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Figure 1: Be the Beat is an interactive boombox that takes dance videos as input through the camera and outputs matching
music. The device allows freestyle dancers to guide the quality of music and discover new choreographies.

Abstract
Dance has traditionally been guided by music throughout history
and across cultures, yet the concept of dancing to create music
is rarely explored. In this paper, we introduce Be the Beat, an AI-
powered boombox designed to suggest music from a dancer’s move-
ment. Be the Beat uses PoseNet to describe movements for a large
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language model, enabling it to analyze dance style and query APIs
to find music with similar style, energy, and tempo. In our pilot
trials, the boombox successfully matched music to the tempo of the
dancer’s movements and even distinguished the intricacies between
house and Hip-Hop moves. Dancers interacting with the boombox
reported having more control over artistic expression and described
the boombox as a novel approach to discovering dance genres and
choreographing creatively. Be the Beat creates a space for human-
AI collaboration on freestyle dance, empowering dancers to rethink
the traditional dynamic between dance and music.
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1 Introduction
Music and dance are harmonious partners. Typically, music evokes
dance, with dancers moving to the rhythm and expressing the
melodies through their motions. But what if this dynamic were
reversed? Imagine a scenario where subsequent steps in the musi-
cal sequence are conditioned on dancers’ movements. For example,
in Hip-Hop culture, dancers gather in a circle and take turns per-
forming freestyle dances in the middle of the circle. From time to
time the music fades out, and this is when the crowd starts making
beats either from their voice or body parts to keep the dance circle
going based on the dancer’s tempo. In breaking battles, the disk
jockey (DJ) also creates beats that fit the dancers. These types of
interactions between dance movements and music have not been
captured by technology before. Be the Beat explores the concept of
interactive music-making and integrates AI to replicate the dynamic
interplay between a dancer and a beat.

Be the Beat uses a webcam to capture a dance video to pass it
through PoseNet, GPT-4, and the Spotify API to suggest music based
on the dance movements. Once activated, the device watches the
user dancer for 5 seconds and then creates a playlist of suggestions
from Spotify based on the user’s dance movements. The user can
also trigger this recommendation again anytime during the dance,
creating an ongoing interaction with the device.

We introduce a novel interaction system that translates dance
movements into musical recommendations by leveraging AI sys-
tems. Using our AI-powered boombox, the dancers now have con-
trol over the type of rhythm, fluidity, and energy of the song that
is being suggested. The user can also continuously fine-tune their
movements until the song matches what they have in mind. With
Be the Beat, new interactions can happen at various scales. Users
can also explore new dance genres and choreograph ideas more
easily, rather than strictly adhering to a specific song. This device
enhances the expressive potential of dance language and empowers
dancers with greater control.

2 Related Work
As AI capabilities evolve with more advanced Large Language Mod-
els (LLM), Designers have explored various approaches to incorpo-
rating LLMs into physical objects [5]. The ways we can implement
these models are continually changing. With faster computing and
multimodal capabilities, designers can reimagine the use of various
inputs and outputs. New design ideas involving the use of music
and dance can be achieved without hardcoding specific scenarios
through LLMs.

2.1 Physical Music Interfaces
Designers have explored various innovativemethods for controlling
and generating music. Projects range from basic functions like
playing and stopping music [12] to more complex activities such

as DJing music [14] and generating new sounds from gestures [9].
In these investigations, the user’s motions significantly influence
the output from these physical interfaces.

Tomibayashi et al. [14] developed wearable gloves with embed-
ded sensors to allow music control, including fading in and out,
mixing, queuing songs, and scratching sound effects. The gestures
sensed from the gloves include moving the hands in the x, y, and
z axes, clapping, and raising hands. Findings suggest that DJs can
accurately control the music in a straightforward way after tuning
the sensors, though a request for more functions was also noted.
Leonard and Giomi [9] investigated the relationship between ges-
ture and its corresponding sound. An IMU was placed on both the
palm and elbow areas to detect motion, intensity, force, and the
movement quality of a hand gesture mimicking the strumming of a
string.

2.2 Music/Dance Style Classification
Humans can often intuitively identify music genres without sub-
stantial training [4], but defining genres in clear, objective terms
remains difficult, which limits both human classification and com-
putational models’ ability to recognize musical nuances [8]. Music
Information Retrieval (MIR) researchers face two major challenges
in genre classification. First, the lack of well-defined genre bound-
aries makes it difficult to establish consistent classifications [8, 11].
Second, current audio-based music classifiers continue to struggle
with achieving accuracy rates above 70% , which is the human-level
accuracy for classification based on human-defined features [6].
Computers face greater difficulty classifying certain genres than
others due to feature overlap and similarities between them [8].
Additionally, music genres are mutable cultural constructs, with
definitions evolving, requiring computers to retrain periodically
[6].

