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Abstract
We introduce a live mixing system that gives visual recommen-
dations directly to a guitarist while they play with a band, based
on a reference track. Our work runs on a laptop computer and
receives audio input through the laptop’s microphone. We call
this system SoLAR: Soundchecking for Live Band Audio with
Reference. This work focuses on guitarist loudness control, but
the framework is built to scale to other instruments and control
parameters. SoLAR uses modern source separation techniques to
get instrument stems from the reference audio. We introduce a
perceptual algorithm for calculating which part of the Bark scale
each instrument dominates to find a mix summarization. We fit
a neural network model to predict the reference mix summariza-
tion. SoLAR makes recommendations for loudness adjustment
by comparing the predicted reference mix to the current live
mix in a policy function. We demonstrate that these recommen-
dations improve on random guessing through simulations in a
gymnasium environment. We describe the SoLAR graphical user
interface and our design considerations. Then, we discuss a small
formative study with guitarists. This study allowed us to iter-
ate on the interface and showed promising early results for live
mixing.1
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1 Introduction
We focus this work on bands that play concerts at small venues
and do not have a mixing board or a mixing engineer. When these
musicians arrive at the venue, they must set up their instruments
and amplifiers in a soundcheck. During a soundcheck, the band
will select a song from their repertoire and play it, while one
of the band members or a friend listens from the middle of the
audience area.2 The listener needs to be in the audience area
because each band member is too close to their instrument to
judge the total sound. The listener will provide verbal instructions
to each band member, such as "turn the guitar down" or "I need
to hear more vocals." Many of these instructions can be satisfied
by turning a knob or adjusting one’s playing style. The difficulty
with this soundchecking method is that the listener needs to have
music experience, and they need to understand the ideal mix the
band is trying to achieve.
1https://github.com/mbkeating/SoLAR
2For example, this Reddit thread has a discussion on our soundchecking pro-
cedure https://www.reddit.com/r/livesound/comments/1d1sl7l/my_bands_first_
show_is_this_week_in_a_small_bar/
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These adjustments are crucial for a strong performance. If
a band makes a mistake soundchecking, the audience may not
be able to hear the singer, the guitarist may hurt some ears,
or the guitar solos could be imperceptible. These deficiencies
would leave both the audience and band dissatisfied with the
performance. Small shows are crucial for local communities and
give musicians an opportunity to play for friends and neighbors.
A musician can practice their instrument to mastery, but that
skill only comes through at a show if their sound is audible.

Live soundchecking adjustments are also important because
a mix is expressive and highly personalized. Any band has its
sound, and that sound comes from the members’ technique, the
songs they play, and their mix. For instance, a grunge rock band
may prefer to turn the guitar up, while a singer-songwriter could
prefer to have their guitarist in the background. As such, there is
no universal mix, and each decision in crafting a live mix changes
the way a band sounds and allows for high expressivity.

This work focuses on loudness because gain adjustment has
established simulation strategies. We study this system with the
guitarist’s actions because a guitarist has significant control
over their loudness, through their amplifier knobs, the volume
knob on their guitar, their playing style, and any pedals they use
to modify their output signal, and the guitar is the first author’s
primary instrument.

SoLAR is a system that runs on a laptop computer and assists
with mixing by making recommendations for loudness control
given, as input, a reference recording that demonstrates an ideal
mix. SoLAR learns the role each instrument should occupy in a
perceptual mix from the reference audio. Then, as the guitarist
plays, SoLAR makes recommendations for actions such as "turn
up" or "stay there". The guitarist can improvise their part during
soundchecking, and does not need to adhere to the original guitar
part in the reference track. SoLAR increases the usability of an
amplifier because SoLAR can give feedback to the performer on
what the audience hears.

