue) in gesture-based systems, which
typically begin audio generation after a gesture is completed. Spec-Ex enables the model’s output to be used at the micro
scale (< 100 ms) by generating audio before the gesture completes.

Abstract

Generative Al has enabled the creation of new interfaces for mu-
sical expression (NIMEs) that dynamically generate sounds in re-
sponse to user input. These systems have focused on coarse, text-
based instructions delivered at time scales that are not suitable for
fine-grained control of sound enabled by conducting-style ges-
tures during a live performance. Additionally, audio generation
introduces latency that impedes gesture-based control, limiting
the ability of Al-based NIMEs to synchronize musical output
with input gestures in real time. This paper presents Gesture Vo-
cabulary, an interactive generative music system prototype that
uses user-defined hand gestures and motions, such as conducting
patterns, as input. This system employs speculative execution,
generating sound based on predicted future gestures to mitigate
latency and produce audio in response to gestures at a time scale
suitable for real-time performance within a constrained gesture
space. By examining the role of Al in music through the time
scales of its interactions with users, we aim to support more
expressive performance practices through the embodied control
of generative music systems.
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1 Introduction

Generative models are one of the most active areas of research
in music technology. They have been used to create Al-based
interfaces for musical expression that quickly (e.g., several sec-
onds) generate new sounds based on sonic [10, 39], gestural [28],
or textual [2] input, but not quickly enough for real-time per-
formance. In this paper, we focus on using gestures to control a
generative model in a system suitable for live performance.

Composer and programmer Curtis Roads defines interactions
in music-making as a series of time scales, ranging from compo-
sitional ideas (supra), the full length of a piece of music (macro),
or momentary actions in response to motion and sound (micro)
[40, 41]. We seek to support artists by broadening the expres-
sive range available to them by introducing a form of control
over generative models analogous to that of a conductor over
dynamics and tempo. Using gestures, we aim to leverage the
physical affordances of human movement to control real-time
music generation at the smallest possible time scales. This paper
focuses on the micro scale (< 100 ms) when discussing how a
system responds to motion: the time scale for which a motion is
meant to convey a momentary musical change.

In this paper, we apply the time-scales framework to eval-
uate the ability of Al-based music performance systems to
synchronize with user input, integrating motion, gesture, and
musical decision-making as understood by both human perform-
ers and Al agents. We present Gesture Vocabulary, an exploratory
prototype gesture-controlled generative music system designed
to demonstrate how speculative execution can mitigate the in-
herent latency of diffusion-based audio generation. We evaluate
speculative execution in live, interactive generative music perfor-
mance with respect to perceived latency and prediction accuracy
using a simplified, low-dimensional gesture representation.
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Time Scale

Musical Decision

Traditional Instrument

Al Generation

Supra (beyond individual song)

Choice of Instrument

Choice of Model

Macro (length of song)

Tuning, etc.

Delayed LLM Prompts [2]

Meso (1-2 sec)

Adjustments

Instantaneous LLM Prompts [7, 37]*

Micro (1-100 ms)

Performance Gesture/Input | Latent control/audio input (RAVE) [6, 10

Table 1: Roads’ time scales and examples of how each is reflected by inputs to traditional and Al-based music performance
systems. Arrows indicate potential “shifts” in perspective as a result of applying speculative execution to the user’s input.

2 Shifting Perceptions of Latency in Music
2.1 Latency and Synchronization

Low latency is a goal for real-time musical applications [33],
and delays can significantly affect performers’ effectiveness in
collaboration [12, 13]. Traditional instruments (e.g., keyboards)
have strict (0-20ms) latency requirements between physical input
and sonic output, and changes in latency can alter the “feel of
the instrument” [31]. In this paper, we discuss perceived latency,
the difference between the completion of a gesture and the start
of the sound generated by a system (see Figure 1).

Delay is a major component of performance analysis for net-
worked [30], distributed immersive [14, 15], and telematic music
[4, 17, 38] and can be mitigated in systems designed to accom-
modate communication times [5, 32]. Low latency enables syn-
chronization of gestures and other inputs with a combined mu-
sical output, supporting collaboration [12] and creating a sense
of shared movement or synchrony [46]. Synchrony can foster
positive attitudes, such as trust and altruism, among human col-
laborators and between humans and artificial agents [27, 36, 42].

