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Abstract

Neural audio synthesisers like RAVE enable high-quality generation, but designing effective control
interfaces requires understanding where musical features are encoded and whether those encodings can
be manipulated. We present evidence that these questions yield different answers: neurons that "know
about" a feature are not necessarily the neurons that control it. Through analysis of three RAVE models,
we identify functionally-coherent neuron groups that encode BPM more strongly than individual
layers. However, manipulation experiments across 288,000 samples find little compelling evidence
for a relationship between control and encoding (all |p| < 0.16, n.s.). Encoding strength instead
predicts effect magnitude, with the direction feature-dependent. We find strongly BPM-encoding
groups produce larger effects (cross-layer clusters p = +0.24; layer-wise p = +0.50), while strongly
pitch-encoding layers produce smaller effects (layer-wise p = —0.28). Scaling whole layers achieves
superior control, emerging as the best method across over 6 x as many feature/section combinations
as clustering, whereas clusters provide nearly 4 x better efficiency and stronger magnitude.

1 INTRODUCTION RQ2: What neuron selection strategies provide effective con-

trol over audio features in neural synthesiser network
Recent advances in neural audio synthesis have enabled bending?
real-time, high-fidelity music generation through models
like RAVE ( s ), EnCodec (

R ), and SoundStream (

These variational autoencoder (VAE)-based archltectures
learn compressed latent representations that can reconstruct
audio with perceptual quality rivalling traditional synthesis
methods. For musical performance, these models offer
exciting possibilities, however, understanding how to effec-
tively manipulate their internal representations for creative

control remains largely underinvestigated.

RQ3: How do controllability, efficiency, and robustness trade
). off across selection methods and audio features?

We investigate these questions through two complementary
studies. Study 1 examines feature encoding through layer-
wise and cross-layer cluster analysis of three RAVE models
(trained on strings, drums, and vocals) across four stimulus
types. We identify where pitch and tempo are encoded by
correlating feature change with activations and test whether
cross-layer clustering can reveal distributed encodings that

A natural approach is to first identify where musical fea-
tures are encoded in the network, then target those loca-
tions for manipulation. If we know which decoder layers
or neurons represent pitch, tempo, or timbre, we could
design control interfaces that directly modify those repre-
sentations. This 1nterpretab111ty first strategy has proven
effective in computer vision (

, ), where identifying feature- encodmg neurons
enables targeted manipulation.

However, this approach rests on the assumption that un-
derstanding where features are encoded helps us to control
them. We test this assumption through systematic analy-
sis of RAVE decoder activations, followed by large-scale
manipulation experiments.

This paper addresses three research questions:

RQ1: Does interpretability analysis (identifying feature en-

codings) predict which neurons to target for manipula-
tion?

“code available at https://github.com/Louismac/network-
bending-clusters/

single-layer analysis misses. This provides grounding for
RQ1.

Study 2 tests whether these encodings translate into effec-
tive manipulation targets through network bending experi-
ments across 288,000 rendered samples, comparing layer-
wise selection, cross-layer clustering, and size-matched
random baselines to inform RQ2. To address RQ3, we
measure controllability as how predictable the effect of
bending is on a given audio feature, magnitude as the size
of the effect in relation to user input and efficiency as the
number of neurons needed to be bent make that change.

We contribute findings that:

¢ Circuit coherence trumps neuron targeting. Layer-
wise selection provides strongest controllability for
most features, suggesting that maintaining consistent
relationships among co-activated neurons matters more
than identifying feature-encoding subsets.

¢ Encoding does not predict control, and its relation-
ship with magnitude depends on feature For both se-
lection methods, encoding strength shows no meaning-
ful correlation with controllability (all |p| < 0.16, n.s.).
It does correlate with effect magnitude, but the sign



varies: strongly BPM-encoding groups produce larger
effects (cross-layer clustering p = +0.24, p < 0.01;
layer-wise p = +0.50, p < 0.001), whereas strongly
pitch-encoding layers produce smaller effects (layer-
wise p = —0.28, p < 0.01). This suggests correlation-
based methods identify neurons that carry feature in-
formation without being reliable control points.

* Controllability and magnitude are largely indepen-
dent. The cluster-based methods provide higher mag-
nitude effects across features and intervention points
while layer-wise selection provides higher controlla-
bility. Practitioners must choose: reliable control or
maximal effect, but rarely both from the same subset.

e Controllability and efficiency trade off. Sparse
cluster-based interventions achieve greater effect per
neuron in late layers but less predictable control than
dense layer-wise manipulation. Learned clusters iden-
tify high-leverage neurons, but this targeting does not
translate to superior control.