The novelty of our work is threefold:

(1) We provide live mixing recommendations directly to in-
strumentalists, who may not be able to afford a mixing
engineer, where the only cost is a laptop computer

(2) We do not rely on a mixing board, and make recommen-
dations that can be fulfilled with a simple amplifier knob
turn or playing adjustment

(3) We use a reference audio track to allow for expressive
control

2 Related Work
Automatic music mixing has been studied in a few main contexts.
Themain research formulation, typically called automatic mixing,
works with mixing recorded music in a digital audio workstation
(DAW). Mixing tools for live performance are typically further
qualified with names like automatic live mixing or live audio

https://github.com/mbkeating/SoLAR
https://www.reddit.com/r/livesound/comments/1d1sl7l/my_bands_first_show_is_this_week_in_a_small_bar/
https://www.reddit.com/r/livesound/comments/1d1sl7l/my_bands_first_show_is_this_week_in_a_small_bar/
https://creativecommons.org/licenses/by/4.0/legalcode
https://creativecommons.org/licenses/by/4.0/legalcode
https://creativecommons.org/licenses/by/4.0/legalcode
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mixing. Standard automatic mixing is difficult because fully end-
to-end approaches have control limitations, many audio effects
are non-differentiable, and audio effects can interfere with source
separation techniques [17]. Live audio mixing presents additional
difficulties due to room acoustics and crowd noise. We expand
on live audio mixing literature by working with reference audio
and offering recommendations directly to instrumentalists.

Surveys on automatic mixing have found that mixing is consid-
ered an art form [22], therefore a method of musical expression.
Similar studies have highlighted the usage of a reference song
by a mixing engineer in mixing, a song that has a similar sound
to the desired mix [23]. This reference song concept is central to
the SoLAR workflow.

Automatic live mixing software typically seeks to set gain lev-
els based on instrument identification and perceptual loudness
measures [10, 11]. Recent work has focused on giving humans
greater control over the mixing process. This work includes Mix-
Assist, a dataset for language models to have step-by-step mixing
controls, rather than full automation [4]. One particularly user-
centric work is Channel-AI, which uses instrument recognition
and instrument presets to build a smart mixing workstation for
mixing engineers [21]. We take inspiration from the Wekinator
as a user-centric AI system [6]. Other relevant NIME work in-
cludes live mixing work using Max/MSP virtual instruments and
patches [1], guitar intent inference from muscle contractions
[8], and brain-computer interfaces for accessible participation in
mixing [24].

Audio source separation entails separating an input audio
mixture into individual stems. We use Demucs in our system,
which separates into drums, vocals, bass, and other, where other is
guitar [5, 14]. Demucs also has a six-stem model that additionally
separates guitar and piano. Our system can easily swap to the six
stem model, but we had more reliable testing results with four
stems. Recent work has iterated on general source separation
[12, 15]; we used Demucs because the API is well documented,
and Demucs is made specifically for instruments.

3 System Overview
Please see figure 1 for the SoLAR system overview.

Live Audio Mix 
(one second)

Stems

Demucs
Perceptual 
Instrument 
Dominance

Reference 
Audio Mix 

(one second)

Stems

Demucs
Perceptual 
Instrument 
Dominance

Sum of 
Difference

24 Bark Bands

24 Bark Bands

(Approximated with 
neural network)

If Sum > σ
Turn Down

If Sum < -σ
Turn Up

Figure 1: We start with live audio and a reference track.
Both tracks get source separated and passed through our
perceptual dominance algorithm. We use an element-wise
difference to make recommendations for loudness adjust-
ment. We set 𝜎 = 3 in section 6

4 Perceptual Audio
We use perceptual audio standards to summarize the mix from
a reference track. This summarization process is intended to
remove variation due to non-mix related decisions, such as the
song melody or rhythm. In general, we know that our ears do not
hear all frequencies equally, and instead experience masking in
critical bands. Zwicker et al. experimentally derived the boundary
frequencies for the first 24 critical bands [25]. If two different sine
waves are played, and both have a frequency within the same
critical band, the weaker frequency will be masked, meaning it
will be less perceptible. Masking is a key concept behind the MP3
audio compression algorithm, which filters out audio data that
we know will be masked [13].

We can summarize the mix by source separating the audio and
finding which instrument dominates each critical band, causing
the other instruments to be masked. Therefore, we are com-
pressing each second of audio into 24 measures of instrument
dominance, where each of these 24 measures is interpretable
through our understanding of psychoacoustics. Furthermore, this
approach covers edge cases. For instance, if we calculate which
instrument dominates each of the 24 critical bands, and each
band is dominated by the guitar, the guitar is obviously too loud
unless it’s the only instrument playing.

