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ABSTRACT

A slider is a small low-rank update to a frozen music gener-
ator whose strength is chosen at sampling time, so that one
prompt and one seed can be nudged along a single axis:
a little happier, a little fuller, a little brighter. Sliders bor-
rowed from image diffusion are usually judged by whether
the output drifts toward the right words in a text—audio em-
bedding. We ask what that leaves out. On Stable Audio
Open and ACE-Step we test whether a property measured
from the waveform follows the slider, whether two unre-
lated quality predictors still hear music, how much of the
original piece survives, and what else moved. Two slid-
ers pass the embedding test and fail the waveform test. A
trained slider matches prompt-pair guidance at a third of
the cost, and interpolating the prompt breaks the audio. We
then let real music choose the axes: independent compo-
nents of embeddings of 14,985 recordings include arousal
and valence, and the generator’s own output spans only 28—
83% of the real spread along them. Sliders trained along
these axes, from the axis’s own tags or with no text at all,
follow them on held-out prompts (rank correlation up to
0.91) and carry a clip across the mean of real music while
both quality predictors stay level.

1. INTRODUCTION

Anyone who has worked with a text-to-music model knows
the moment. The clip is good, almost right, and you want
it a little happier, or a little fuller, or with richer harmony.
The only control you have is the prompt, and rewriting it
hands you a different piece. What a musician wants here
is closer to a knob than a sentence: keep the prompt, keep
the seed, and move the result along one axis by an amount
you choose.

Image diffusion already has such knobs. Concept Slid-
ers [1] train a low-rank adapter whose scale is set at infer-
ence time, and SliderSpace [2] goes further and discovers
the axes themselves. Both ideas have crossed into audio,
mostly as baselines [3,4]. In that work a slider counts as
working if the output moves toward the attribute text in a
joint text—audio embedding and stays close to the original.

For music this leaves a lot unmeasured. An embedding
can move while the thing a listener would name does not;
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we will show two sliders for which exactly this happens.
A slider can also reach its target by wrecking the clip, and
similarity to the original says nothing about whether what
remains is still music. Nothing in the score says what else
moved. And the axes themselves are chosen by whoever
writes the prompt pair, with no evidence that these are the
directions along which music varies, or that the generator
can reach their ends at all.

This paper is about measuring those things, and about
what happens when you let real music pick the axes in-
stead. We work with two open generators of different
design, a 50-step latent diffusion model and an 8-step
rectified-flow model, and with a third as a check. Our con-
tributions are:

1. A measurement protocol for music sliders. Ev-
ery control is scored on a waveform descriptor fixed
in advance, in two unrelated embedding models, by
two unrelated quality predictors anchored to real
recordings, on similarity to the unsteered piece, and
on what else it moved. Effects are reported only over
the usable span, the positions at which quality has
not yet dropped.

2. A comparison of four ways to move the same at-
tribute. A trained slider reproduces prompt-pair
guidance with one forward pass per step instead of
three; activation steering is a real competitor; inter-
polating the text conditioning fails.

3. Axes taken from real music, and how much of
them a generator covers. Independent compo-
nents of embeddings of 14,985 recordings include
the arousal and valence of the circumplex model [5].
ACE-Step’s output over 648 prompts spans 28—-83%
of the real spread along them, and Stable Audio
Open looks the same.

4. Sliders along those axes, trained two ways. From
a prompt pair made of the axis’s own tags, and with
no text from two sets of the generator’s clips. Both
follow the axis. The first moves further; the second
keeps more of the piece, moves less of everything
else, and a graded form of it reaches £2.

We also report what did not work, because the negative
results shape the method: training directly between sets of
real recordings, and principal axes of the generator’s own
activations, which turned out to describe production rather
than music.
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2. RELATED WORK
2.1 Sliders and steering

Concept Sliders [1] train a LoRA [6] so that its out-
put matches the frozen model’s prediction shifted along
the difference between a positive-prompt and a negative-
prompt prediction. SliderSpace [2] drops the prompt pair,
takes principal components of CLIP embeddings of many
images of one concept, and trains one adapter per compo-
nent. Measured Sliders [7] define image sliders by differ-
entiable measurements and hold the other measurements
still; we borrow their selectivity score.

