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Abstract

Audio ML systems increasingly reuse frozen en-
coders for event classification, music, speech af-
fect, ASR-related transfer, and audio-text retrieval.
A linear probe can show that a representation
works, but not whether its evidence is robust un-
der acoustic shift, concentrated in interpretable
features, faithfully routed across layers, or safe
to edit. We audit seven frozen audio encoders
with sparse autoencoders, sparse transcoders, con-
trolled corruptions, steering, and feature abla-
tion. Two separations dominate. First, faith-
ful inter-layer prediction is not interpretability:
transcoders explain up to R? = .998 of the next-
layer representation while Whisper-S has zero
class-monosemantic routing, and the correlation
between explained variance and monosemantic-
ity across stored transitions is only .123. Second,
global stability is not feature stability: Whisper-S
keeps directionally stable embeddings under cor-
ruption, yet its classifier-relevant sparse features
stop firing, producing the largest score drop. By
contrast, CLAP-HTSAT concentrates label evi-
dence into about eight SAE features on average,
while speech encoders distribute evidence over
broader, more polysemantic sets. These diagnos-
tics help audio practitioners distinguish compact
acoustic detectors from robust distributed codes
and faithful dense routes before deploying or edit-
ing frozen audio models.

1. Introduction

Frozen audio encoders are now reused across the kinds of
problems represented in modern audio workshops: envi-
ronmental and urban acoustic-event classification, music
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understanding, speech affect, transcription-adjacent transfer,
and multimodal audio-text retrieval (Baevski et al., 2020;
Hsu et al., 2021; Chen et al., 2022b;c; Baevski et al., 2022;
Radford et al., 2023; Wu et al., 2023; Chen et al., 2022a).
For practitioners, good clean accuracy is only the first ques-
tion. The same encoder may be used inside an acoustic mon-
itoring pipeline, a speech-affect system, a retrieval model,
or an audio editing interface; in each case we need to know
whether its evidence is stable under noise, localizable to
a few features, and editable without moving retain classes.
Linear probes reveal that many tasks are encoded some-
where in a representation hierarchy, but they leave open
the mechanistic question: is the evidence carried by stable
class-aligned features, or by broad polysemantic routes that
are hard to intervene on safely? Clean transfer alone cannot
answer this.

We study this distinction on Whisper-S, CLAP-HTSAT,
HuBERT-B, WavLM-B, UniSpeech-SAT, wav2vec2-B, and
Data2Vec-Audio across ESC-50, UrbanSound8K, GTZAN,
and CREMA-D (Piczak, 2015; Salamon et al., 2014; Tzane-
takis & Cook, 2002; Cao et al., 2014). This panel delib-
erately spans environmental sound, urban events, music
genre, and acted speech affect, while the encoders span ASR
supervision, audio-text alignment, masked prediction, de-
noising SSL, contrastive SSL, speaker-aware SSL, and self-
distillation. For each encoder-task pair we take the cached
readout with highest clean validation score as a fixed input;
deciding that readout depth is outside this paper. Our focus
is what the chosen representation contains. We train Top-k
sparse autoencoders (SAESs), sparse transcoders, controlled-
corruption probes, latent steering maps, and targeted feature
ablations on the same frozen activation records.

The main finding is a pair of decouplings. Faithful is not in-
terpretable: sparse transcoders can predict the next layer al-
most perfectly while their latents remain class-polysemantic.
Stable is not stable enough: Whisper-S has low embedding
cosine drift under corruption but high alive-feature drift, so
the sparse features used by the classifier change even when
the embedding direction barely moves. These decouplings
matter for audio mechanistic interpretability because audio
categories often share physical attributes. A siren, alarm,
and human shout can share spectral structure; a speech-
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Figure 1. Distribution-shift fingerprints under acoustic corruption.
The plot jointly summarizes clean-to-corrupted score drop, embed-
ding drift, and alive-feature drift. Whisper-S keeps globally similar
embeddings while its classifier-relevant sparse features change,
producing the largest performance drop.
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Figure 2. MSFS at 50% target drop; smaller values indicate com-
pact evidence.

emotion label can depend on prosody, speaker, and phonetic
content. Feature-level audits therefore need robustness and
retain-set checks, not only clean probe scores.

This is also an ethical and deployment question, not only
a visualization question. Sparse steering or ablation could
make monitoring, moderation, or assistive audio systems
easier to tune, but the same interventions can suppress or
amplify sensitive acoustic attributes. We therefore frame in-
terventions as audits: evidence for where a model stores task
information and how much collateral movement a proposed
edit would cause, rather than as claims of safe control.

