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Abstract

Music is a fundamental creative outlet that allows humans to
express themselves meaningfully. However, not every human
who has the desire to express themselves through music has
the skill set to do so effectively. MusicGen is a music genera-
tion model that allows anyone to input a text or audio prompt
and receive a generated piece of music as output. In this pa-
per, we present a system that allows a potential music com-
poser to utilize MusicGen more intentionally. We enable the
user with even more control over the generation of their mu-
sical piece by training the MusicGen model against a reward
model optimized for certain aspects such as danceability, va-
lence, etc. We accomplish this by using a Spotify Research
dataset to train MusicGen with Direct Preference Optimiza-
tion. We evaluate the success of our work through a set of
tests that will determine the variety of the music generated,
the compliance of creating music according to the specified
parameter configuration given, and the accuracy of our cus-
tomized models.

Introduction
Deep learning models are the center of focus for many appli-
cations thought only possible by humans. Apart from many
pragmatic applications such as semantic analysis of text or
code generation, there are many other creative applications
where deep learning is beginning to excel. Tools like DALL-
E (Ramesh et al. 2021) and Sora (Liu et al. 2024) prove that
with a simple text prompt, many well-trained models are ca-
pable of generating multiple different types of creative art
forms. One such model that has excelled in the music scene
is Meta’s MusicGen (Copet et al. 2023): a transformer-
based model that can convert either a text or audio prompt
into a song. These tools, whether considered inherently cre-
ative or not, enable many people to express themselves in a
new media form that may not have been possible for them
before.

While receiving a new music composition based on a
user’s input is intriguing, the only amount of creative con-
trol the user has is based on the prompt they input. Other
facets of the musical creation are left to the randomness of
the model itself. This randomness, while suitable for single-
use music generation, becomes unrealistic for someone who
wants to be intentionally creative while creating generative
music. Our project, Music Generation with Direct Policy

Optimization, seeks to address this lack of control in gener-
ating music by providing a graphical user interface that com-
municates with various pre-trained models that have been
conditioned by direct policy optimization (DPO) (Rafailov
et al. 2023) to augment a specific characteristic of the gen-
erated music.

In this paper, we explore the efficacy of our proposition
by doing the following:

1. We select music from Spotify and YouTube to give us
some realistic pairings of good/contemporary songs that
coincide with desirable metrics for composing a song.

2. We use DPO to train our MusicGen model to create songs
that are closer to the given metrics. We make a different
model for each metric.

3. We create a GUI that allows people to continue to use
the same text/audio input, but also with added sliders that
will average the new models we have trained to a desired
output

4. We use CLAP scoring to compare our models with the
original MusicGen base model to determine whether our
models generate a piece of music that is closer to the in-
tended prompt than the base model.

Related Works
(Justus 2023) provides a framework that relies on human-in-
the-loop (HITL) feedback for reinforcement learning. They
found that using human feedback in reinforcement learning
strengthened the performance of their model and tailored its
accuracy to the preferences of the user. While our solution
relies on the human rating of audio, we focus on several gen-
eralized metrics in our DPO training as opposed to personal
preferences. This makes our solution more acceptable to a
broader audience while still maintaining control over spe-
cific characteristics of the music.

(Cideron et al. 2024) improves upon MusicLM
(Agostinelli et al. 2023) by utilizing reinforcement learning
from human feedback (RLHF) (Ouyang et al. 2022) to refine
the model and create MusicRL. This model improves upon
the manual HITL refinement seen in (Justus 2023) with an
auxiliary model trained on human feedback preferences to
improve the base model. This automated mechanic allows
the base model to learn more rapidly and on a larger cor-
pus of preferences. We incorporate the idea of training on a



larger, precompiled list of human feedback in our model. We
differ in using DPO to refine our base model and eliminate
the need for a reward model.