Newer technology enables the use of dance poses as input data
for models, offering the potential to improve genre classification
accuracy. Baker et al. [1] extrapolated 10 features, such as joint
angular momentum or movement expansion from dance videos,
as numeric input to train a machine learning model that maps
features to dance genres with up to 76% accuracy without audio
input. Mifsud and Inguanez [10] trained a dance style classification
model on data from OpenPose, an open-source pose identification
package. They used an LSTM Neural Network [13] to feed the
dance pose into the machine learning model frame by frame. After
training, the model was able to reach 90% accuracy across 10 dance
categories.

PoseNet is another widely used method to facilitate dance genre
classification. PoseNet is based on a deep convolutional neural
network (CNN) that has been trained on a large dataset of images
of people in various poses [7]. PoseNet estimates human poses
in real-time, detecting key body points from an image or a video
stream. It is widely used for applications such as augmented reality,
fitness tracking, and motion capture. PoseNet works by analyzing
an image and identifying key points on the human body, such as
the elbows, knees, shoulders, and hips, to estimate the overall pose.
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3 Be the Beat
Be the Beat transforms dance movements into music suggestions
through AI technologies, creating a unique, interactive experience.
The device can be usedwhen dancers have a specific feeling of dance
moves in their mind but can’t come up with a song. Triggered by a
hand clap from the user, this activates the workflow below:

(1) Dancer wants to find a song that fits their freestyle inspi-
ration in the moment but doesn’t have a specific song in
mind.

(2) Dancer turns on Be the Beat and claps to start the recording
process.

(3) Be the Beat captures live poses in the dancer’s performance
and processes the data.

(4) Within 5 seconds, the boombox suggests a list of recom-
mended songs from Spotify based on the dance features and
starts playing the first song.

(5) Dance hears the song played by the speaker and starts danc-
ing to the selected song.

(6) If the dancer wants another song or shift dance style in cer-
tain directions, the dancer can clap and restart the suggestion
process to get new recommendations as their freestyle dance
develops.

The generative experience of LLMs in music and dance enables
users to engage in an ongoing creative dialogue with the machine.
While previous physical music interfaces relied on hardcoded map-
pings between gestures and music synthesis, our project leverages
AI capabilities to interpret a broad, open-ended range of gestures
and body movements, vastly expanding the input possibilities.

Figure 2: Storyboard of the interaction cycle. Dancers asking
for a new song after songs are suggested, creating a continu-
ous interaction.

3.1 Capturing Pose and Pre-Processing
After the user activates the boombox to record their dances, PoseNet
[7] is used to transform human dance gestures into data. PoseNet
captures 17 key points on the human body from each frame of the
video and stores them in a series of arrays, thereby reducing the
amount of information per frame. We record the positions of body
key points detected by PoseNet at a framerate of 50 fps for five
seconds after activation, with the array storing the x and y coordi-
nates of each key point. To improve the capability of extracting the
key features from these arrays, we developed a script to analyze
key attributes such as average velocity and moving range. These
calculated values are used as input to GPT-4 instead of the full array,
enhancing accuracy in identifying dance styles and analyzing BPM.

Table 1: List of metrics used as input to GPT-4 after calcula-
tion from the PoseNet data. The data is calculated individu-
ally and then gathered as a JSON file. The system processes
this input to generate an output of music feature parameters
that match the extracted dance metrics.

Metric Name Definition Calculated Points
Movement Velocity Velocity of key body points All 17 points

Acceleration Acceleration of key body points All 17 points
Range of motion Pixels travel for key body components Left limb, right limb, left leg, right leg

Joint Angle Absolute Angle between body parts Torso and legs, shoulders and back
BPM Temporal frequency of each key point All 17 points

Posture distance Distribution of distance between points Left hand to right hand, hand to feet,
shoulder to ankle, hands to hips

Max distance Max distance of travel after normalization All 17 points

Learning from Baker et al. [1], several parameters are chosen
as input for GPT-4 as shown in Table 1. For example, we selected
movement velocity as a metric to gauge the energy of the dance; the
range of motions of different body parts are compared against each
other to determine if a particular dance involvesmoremovements in
the upper body or lower body. These parameters are also evaluated
after normalizing by a bounding box around the dancer to account
for differences in shooting angle and distance. The script computes
the BPM of each key point using Fourier transform.

Figure 3: Data processing pipeline of Be theBeat. The pipeline
starts by recording the dancer and inputs the video into the
system, which is then transformed in steps into PoseNet
arrays, dance features, music features, and finally a Spotify
playlist.