4.1 Measuring Perceptual Instrument
Dominance

We calculate perceptual instrument dominance by first taking
the Short-Time Fourier Transform (STFT) of each audio stem to
measure the amplitude of frequency bins over time. We use one-
second windows of audio to make decisions, so we take the STFT
with a window size and hop length both equal to the number of
samples in a one-secondwindow.We code in the frequency values
of each critical band cutoff from Zwicker and iterate through each
time step 𝑡 and each band. For each critical band frequency range,
we calculate the 95th percentile amplitude over all of the audio
stems. Then, we count the number of frequencies played by each
instrument whose amplitude exceeds the 95th percentile. We
normalize these counts by dividing by the total count over all
instruments to get the mix (length four array) for that time step
and critical band. We finish iterating over the bands and time
steps and return the (𝑡 × 24 × 4) array.
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Figure 2: Graphing our perceptual instrument dominance
measure over time and band. Green is guitar, red is vocals,
blue is bass, and black is drums. If two instruments are
equally dominant in the critical band, the color is interpo-
lated.
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This approach is a simple approximation of perceptual mask-
ing. Generally, audio has a pre and post masking effect depending
on the time from the onset of the signal [7]. Additionally, the
Zwicker studies used sine tones, so instrument tones may trig-
ger other effects that make them easier to hear. We used our
approximation for two reasons. First, we base our work on the
demonstrated concept that stronger tones mask weaker tones in
critical bands. Second, we can graph t seconds of audio like in fig-
ure 2 and see that the mixing information conveyed is consistent
with the general understanding of mixes (the bass is dominant
in the low frequencies, the drums are transient, and the guitar
is in the mid frequencies). If we include all frequencies, not just
dominant frequencies, these clear visual relationships start to
fade. We chose the 95th percentile rather than taking the highest
amplitude frequency in each band to make the change between
time stamps across the same critical band more continuous. 𝑃95
is a common signal processing threshold, and worked well in our
visualizations compared to 𝑃90, 𝑃75, and so on.

5 Reference Track
A reference track is a music recording that embodies the band’s
ideal mix and could come from their past recordings, another
band, or even a studio recording. The reference track we used
for our development and early testing was the "Little Wing"
recording from John Mayer in Webster Hall, NYC, 12.28.2004,
downloaded from the Live Music Archive (LMA), a popular data
source for live audio tasks [2, 19].3 This John Mayer recording
was particularly well recorded and had our expected four-part
instrumentation.

We passed the reference track through Demucs to obtain audio
files for drums, guitar, bass, and vocals. We noticed two shortcom-
ings with the separated audio. First, some parts of John Mayer’s
guitar solos are included in the vocal stem. Second, the signif-
icant crowd noise (cheering, clapping, etc) that occurs in any
professional show is included in the vocal stem. We do not use
any metadata in the training process.

6 Finding the Ideal Mix
SoLAR works by finding the difference between the current
perceptual audio instrument-wise mix and the ideal mix. We
calculate the current perceptual mix through the same process
described in section 3.1.

Our audio dataset has the ideal perceptual mix, but the mix
varies greatly throughout the performance. Naturally, if the mu-
sician is not playing, we will not hear them, but that does not
give any insight into their volume level. Therefore, we need some
measure of which artists are currently playing from their audio
signal that tells us whether we should expect them in the mix.
Once we have this measure, we can approximate a function to
get the mix using a set of small neural networks.

6.1 Who is Playing?
We calculate which instruments are playing in a given window
by calculating whether the root mean squared (RMS) of the audio
is over some set threshold. RMS is invariant to the length of the
audio signal, so we take the RMS of 10 ms subsections to account
for any sudden peaks. We set an experimentally derived silence
threshold 𝑅𝑀𝑆 < 10−3 from testing with our John Mayer dataset.
We calculate who is playing for a one second chunk of audio, so

3https://archive.org/details/jmayer2004-12-28.4011.trak2.flac16/jmayer2004-12-
28d1t02.flac

if any of the 10 ms subsections are above the silence threshold,
we say that the instrument was playing in the one second chunk.
This strategy gives an array of 0/1 of length four, where 0 is
silence, and 1 is playing. Therefore, we have 24 = 16 possible
playing combinations.