(Majumder et al. 2024) deployed DPO to enhance an au-
dio generation model based on human feedback. They found
that using DPO greatly increased the quality of audio output
from their model in both automatic and manual evaluations.
Their method differs from ours in three key respects. Firstly,
while their model is engineered to produce a wide array of
sound events, such as a baby crying or a lion roaring, our
focus is predominantly on music generation. Secondly, they
implement a diffusion-based model while our method uses
a transformer encoder-decoder architecture. Lastly, we con-
centrate on well-defined key metrics that facilitate the use
of pre-labeled data, accelerating dataset preparation and set-
ting clearer performance expectations. Their results, how-
ever, indicate that using DPO is beneficial in audio genera-
tion tasks.

Methods
Dataset
We originally chose to use the MusicCaps dataset. This
dataset contains 5521 music examples labeled with human-
tagged aspect lists and a caption. We intended to get
YouTube metrics for each of these songs. Through the
YouTube API and the Return YouTube Dislike API, you
can the the metrics of likes, dislikes, view count, comment
count, and rating. With our initial tests, we were not able to
get a reward model trained using these metrics. We hypoth-
esize that this was due to the YouTube metrics being dis-
connected from the actual audio clips from the videos. This
could especially be the case for videos that were unrelated
to the music (i.e. a commercial or a guitar tutorial).

With these insights, we switched to the Kaggle ”Spotify
Tracks Genre” dataset (Kaggle 2023). This dataset provides
the relevant metrics of: song name, Spotify track ID, artist
name, artist ID, popularity, danceability, energy, speechi-
ness, acousticness, instrumentalness, liveness, valence, and
tempo, and track genre. Using the track ID, we downloaded
the 30 second Spotify song preview. The dataset has 114k
songs in 125 genres. After removing duplicates and stale
IDs, we were left with about 62.7k songs. We also collected
the genre list for each artist using the artist IDs. Using the
song name and artist name in this format: ”song - artist”,
we used the YouTube API to search for the song and also
downloaded the YouTube metrics as well to augment our
data. Between the chosen Spotify metrics and the YouTube
metrics, we choose 13 metrics to train DPO models on.
These metrics are: popularity, danceability, energy, speech-
iness, acousticness, instrumentalness, liveness, valence, and
tempo, interactions per 1000s views (i/kV), like/dislike ra-
tio, view count, and rating. Interaction per 1000 views was
calculated by dividing the sum of likes, dislikes, and com-
ments by the view count. Like/dislike ratio was calculated
by dividing the likes by the sum of likes and dislikes.

To create the chosen/rejected audio pairs for the DPO
training, we took each song and found the closest song in the
genre space. This was done by appending the track genre to

the artist genre for each song. While each song could have
multiple matches, we only used the first match. It should be
noted this will tend to create chosen/rejected song pairs by
the same artist, which may or may not be desirable.

DPO
There are several methods to fine-tune a model. Prior to set-
tling on DPO, we considered using Reinforcement Learn-
ing with Human Feedback (RLHF). This would use a sep-
arate reward model trained on the dataset to determine how
well a song (in this case) would fit a metric. Ultimately, we
were drawn to DPO as it removes this second model and in-
stead incorporates the rewards internally. This is achieved
by passing in a chosen and rejected pair of songs preferen-
tially choosing the logits of the chosen song. This signif-
icantly reduces the training overhead for our system as it
reduces the number of models we need in half.

Figure 1: DPO vs RLHF training methods

We chose to use HuggingFace’s TRL DPOTrainer
code (HuggingFace 2023) to do our DPO trainings. This
script is designed for running DPO trainings on text-to-
text transformer models. As our MusicGen model is a
text/music-to-music model, changes were required to the
DPOTrainer code. These changes included a custom tok-
enizer (meshing the T5 text tokenizer for the text prompts
and the tokenized audio), new padded data collator, and ex-
tensive shape changes to the DPOTrainer code to handle the
four codebooks of the MusicGen model.

To further improve the training process, we added the
ability to preprocess and tokenize the audio. The trainer
code loads the pre-tokenized audio instead of tokenizing the
audio for each audio sample every training. We choose to
precompute the reference log probabilities to speed up the
training and reduce GPU memory usage. Additionally, we
implemented the ability to freeze a variable number of lay-
ers in the MusicGen decoder. This allows us to reduce the
negative impacts our fine-tuning would have on the model.
The MusicGen model already knows what music is and how
the prompts relate to that. We only want to tweak the fi-
nal results. This can be done by freezing more of the front
layers.