3.2 GPT-4 Analysis
After transforming the dance video into numerical data, using these
data, GPT-4 is utilized to classify the dance style with several refer-
ence examples together as input, a technique known as few-shot
prompting [2]. The few-shot prompt begins with nine examples
of different dance styles from the AIST dance video database [15],
which has a variety of dance videos of different styles. The sam-
ple videos with labeled dance genres are passed through our pre-
processing scripts, each followed by reasoning about the video
using a description of the dance, and then the expected output. For
example, after prompting GPT-4 with the pre-processed PoseNet
data, we add the reasoning: “These data you see is analyzed from a
Hip-Hop style dance, known for its upbeat tempo, fast and on beat
movements, and bouncy texture in the upper body,” and “based
on the data you are given, you should output the genre as Hip
Hop, with a BPM at 120.” Following these example prompts in the
prompt line with the provided dance data from the dancer, GPT-4
is asked to infer a likely genre of dance, an energy value from 0-1,
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Table 2: List of features that are output from GPT-4 and fed
into the Spotify API. Note that some of these features are not
tuned in the few-shot prompt. These are also all the possible
Spotify API input parameters that are correlated to dance
qualities.

Name Definition
Genre Dance genre as perceived by GPT4
Tempo Tempo of the music
Energy Energy level of the music
Danceability How danceable is the music
Valence How positive is the music deemed to be

and a likely BPM of the song. These values are then passed onto
the Spotify API.

3.3 Spotify Music Recommendation
Spotify is the last step in our pipeline to output music. Using the
dance style, energy value, and BPM from the GPT-4 API, the Spo-
tify API can create a playlist that fits the dancer’s movement. The
parameters that GPT-4 can feed into Spotify are shown in Table 2.
The Spotify API then suggests five songs that fit the values GPT-4
provides. Once Spotify suggests a playlist and the dancer starts
dancing to the music, they can trigger the boombox again if the
music choice is not what they imagined. When the users clap to
restart the process, the camera starts recording the dancer again
but does not stop the music playing.

3.4 Form Factor
The presence of the boombox is a crucial part of the freestyle dance
culture. For the physical appearance, we draw inspiration from the
Odd Harmonics theremins by François Chambard [3] due to its
attention-drawing color and material choice. The design empha-
sizes a modern aesthetic, highlighting the connection between the
camera, the boombox handle, and the speaker. To highlight the role
of the boombox in dance culture, we decided on a multi-material
boombox with a bright red to draw attention to the speaker.

(a) Boombox Front View. The
model is holding Be the Beat on
their shoulder, showing the cam-
era in the right cutout with a han-
dle extending through the body.

(b) Boombox Back View. The clear
acrylic back allows the user to see
the internals. This shows all the
connecting screws and the handle
geometry.

Figure 4: Boombox Front and Back Views

4 Evaluation and Discussion
A brief pilot test was conducted involving three participants from
our college community. The participants included one female dancer,
one male dancer, and one female non-dancer (self-identified), ages
18 to 21. We observed their natural interactions with the device,
which they were told was an “AI boombox.” We placed Be the Beat
in their hands and allowed them to explore its functionality for
10 minutes while they were allowed to observe each other. We in-
structed users to clap twice to trigger the boombox, which then will
suggest music based on their dance movements. Following their
interaction with the device, we engaged in a 10-minute conversa-
tion to gather their feedback. We categorized the comments and
observations into the following categories:

4.1 Ease of use/clarity
Participants initially found the boombox easy to activate and inter-
act with, with one participant stating, "The suggestion function is
easy to understand." However, there were moments when a lack of
clarity about the system’s behavior created confusion. Participants
noted that the connection between their movements and the music
output was less clear. This resulted in dancers needing to "figure
out" how the system translated their movements into music, leading
to various attempts.

For example, the non-dancer participant attempted to influence
the music tempo by using fast, running-like movements, expecting
a faster-tempo song to be suggested, but this was unsuccessful.
Moreover, when the second dancer observed the first dancer using
the system, they were able to start interacting with it more easily,
suggesting that observing others reduced the learning curve. This
highlights the need for a demonstration or clearer feedback loops to
help users quickly understand the connection between their inputs
and the system’s outputs.

4.2 Mapping Accuracy
Participants reported mixed experiences with the accuracy of the
system’s mapping between their movements and the suggested
music. For example, a dancer executed specific Hip-Hop moves and
received a fitting classic Hip-Hop track. When they switched to
house-style footwork, a house song played. Reflecting on this, they
remarked, “I think it’s challenging for technology to differentiate
between house and Hip-Hop, so seeing this distinction was impres-
sive.” However, for some trials, the system did not always respond
as expected. One dancer commented, "Song choices for me didn’t
seem to match too well (vibes), other people had better luck.” This
suggests that while the system was responsive, its algorithm did
not consistently meet user expectations for matching genres.