* Structured methods sacrifice robustness of effect
size. Controllability degrades similarly for all methods
under distribution shift (A=—0.03 to —0.04), leaving
layer-wise ahead in both conditions. Magnitude, how-
ever, degrades in proportion to how much structure a
method assumes: cross-layer clustering loses 15% of
its effect size out-of-distribution, random matched 9%,
and layer-wise none.

2 RELATED WORK
2.1 Neural Audio Synthesis

Recent neural audio compression models learn compact
latent representations enabling high-quality generation.
SoundStream ( R ) introduced resid-
ual vector quantisation, EnCodec ( s )
improved perceptual quality, and RAVE (

, )—the focus of our analysis—achieves real-time
synthesis through variational autoencoders with adversar-
ial training. While reconstruction quality is impressive,
internal representations remain underexplored.

Controllable generation has been pursued through struc-
tured latent spaces: DDSP ( s ) combines
learned representations with differentiable signal process-

ing; Music Transformer ( R ) and Juke-
box ( , ) use attention and hierarchical
VQ-VAE; Universal Music Translation ( ) )

enables style transfer via decoder manipulation. These
approaches primarily operate in latent space rather than
decoder activations. Our work examines how decoders
encode features internally, enabling fine-grained control
through targeted neuron manipulation.

2.2 Network Interpretability

Grouping neurons by functional similarity aids understand-

ing of network organisation. SVCCA ( , )
compares layer representations via canonical correlation,
while Neural Activation Patterns ( , )

groups inputs by activation profiles. Feature visualisa-
tion ( s ), deep visualisation ( s

), and network dissection ( , ) have es-
tablished activation-based interpretation as central to inter-
pretability research.

Work has formalised activation manipulation as causal in-
tervention. GAN Dissection ( , ) identifies

causal units through neuron clamping; causal mediation
analysis ( , ) tests pathways in language mod-
els; Geiger et al. ( s ) provide formal
frameworks for causal abstractions. We adopt this per-
spective, using manipulation experiments to test whether
correlation-identified neurons causally control musical fea-
tures.

2.3 Creative Control and Network Bending

Latent space navigation enables creative control:
GANSpace ( , ) discovers interpretable
directions via PCA, InterFaceGAN ( )
identifies attribute boundaries, and StyleGAN2 (

s ) demonstrates natural disentanglement. These
operate on latent codes rather than internal activations.

Network bending—intentionally manipulating network in-
ternals for creative effect—has gained traction in visual
art ( , ) but remains exploratory in audio

). Our work provides a
principled foundation by 1dent1fy1ng feature-encoding neu-
rons and testing whether targeted manipulation achieves
predicted effects.

3 STUDY 1: IDENTIFYING
FEATURE-ENCODING NEURON SUBSETS

3.1 Overview

RAVE models are well-suited for investigating neural au-
dio synthesis due to their comparative architectural sim-
plicity (aiding activation analysis) and real-time execution
(enabling expressive network bending). While these mod-
els converge best on homogeneous datasets with focused
timbres, they can successfully train on polyphonic, multi-
instrumental, arrhythmic, and even non-musical sounds.
This specialisation makes broad generalisations challeng-
ing. To balance focused internal validation against reliable
musical properties and externally valid real-world sounds,
we analyse three models across four datasets, yielding 12
combinations that span natural and synthetic sounds, in-
and out-of-distribution inputs, and a breadth of pitches and
tempos.

First, we examine per-layer correlations between decoder
activations and musical features, identifying baseline en-
coding strengths and testing for architecturally consistent
encoding across models. Second, we perform cross-layer
clustering to determine whether functionally-related neu-
rons spanning multiple layers encode features more coher-
ently than individual layers. In doing so, we are addressing
the limitation that per-layer analysis may not be able to
identify distributed functional groupings.

3.2 Method

3.2.1 Models and Stimuli

We analysed three RAVE models (44.1kHz, 128 latent
dimensions, 28 decoder layers):

* Strings: Solo string instruments (violin, cello, viola)
across various keys and BPMs

e Drums: Drum loops and percussion across various
BPMs

* Vocals: Isolated female vocals from popular music
(source-separated)



All models used identical architectures but different train-
ing data, allowing separation of shared architectural func-
tions from domain-specific adaptation.

We created four stimulus types: (1) in-distribution nat-
ural audio from each model’s training set, (2) out-of-
distribution natural audio (training samples from other
models), (3) synthetic pulse trains (4-second bursts at 60—
180 BPM), and (4) synthetic sine tones (pure tones across
24-96 MIDI notes).

