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Abstract

We present an EEG-informed generative Al system
that fine-tunes MusicGen to produce music associ-
ated with increased alpha-band activity (8—13Hz), a
marker of relaxed wakefulness. The pipeline combines
consumer-grade EEG recordings, preference-based re-
ward modeling, and LoRA-based REINFORCE fine-
tuning. EEG data were collected from 49 participants
listening to 43 tracks, with normalized alpha-power
changes from baseline used as the reward signal. A
pairwise-preference reward model trained on MusicGen
hidden-state embeddings reduced loss from 0.90 to 0.34
over 100 epochs, while the RL reward curve increased
over 7,000 steps. In the validation set, the fine-tuned
model produced a smaller decrease in alpha than the
baseline, although the difference was not statistically sig-
nificant (Welch ¢t = 0.32, p = 0.381). We also developed
a mobile application for portable EEG data collection.
These results suggest the feasibility of guiding genera-
tive audio models with physiological signals.
Keywords: EEG, Brainwave Entrainment, Genera-
tive A1, MusicGen, Reinforcement Learning, Reward
Modeling, Alpha Waves, Neurofeedback

1. Introduction

Alpha waves (8—13 Hz) are dominant during relaxed
wakefulness and are reliably suppressed by anxiety and
cognitive overload (Jiang et al., 2024). Practiced med-
itators consistently show elevated frontal and parietal
alpha power (Takabatake et al., 2021), making alpha
elevation a useful proxy for the calm state underlying
stress relief and mindfulness practice; we focus on alpha
specifically, rather than other EEG bands, because it is
the most well-established biomarker of relaxed wakeful-
ness and has the most direct precedent in neurofeedback
literature. Transformer-based generative models such as
MusicGen (Copet et al., 2024), MusicLM (Agostinelli
etal., 2023), and Jukebox (Dhariwal et al., 2020) synthe-
size high-fidelity music, but optimize purely for stylistic
coherence and carry no awareness of neurological im-
pact. No mechanism currently exists within these mod-
els to preferentially generate audio that promotes a target
brainwave state.

This work pursues two goals: (1) build an EEG data-
collection pipeline using the MINDSALL MA900 sen-
sor that derives a scalar reward score from the normal-
ized increase in alpha-band power between baseline and
music-listening sessions, and (2) fine-tune a pretrained
MusicGen model toward alpha-promoting generation us-
ing this reward signal via a pairwise-preference reward
model and a LoRA-adapted REINFORCE loop. The
proposed system was evaluated using EEG recordings
collected from 49 participants across 43 music tracks.

Large-scale generative music models such as Mu-
sicGen are trained purely on musical data and carry
no awareness of their neurological impact.
tional brainwave-entrainment approaches instead rely on
static, pre-recorded audio that is neither optimized for
nor responsive to individual neural responses. Although

Conven-

consumer-grade EEG devices can capture meaningful
brainwave data, this signal is rarely leveraged to evaluate
or improve generated audio, and the gap between EEG
measurement and generative audio modeling remains
largely unaddressed.

2. Background and Related Work

EEG band power is a well-validated indicator of affec-
tive state (Jiang et al., 2024). The alpha band (8-13 Hz),
generated mainly in thalamocortical circuits, is promi-
nent over occipital and parietal regions during eyes-
closed rest and increases with relaxed, inward attention.
Alpha oscillations reflect cortical idling: as the brain
disengages from external demands, sensory input is sup-
pressed, alpha power rises alongside lowered heart rate
and muscle tension, and subjective calmness emerges.
Practiced meditators consistently show elevated alpha
power during and immediately after practice, and alpha
enhancement is widely used as an objective neural corre-
late of the early stages of meditative absorption, even in
non-meditators (Takabatake et al., 2021); this positions
alpha elevation as a proxy relevant not only to general re-
laxation but to mindfulness-oriented mental states more
specifically. Koelsch et al. showed that pleasant and un-
pleasant music elicit distinct alpha and theta responses
(Sammler et al., 2007), and music-based neurofeedback
using real-time auditory feedback has been shown to re-
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inforce alpha activity directly (Takabatake et al., 2021).

MusicGen encodes raw audio via EnCodec into dis-
crete token sequences, then models them autoregres-
sively with a transformer conditioned on text descrip-
tions; its 300M-parameter “small” variant is computa-
tionally tractable for RL fine-tuning, which is why we
adopt it as the base model here rather than larger text-to-
music systems.

MusicRL demonstrated that RLHF can align music
generation with human preference ratings (Cideron etal.,
2024). RealJam and RL-Duet explored real-time in-
teractive music generation with reinforcement learning
(Scarlatos etal., 2025; Jiang etal., 2020), and Dutta et al.
used EEG signals to guide RL-based music selection for
emotion regulation (Dutta etal., 2020). Our work differs
from all of these: we use EEG physiological signals, not
subjective ratings or discrete emotion labels, to fine-tune
the generative model’s parameters directly, rather than
selecting among pre-existing tracks.