We considered extracting more details from the raw audio
stems to find additional intent measures. For instance, a guitarist
fits into the mix differently when they are playing chords com-
pared to taking a solo. We experimented with more granular
measures, but ultimately those measures contained too much
information to effectively map to a mix in our dataset without
overfitting.

Another expansion we considered is dynamically finding the
threshold for silence.We set a constant value to reduce the system
configuration time, but another possible solution is to record
each artist at the start of their soundcheck and use that audio to
measure the threshold for silence.

6.2 Approximate Mix Mapping Function
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Figure 3: Actual vs predicted mix. The top row is actual
(left) vs predicted (right) for 500 seconds of audio in the
training set. Bottom row is actual (left) vs predicted (right)
for a held-out test audio.

SoLAR uses 24 small neural network models to map our play-
ing measure onto the expected perceptual mix. Each model takes
the four silent/playing values and maps them onto an output
of four floats in [0, 1] that measure the perceptual dominance
share of each instrument in one critical band. Each model has
one hidden layer with a ReLU activation between the hidden and
output layers and a softmax activation from the output layer to
enforce that the sum of all perceptual dominance shares should
be 1 to represent a percentage. We use 24 small models rather
than one large model to reduce parameter sharing, which would
create unwanted blurring between critical bands based on our
experiments. Please reference figure 4 for the model diagram.

Each model is trained with mean-squared error loss (MSE) on
10 epochs at a 0.01 learning rate and a batch size of 32. We tested
our model with a held-out recording from John Mayer for the
same concert. The test MSE diverged slightly from the train MSE
on the middle bands, but we observed that the predicted and
real perceptual dominance values were visually similar, shown in
the bottom image on figure 3. Please note that other statistical
methods could predict perceptual dominance similarly well; we
used our architecture because neural networks reliably learned
correct mappings.

https://archive.org/details/jmayer2004-12-28.4011.trak2.flac16/jmayer2004-12-28d1t02.flac
https://archive.org/details/jmayer2004-12-28.4011.trak2.flac16/jmayer2004-12-28d1t02.flac
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Instrument Playing

Drums On

Guitar On

Bass On

Vocals Off

Hidden Layer

64 Units
(ReLU)

Perceptual Dominance
(Softmax)

Drums 0.24

Guitar 0.66

Bass 0.1

Vocals 0.0

One of 24 Identical Models

Figure 4: Neural Network architecture for 24 models map-
ping playing on/off values to reference mix composition.
The example model would likely be a mid-frequency band.
The model architecture was iteratively refined with refer-
ence to the MSE loss and the graphical performance.

7 Adjustment Recommendation
We frame soundchecking as a reinforcement learning problem
and make adjustment recommendations with a policy function
that maps state onto action 𝜋 (𝑠) = 𝑎, where our state is the mix
and the action is chosen from the set {turn up, turn down, stay}
[18]. To get our state mix, we subtract the predicted mix from the
actual mix. That is, we take the element-wise difference between
the (24 × 4) actual mix array at the current time, and the (24 × 4)
predicted mix from the model detailed in section 5.2.

If an element in the resulting mix state is positive, that means
that the instrument dominated that critical band more than ex-
pected, with the opposite being true for negative elements. Zero
elements mean that our real mix was the same as the predicted,
ideal mix. Therefore, we calculate RL reward as proportional
to the additive inverse of the absolute valued sum of the mix
difference.

Interestingly, we were able to construct a policy function with-
out needing any actual reinforcement learning. From inspecting
the mixing behavior, if we take the (24 × 1) array slice that repre-
sents the guitar mix (actual - predicted) and take the sum over
all critical bands, the following policy works well:

• If the sum is greater than 3, turn down
• If the sum is less than -3, turn up
• Otherwise, stay

We determined the cutoff of 3,−3 through the simulated ex-
periments, discussed below. Please note that values of 4,−4 and
5,−5 also worked similarly well.