3.2.2 Feature Extraction

We extracted features at time scales matching their acous-
tic properties. This includes continuous fundamental fre-
quency from a 100ms window of each 4-second segment,
capturing monophonic single-note events while avoiding
polyphonic content. Where accurate metadata was not
available, we also conducted BPM estimation via librosa
requiring longer windows to capture multiple beats and
establish periodic patterns.

3.2.3 Per-Layer Correlation Analysis

For each audio segment, we: (1) encoded audio through
RAVE, capturing activations at each decoder layer; (2)
averaged activations spatially and temporally to obtain per-
layer feature vectors; (3) computed Spearman correlations
between layer activations and acoustic features; and (4) re-
peated across all stimuli to obtain correlation distributions.
Throughout, we report absolute correlation coefficients |p|,
as encoding strength is relevant regardless of direction.

3.24 Cross-Layer Clustering Analysis

Per-layer analysis treats each layer independently, poten-
tially missing functionally-related neurons spanning mul-
tiple layers. To address this, we performed hierarchical
cross-layer clustering.

We divided the 28 decoder layers into three sections based
on architectural depth: early (layers 0-7), middle (layers
8-14), and late (layers 15+). This sectioning reflects both
architectural structure (early layers process compressed
latents, late layers generate waveforms) and our per-layer
findings.

Within each section we applied K-means clustering (k=6)
based on activation patterns across the audio corpus, group-
ing neurons with similar response profiles.

For each cluster, we computed the mean activation across
all member neurons, then correlated this cluster-level trajec-
tory with musical features. This differs fundamentally from
per-layer analysis. Rather than asking “does layer X corre-
late with pitch?”, we ask “does this group of functionally-
similar neurons spanning multiple layers correlate with
pitch?”

3.3 Results

3.3.1 Overall Encoding Strength

We found that for pitch and BPM (the two features mea-
sured), we found Pitch had a mean |p|=0.29, whereas BPM
came in with with a higher mean |p|=0.32.

3.3.2 Synthetic vs Natural Audio

When directly comparing synthetic and natural audio for
|p| using layer-matched paired Wilcoxon signed rank tests,

synthetic stimuli were encoded far more strongly than nat-
ural audio across all measures for pitch (100% of layer-
matched pairs saw rank-biserial r > 0.999; all p < 0.001)

3.3.3 Architecturally Consistent Encoding

Given our intention is to find localised intervention points
based on encoding strength, we first examined whether the
encoding strength of each layer was consistent across mod-
els and audio types. We computed Kendall’s coefficient of
concordance (W) over the rank ordering of layers by |p],
treating each model-dataset combination as an indepen-
dent rater. Significance was assessed via a permutation test
(5,000 permutations, shuffling each rater’s ranking indepen-
dently) and pooling all raters (N = 9 for Pitch Hz, N = 12
for BPM) across 28 layers, we found significant agreement
for both properties. Pitch Hz encoding strength showed
strong concordance (W = 0.32, permutation p = 0.0002),
while BPM encoding strength showed weaker but still sig-
nificant concordance (W = 0.14, p = 0.014). These
results indicate that which layers encode pitch is consider-
ably more consistent across models and datasets than it is
for tempo.

We also investigated whether specific decoder layers consis-
tently encode strongly features across models. We did this
by finding the top-5 strongest encoding layers across them
for each dataset. For temporal encoding, net .7 showed
consistency only for drum datasets and net . 19 for vocal
datasets. For pitch, net.19 also showed commonality
amongst the string dataset. No single layer consistently
encoded either feature across across all models and audio

types.

3.3.4 Feature Encoding Enhancement

For comparing clusters, we pick the best cluster per section
(after filtering out clusters that are less than 5 neurons) and
compare this against the best layer in the corresponding
section. Filtering prevents best selection picking a small
cluster that may have high correlation by chance.

For each cell, feature, and measure, we identified the best-
performing cross-layer cluster and the best-performing
single layer within that section, and computed their differ-
ence. We tested across cells with a Wilcoxon signed-rank
test. For natural audio, only tempo (BPM) showed a re-
liable cluster advantage for mean |p| (N=27 A + 11%,
r = +0.67, Fig 1).

3.3.5 Hierarchical Distribution of Top Clusters

We identified which sections contained the top-10 highest-
correlating clusters for each feature. Both showed a bal-
anced bimodal pattern. For Pitch Hz, the middle and late
section dominated with 8/10 top clusters, and BPM demon-
strated an early skew (8/10 in early and middle sections).