In audio, FreeSliders [3] apply the Concept Sliders tar-
get at inference time without training, across image, video,
and audio models; most of their audio concepts are sound
effects. TADA [4] steers the cross-attention activations
of audio diffusion transformers with vectors from prompt
pairs, or from sparse-autoencoder features selected with
prompt pairs. Facchiano et al. [8] compute difference-
in-means vectors for tempo and timbre; AnchorSteer [9]
learns text-free concept modules on self-generated clips;
Singh et al. [10] find and steer sparse features in autore-
gressive music models. All of these score a control by
text—audio alignment and by perceptual distance to the un-
steered output. TADA checks two concepts against a de-
scriptor, and Wang [11] shows with a key estimator and
a beat tracker that apparent obedience to an instruction
can be the model’s prior. We are not aware of work that
scores every control against a waveform property fixed in
advance, compares it with plain signal processing, or re-
ports what else moves.

2.2 Where axes come from, and how much of them a
model covers

In image diffusion, principal components of a U-Net’s bot-
tleneck activations turn out to be semantic [12,13]. Guinot
et al. [14] learn sparse features of music embeddings to
steer retrieval, and independent components of embed-
dings are known to read more cleanly than principal ones
[15]. We found no work that takes axes from embeddings
of real music and trains generator controls along them.

Diversity against real music is usually one number per
model, such as recall and coverage in an embedding space
[16]. Slendebroek and Metaxa [17] compare two commer-
cial systems with human recordings on hand-built signal
features and report homogenisation. Our comparison is per
axis, on axes learned from real recordings, for open mod-
els that a slider can then be trained on. RIME [18] builds
paired edit data by applying effects with known parame-
ters; we use such effects the other way round, as a baseline
a learned control has to beat.

3. SLIDERS AND HOW WE TRAIN THEM
3.1 Backbones

Two frozen text-to-music generators sit behind one inter-
face. Stable Audio Open 1.0 [19] is a latent diffusion
transformer with a v-prediction objective, sampled with

DPM-Solver++(2M) for 50 steps at guidance 7. ACE-
Step 1.5 XL turbo [20] is a rectified-flow transformer,
2y = (1 —1t)xz+te with the network predicting € — xq, dis-
tilled to 8 Euler steps with no guidance. Everything below
is written for a generic prediction fy(z¢, t, ¢) and applies to
both. Stable Audio 3 small appears once, as a check that
nothing depends on the first two.

3.2 Asslider

A slider is a set of low-rank updates, one per linear layer in
the attention and feed-forward blocks. With position s € R
a layer computes

y:Wx—i-s%BAac, (1)

with » = 4 and o« = 1. The position is read at every
forward pass and can differ per sample, so one batch can
hold a clip at several positions. Sliders add, and a slider
can be switched on only for ¢ < ¢y, which we call gating.

3.3 Training from a prompt pair

Let ¢t and ¢~ be a base prompt ¢ with a phrase for
each end of the attribute appended, say “happy, joyful”
and “sad, melancholic”. Following Concept Sliders, for
s € {+1, —1} the slider is trained so that

fa,s(ztatac) ~ fa(Zt,t,C)
+ s (f@(zt7tac+) - fg(Zt,t,C_))7

with the right-hand side from the frozen model. The state
z¢ comes from sampling for a random number of steps with
the slider active, so the slider learns on states it will visit.
We use n = 4 for Stable Audio Open and n = 2 for ACE-
Step, 1,000 iterations, and 48 training prompts that share
nothing with the evaluation prompts.