The DPOTrainer code is compatible with Parameter-
Efficient Fine-Tuning (PEFT) (Mangrulkar et al. 2022) and
Low-Rank Adaption (LoRA) (Hu et al. 2021). This has been
shown to significantly reduce the training time and storage
space of models with minimal impact to fine-tuning results.
As such, we also chose to use this. There are some other
PEFT options that we did not explore. These include Deep-
Speed, Quantization, and Gradient Checkpointing.

We trained each of our 13 models as well and the negative
models (swapping the chosen and rejected audio) on the cs



and cs2 clusters on the BYU supercomputer. Each job uti-
lized a single GPU, 12 CPU cores, and 120 GB of memory.
We trained with a batch size of 3 (note: this is doubled inter-
nally as the DPO runs the chosen and rejected audio for each
sample), at a learning rate of 1e-8, with 12 frozen layers (out
of 24), and with 150 warmup steps. Each model was trained
for 10 epochs. This could be sped up significantly as we will
later discuss.

Evaluation
For our automatic evaluation, we decided to use CLAP (Wu
et al. 2023) to score the outputs of our model based on
the song’s similarity to two different text prompts. These
evaluations both measure important aspects. The first is to
ascertain if a song generated by a particular model repre-
sents the given metric that that model was trained to en-
courage or discourage. The second evaluation is meant to
measure whether the music continues to match the original
text prompt. We want to make sure the music generated still
matches the given text prompt.

The dataset used for the evaluation was generated using
the following methodology. First, we asked ChatGPT to
give us 100 music genres and 3 instruments that fit each
genre well. The prompts are given in the following format:
genre, instrument1, instrument2, instrument3. This prompt-
ing was used as our training dataset used only genres as the
prompting and we didn’t want to diverge too much from that
prompting. ChatGPT decided to go above and beyond what
was requested and gave us 115 of these prompts. We then
prompted each of our 26 fine-tuned models with these 115
prompts. We set the random seed for each generation to the
same value to have a more fair comparison. In preliminary
tests, we found that with the random seed set, it is easier
to ascertain whether the given model exemplifies the desired
metric. We also generated samples from the base model with
the same prompts and random seed to act as our base to com-
pare against.

The first evaluation method is to create a text prompt that
represents each of our 13 metrics. This is necessary as not
all of the metrics correlate directly with the desired behavior
e.g. the valence metric is a measure of how high of valence
a song has. See Table 1 for a list of the metrics and their
associated metric prompt. The CLAP score is computed be-
tween each sample generated by our 27 models (including
the base model) and these 13 metric prompts.

The second evaluation method is to compare the sampled
music to the original text prompt. (Copet et al. 2023) simi-
larly used CLAP scores to evaluate how well the generated
samples from MusicGen fit the text prompt. This evaluation
is critical as we do not want the models to learn to generate
completely different music than the given prompt in favor of
maximizing the desired metric.

Graphical User Interface
To develop a tool that enables more creativity while inter-
acting with a generative model, we develop a graphical user
interface (GUI) that allows users to fine-tune more aspects
of their prompt. The GUI for our project is a simple Flask
server with a Bootstrap front end. This makes it easily

Metric Metric Prompt
Popularity popular song
Acousticness acoustic song
Danceability danceable song
Energy energetic song
Instrumentalness instrumental song
Liveness song with a live audience
Speechiness speechy song
Valence high valence song
Tempo fast tempo song
Interaction per Thousand Views interactive song
Like/dislike ratio likeable song
View count viewable song
Rating highly rated song

Table 1: Metrics and their associated metric prompt to be
used in the CLAP evaluation.

portable while still supporting a feature-rich widget set with
which users can interact. Traditional generative AI inter-
faces utilize text boxes and written prompts as the sole way
to express creativity. Apart from only a text box as seen
in Figure 2a, we provide sliders (2b) for specific metrics
to provide more fine-grained control than a cleverly crafted
prompt. These sliders handle the metrics listed in Table 1.
Our Flask server takes the prompt and the values of each of
the sliders and creates a file that is put in a specific directory.
This directory is a mount point to a remote server with con-
siderable computing power. A script on this server receives
and services the request by generating the new song and also
the same song with the base MusicGen model. Both songs
are generated with the same random seed to make them as
similar as possible. Both songs are then delivered to the
same shared mount point where the Flask server presents
them to the user as seen in Figure 2c.