Some generative models have been optimized for real-time
performance and operate below Roads’ macro (1-2 s) scale. The
RAVE family of variational autoencoders (VAEs) [6, 10, 11] op-
erates at the “edge of perceivable latency” [10]. However, VAEs
use the latent-dimension representation of sound as input and
cannot take multimodal inputs that are connected to a shared
understanding of the input (e.g., the name of an instrument or
the type of rhythm), as diffusion and language models can. As
such, there has been a push to speed up these diffusion and
language-model approaches. Masked-token modeling [3, 25] has
accelerated language-model-style generation, but requires com-
plete audio prompts. Diffusion models like Stable Audio Open
Small® [37] and MagentaRT? are steps towards true interactive
music-making based on the semantic meaning of input, but still
do not achieve the latency required to synchronize with a user’s
input. These models present a real-time factor (RTF) below 1,
generating one second of audio in less than one second. However,
to play audio alongside the input with zero perceived latency,
the audio must be generated before the input ends.

2.2 Gesture and Speculative Execution

Our aim is to control a generative model with gestures as input.
The description of gestures plays an important role in linking
signal-based descriptions of physical motion with their meaning
[8, 9]. The use of physical gestures to control musical output has
a storied history in the production and use of NIMEs [45]: Michel
Waisvisz’s The Hands [43] maps sensor data from gloves to sound
synthesis parameters. Sidney Fels’ Glove-Talk systems [19, 20]

!https://huggingface.co/stabilityai/stable-audio- open-small
Zhttps://github.com/magenta/magenta-realtime

use neural networks to map hardware-captured motion gestures
to speech-formant sound synthesis, leading to the creation of
ForTouch, a NIME that uses these networks alongside a musi-
cian’s voice for musical performance [21]. Rebecca Fiebrink’s
Wekinator [22, 23] and collaboration with instrument creator
Laetitia Sonami [24] has led to the synergistic development of
gestural control systems and a community of users.

Large Language Models (LLMs) have been used to interpret
gestures into semantically meaningful text labels. However, these
architectures have been shown to be computationally expensive:
a prototype zero-shot (operating on gestures not seen in training
data) hand-gesture recognition model requires 227 seconds per
gesture [47], well outside the macro time scale. Pre-trained, vision-
based gesture recognition models can operate in real time but
are limited to a few gestures, such as sign language numbers [1].

The time to react to a control gesture equals the time required
to complete the gesture, recognize it, and generate a response (i.e.,
the system’s actual latency). To reduce the perceived latency of
the system (the delay between the end of a gesture and the start
of an audio output) without speeding up the model’s generation
time, we use Speculative execution (Spec-Ex), the process
of executing tasks in advance of an expected input [48]. It has
been applied within LLMs to rapidly generate text [16, 48] and
speech [34]. In our work, we explore the use of Spec-Ex in a live,
interactive generative music system. Unlike generative models
that use Spec-Ex to speed up the generation process [48], we apply
it to the recognition of gesture input to the generative model,
allowing the generation to start before the gesture is complete.
As such, our method can be combined with any method that
speeds the internal workings of the generative model.

Table 1 links Roads’ time scales to decisions made during tradi-
tional instrumental performances and in generative Al contexts
for live performance. VAE models and exploration of latent spaces
allow for micro-level sonic adjustments in real time, but require
latent spaces to be fully generated before a performance on the
supra level. Alternatively, LLMs can make decisions in response
to real-time input, but the time required to prompt the model
limits their use to the macro or meso levels. We posit that Spec-Ex
can take models that are currently useful at Roads’ macro and
meso levels and extend their usefulness to the micro level by
quickly mapping gestures to the control signals (aka condition-
ing) needed to start generative modeling prior to the completion
of the conditioning gesture.Our goal is to use Spec-Ex to make
LLM prompting “feel” more like the VAE-based systems’ gesture-
based control by reducing the perceived latency between input
and output. Figure 1 illustrates the effect of gesture prediction
on the system’s workflow relative to Road’s micro time scale.
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Figure 2: The Gesture Vocabulary prototype. Captured hands are represented as wireframes. When a user begins a gesture
(left), the system outputs a probability distribution of the gesture’s possible ending locations. Higher probabilities are
represented by larger circles, with the highest indicated in yellow. It generates audio corresponding with all predictions, in

order of likelihood, before the gesture ends (right).

3 System Design

We present Gesture Vocabulary, a prototype interactive generative
music system that uses speculative execution to predict future
gesture inputs and generate prospective musical examples that
the user hears as output, alongside the user’s completed gesture.