@

3.4 Training from two sets of clips

The second trainer never sees text. Given two sets H and
L of latents, we minimise the generator’s own denoising
loss with the slider at +1 on H and at —1 on L:

Eaoer || fo,41(2e:t,¢) — qu
+Eyper ||fa,_1(2t,t,c) — u||2’

where u is the regression target for (zo, ¢,t). One update
serves both ends with opposite sign, so to first order what-
ever the two sets share pulls the update in opposite direc-
tions and cancels. What remains is the difference between
the sets. We build H and L from the generator’s own out-
put: generate a corpus, measure something on every clip,
and take the top and bottom 20-30% within each prompt,
so that no prompt is a shortcut for “high”. The measure-
ment can be a signal descriptor, a quality score, or the pro-
jection on a direction in an embedding space, and it can
be residualised against other measurements first so the two
sets differ in the target and little else. Nothing has to be dif-
ferentiable through the decoder or the embedding model.
A graded variant trains every clip at its own position, its
standing inside its prompt scaled so that the two tails aver-
age +1, drawing clips far from zero more often.

3
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3.5 Where the axes come from

We take directions from three places. (i) Principal compo-
nents of CLAP embeddings of 1,024 clips of one concept,
as in SliderSpace. (ii) Principal and independent compo-
nents [15] of CLAP [21] and MuQ-MuLan [22] embed-
dings of 14,985 real recordings from FMA [23], after drop-
ping the 40% most vocal clips and removing each genre’s
mean, so that an axis describes how recordings of the same
genre differ. (iii) Principal components of the generator’s
own activations: the mean cross-attention output of every
block for 768 clips, with each prompt’s mean removed.

3.6 Other ways to move an attribute

Under identical prompts, seeds, and sampler we also run
the right-hand side of Eq. (2) directly at every step, which
is the training-free recipe of FreeSliders and costs three
forward passes per step; activation steering, which adds the
mean difference in cross-attention output between ¢t and
¢~ to every block [4]; interpolation of the text conditioning
toward ¢t or ¢~; and, where one exists, a conventional
effect applied to the unsteered clip.

4. WHAT WE MEASURE

For each prompt and seed we render the same initial noise
at every slider position and call the result a trajectory. Un-
less stated, every number uses 24 prompts held out from
training, three seeds, and ten-second clips.

Does a measured property follow the slider? Each
slider is paired, before any training, with a descriptor com-
puted from the waveform with no learned model in the
loop: spectral centroid, onset rate, beat-tracked tempo
[24], energy decay time, percussive energy share, low-
band and stereo-side energy ratios, key clarity, major-
minus-minor key fit, harmonic change rate. We report the
mean Spearman correlation between position and descrip-
tor over trajectories (p), the share of trajectories whose two
ends are in the intended order, and the change in units of
the descriptor’s standard deviation across unsteered clips.

Does a second model agree? The projection of each
clip on the slider’s text direction is computed in CLAP and
again in MuQ-MuLan, which shares no weights or training
data with it.

Does it still sound like music? Every clip is scored by
Audiobox Aesthetics [25] (content enjoyment, CE, on a 1—
10 scale) and by SongEval [26] (musicality, 1-5), a head
on MuQ features trained on human ratings of generated
songs. Both are anchored by 2,000 excerpts of real record-
ings, so that a number means something. The usable span
of a slider is the set of positions, walking outward from
zero, over which mean CE stays within 0.5 of the unsteered
clips. Effect sizes are reported inside it, which stops a
slider from being credited for change it only achieves by
destroying the clip.

How much of the piece survives? CLAP similarity
between each clip and the same trajectory at position zero.

What else moves? The slope of every descriptor
against position, in standard deviations per unit, for every

slider: a leakage matrix. A panel of 80 instrument, genre,
mood, and character tags, scored in CLAP, puts the change
into words.

Coverage. For a direction d found in real recordings,
the coverage of a generator is the standard deviation of
its clips’ projections on d divided by that of the record-
ings. We report it over all prompts, and again after remov-
ing each prompt’s mean from the generated clips and each
genre’s mean from the recordings, which is what chang-
ing only the seed can reach. A slider’s reach along d is
reported in the same unit.

5. RESULTS
5.1 Do the named sliders do what their names say?

First the yardstick. Content enjoyment averages 6.12 over
2,000 real recordings, 6.95 for unsteered ACE-Step clips
and 6.04 for Stable Audio Open. A slider that drops a clip
well below the real-music mean has left the region where
the change it made is worth having.