Model Averaging The sliders in the GUI represent each
of the 13 metrics. The slider values range from -5 to 5. To
enable this level of control we implement weighted model
averaging of the models trained for each metric. If the slider
value is positive, we average in the model trained to encour-
age that metric. Similarly, if the slider value is negative,
we average in the model trained to discourage that metric
or the negative model. The slider values are then normal-
ized by the sum of the absolute values of all slider values.
To ensure consistent weighting when only one or a few slid-
ers is set, we average in the base model with a slider value
of 5. This ensures that when a single slider is set to a small
value, we don’t just use that model exclusively. The models’
weights are then combined using the normalized weights.
This model is then used to generate the desired music.

Results
Our results seemed to be very mixed. Subjectively some
metrics sound correct while other seem to have little to no
effect. See Table 2 for sample audio clips. This is not true
for all prompts however, some prompts seem to negatively
affect the same metrics that sound good. This can be some-



(a) Music generation is initiated with a text
prompt.

(b) Sliders control individual metrics that in-
fluence the song.

(c) Both the baseline song and the song influ-
enced by the sliders are returned to the user.

Figure 2: Music creation process with the GUI allows for extra control over song characteristics not specified in the prompt.

what explained by examining the Tensorboard results from
the trainings as seen in Figure 3. Note that most accura-
cies are clustered around 0.5 in both training and evaluation.
Only a few models exceeded 0.55. This could imply that
no learning is occurring. Margins, or the difference between
chosen and rejected, are similarly impacted with some mar-
gins ending in the negative implying the model is learning
the opposite of what it is supposed to.

Metric Normal Negative
Base Link
Energy Link Link
Interaction per Thousand Views Link Link
Liveness Link Link
Acousticness Link Link
Like/Dislike Ratio Link Link
Popularity Link Link
Instrumentalness Link Link
Rating Link Link
Danceability Link Link
Valence Link Link
Tempo Link Link
View Count Link Link
Speechiness Link Link

Table 2: Links to audio examples with the prompt ”Classic
Rock, Electric guitar, keyboard, drums”

We think we can attribute these to primarily two cate-
gories: 1) dataset limitations and 2) metric quality. For the
dataset limitations, we had to severely downsize our dataset
to be able to complete our training. This resulted in some
genres being completely removed from the dataset. This
could explain why some prompts and genres do not perform
as well as others. This is exasperated by the fact that not
all metrics mean the same thing in every genre. A popular
LoFi song will not look the same as a popular heavy metal
song. This brings us to the second category. Not all metrics
are good metrics. What makes a highly-rated song? Or what
makes a song with a high view count? Is that even related
to the song at all? We argue this is not the case. External

examples like pop culture or artist name/fame can influence
metrics, for example, a Taylor Swift song is going to get
more views than an indie pop singer. Metrics that are highly
impacted by external factors are going to be much more dif-
ficult or impossible to predict.

Evaluation
Our evaluation results, as described previously, were com-
puted using CLAP to measure how well the models en-
hanced or reduced the metric they were trained to enhance or
reduce and how well the sampled music fit the prompt given
to the model.

Following the Metric
The purpose of the first evaluation was to determine if our
models we able to correctly amplify upon the metrics that
they were trained to amplify or in the case of the negative
models the metrics they were meant to diminish. Table 3
shows the CLAP scores for each model compared to the
base MusicGen model. Ideally, the negative model would be
lower than the base, and the Normal model would be higher
than the base. Interestingly, both Normal and Negative mod-
els tend to be higher than the Base. The Negative models are
just as frequently the highest-scoring models compared to
the Normal models. These results were very surprising to us
as the Negative models were trained to do the exact opposite
of the metrics given.