Gesture Vocabulary is a Python application, with a workflow
depicted in Figure 3. A user performs hand gestures in front of a
camera (Figure 2), which is continuously processed with OpenCV
and Google MediaPipe [49] to detect the human body in the input
video. Using a keyboard, the user defines and records gesture
instances to retrain the gesture classification model. While a
user performs motions, their gestures are classified in real time
using neural networks to identify the hand sign (the shape of
the user’s hand) and motion (movement across multiple frames).
The resulting classifications are then used to prompt an audio
generation model. The system uses separate threads for gesture
capture and classification, model training, and audio generation
to avoid interrupting the audio stream.

Gesture Vocabulary, like the MediaPipe-controlled interactive
music system GestAlt [42], uses two existing neural networks for
gesture recognition: a linear network with two hidden layers for
hand sign classification and an LSTM-based network for motion
pattern classification®. It adds two additional neural networks
to its workflow. First, the gesture classification output is used
to prompt a generative model. Second, to enable a generative
music model to output audio in coordination with a gesture, and
to counter the inherent delay of the generative model, the system
performs speculative execution.

3https://github.com/kinivi/hand-gesture-recognition-mediapipe
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3.1 Integration to a Gesture-to-Music Model

We generate audio with a transformer-based diffusion (DiT)
model, Stable Audio Open (SAO) Small [37]. SAO Small is con-
trolled via the textual meaning of gestures. The user defines the
musical meaning of a gesture using the keyboard. For example,
the user could label a gesture as “circular motion” alongside the
musical definition of “rapid notes” The user can record examples
(typically for 10 seconds), after which the model can be retrained
manually over roughly 30 seconds. As with GestAlt [42], retrain-
ing the model occurs in a separate thread from Gesture Vocabu-
lary’s camera, audio generation, and speculative execution-based
processes; as a result, the system’s frame rate and audio output
are relatively unaffected while the classifier model retrains. When
the system detects that defined gesture, it uses the associated
text description to prompt the SAO model. This has inherent
latency due to the time required to classify the completed gesture
and then generate the audio. In the next section, we discuss how
to mitigate this latency by predicting gestures, enabling audio
generation to start before gesture completion.

3.2 Speculative Execution

Gesture Vocabulary predicts the completion of a gesture so it can
generate audio in time to synchronize with movement. This is
easier when fewer data points are available to predict, so the live
camera input is decomposed into a lower-dimensional represen-
tation of the gesture via dimensionality reduction [44]. Hand sign
and motion classification reduce a gesture to four dimensions: a
single value representing the hand sign classification, a value for
the motion classification, and x-y coordinates.

“Rollback netcode” is used for peer-to-peer synchronization
in video games [18, 35] by storing an internal state in a com-
pact data format and simulating future game states to “roll back”

<

QOutput
Audio

Audio Generation
Model:

Stable Audio Open
Small

Figure 3: A use-time workflow of Gesture Vocabulary. The user performs gestures and labels them to train a Gesture
Recognition model; the model’s output is used to prompt an Audio Generation model for live playback.
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changes caused by untransmitted control data from one player
to another. The system renders only the display for the most
up-to-date game state. We adapt a similar approach for Gesture
Vocabulary by predicting multiple gestural patterns and associ-
ated musical outputs: The system generates outputs based on
each prediction for a gesture, plays the one related to its top
choice, and “rolls back” by switching outputs when the predicted
and actual gestural inputs mismatch (see Figure 4).
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Figure 4: Depiction of Gesture Vocabulary’s speculative
execution process. Audio is generated based on multiple
predicted completions of the current gesture. The final mu-
sical output is formed by outputting the audio associated
with the nearest predicted hand motions.

A typical control gesture that we work with takes roughly 2
to 3 seconds to perform. If the gesture can be recognized within
the first 200-300 milliseconds, generation could begin nearly 2
seconds earlier, shifting the perceived control timing from the
macro to the micro level (see Figure 1). Gesture Vocabulary uses
Spec-Ex to predict a user’s future gesture inputs. We use a long
short-term memory (LSTM) Recurrent Neural Network (RNN)
written in PyTorch?. This model is untrained: it gradually adapts
to user input via online machine learning [26], allowing the user
to add new gestures during a performance. We also perform a
linear spline, using interpolation functions from the scipy library®
to predict gestures based on a current movement trajectory.

3.3 Constrained Generation

To demonstrate the generation of the full space of possible op-
tions for the experiment described in Section 4, the prototype
presented in this paper uses a limited set of audio-generation
parameters. We constrain the LSTM output to a 4-by-4 grid rep-
resenting the user’s hand location at the end of the gesture. The
Stable Audio Open Small model is text-prompted with an instru-
ment name determined by the predicted end location of the hand
gesture (see Table 2). On a hardware-limited system, such as
a laptop, generating sound files for each possible combination
of gesture and motion classification, as well as screen location,
simultaneously is not feasible; we constrain the number of gen-
erated audio outputs to a feasible set of sixteen options.