3.4 Discussion

3.4.1 Architectural Consistency and Content-Dependent
Processing

Our layer-level analysis suggests that neither pitch nor
tempo is consistently encoded in one particular site. Exam-
ining the top-5 strongest encoding layers across all three
models, consistency emerged only within stimulus types
rather than across them. That the same layer responds
well to different features for different audio sets points
to encoding that is content-dependent rather than feature-
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Figure 1: Delta of best layer vs best cluster per section

dedicated. Beyond this, the two features differ in how
reproducible their layer-wise profiles are. Pitch encoding
strength showed strong rank concordance across model—
dataset pairs whereas tempo was markedly less concordant
despite comparable overall encoding strength.

3.4.2 Robustness to Acoustic Complexity

Natural audio encoding despite acoustic complexity
demonstrates robust feature representations under realistic
conditions. While synthetic stimuli provided significant
improvements, natural audio maintained meaningful corre-
lations. The larger synthetic advantage for pitch suggests
pitch-based manipulations may degrade more substantially
with complex natural audio, while tempo-based network
bending may generalise more reliably across diverse con-
tent.

4 STUDY 2: TARGETING NEURON SUBSETS
FOR NETWORK BENDING

4.1 Overview

Study 1 identified that RAVE decoders encode pitch and
tempo, as well as results that suggest cross-layer clusters
can achieve stronger tempo encoding than individual layers.
These findings suggest natural manipulation targets, how-
ever, correlation with a feature does not guarantee causal
control over that feature.

To investigate this, Study 2 tests whether identified encod-
ing locations translate into effective manipulation targets
through large-scale network bending experiments.

This study differs from Study 1 in three ways. First, we ex-
pand from two features (pitch, tempo) to ten, adding spec-
tral and timbral properties (brightness, noisiness, spectral
width) that musicians typically wish to control. Pitch and
tempo make good targets for encoding analysis because
they can be systematically varied in synthetic stimuli with
known ground-truth values. Spectral features lack equiva-
lent natural scales but represent precisely the characteris-
tics musicians wish to manipulate. For example, it is more

challenging to construct a dataset that linearly increases in
“noisiness” while holding other properties constant. Sec-
ond, we use exclusively natural audio, as synthetic stimuli
are useful for isolating encodings but represent unrealistic
use cases for musical performance. Third, our success
metrics shift from encoding strength (correlation between
activations and feature values) to predictability, magnitude
and efficiency of intervention.

4.2 Method

4.2.1 Dataset

We evaluated three neuron subset selection methods for
their ability to provide reliable, bidirectional control over
audio features through activation scaling. Cross-layer clus-
tering groups neurons by activation pattern similarity cross-
layers within each network section (early, middle, late),
producing 6 clusters per section (18 total). The random
matched baseline uses random neuron selection matching
the exact sizes of cross-layer clusters, drawn from the same
pool of available neurons. This controls the size of the
cluster while testing whether activation-based grouping
provides benefits beyond random selection. Layer-wise
selection takes all neurons within individual layers, provid-
ing 28 distinct subsets corresponding to each decoder layer.
When needed, they are also grouped into early, middle and
late using the same mapping.

The comparison between cross-layer clustering and random
matched is not a complete baseline, as we used information
from the clustering process to determine random cluster
sizes. However, given the potential effect of neuron count
on outcomes, size-matching was necessary to isolate the
contribution of informed clustering versus random chance.

We rendered 100 samples from each natural audio dataset
(strings, drums, vocals) through each of the 3 models, ap-
plying activation scaling at levels of 0, 0.25, 0.5, 1 (orig-
inal), 2, and 4. This produced 288,000 samples (100 x 3
x 3 x 5 =4,500 per subset; (4,500 x 18) + (4,500 x 18) +
(4,500 x 28) = 288,000).



4.2.2 Features

We evaluated across 10 audio features: spectral cen-
troid (brightness), spectral rolloff (high-frequency content),
spectral bandwidth (spectral width), RMS energy (loud-
ness), RMS energy coefficient of variation (loudness sta-
bility), zero-crossing rate (noisiness), tempo, median pitch,
and pitch stability. Pitch was extracted only from vocal
and strings model outputs, as drum models do not reliably
produce pitched audio. Features were computed over entire
4-second clips (rather than the 100ms windows used for
encoding analysis) to capture larger-scale temporal effects
of bending.