Table 1 and Figure 1 report eight ACE-Step prompt-pair
sliders over nine positions. Where a descriptor was as-
signed in advance it rises with the slider, and MuQ-MuLan
agrees with CLAP on the direction for all eight. The tag
panel says the same in words: the mood slider raises happy
and lowers dark-toned. Enjoyment stays above the real-
music mean across the range for every slider but tension,
which collapses past +1, and that is where its usable span
ends. SongEval, trained on different data, tells the same
story: unsteered clips score 2.77 in musicality against 2.78
for real recordings, the usable span it implies is identical
for six of the eight sliders and half a step wider for the
other two, and the two predictors agree over clips with
Spearman 0.52-0.67. The recipe carries over unchanged
to Stable Audio 3 small, where six sliders at 600 iterations
all move their descriptor (p 0.34-0.84, four with at least
96% of trajectories ordered), with the ungated quality cost
of a 50-step model.

5.2 Four ways to move the same attribute

Table 2 runs the alternatives on the same prompts and
seeds. The trained slider reproduces prompt-pair guidance,
which is after all its own training target, with one forward
pass per step instead of three: it scores higher on bright-
ness and harmony and lands inside the confidence interval
everywhere else. Activation steering turns out to be a real
competitor. It is within 0.05 of the slider on four of six
descriptors and keeps more of the piece (0.83—0.87 against
0.74-0.84), while the slider moves its descriptor further on
brightness, ensemble, and harmony. Interpolating the text
conditioning has the lowest correlation on every attribute
and breaks the audio at the ends.

5.3 The embedding says yes, the waveform says no

On Stable Audio Open, sliders trained from the prompt
pairs for note density and for percussion move the output
along their CLAP direction at every setting. Neither moves
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Slider Descriptor p Ordered MuQ p Span Moved Kept CEp CEcngs
brightness  centroid_oct 0.97 1.00 0.80 -1.0to+2.0 441 074 695 6.04
density onset_rate 0.78 0.92 0.86 -0.5t0+2.0 125 084 6.95 6.09
mood majorness 0.39 0.75 0.88 -1.0to+2.0 0.87 0.79 6.95 6.65
harmony harmonic_change 0.41 0.76 073 -15t0+2.0 0.84 0.83 6.95 6.64
groove - - - 0.56 -15t0+2.0 - 079 695 6.88
ensemble  pc 0.60 0.90 0.77 -15t0+2.0 092 0.80 6.95 6.56
tension - - - 086 -1.5t0+1.0 - 083 695 5.64
melody key_clarity 0.48 0.78 0.89 -1.0to+2.0 097 0.80 6.95 6.47

Table 1. Prompt-pair sliders on ACE-Step 1.5 XL turbo. p: mean rank correlation between position and descriptor.
Ordered: share of trajectories with correctly ordered ends. MuQ p: the same correlation for the MuQ-MuLan direction
score. Span: usable span. Moved: descriptor change over the span in standard deviations of unsteered clips. Kept: CLAP
similarity to the unsteered clip at the ends of the span. CE: content enjoyment unsteered and at the extreme positions.

Does the measured descriptor follow the slider?
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Figure 1. ACE-Step: change in each slider’s descriptor against position, in standard deviations of unsteered clips, for
prompt-pair sliders (blue) and sliders trained between two sets of clips (pink). Shaded bands are 95% intervals over

trajectories.

its descriptor: the rank correlation with onset rate or per-
cussive share never exceeds 0.37. Scored by embedding
alone, both would have been reported as working. The de-
scriptor has to be sound as well. With a tempo estimate
prone to octave errors the tempo slider scored p = —0.01;
with a beat tracker it scores 0.57 and moves the mean
tempo from 90 to 167 BPM.

Something similar shows up when the training recipe
changes. Retraining the mood slider with rank 16, with
a doubled guidance multiplier, on cross-attention only, or
for three times as long leaves the CLAP direction score at
0.92-0.93 in every case, while the descriptor correlation
ranges from 0.29 to 0.52. The embedding cannot tell these
sliders apart; the waveform can.