3. Methodology

Figure 1 shows the end-to-end pipeline: EEG hard-
ware and communication, a companion mobile applica-
tion, and an offline Al training pipeline.

Figure 1 End-to-end system architecture: EEG hard-
ware, BLE communication, mobile application, and of-
fline Al training pipeline.
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3.1 EEG Data Collection

Sessions used the MINDSALL MAO900, a single-
channel consumer-grade EEG headband (frontal lobe,
512Hz, BLE). A Python pipeline decoded ThinkGear
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packets, applied a second-order 50 Hz IIR notch filter,
and computed FFT-based power spectral density (PSD)
at 6-14 Hz viaa Hamming-windowed 1,000-sample slid-
ing buffer. Each session comprised a baseline phase
(eyes closed, no music) followed by a music-listening
phase. Data were collected from 49 participants across
43 music tracks in diverse real-world environments
(classrooms, offices, homes).

To remove the dependency on a laptop during sessions,
we additionally built a React Native Android application
that mirrors the same decoding and signal-processing
pipeline-ThinkGear decoding, notch filtering, Hamming
windowing, and FFT-based PSD-and provides partici-
pants with real-time brainwave visualization and struc-
tured CSV export, validated against the Python pipeline’s
output by comparing exported band-power and PSD fea-
tures across matched sessions. The device’s built-in
meditation index, which aggregates inward attentional
focus, additionally served as an auxiliary sanity check
against the independently computed alpha-power reward
scores.

3.2 Reward Score Computation

The session-level reward score is the normalized in-
crease in mean alpha-band power (@, averaging Alpha
Low and Alpha High) between the music and baseline
phases:

r= C_Ymilsic — pase e = 10—6
Qpase + €

[}

A positive r indicates that the track elevated alpha power
relative to the resting baseline, signalling a shift toward
the relaxed, internally focused neural condition associ-
ated with reduced stress and meditative readiness. One
score is computed per session CSV and saved to a con-
solidated reward dataset used throughout training.
3.3 Audio Clip Processing

Each track was segmented into non-overlapping 7-
second clips (~20-25 per track), chosen as a compromise
between preserving enough temporal context for the re-
ward model and keeping token sequences short enough
for efficient training. Each clip inherits its session’s
reward score, then is resampled to 32 kHz mono via Au-
diocraft’s convert_audio function, ensuring a consis-
tent format before tokenization by MusicGen’s EnCodec
Compressor.
3.4 Reward Model

Token sequences are truncated to 7=256 tokens and
passed through MusicGen’s frozen language model; the
final hidden state e; € R!9%4, obtained by modifying Mu-
sicGen’s 1m.py to return hidden states alongside logits,
serves as a compact acoustic representation of each au-
dio clip. A lightweight MLP maps this embedding to a
scalar predicted reward:

7 = W, - Dropout(ReLU(We))
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with W € R102432 W, e R32*! dropout= 0.3, trained
with a margin-based Bradley-Terry pairwise loss:

L=- log O'(fwinner - floser)

using AdamW (Ir=10"%, wd=10"?) with a StepLR sched-
ule (y=0.9, step= 500) over 100 epochs and an effective
batch size of 16. Only the reward-model parameters are
updated; MusicGen’s language model remains frozen
throughout.
3.5 Reinforcement Learning Fine-Tuning

The trained reward model predicts the alpha-inducing
potential of newly generated clips, and these predicted re-
wards serve as the reinforcement learning signal for fine-
tuning MusicGen itself. LoRA adapters (r=16, =32,
~0.1% of parameters) are injected into MusicGen’s at-
tention output projections (out_proj) and feedforward
layers (1inearl, linear2), while all base weights re-
main frozen. The REINFORCE update maximizes

Lpg = —E[A, -logmg(a;|s;) +/17-((7rg)]

where A; = r — b, is the advantage over an exponen-
tially smoothed baseline (ap=0.6) and 1=0.005 is the
entropy regularization coefficient. Sequences of 256 to-
kens (=5 s) are sampled at temperature 0.8, top-k 128,
with gradient accumulation over 2 steps for 500 itera-
tions, saving checkpoints every 30 iterations. REIN-
FORCE was selected over more complex alternatives
such as PPO for its simplicity and suitability given the
available computational resources.

4. Results and Discussion
4.1 Data Collection and Reward Modeling

Both the Python pipeline and mobile application main-
tained stable BLE connections across all 49 participant
sessions. Checksum validation silently discarded cor-
rupted packets, and the notch filter effectively suppressed
mains interference. CSV export—including all eight band
powers, attention, meditation index, signal quality, and
nine PSD values at 6—14 Hz—was validated for structural
consistency between both platforms.

Figure 2 Reward model training loss (left) and valida-
tion loss (right) over 100 epochs.

zzzzz

As shown in Figure 2, training loss fell from 0.90
to 0.34 (a 62% reduction) and validation loss fell from
0.80t0 0.56, indicating that MusicGen embeddings carry
sufficient acoustic information for preference ranking. A
growing train—validation gap suggests mild overfitting,
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attributable to the limited number of distinct reward val-
ues (43), since all clips from the same track inherit one
session-level score.