4.2.3 Metrics

For each neuron subset, we computed controllability as
the Spearman correlation between log scale factor and the
resulting feature change (delta from the unmodified de-
coded audio). Using log scale factor ensures symmetric
treatment of amplification and attenuation (e.g., doubling
and halving activations have equal weight). High |p| indi-
cates predictable bidirectional control: positive p means
scaling up increases the feature, while negative p indicates
an inverted but equally controllable relationship.

We also calculated the magnitude of effect to determine
which selection methods produce the greatest change in
audio features, and efficiency to determine how many neu-
rons are required to achieve that change. Magnitude is
computed as the mean absolute feature change per unit log
scale factor. Efficiency is magnitude divided by the num-
ber of neurons modified. Both metrics are standardised
by feature standard deviation to permit comparison across
audio features.

For creative control, practitioners need only one effective
subset per feature. We therefore report the highest metric
achieved by any subset within each method/section com-
bination. To avoid using the same data to both select the
best-performing subset and evaluate its effectiveness, we
first identify the best subset for each feature using 70% of
available data, then validate with the remaining 30%.

In summary, controllability measures predictability of di-
rection, magnitude measures size of effect regardless of
direction, and efficiency measures effect per unit cost (neu-
rons modified).

Standard inferential statistics are challenging when com-
paring audio features as they are derived from the same
source (in this case an audio file). We provide ranking
based statistics where the methods are compared across
audio features and intervention points and the number of
wins reported.

4.3 Results
4.3.1 Size of Subsets

The subsets selected as best-of-K (and the average across
clusters in general) are higher for the cross-layer meth-
ods than whole layers (688 vs 418, 561 vs 361). Because
cross-layer clusters pool neurons across all layers within a
section, they are not bounded by any single layer’s width
and can therefore be larger than the widest individual layer.
The random matched baseline is size-matched to the clus-
ters, so cluster-versus-random comparisons remain con-
trolled for neuron count even where cluster-versus-layer
comparisons are not.

To test whether subset size explains method differences,
we correlated the number of neurons in each subset with
controllability for each feature. Low values suggest no rela-
tionship with mean |p|=0.137 across all selection methods
(layer-wise |p|=0.11, cluster |p|=0.13, random matched
|p|=0.18).

4.3.2 Controllability

Layer-wise selection achieved the highest controllability
(as defined in Section 4.2.3) in 22 of 30 feature/section
combinations on held-out test data, followed by cross-layer
clustering (3 wins) and random matched (0 wins), with
5 ties. All three methods achieved strong controllability
(lp| > 0.8) for loudness and loudness stability. Figure 2
presents the full comparison across features and sections
with wins compared across selection methods in Table 1

Looking at mean controllability across all audio features,
layer-wise selection outperforms both other methods across
all sections (early: 0.45 vs 0.28/0.31; middle: 0.48 vs
0.36/0.33; late: 0.54 vs 0.37/0.37) and demonstrates
best performance in late layers. Cross-layer clustering
shows relatively consistent performance across the net-
work, matching or outperforming random matched, partic-
ularly in late layers.

Loudness performs well for all methods in all sections
(|p| > 0.80). Brightness and spectral width perform well
in late sections for layer-wise selection against cross-layer
methods. Tempo is poorly controlled in all sections for all
methods (|p| = 0.01-0.08), remaining challenging even
for layer-wise approaches. Pitch shows a different pat-
tern where cross-layer clustering outperforms layer-wise
selection in middle (|p| = 0.30 vs 0.17) and late layers
(lp] = 0.17 vs 0.09), suggesting pitch control may benefit
from targeted neuron selection.

4.3.3 Magnitude of Effect

Table 1 presents effect magnitude for subsets selected by
highest magnitude on training data, then evaluated on held-
out test data. Random matched produces the largest mean
magnitude effects across all audio features (0.85), followed
closely by cross-layer clustering (0.82), with layer-wise
selection lower (0.66).

Table 1: Effect magnitude and controllability by method,
for subsets selected by magnitude and controllability. Eval-
uated on held-out test data.

Metric Layer-wise Random Cross-Layer
Selected by Best Controllability

Control. (|p]) 0.49 0.30 0.31
Wins (Control.) 22 0 3
Selected by Best Magnitude

Mag. 0.66 0.85 0.82
Wins (Mag.) 4 14 7

Indeed, when subsets are selected for magnitude, the two
sparse methods head the win counts (random matched 14
wins, cross-layer clustering 7 wins, layer-wise 4). This is
clearly demonstrated in the middle and right plots in Fig 3
where the majority of points land below the identity line.
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Figure 3: Best-of-K magnitude by feature and network section for each selection method, evaluated on held-out test data.