5.4 Leaving the first steps alone

On the 50-step model a slider at -1 takes the piece with it.
Switched on only from step 21, the brightness slider keeps
1.41 of its 2.37 standard deviations of range, similarity to
the unsteered clip rises from 0.67 to 0.85, and the loss in

enjoyment falls from 1.0 to 0.3 points (Table 3). The earli-
est steps decide the layout of the piece; a slider that leaves
them alone keeps it.

5.5 What else moves, and cancelling it

Sliders are not clean. The mood and melody sliders both
raise the spectral centroid by 0.8 standard deviations per
unit, and several raise loudness. A measured leak can be
cancelled with a second slider: adding the brightness slider
at —0.53 and —0.55 times their position brings the leak
to —0.02 and +0.09 and raises similarity to the unsteered
clip at £1 from 0.85 to 0.90 and from 0.87 to 0.92. The
CLAP direction correlation drops too, from 0.92 to 0.69
and from 0.93 to 0.72, which suggests that part of what the
embedding scores as happier or more melodic was simply
brightness.

5.6 Axes that real music chose

Fitted on two random halves of the recordings and matched
one to one, the leading eight axes agree with mean co-
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Slider Guidance Act. steer. Interp.

Slider p MuQ p MuQ p MuQ p MuQ
brightness 097 0.80 0.89 0.81 093 0.81 049 0.35
density 0.78 0.86 0.74 0.81 0.71 0.86 0.10 0.38
mood 039 0.88 045 0.87 041 0.88 025 0.63
harmony 041 0.73 0.08 0.68 024 0.72 -0.01 0.23
groove - 0.56 - 071 - 058 - 0.12
ensemble 0.60 0.77 055 0.75 058 0.67 025 0.25
tension - 0.86 - 0.88 - 091 - 0.69
melody 0.48 0.89 051 0.83 053 0.83 031 0.38
CE at ends 6.37 6.54 6.52 4.95

Passes per step 1 3 1 1

Table 2. Four ways to move the same attribute on ACE-
Step, same prompts and seeds. p: rank correlation of po-
sition with the waveform descriptor (— where none was
assigned); MuQ: with the MuQ-MuLan direction. CE at
ends: mean content enjoyment at the two extreme posi-
tions, averaged over sliders.

On after Moved CLAP Chroma CE

0 237 0.67 0.68 5.15
10 211 071 0.71 5.34
14 198 0.74 0.74 5.45
21 141 085 0.84 5.87
29 042 097 0.97 6.08

Table 3. Timestep gating for the brightness slider on Sta-
ble Audio Open at positions +1: descriptor moved (std),
CLAP and chroma similarity to the unsteered clip, content
enjoyment. Unsteered CE is 6.16.

sine 0.98 (MuQ-MuLan, principal), 0.94 (CLAP, princi-
pal), 0.90 (MuQ-MuLan, independent), and 0.83 (CLAP,
independent). Of 1,024 sparse-autoencoder features on
CLAP, only 9 are found by two seeds. A harder test refits
the axes on 47,942 further recordings from a different slice
of the archive: the leading subspace carries over (the top 32
directions overlap 97%) while single axes rotate inside it,
and the matched cosine of the MuQ-MuLan independent
components falls to 0.61.

The independent components of MuQ-MuLan are the
ones that read like music. One runs from quiet, minor-
key, and dreamy to aggressive, dry, and rhythmic; an-
other from dark and distorted to playful and simple. These
are recognisably the arousal and valence of the circum-
plex model [5], and nobody asked for them. Others con-
trast jazz with electronic music, plucked and bowed strings
with synthesizer and choir, and piano with organ and rock.
Arousal, valence, and the jazz—electronic axis reappear in
the second corpus with the same tags (cosine 0.65-0.76);
the strings—synthesizer axis does not.