Our theory as to why this occurs is that the model was be-
ing trained on music that was in general more of each metric
than that of the original MusicGen training dataset. For ex-
ample, we hypothesize that in general, our dataset was more
danceable than the original MusicGen training dataset. This
would result in the Negative models achieving higher CLAP
scores than the Base. As to why the Negative models outper-
form the Normal models, we hypothesize that these metrics
are not well represented in the dataset. Our method of song
pair selection results in most pairs being two songs from the
same artist. This can make the metric very hard to learn for
the model. As can be seen in the accuracies and margins
plots in Figure 3, most of the models didn’t learn that much
at all.

https://drive.google.com/file/d/1Zj6LTa3m7GYw9nsY4UscT_fuXyKLjxfZ/view?usp=drive_link
https://drive.google.com/file/d/1mP7xdMcqOpsCmYcF23n35FAj4wIG0nwU/view?usp=drive_link
https://drive.google.com/file/d/1Io2PToK73YKIfQuJs-pptnIroubMZzdt/view?usp=drive_link
https://drive.google.com/file/d/17U5Ofk3KDL5ynamLKb0onPARpumH1SeB/view?usp=drive_link
https://drive.google.com/file/d/116XeNCjxJ86AuHJhAQZ5PBz6i4uEhEky/view?usp=drive_link
https://drive.google.com/file/d/1swD0oPNikq6Iw1PcEpmPgO16x3lLGdtQ/view?usp=drive_link
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https://drive.google.com/file/d/1YLy4yOrCTUWLhSBJvBmAfC5Em152fSpg/view?usp=drive_link
https://drive.google.com/file/d/1hvc5KKiQNs56yxH3NqZJnlreJUzMmWn4/view?usp=drive_link
https://drive.google.com/file/d/1TG2qYXkYC6HkrOeUt8T1v0c9MkYnbpQs/view?usp=drive_link
https://drive.google.com/file/d/1bU6yI-d7_8LIIVpslmeA5T_gfXRxVcS5/view?usp=drive_link
https://drive.google.com/file/d/1uYUkikMmjL7JPjSUNM6gu35K0UGRHvC0/view?usp=drive_link
https://drive.google.com/file/d/1kuQt1F6S8h9_-FZSZI2U3qZZzahRUflG/view?usp=drive_link
https://drive.google.com/file/d/1cObeZ_JIVq2ypRTcjv3bbikUEmvPp626/view?usp=drive_link
https://drive.google.com/file/d/19-mm6nxDQxs8cBvvvgvXF8YRa6qK9lv_/view?usp=drive_link
https://drive.google.com/file/d/1--5tsvreK4t_SaLleZGPs0NhBth8nLPG/view?usp=drive_link
https://drive.google.com/file/d/1edeExCOQ-ZRkDlKkIUHaHAp6wUHlFsY1/view?usp=drive_link
https://drive.google.com/file/d/1V07X2E6xyuniCQyyfkXg95HxSGbLXg-p/view?usp=drive_link
https://drive.google.com/file/d/1BJ4aH4jeKcC-RFMoejqQYgp9BcA8i6_7/view?usp=drive_link
https://drive.google.com/file/d/13PvmAJmM99IU14Po7W1lxiygkeuIHrIj/view?usp=drive_link
https://drive.google.com/file/d/1moqr8pcUfxGxGFG_oXSfMUSOV6XIBaJE/view?usp=drive_link
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https://drive.google.com/file/d/1rG3UcINrxj9-iQ2Eic3Ox36T6TLOmbN6/view?usp=drive_link
https://drive.google.com/file/d/1m6SolY8H0OXW_9yZPVtPkjVb-WsYzwu7/view?usp=drive_link
https://drive.google.com/file/d/1rKv_PY88R4EygzGQFu6oUofjZEzktLZr/view?usp=drive_link
https://drive.google.com/file/d/1e2JYShLA5uC82n7YK6qckOZ3_FE6MCUw/view?usp=drive_link


Figure 3: Tensorboard results of DPO Trainings.