4.3.4 Encoding vs Controllability and Magnitude

Table 2 presents correlations between encoding strength
(activation-feature correlation from Study 1) and manip-
ulation effectiveness (controllability and magnitude from
Study 2), computed separately for each selection method.

For cross-layer clustering, encoding strength shows no sig-
nificant relationship with controllability for either feature.
Encoding strength is positively correlated with magnitude
for BPM (p=+0.23, p<0.01), while the pitch relationship is
not significant.

For layer-wise selection, encoding strength again shows
no significant relationship with controllability. The mag-
nitude relationships are strong but feature-dependent and
opposite in sign: BPM shows a strong positive relationship
(p=+0.502, p<0.001), while pitch shows a strong nega-
tive relationship (p=—0.28, p<0.01), indicating that layers
which more strongly encode pitch produce smaller effects
when manipulated.

4.3.5 Efficiency

Table 3 presents efficiency results for the subsets selected
by controllability. High efficiency numbers mean a big
effect per neuron scaled. Late layers demonstrate substan-
tially higher efficiency (0.011-0.047) compared to early
(0.001) and middle layers (0.002-0.003). Cross-layer clus-
tering achieves the highest mean efficiency (0.016) with
the gap between methods is driven almost entirely by the
late layers, where the cluster-based methods concentrate
their effect in far fewer neurons than whole layers.

4.3.6 In-Distribution vs Out-of-Distribution

Show in Table 4, we examined controllability and mag-
nitude for in-distribution audio (e.g., strings into strings
model) versus out-of-distribution audio (e.g., strings into
drums model). Controllability degrades modestly and by
a similar amount for all three methods (A = —0.03 to
—0.04), with layer-wise retaining its advantage in both
conditions (0.51 in-distribution, 0.48 out-of-distribution).

Magnitude behaves differently. Whilst both cross-layer
methods have higher magnitude than layer-wise in both
conditions, the gain achieved on in-distribution audio is
considerable in comparison (—0.01 .vs. +0.15). Between
the two methods, in-distribution, cross-layer clustering
clearly dominates effect magnitude (15 wins vs 9 for ran-
dom matched and 3 for layer-wise), but this advantage
reverses under distribution shift, where random matched
leads (16 wins) and clustering falls to 7. The domain-
specific structure captured by clustering therefore appears
to benefit effect size rather than predictability, and only for
inputs resembling the training distribution.

4.4 Discussion

Several findings reveal unexpected patterns that inform
both our understanding of RAVE’s internal organisation
and practical approaches to network bending.

4.4.1 Encoding Strength as a Predictor of Manipulation

Success

A clear result to discuss is the dissociation between en-
coding strength and controllability. Study 1 identified



Table 2: Correlation between encoding strength (from Study 1) and manipulation effectiveness (Study 2), separated by
method. Encoding— Control tests whether neurons that strongly encode a feature also provide controllable manipulation.
Encoding—Magnitude tests whether they produce larger effects. *p<0.05, **p<0.01, ***p<0.001.

Encoding—Control Encoding—Magnitude

Method Feature n p r p
Cross.laver cluster PICD 72 —0.01 0.88 —0.09 0.44
Y BPM 162 +0.04 0.44 +0.23 0.002%*
L . Pitch 112 —0.16 0.08 —0.28 0.003%
ayer-wise BPM 252 —0.10 0.10 +0.502  <0.001%%*

Table 3: Efficiency (|effect|/o per neuron) by method and network position, for subsets selected by controllability on

held-out test data.

Method

Early

Middle Late Mean

Cross-layer cluster 0.001
Random matched  0.001
Layer-wise 0.001

0.002 0.047 0.016
0.002 0.012 0.005
0.003 0.011 0.005

Table 4: Distribution shift effects

Method ID |p| 00D |p| A

Layer-wise 0.51 0.48 —0.03
Random matched  0.35 0.31 —0.04
Cross-layer 0.42 0.38 —0.04
Method ID Mag. OOD Mag. A

Layer-wise 0.66 0.67 +0.01
Random matched  0.97 0.88 —0.09
Cross-layer 0.99 0.84 —0.15

cross-layer clusters that encode tempo more strongly than
individual layers, yet these clusters provide virtually no
tempo control (|p| < 0.1).

For both selection methods, encoding strength fails to pre-
dict controllability in any strong or consistent way. Encod-
ing strength does, however, predict effect magnitude, and
here the two features diverge sharply. For tempo, stronger
encoding predicts larger effects but for pitch under layer-
wise selection, the relationship reverses: layers that more
strongly encode pitch produce smaller effects. In neither
case does stronger encoding translate into predictable di-
rectional control. This dissociation suggests that encoding
strength identifies neurons that carry feature information
without being reliable control points; strong encoders may
sit in redundant pathways the network can compensate
around (yielding smaller effects, as for pitch) or in posi-
tions that move a feature substantially but inconsistently
(as for tempo).