5.7 How much of real music does a generator cover?

Along every one of these axes the generator is narrower
than real music (Figure 2). Over 648 prompts crossing
genre, instrument, and mood, ACE-Step spans 28—-83% of
the real spread; seeds of a single prompt span 38—69% of
what recordings of one genre span. The average generated
clip sits 1.35 standard deviations toward the quiet end of

Axis From p Ord. Real Seeds Kept CE Mus.
acoustic/electr. sets 0.55 0.93 0.64 148 0.86 7.11 2.68
arousal pair 091 1.00 1.85 335 0.80 6.84 2.71
arousal sets  0.82 0.99 1.19 2.14 0.84 7.13 2.70

classical/funk sets 0.64 096 0.77 1.65 0.85 7.12 2.69
jazz/electronic pair 0.86 0.97 1.86 3.78 0.82 7.06 2.72
jazz/electronic sets 0.61 0.94 0.61 123 0.87 7.09 2.70
piano pair 0.78 097 1.56 293 0.80 6.78 2.74
piano sets  0.63 096 0.75 142 0.87 7.08 2.69
strings/synth ~ pair  0.80 0.97 1.78 3.28 0.73 6.70 2.64
strings/synth  sets 0.40 0.82 0.44 0.81 0.87 7.09 2.69
valence pair 042 0.75 0.86 1.71 0.85 6.75 2.67
valence sets  0.50 0.93 0.62 1.23 0.87 7.07 2.73

Table 4. Sliders along axes of real music on ACE-Step, po-
sitions —1 to +1. From: a prompt pair made of the axis’s
tags, or two sets of the model’s clips. p, Ord.: rank corre-
lation between position and the output’s projection on the
axis, and share of trajectories with —1 and +1 in the right
order. Real, Seeds: movement along the axis between —1
and +1 in standard deviations of real recordings and of one
prompt’s seeds. Kept: CLAP similarity to the unsteered
clip. CE, Mus.: enjoyment and SongEval musicality at £1
(unsteered: 6.95 and 2.77).

the arousal axis and 1.36 toward the playful end of the va-
lence axis. On CLAP’s first three principal axes ACE-Step
covers 35-39% and Stable Audio Open 48-52%, from dif-
ferent training data and a different architecture. The top
eight principal directions of the generated corpus contain
only 31% of the top eight of the real one: the directions
along which generated clips differ most are mostly not the
ones along which recordings do.

5.8 Sliders along real-music axes

We turned the axes into sliders in two ways (Table 4). The
set trainer takes the top and bottom 20% of 24 seeds per
prompt along the axis. The second route is simpler than
it sounds: read the tags at the two ends of an axis and
use them as the prompt pair in Eq. (2). For arousal these
are “quiet, dreamy, melancholic, minor key” and “aggres-
sive, energetic, rthythmic, dry”, words that an independent
component of real-music embeddings supplied. Either way
the output is scored by its projection on the axis from real
recordings, in standard deviations of those recordings.

All twelve sliders follow their axis. The prompt pair is
the stronger route on four of five axes, with rank correla-
tions of 0.78-0.91 and 1.6-1.9 standard deviations of real
music between —1 and +1. Unsteered clips sit 1.21 stan-
dard deviations toward the quiet end of the arousal axis;
the slider takes the same prompts and seeds across the
real-music mean to —0.26 at position —2, and to +2.16
at +1, where its usable span ends. For scale, the stan-
dard deviation of the generator’s whole output over 648
prompts on this axis is 0.83. The set-trained sliders move
less (0.44-1.19), keep more of the piece (0.84—0.87 against
0.73-0.85), and hold both quality scores level at both ends;
on valence they are also the more reliable (93% of trajec-
tories ordered against 75%).



Manuscript in preparation for ISMIR 2027. Not yet peer reviewed.

The model explores less of each musical axis than real music does

Axes: indep of MuQ-MuLan

quiet, minor key / aggressive, dry

piano, melancholic / organ, rock

acoustic guitar, electric guitar / reverberant, choir

jazz, saxophone / electronic dance, synthesizer

latin, tense / hip hop, loud

dark, metal / playful, pop

happy, simple / tense, dark

vocals, straight / slow, jazz

vocals, sad / electronic dance, techno

hip hop, rhythmic / rock, bass guitar

of 14,985 FMA recordings. Model: ACE-Step 1.5 XL turbo, 15,552 clips.