“4https://docs.pytorch.org/docs/stable/generated/torch.nn. LSTM.html
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Smith et al.

Column
trumpet piano bass guitar
Row strings  saxophone harp trombone
clarinet xylophone violin tuba
flute  percussion oboe electronic

Table 2: Limited audio generation options of the Gesture
Vocabulary prototype, with instrument selections deter-
mined by hand placement as captured by MediaPipe.

4 Experimental Design

To evaluate the effectiveness of Gesture Vocabulary’s speculative
execution, we analyze the reduction in perceived latency pro-
vided by the addition of gesture prediction, as well as the error
rate of each prediction made by the system.

Our baseline for comparison is the minimum latency necessary
for audio generation. The actual latency of a gesture-to-music
model could be calculated as follows:

Latency = Durationgesiure + Durationgesture_recognition

+Durati0naudiojeneration .

However, we are evaluating perceived latency from the user’s
perspective. Without knowledge of the model’s generative pro-
cess, the only factor that matters to the user is the difference
between their motion and the system’s audio output. To measure
perceived latency, we use the following equation:

Latencyperceived = Timeaudioistart - Timegestureiend

First, we consider the inference times of the existing models
used by the system: MediaPipe [49] and Stable Audio Open Small
[37]. On a 2022 Apple M2 laptop, the inference time for hand
recognition using MediaPipe and a hand sign classification model
averages 25.4 ms, which nearly exceeds a latency threshold that
affects a musician’s quality assessment of a digital musical instru-
ment [31]. Combined with Stable Audio Open Small’s reported
latency of 187 ms on a consumer GPU [37], we reach a baseline
latency of 212.4 ms. This is also equal to the expected perceived
latency, since the system starts playing the audio as soon as it
is generated. This exceeds the threshold for Roads’ micro time
scale. As a result, we evaluate Gesture Vocabulary’s speculative
execution in its ability to reduce the 213 ms lag between gesture
completion and audio playback towards a zero-second delay.

When Gesture Vocabulary’s LSTM predicts a gesture, it pro-
duces a probability distribution over possible regions of the screen
so that it can speculatively generate audio corresponding to any
possible gestures (see Table 2). We compare the accuracy of each
“Top-N” prediction: Top-1, the model’s prediction for the most
likely endpoint of the gesture; Top-2, the first- and second-most
likely; and so on to Top-16, which includes all possible outcomes.
The LSTM model predicts the location of the end of a gesture
3.6 seconds after it begins®. We also compare the system against
“naive” predictions: a long-term and a short-term linear spline,
both based on the assumption that the hand will continue mov-
ing linearly for 3.4 s and 220 ms, respectively. These two splines
were selected to compare an LSTM’s early and final predictions
with respect to the time-scale change they represent. The long

670 frames after it begins—given the application’s average 20 frames per second,
this is roughly 3.6 seconds in the future
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spline is intended to generate audio well before gesture comple-
tion, modeling the LSTM’s initial predictions. The short spline is
intended to model predictions that allow the system to generate
audio slightly before the gesture ends. We compare two variables:

(1) Perceived Latency. The average difference between input
gesture completion and audio playback beginning.

(2) Error Rate. The percentage of incorrect gestural predic-
tions, measured as whether or not the pre-generated audio
output for the actual gestural input also corresponds to
the predicted end-of-gesture location.

The system continuously records motion and updates the
LSTM with the new data, treating each 30-frame segment as
the start of a new gesture. The LSTM predicts the gesture’s end-
ing location, which is used to prompt the audio generation model.
Each time a gesture is completed, an audio output is played. We
compare the predicted gesture data with the actual gesture to de-
termine accuracy, recording the time difference between gesture
completion and audio playback as the system’s perceived latency.
Unlike actual latency, perceived latency can be negative if the
audio generation is completed before the gesture. Additionally,
the predicted and actual gesture data are used to train the LSTM
online. We measure the system’s performance for 25 minutes.

5 Results

\ LSTM \ Spline | No

‘ Top-1 { Top-15 { Top-16 ‘ Long { Short ‘ Spec-Ex
Perceived | -3.1s | -26ms | 77ms | -3.2s | -110 ms 213 ms
Latency |
Error 66 % 2.6% 0% 55 % 34 % 0%
Rate |}

Table 3: Average perceived latency and error rate for Ges-
ture Vocabulary’s gesture predictions. LSTM predictions 1
through 15 and the linear splines generate audio outputs
that, on average, precede the completion of a gesture. Top-
16 LSTM prediction (77 ms) falls within the micro scale.