To provide a comprehensive evaluation, we also com-
pared all models to the given metric prompts. A heat map for
the normal models can be seen in Figure 4 and Figure 5 for
the negative models. Unfortunately, there is no discernible
pattern. This is likely because many of these metrics are
subjective and coincide with one another.

We can see in Table 3 that in 10 out of 13 metrics, our
models outperform the base model. This indicates to us that
fine-tuning MusicGen with DPO methods can improve the
quality of the music.

Metric Base Normal Negative
Energy 2.32 2.12 2.25
i/kV 18.44 17.85 18.56
Liveness 10.0 10.3 10.9
Acousticness 4.62 5.27 4.52
LD Ratio 6.51 6.52 5.46
Popularity 1.46 1.66 1.52
Instrumentalness 19.24 23.41 20.86
Rating 2.12 1.81 1.84
Danceability 1.07 1.18 0.96
Valence 18.32 16.51 18.71
Tempo 13.95 14.77 16.82
View Count 7.90 7.11 7.44
Speechiness 2.61 3.02 3.31

Table 3: CLAP score on closeness to metric prompt as seen
in Table 1.

Following the Prompt
The purpose of the evaluation is to determine if the DPO
training methodology employed in this work results in the
model generating music that more closely fits the given text

prompt when compared to the base model.

Figure 4 lists the CLAP scores of the normal models
compared to the base model. These CLAP scores indicate
whether the music generated was consistent with the given
prompt. Figure 5 lists the CLAP scores of the negative mod-
els compared to the base model. These figures indicate that
our models typically match the prompt better than the base
model. This can be attributed to the DPO methodology of
improving the model on high-quality music, even in the neg-
ative case.

Metric CLAP Score
Speechiness 0.45
Acousticness 0.58
Energy 0.65
Base 0.64
Valence 0.63
Tempo 0.61
i/kV 0.68
Instrumentalness 0.67
Rating 0.73
Popularity 0.72
Liveness 0.74
View Count 0.75
Danceability 0.81
LD Ratio 0.93

Table 4: CLAP score on closeness to the prompt for the nor-
mal models. Sorted in descending order.



Figure 4: A heat map visualization of the music from each
of the models compared to the metric prompts (see Table 1)
using the CLAP scores. Each column is normalized to sum
to 1.

Future Works
Model
Several aspects can be further explored in training the
model. Probably the largest is to properly run the DPO train-
ing we needed more computing power. To get our final re-
sults we had to significantly decrease the size of the dataset.
Originally we had 250k training pairs with 5 unique pairs
for each song. This was unable to train even a single epoch
within our 24-hour wall time. While reducing the dataset
to just a single song per epoch improved this, we ultimately
had to restrict the dataset to genres and artist subgenres with
the word ”pop”. This reduced the training pairs to 12.5k.
If we had more compute we could train on the larger dataset
which could potentially produce better results across a larger
set of genres.

Another thing compute could improve is in this paper, we
focused on fine-tuning the MusicGen small model, however,
the MusicGen medium or large produces significantly bet-
ter music. While training these larger models was infeasible
with our available computing power, they may produce bet-
ter results when trained with DPO.

We ran into many issues in the process of training,
some of these issues were not discovered until our train-
ing was complete. One such issue was we accidentally

Figure 5: A heat map visualization of the music from each
of the Negative models compared to the metric prompts (see
Table 1) using the CLAP scores. Each column is normalized
to sum to 1.

left torch.autograd.set detect anomaly() en-
abled. Removing this code gave us over a 30% speedup.
Before removing this line, adding additional GPUs did not
increase our speedup. With this removed, we could increase
from 1 to 4 GPUs which would further half our training time.
This would allow us to train more epochs or complete more
training in a given time (completing each training in about
6 hours instead of 18 on cs2). We also discovered that we
were requesting far too much memory. This was causing
SLURM to limit our jobs to only a few nodes. By reduc-
ing our requested memory from 1 TB to 120 GB, we could
run far more jobs simultaneously. While fixing the bugs we
discovered did increase our computing power and access to
nodes, this project could benefit from massive levels of com-
puting power such as the ones available to Meta.