® all 648 prompts real music
® one prompt, many seeds (real music: one genre)

0.2 0.4 0.6 0.8 1.0

spread of generated clips along the axis, as a fraction of the spread of real recordings

Figure 2. How much of each real-music axis 15,552 ACE-Step clips span, as a fraction of the spread of real recordings,
over all 648 prompts (blue) and for one prompt with many seeds (orange). Each axis is labelled by the tags at its two ends.

5.9 Each trainer moves what it was trained on

Sorting clips by a waveform descriptor, residualised
against loudness, brightness, and enjoyment, gives slid-
ers that are selective. Over positions —1 to +1 the set-
trained harmony slider reaches p = 0.72 on harmonic
change rate with selectivity 6.6, against 0.27 and 0.8 for
the prompt-pair slider; density and ensemble show 4.7 and
2.4 against 1.5 and 1.5. The embedding tells the oppo-
site story. The MuQ-MuLan text direction for harmony
follows the prompt-pair slider (p = 0.63) and ignores the
set-trained one (—0.07). Neither kind of score can stand in
for the other, which is the point of measuring both.

Set-trained sliders stop at £1. Beyond it, similarity falls
below 0.72 and musicality drops by 0.3-0.5 in both direc-
tions while CE stays flat, a failure only the second predic-
tor sees. The graded variant removes the cliff: six sliders
retrained this way are usable from —2 to +2 under both
predictors, with energy moving spectral flux 1.75 standard
deviations across that range and arousal 1.46 standard de-
viations of real music, at the cost of slightly less move-
ment inside 1. Tempo did not become a slider either way
(p = 0.06).

5.10 What did not work

Axes inside the generator. We hoped the generator’s own
activations would give musical axes without any embed-
ding model. Eight principal axes carry 90% of the within-
prompt variance of ACE-Step’s cross-attention outputs and
reproduce across disjoint prompt sets (0.82). Steering
along the first two raises level and lowers spectral flatness
(p = 0.77 and —0.64) and moves tags from lo-fi toward
complex and live: these are production axes. The other
six leave at least 95% similarity to the unsteered clip at
twelve natural standard deviations and act differently from
prompt to prompt (consistency 0.10-0.21). Unlike the im-
age case [13], the leading directions here describe polish;
arousal, valence, and instrument contrasts only appeared in
embeddings of real music.

Training between sets of real recordings. With H and
L drawn from the recordings themselves, the slider dam-
aged the clip equally in both directions. A penalty tying
the mean of its predictions at 1 to the frozen model re-
moved the damage and left almost no steering: tempo did
not move and major-minor fit went from 0.09 to 0.15. Real
recordings sit off the generator’s distribution and the mis-
match swamps the loss, so real music served to find the
axes and the generator’s own clips to train along them.

6. LIMITATIONS AND OUTLOOK

No listening test was run. Every claim about quality rests
on two learned predictors and every claim about meaning
on signal descriptors and tags, and these are proxies: en-
ergy decay time is confounded by sustained instruments,
and SongEval was trained on songs with vocals. Most clips
are ten seconds long. The usable-span tolerance of 0.5 CE
is a choice. Coverage depends on our prompt list and on
FMA as the sample of real music, and both embedding
models were trained on real recordings, so generated audio
may be slightly out of their distribution. Axis labels come
from an 80-word vocabulary, and a different vocabulary
would name the same direction differently. The internal-
axis result is for token-averaged cross-attention outputs of
an eight-step distilled model; other sites in the network
may hold what this one does not.

What we take from the study is a way of working rather
than a set of sliders. Decide what a control should change
before training it, measure that thing from the waveform,
let a quality model anchored to real recordings say how far
the control may be pushed, and let real music, rather than
a prompt writer, suggest which axes are worth a control at
all.

7. ETHICS STATEMENT

The real recordings used to find axes come from the Free
Music Archive, which is released under Creative Com-
mons licenses, and only embeddings and direction vectors
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derived from them are redistributed. The generators are
open-weight models used under their licenses. Sliders of
this kind lower the effort needed to produce many varia-
tions of a generated piece; they do not change what the un-
derlying models can produce, and they inherit those mod-
els’ biases, including the narrowness along musical axes
that this paper measures. We release code, trained sliders,
and the evaluation clips so that the measurements can be
checked and extended.
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