Table 3 and Figure 5 show the trade-off between error rate and
perceived latency with Spec-Ex. The LSTM and spline prediction
methods generated audio before gesture completion and achieved
lower error rates than randomly generated audio samples. How-
ever, the LSTM generated multiple audio samples, allowing it to
outperform the long-term spline on all but its first prediction and
to surpass the short-term spline 2 seconds before the gesture’s
completion (the Top-6 prediction, with a 33% error rate).

To synchronize with a user’s gestures, the system must gener-
ate and play audio before the gesture is completed. The average
predictions from Top-1 (66 % error rate) to Top-15 (2.6% error
rate) were able to finish generation before gesture completion, al-
lowing Gesture Vocabulary to generate a correct audio output
before a gesture is completed 97% of the time. Comparatively,
randomly selecting 15 outputs would result in a 6.25% error rate.

Because this prototype version of the system used a limited
number of gesture options (Table 2), it was possible to generate
audio to match all possible predictions within the limits of Roads’
micro scale (1-100 ms): the Top-16 predictions of the LSTM re-
sulted in an average perceptual latency of 77 ms. This shows that,
even in the worst-case scenario (3% of the time), the speculative
approach can complete its audio output more responsively than
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audio generation without Spec-Ex [7, 37]. This allows the system
to begin playing audio based on an earlier guess at the time of
gesture completion, then switch after 77 ms if that original guess
is incorrect (the “rollback” described in Section 3.2).

As shown in Figure 5, the LSTM predictions most dramatically
outperform the random choice with the earlier set of predictions.
This, combined with the fact that the model generated most of its
audio output before gesture completion, suggests opportunities
for parameter optimization for the user or designer of a Spec-
Ex-based interactive generative music system. For example, if
the user wants to generate as few outputs as possible, they can
adjust the prediction window. This prototype predicted gesture
locations up to 3.6 seconds in the future, but higher accuracy
may be possible with a shorter window.

6 Conclusion & Future Work

In this paper, we discuss the use of speculative execution (Spec-
Ex) to reduce effective latency in a system for real-time gesture-
controlled music generation. By predicting a user’s gestures and
generating audio in advance, a generative music system can
enhance its real-time capabilities and suitability for live perfor-
mance, allowing it to “shift” how the model’s output is perceived
across Curtis Roads’ time scales. We present a prototype of Ges-
ture Vocabulary, a system that uses Spec-Ex alongside gestural
recognition to prompt a generative audio model with predicted
inputs and synchronize its output with a user’s gestures. Spec-Ex
allows Gesture Vocabulary to generate audio before a gesture
is completed and to “roll back,” or correct its output within a
time scale akin to instrument performance (1-100 ms) when it
is incorrect. This allows the system to respond to a user with a
perceptual latency much lower than the typical delay between
large language model prompting and audio output (213 ms).

The prototype in this paper demonstrated the effectiveness of
Spec-Ex, albeit with the limitations of a small number of gesture
options. Generating the entire set of options was feasible; future
evaluation will include more complex and varied gesture-to-text
mappings, as needed for a predictive model to accurately generate
audio before a gesture ends. Additionally, this prototype handled
discrete gestures and mapped them to a discrete set of controls
for the output generative audio model, a simplification that does
not incorporate the physical affordances of speed and trajectory,
which would add expressivity and complexity to how humans
perceive each other’s communicative gestures. Further develop-
ment of Gesture Vocabulary will incorporate joint embeddings
between language descriptions of gestures and musical proper-
ties [29] to enhance controllability and human understandability,
while enabling transitions between known labels to account for
the complexities and open-ended nature of physical motion.

7 Ethical Standards

This work was supported by NSF Award Number 2300633. Any
opinions, findings, and conclusions or recommendations expressed
in this material are those of the author(s) and do not necessarily
reflect the views of the National Science Foundation. Gesture
Vocabulary uses the publicly available trained MediaPipe pose
estimation model, Stable Audio Open Small for audio genera-
tion, and existing hand sign and motion classifications from pub-
lic repositories. The only additional data used by the system is
recorded and stored by the user in real time as they interact with
the system, and is saved as a text file that represents gestures
numerically rather than as images.
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Figure 5: Error rate and average perceived latency for each Top-N prediction after 25 minutes of performance with Gesture
Vocabulary. Top-1 (-3.1 s) through Top-15 (-27 ms) are able to generate audio before the completion of a gesture. Top-16 (77
ms), which is perfectly accurate, is able to generate audio within the micro time scale.
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