Furthermore, we took far too long modifying the DPO
script and getting everything running properly on the super-
computer. While this time was necessary and not wasted,
ultimately we ran out of time to explore many options. We
significantly underestimated the scope of the project and the
effort required to get DPO working. This left us with very
little time to run training on the supercomputer. We did some
preliminary exploration of the learning rate and number of
frozen layers, but this as well as several other meta parame-
ters could be explored in much greater depth.



Negative Metric CLAP Score
Tempo 0.51
Liveness 0.64
Base 0.64
View Count 0.65
Valence 0.75
LD Ratio 0.81
Acousticness 0.70
i/kV 0.94
Rating 0.94
Danceability 0.91
Instrumentalness 0.95
Popularity 0.98
Speechiness 0.90
Energy 1.04

Table 5: CLAP score on closeness to the prompt for the neg-
atively trained models (e.g. energy model was trained to re-
duce energy). Sorted in descending order.

Evaluation
The automatic evaluations we performed were informative
about how well our model was doing compared to the base
model. They are however inconclusive when it comes to
whether each model successfully improved in the desired
metric or negative metric. To more fully evaluate this, hu-
man evaluations are needed. Due to timing constraints, we
were unable to perform the necessary human evaluation.
This would be a very crucial evaluation as it would greatly
improve the validity of our methods.

Another evaluation that we were unable to perform due
to timing constraints was a variance evaluation. We hypoth-
esize that fine-tuning the MusicGen model using DPO will
also result in a more varied output from the model. This
could be measured using CLAP embeddings of songs out-
put by the various models to determine if their output varies
more than that of the base model. This evaluation would
further verify our argument that our methods improve the
creativity of the MusicGen model.

GUI
Our preliminary GUI proved to be efficient in offering pre-
cise control over various attributes of the generated music.
However, the metrics utilized for refining MusicGen were
derived from our Spotify/YouTube dataset, indicating a po-
tential limitation. Consulting a study conducted by profes-
sionals in the music composition domain could provide in-
sight into identifying the most relevant metrics to manipu-
late during music creation. Additionally, exploring research
by experts in Human-Computer Interaction to determine the
most effective user interface widgets in facilitating the cre-
ative process could offer valuable enhancements beyond the
current reliance on sliders. Considering these aspects could
lead to further refinement and optimization of the user in-
terface, enhancing the overall user experience and creative
potential of the system.

Conclusion
In this paper, we propose a system aimed at providing users
with more control over the music generation process through
the refinement of Meta’s MusicGen model. By leveraging
Direct Policy Optimization (DPO) and training the model
against specific metrics derived from Spotify and YouTube
datasets, we sought to enable users to tailor generated mu-
sic compositions according to desired characteristics such as
danceability, valence, and more. We developed a graphical
user interface (GUI) to facilitate user interaction, offering
intuitive sliders for fine-tuning various musical attributes.

Our methodology involved extensive training of Music-
Gen models using DPO, followed by evaluation using CLAP
scoring to assess the fidelity of generated music composi-
tions. Despite encountering challenges such as dataset limi-
tations and metric quality, our results demonstrated promis-
ing improvements over the baseline MusicGen model across
several metrics. Notably, our models exhibited enhanced
adherence to specified metrics and text prompts, indicating
the effectiveness of our approach in empowering users with
greater creative control.

While our findings provide valuable insights into the po-
tential of DPO-based refinement in music generation, there
remain avenues for further exploration and improvement.
Future work could focus on refining training methodolo-
gies, expanding dataset sizes, and conducting human eval-
uations to validate the efficacy of the system from a user
perspective. Additionally, enhancements to the graphical
user interface and exploration of additional metrics could
further enhance the user experience and creative potential
of the system. Through continued refinement and innova-
tion, our system has the potential to unlock new possibilities
in AI-driven music composition, empowering users to ex-
press themselves creatively through generated music com-
positions.
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