Tempo, in particular, shows a robust encoding—magnitude
relationship but weak controllability across all methods,
reinforcing the view that tempo emerges from distributed
computation that neither method can effectively isolate
into predictable control.

4.4.2 Controllability and Magnitude

When subsets are selected for controllability, layer-wise se-
lection dominates controllability (22 wins); when selected
for magnitude, the sparse-and-random methods dominate
magnitude (random matched 14 wins, cross-layer cluster-
ing 7 wins). This confirms that “how much can I change

something” and “can I predictably control the direction of
change” are largely independent properties. Practitioners
must choose: reliable control (layer-wise) or maximal ef-
fect (clustering or random matched), but rarely both from
the same subset.

4.4.3 Clustering

Cross-layer clustering provides a little advantage over size-
matched random selection in controllability. However,
when the objective is maximal magnitude, random matched
matches or exceeds clustering, indicating that the effect of
clustering is less important than selecting groups across
layers.

The comparison against layer-wise selection shows less
control but larger effects. This suggests the learned clus-
ters successfully identify which neurons matter but fail to
capture complete functional circuits. When scaling entire
layers, the intervention includes not only feature-relevant
neurons but also their operational context: co-activated neu-
rons, lateral connections, and regulatory feedback mecha-
nisms that together produce coherent, predictable feature
modulation. Sparse, cross-layer interventions change the
identified neurons while leaving their context unchanged,
creating inconsistency between modified and unmodified
neighbours that may explain reduced input-output pre-
dictability despite targeting the “correct” neurons.

4.4.4 Efficiency

The results reveal a fundamental tradeoff between control-
lability and efficiency. Layer-wise selection provides the
strongest feature control across most combinations, poten-
tially because entire layers represent coherent functional
units in the RAVE architecture. However, this comes at
substantial cost. In the late layers, where efficiency is high-
est, cross-layer clustering is roughly 4 x more efficient than
layer-wise selection (0.047 vs 0.011), indicating that ma-
nipulating all neurons in a layer produces only marginally
more effect than targeting a small subset. Our results sug-
gest that selecting specific neurons captures most of the
available leverage, particularly those in later layers.



4.4.5 Variance in Audio Features

Different acoustic features show distinct controllability
profiles that inform practical steering strategies. Loudness
exhibits both low magnitude variation and high controlla-
bility across all methods and distribution conditions, sug-
gesting relatively linear, accessible encoding where small
interventions produce proportional, predictable effects re-
gardless of selection strategy. Loudness is an easy, reliable
target.

Noisiness and high-frequency content show the inverse
pattern: large magnitude effects are achievable, but direc-
tional control is limited. These features may be encoded
in more distributed, nonlinear representations where tar-
geted perturbations produce dramatic but unpredictable
cascading effects. Tempo presents a unique case with
high magnitude potential but weak controllability across
all methods, and remains challenging. This result poten-
tially requires greater scrutiny as it may be that distortions
caused by bending effect the reliability of downstream
tempo extraction. Pitch shows a different pattern where
cross-layer clustering outperforms layer-wise selection in
middle and late layers, suggesting pitch may be encoded in
more localisable neuron populations amenable to targeted
intervention.

4.4.6 Bias-Variance Tradeoff in Effect Size

The in-distribution versus out-of-distribution analysis re-
veals a bias-variance tradeoff, but in effect size rather than
in control. Controllability degrades by a similar, mod-
est amount for all three methods (A = —0.03 to —0.04),
and the ordering is unchanged: layer-wise leads both in-
distribution (0.51) and out-of-distribution (0.48). Whatever
makes layer-wise more controllable is therefore not a ro-
bustness property; it holds equally in both conditions.

Magnitude tells the opposite story. The two sparse methods
achieve far larger effects than layer-wise in-distribution
(0.99 and 0.97 vs 0.66), but this advantage is domain-
dependent. Cross-layer clustering loses 15% of its ef-
fect size under distribution shift (A = —0.15), random
matched loses 9%, and layer-wise loses nothing (A =
+0.01).