7.1 Simulated Experiments
We constructed a gymnasium environment to simulate real mix-
ing practices [3, 20]. Each time the gym is reset a 60 second audio
section is sampled (with separated stems) and a guitar gain delta
is randomized between -60 dB to +60 dB using Pedalboard [16].4
Imagine the gain delta as "messing up" the guitar volume level.
A gain delta of +60 dB would mean increasing the actual (ideal)
John Mayer guitar gain by 60 dB. Each step, we take the action
from the policy function by modifying the guitar gain delta. Then,
we get the total mix by adding together all the stems (including

4A standard 40W Marshall guitar amplifier can go up to 100 dB
https://marshallforum.com/threads/dsl-40-c-volume-compared-to-dsl-100-
h.124482/post-2221747

the gain-adjusted guitar) and get a reward based on how close
we are to zero elements in the mix difference array.

This gym environment is solved when the final gain delta is
near 0 dB. This solution is non-obvious because the gain delta is
not included in the state.

We tested four policy functions:
(1) * Our hard-coded policy function
(2) (baseline) A random walk over the action space (for each

step, select a random action)
(3) (baseline) Always staying at our initial random gain
(4) A learned policy with deep Q-Networks (DQN) [9]
We ran experiments in the gymnasium environment and our

hard-coded policy consistently got the highest total rewards over
each episode, beating the two baseline functions significantly.
We also examined the final guitar gain level at the end of each
episode, and the final gain delta was consistently adjusted from
[-60, 60] to [-12, 12] dB. Therefore, taking the actions from the
policy function were interpretable as fixing the "messed up" gain
back to the recorded reference gain. The DQN policy was able
to achieve similar rewards with 100 episodes of training, but felt
overengineered for our current task. Future work with added
live mixing aspects (EQ, reverb, or distortion, for example) could
necessitate RL training in our gym environment.

8 Initial Interface

Starting System
10s

Listening
5s

Start Playing
3s

Recommending
10s

Processing
<9s

Figure 5: States and timing (in seconds) for initial GUI
screens

We created a graphical user interface (GUI) using the PyGame
library. This interface, which is started from the terminal, is made
to run on a laptop computer in the listening area of a performance
space. We record five seconds of audio each iteration because one
second is too little data for Demucs. Our first prototype followed
the finite state machine in figure 5 on a timer.

When drafting the interface, we considered user wait times
for both Demucs processing time, which can take up to nine
seconds on each audio clip, and recording time. In order to give
consistent loading-time feedback, we created a loading bar and
count-down timer. We also created large visual icons for volume,
up, down, and recording, because the user will be far from the
computer screen. Please see figure 6 for example screenshots of
these windows.

9 Formative Study
In addition to the first author playing extensively with the system,
we set up a small usability study to test that guitarists are able
to use this interface and that everything functions as intended.



Automatic Live Music Soundchecking with Reference Audio on a Laptop NIME ’26, June 23–26, 2026, London, UK

Figure 6: Initial GUI screens. From left to right and top
to bottom: listening/recording screen, loading screen for
processing pipeline, instruction to turn down amplifier,
instruction to not change amplifier. Please note that these
screens take up the entire laptop screen and are made to
be visible from far away.

We had two participants, each of whom is a proficient guitarist
with performance experience. Each participant was asked to
send us a reference song before testing with their ideal mix. One
participant sent a live recording of "Layla" with Eric Clapton and
Derek Trucks, and the other participant asked to soundcheckwith
John Mayer, so we used the "Little Wing" recording. Additionally,
participants were asked to bring their guitar and amplifier.

The room we used is a university music performance space
with an audience capacity of 90 people. We simulated perfor-
mance by removing the guitar stem from the reference song and
playing that backing track on the room speakers. Using recorded
audio rather than bringing a drummer, bassist, and vocalist makes
our test less realistic, but still yielded useful early findings for
the design and effectiveness.