The comments also indicated that some dancers felt their broader
intentions (such as energy or mood) were captured, even if the spe-
cific song or genre was unexpected. The dancers also appreciated
the well-matched tempo. However, the system struggled to differ-
entiate certain nuances, such as in one case where Latin dance was
attempted but not successfully queued. These mismatches reveal a
need for greater precision in how the system interprets and maps
movements to specific musical outputs, especially in terms of genre.
While the system shows sufficient mapping ability in certain cases,
it does not yet match the users’ expectations fully.
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4.3 Creativity Enhancement
The unexpected nature of the boombox’s outputs was, in someways,
a source of creative enhancement for the dancers. The system’s
unpredictability pushed participants to adjust their performances,
allowing for a playful and exploratory interaction with the system.
One dancer remarked, "I didn’t expect this song, but it still made
sense with my movements," indicating that, although the specific
song selection was unexpected, it aligned with their overall cre-
ative flow. Participants suggested that the boombox could be useful
for discovering new dance styles or experimenting with different
choreographic approaches, further supporting its potential as a tool
for creative exploration.

However, the other dancer expressed a desire for more control
over the interaction. They wanted to be able to guide the system
more accurately, particularly in terms of selecting specific genres
or tempos to match their intended choreography. The option to
tailor music more closely to their artistic goals could enhance both
creativity and satisfaction.

4.4 Other Suggested Improvements
Participants suggested several improvements for Be the Beat, in-
cluding integrating Spotify’s API for personalized music recom-
mendations or user playlists, allowing the system to better align
with individual preferences. They also proposed enabling users
to set preferences based on natural movements or desired genres.
Technical enhancements were recommended, such as improving
clap detection in larger dance studios where high music volume
sometimes caused recognition issues and exploring alternative acti-
vation methods like gesture-based commands or video recognition.
Furthermore, participants envisioned incorporating facial recogni-
tion to gauge emotions, enabling the system to select music that
matches the user’s mood, highlighting the potential for deeper
interaction intelligence.

5 Limitations and Future Work
The unprecedented growth of multimodal AI has accelerated the
development of innovative physical interfaces. Through Be the
Beat, we created a collaborative dance experience enabled by GPT-4.
While the boombox does not yet fully match the users’ expectations
in music suggestions, it shows partial success in capturing the
overall mood and tempo. We would like to improve on:

(1) Model recognition accuracy: Genre classification is a nontriv-
ial task due to overlapping features between genres, evolving
definitions ofmusical styles, and the complexity of accurately
distinguishing subtle differences in audio and performance
characteristics [6, 8, 11]. Be the Beat is not perfect in this re-
gard, as misclassifications can occur. To address our accuracy,
we would fine-tune our model on videos from the AIST data-
base instead of simply few-shot prompting the model. We
would also include videos from multiple angles and different
lighting situations to ensure the model’s accuracy. While
we may not achieve 100% accuracy, mismatches can open
up new avenues for creativity. Our pilot study showed that
unexpected musical pairings often inspired improvisation
and new forms of creative expression during performances.

(2) Future evaluation: We recognize that our study, which in-
cluded only three users and involved brief interactions, is in-
sufficient to fully capture the capabilities of Be the Beat. The
small sample size limits the exploration of interactions and
experiences with the device. A more comprehensive, long-
term investigation with a larger and more diverse group is
necessary to understand how AI-powered devices can create
or alter dance collaborations. Additionally, we plan to use
more in-depth quantitative methods, tracking key metrics
such as the success rate of genre classification during each
interaction to evaluate the model’s recognition accuracy.
We will also measure system latency, and record the time
spent on each song before switching, which could indicate
user preferences. A demonstration on how to use the system
will be included to ensure consistent user experience across
participants.

6 Conclusion
Be the Beat represents a novel intersection of dance and AI, revers-
ing the traditional dynamic where music dictates movement. By
leveraging the capability of models such as PoseNet and GPT-4,
we have developed a physical, embedded, and embodied interface
that allows dancers to receive music suggestions through their
movements, creating an innovative and dynamic experience. Our
pilot trials demonstrated that Be the Beat can select music with the
tempo and style of various dance genres, providing dancers with
greater control over their artistic expression and enabling creative
choreography.

We have given the traditional boombox a modern, technological
makeover that echoes the concept of creating beats with physical
actions. The form factor highlights the connection between the
camera and the speaker, while the bold colors add character and
bring the artifact to life as an interactive entity. Inspired by past
physical music interfaces, Be the Beat opens up possibilities for
innovative performance art and offers a tool for both professional
dancers and enthusiasts to explore and create in ways previously
unimaginable. As we continue to push the boundaries of Be the
Beat, we hope to discover transformative applications that will
enrich the cultural landscape of dance and music.
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