This gradient is informative. Clustering learns structured
groupings that capture domain-specific organisation, such
as how brightness is encoded in string timbres, and those
groupings deliver the largest effects precisely when the
input matches the domain they were learned from. When
it does not, the learned structure no longer corresponds
to how features are organised for the new timbre, and the
advantage is less. Random matched, which shares cluster-
ing’s size distribution but none of its structure, degrades
roughly half as much and this is consistent with the inter-
pretation that the extra degradation is attributable to the
learned structure itself rather than to sparsity or subset size.

Layer-wise intervention makes no assumptions about fea-
ture organisation. By scaling all neurons in a dense location
uniformly, it neither exploits nor depends upon domain-
specific structure. This is a higher-bias approach that trades
effect size for stability, and it is the only method whose
magnitude is unaffected by distribution shift.

For practitioners, the implication is that the choice of selec-
tion method depends on both objective and expected inputs.
Layer-wise intervention provides the most reliable control

in either condition. Cross-layer clustering offers the largest
effects, but only for inputs resembling the training domain.

4.4.77 Network Bending Applications

For practical network bending applications, these findings
suggest method selection should consider both the objec-
tive and expected inputs. Applications requiring precise,
graded control should favour layer-wise intervention de-
spite lower efficiency. Applications prioritising dramatic
transformation with less predictability concern may benefit
from cross-layer clustering or random matched selection.
When steering will be applied to diverse or unpredictable
inputs, layer-wise intervention provides more reliable con-
trol through its robustness to distribution shift.

Finally, cluster-based manipulation in decoder activation
space offers complementary advantages to traditional la-
tent space control. Latent manipulation produces global,
holistic changes affecting the entire output through a
high-dimensional control surface. Activation-space ma-
nipulation enables targeted, feature-specific changes that
can potentially address one aspect (pitch, brightness)
without globally disrupting generation, through a lower-
dimensional control surface (18 clusters versus potentially
hundreds of latent dimensions). For interface designers,
the 18-dimensional cluster-based approach (6 clusters x 3
sections) offers a tractable alternative to high-dimensional
latent manipulation, though with the tradeoffs in controlla-
bility documented above.

5 LIMITATIONS

Our findings may not generalise beyond RAVE’s VAE ar-
chitecture. Diffusion models and transformer architectures
may exhibit fundamentally different encoding patterns.

That cross-layer clustering identifies tempo encoding neu-
rons, but no subsets show any meaningful tempo control
requires further investigation. This divergence suggests
tempo may be an emergent property of layer-level compu-
tation rather than a manipulable localised representation,
but alternative explanations (e.g., clustering artifacts, scale
factor dynamics) cannot be ruled out without further inves-
tigation.

We evaluated controllability using extracted audio features
rather than human perception. This gives an advantage of
scale in that we were able to analyse a far greater num-
ber of combinations of sounds, models and manipulations
than human participants would be able to. However, a lis-
tening study would verify whether statistically significant
feature changes correspond to perceptually meaningful
differences.

We only investigated one approach (scaling) amongst many
possibles for network bending. Its naturally linear parame-
terisation allowed for a good evaluation of controllability
analogous to a traditional user interface, but the activations
of the groups of neurons identified could be bent in many
more ways.

6 CONCLUSION

We presented the first comprehensive layer-wise and cross-
layer cluster analysis of spectro-temporal feature encoding
in RAVE audio synthesis models, examining both where
features are represented (interpretability) and how effec-
tively they can be manipulated (controllability).



Cross-layer clustering revealed functionally coherent neu-
ron groups achieving stronger feature correlation than indi-
vidual layers for tempo.

When considering RQ1, network bending experiments
with 288,000 rendered samples revealed that encoding
strength does not straightforwardly predict manipulation
effectiveness. These experiments also provided insight for
RQ2 as we show layer-wise selection achieved highest con-
trollability for most features, while cross-layer clustering
provided superior efficiency and magnitude.

As response to RQ3, we highlight this divergence between
encoding and controllability as it implies that interpretabil-
ity analysis and controllability testing are complemen-
tary but non-redundant evaluation stages for practitioners.
When computational cost is acceptable and maximal con-
trol is needed, layer-wise manipulation provides the most
reliable results. When efficiency matters, for example in
real-time applications or when minimising artifacts, cross-
layer approaches identify targeted neuron subsets.

Future work should explore: (1) causal validation through
ablation of specific identified clusters, (2) extension to tim-
bre and dynamics features, (3) cross-architecture compar-
isons with diffusion and GAN-based models, (4) perceptual
validation of manipulation effects through listening studies,
and (5) real-time neural synthesiser interfaces that leverage
both encoding insights and controllability findings. The
distinction between understanding feature encoding and
achieving feature control will likely remain relevant as
neural audio synthesis architectures continue to evolve.
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