Laptop

Amp
Guitarist

Speaker

Figure 7: Room setup for SoLAR test. Annotated: MacBook
Pro (2019) laptop running SoLAR using internal micro-
phone, Marshall amplifier, (anonymized) guitarist, and
speaker playing background track. The SoLAR GUI took
up the full screen so the player could clearly see the text
and icons (please see figure 6 and figure 9).

We set a laptop computer running the SoLAR interface in
the room’s listening space. Then, each guitarist followed the
instructions on the interface screen. Each guitarist played their
guitar to the backing track. Notably, they could improvise their
part and were not required to replicate the guitar playing from
the reference track. Please see figure 7 for the room setup. We

sat in the listening area and observed how easily the guitarist
could read and understand the instructions, how they adapted to
the recommendations, how well the timing on the state machine
worked, and whether the recommendations seemed appropriate
given the soundwe could hear.We also asked thewaiting guitarist
to sit with us for additional listener feedback. The first guitarist
performed three soundchecks on "Layla", and the second guitarist
performed two soundchecks on "Little Wing".

10 Feedback and Interface Redesign
We interviewed the two guitarists at the same time in a conver-
sation after the study concluded with the following questions:

• (to both the player and the listener)Were the final loudness
levels consistent between trials?

• (to both the player and the listener) Did the final loudness
levels sound correct for the reference track?

• Would you change anything about the interface?
In response to the first question, both guitarists found the final

loudness levels to be consistent between trials, as in soundcheck
one for "Layla" resulted in a similar guitar loudness as soundcheck
two and three (same for "Little Wing"). In response to the second
question, both the player and the listener said that the guitar was
too loud on the "Layla" soundcheck, but that the guitar was the
right loudness on the "Little Wing" soundcheck. We attribute the
excessive loudness in "Layla" to the fact that the live recording
has two guitarists, and Demucs groups both guitars into the
"other" category, creating a much louder sound than one guitar.

Starting System
10s

Listening (hidden)
5s

Recommending
10s

Processing (hidden)
<9s

Figure 8: States and timing (in seconds) for redesigned GUI
screens

When asked about changes to the interface, both guitarists
advocated for an interface redesign. Both guitarists reported
that having too much feedback, both in the form of text and
a loading bar, was distracting when they were trying to play.
Both guitarists agreed that they did not need a screen to tell
them to start playing or that the system was "listening" because
they would be playing their guitars by default. Therefore, both
guitarists suggested a system that only displayed information
when there was an actionable recommendation (turn up or turn
down) and a blank screen otherwise.

We redesigned the interface to remove the unnecessary vi-
sual information. Please see figure 8 for the updated FSM and
figure 9 for a sample of the updated GUI screens. We showed
the redesigned interface to the two study participants, and both
participants agreed that the new interface incorporated their
feedback from the usability study and improved on the previous
design.
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turn UР!

Get Ready... 5

Figure 9: RedesignedGUI screens. From left to right and top
to bottom: get in position, listening/processing (hidden),
instruction to turn up amplifier. Please note that these
screens and icons are made large to be visible from far
away.

11 Conclusion
We introduced SoLAR, a system that gives mixing recommen-
dations directly to a guitarist. We demonstrated that SoLAR’s
recommendations work in a simulated environment by both re-
turning an adjusted guitar gain to the reference gain and outper-
forming two baseline recommendation policies. We also found
promising results in a small-sample live test. We followed an
iterative interface design process and found that a condensed
system was preferred when designing our GUI.

Future work on SoLAR will involve scaling to more instru-
ments/effects and conducting a larger user study with a full band,
both to find the general effectiveness of the mixing recommen-
dations and to iterate further on the GUI design. Improvements
to SoLAR could focus on more extensive testing with capabili-
ties of a laptop microphone, more study participants, scenarios
where the reference track differs from the performance track,
and runtime efficiency improvements in source separation.

12 Ethical Standards
We obtained IRB approval for our usability study and obtained
informed consent from all participants. We needed to ensure that
participants were proficient guitar players to properly utilize
SoLAR, so we selected from people the first author personally
knew who were skilled at guitar. In order to combat bias, the first
author was careful not to show the interface to participants before
the study. We avoided questions that would clearly introduce
bias (such as "would you use this").
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