4.2 RL Fine-Tuning

Figure 3 RL training reward curve over 7,000 steps.
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Figure 3 shows an overall upward trend, indicating
that the model progressively learns to generate higher-
quality outputs: in the early stages (0—1,000 steps) re-
wards are highly variable, reflecting stochastic sampling
and the initially untrained LoRA parameters, before ris-
ing steadily to approximately 8-9 by step 3,000, demon-
strating effective policy improvement. Two transient
drops near steps 1k and 4.2k, likely from sampling-
parameter decay, recover quickly, consistent with stable
policy-gradient learning under EEG-derived rewards.
4.3 Validation Study

To test whether the fine-tuned model produces more
alpha-inducing audio than the untrained baseline, partic-
ipants listened to music generated by both the pretrained
MusicGen model and the fine-tuned model, and the re-
sulting change in alpha power relative to baseline was
compared between the two conditions. The mean change
in Alpha High power was —5631.67 for the trained model
versus —7362.78 for the untrained model, and Alpha Low
showed a similar pattern (-3950.47 vs. —4058.74): both
trends favor the trained model. A one-tailed Welch’s
t-test yielded ¢t = 0.32, p = 0.381, above the @ = 0.05
threshold, so we cannot reject the null hypothesis. Given
the small validation sample, this limits statistical power
to detect a modest effect; the direction of the trend is
nonetheless consistent with the intended optimization
target, and a larger within-subjects study is needed to
establish significance. Table 1 summarizes these results
alongside the reward-model and RL training outcomes.
4.4 Limitations

Although the observed trends are encouraging, several
factors limit the strength of the conclusions. The current
system is offline, with rewards pre-computed rather than
streamed live; the dataset is comparatively small (49
participants, constrained by data-collection time and re-
sources) and drawn from a single-channel frontal EEG
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Table 1 Summary of key results.

Metric Value

Reward model train loss (start—end) 0.90 — 0.34

Reward model val. loss (start—end) 0.80 — 0.56

RL reward (start—end, 7,000 steps) -3-59

Alpha High A (trained vs. untrained) -5631.67 VS.
-7362.78

Alpha Low A (trained vs. untrained) -3950.47 Vs.
—4058.74

Welch’s r-test t = 032, p =
0.381

device; and the reward signal captures only alpha-band
power. Clip-level score inheritance and the small num-
ber of distinct reward values are the most direct causes
of the overfitting observed above. Addressing these con-
straints, extending the pipeline toward real-time closed-
loop operation and multi-band reward signals, and com-
pleting a larger-sample validation study, are the natural
next steps for this line of work.

4.5 Cognitive Science Significance

Beyond the engineering pipeline, this work bears on
how physiological signals can inform generative model-
ing of cognitive and affective states. Alpha-band power
is a well-established correlate of relaxed wakefulness
and, more specifically, of the early stages of meditative
absorption: practiced meditators consistently show ele-
vated frontal and parietal alpha during and immediately
after practice (Takabatake et al., 2021). Using alpha as
a reward signal therefore grounds the optimization tar-
get in a physiologically interpretable marker, rather than
in subjective self-reports or discrete emotion labels, and
potentially reduces the annotation biases associated with
human-preference labeling.

The validation study in § 4.3 provides a preliminary,
though not statistically significant, link between the op-
timization target and measured EEG outcomes. The
trained model produced a smaller alpha decline than the
untrained baseline in both the Alpha High and Alpha
Low sub-bands, matching the intended direction of the
reward signal. This consistency suggests that genera-
tive audio models can, in principle, be guided by explicit
physiological objectives rather than indirect proxies such
as genre or tempo labels, which we see as the central
cognitive-science implication of this work.

We view the present pipeline as a working proof of
concept rather than a validated personalized system. Ex-
tending it toward user-level modeling, where the reward
model and RL fine-tuning adapt to an individual’s own
alpha response, is a natural next step and would connect
this line of work more directly to personalized neuro-
feedback and mindfulness-oriented applications, beyond
general relaxation.
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S. Conclusion

We presented an end-to-end pipeline that uses EEG-
derived alpha-band power as a reward signal to fine-tune
MusicGen through a pairwise-preference reward model
and LoRA-adapted REINFORCE. The system combines
structured physiological data from 49 participants listen-
ing to 43 tracks with a Python-based analysis pipeline
and a companion mobile application, and steers genera-
tive music toward higher predicted alpha responses. An
initial validation study showed a trend in the intended
direction, though not statistically significant, motivating
larger-scale follow-up experiments. Planned extensions,
including cloud synchronization, real-time closed-loop
feedback, per-user personalization, and multi-channel
EEG, address the limitations identified in Section 4.4
and are summarized in Figure 1. Overall, this work pro-
vides a proof of concept for brain-state-aware generative
audio modeling, connecting physiological measurement
with large-scale generative music systems for relaxation
and mindfulness-oriented applications.
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