Contributions. We (i) give controlled-corruption robust-
ness fingerprints that separate embedding stability from
sparse-feature stability, (ii) quantify SAE concentration
through minimum sufficient feature sets, (iii) show that
transcoder faithfulness and class-monosemanticity are sep-
arate axes, and (iv) use steering and feature ablation as di-
agnostics for when sparse audio features expose actionable
handles. We build on sparse interpretability, monoseman-
ticity, superposition, and transcoders (Elhage et al., 2021;
2022; Cunningham et al., 2023; Bricken et al., 2023; Tem-
pleton et al., 2024; Dunefsky et al., 2024) and extend audio-
native interpretability beyond prior NMF and AudioSAE
studies (Parekh et al., 2022; Aparin et al., 2026).

2. Methods

Representations and SAEs. All encoders are frozen.
Speech-style encoders expose layers 0—12; CLAP-HTSAT
exposes a stem plus four HTS-AT stages, so its indices are
stage-wise. We mean-pool hidden states over time or time-
frequency positions before fitting probes and interpretable
models. For a selected representation L e R768 the
Top-k SAE reconstructs

h = Waec TOpK(Wench + bene, k) + bdec; (1

with a 6x dictionary (4608 features), k annealed from 130
to 75, and nonnegative Top-k activations. A feature is class-
monosemantic when more than 70% of its activation mass
falls on one label. We also measure the minimum sufficient
feature set (MSFES): the smallest set of class-associated SAE
features whose ablation causes a 50% target-class drop.

Transcoders and faithfulness. For adjacent readouts, a
sparse transcoder predicts the next representation:

T¢ (h(e)) = Wout TOpK(I/th(e) + birn kt) + bouta (2)

with latent dimension 3840 and k; = 16 for 12-layer en-
coders. Faithfulness is explained variance,
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Interpretability is measured separately by the class-
monosemantic fraction of active transcoder latents.

Robustness and interventions. Controlled perturbations
include additive noise, band-pass filtering, and frequency
shift. We report clean-to-corrupted score drop, embedding
cosine drift, and alive-feature drift. For clean and corrupted
Top-k active sets A;, AL, alive-feature drift is
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For steering, we add a scaled empirical class-mean differ-
ence vector, Z = z + av®), and measure target gain minus
off-target movement. Feature ablation zeros ranked SAE
activations before reconstruction and reports target suppres-
sion and retain-set movement.

3. Results
3.1. Global Stability Is Not Feature Stability

Table 1 and Figure 1 show that clean transfer does not
predict robustness. WavLM-B and masked SSL encoders
are most stable under the corruption suite, consistent
with denoising and masked-prediction objectives that train
corruption-tolerant acoustic subspaces. Whisper-S is the
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Figure 3. Feature entropy versus activation rate on ESC-50, separating rare detectors from high-rate polysemantic features.

Table 1. Controlled-perturbation robustness by pretraining
paradigm. Lower drops/drifts are better; relative robustness is
normalized so the strongest paradigm is 1.00.

Paradigm Acc. drop Act. drift Feat. drift Rel. rob.
SSL denoising .044 .103 117 1.00
SSL masked pred. .065 195 168 .89
SSL contrastive .083 460 138 .87
Audio-text contr. 101 377 207 .68

Supervised ASR .280 .074 407 .00

counterexample: its embeddings have the lowest activation
drift (.074), yet alive-feature drift is highest (.407) and the
score drop is largest (.280). The embedding direction re-
mains similar while the sparse features used by the classifier
stop firing. CLAP-HTSAT shows the complementary risk:
strong clean transfer can rely on compact category features
that shift under acoustic corruption.

3.2. Sparse Concentration Predicts Editability

Figure 2 shows that CLAP-HTSAT reaches a 50% target
drop after ablating about eight SAE features, while Whisper-
S and WavLM-B require broader sets. Figure 3 gives the
complementary view: rare, low-entropy features behave
like class-selective detectors, while frequent high-entropy
features are reused across labels and require retain-set audits.
This is why monosemanticity alone is insufficient: a feature
must also align with the probe direction and avoid retain
classes.

3.3. Faithful Routing Is Not Interpretable Routing

Transcoders add a circuit-level view. Across stored tran-
sitions, explained variance is high (R? ~ .86 to .998),
but faithfulness and interpretability separate. Whisper-S
has class-monosemantic ratio O under our criterion even
when R? reaches .998. UrbanSound8K elicits the high-
est monosemantic transcoder ratios for every encoder, with
CLAP-HTSAT reaching .774 at R? = .975. Across all
stored transitions, the correlation between R? and monose-

mantic ratio is only .123. High R? therefore means that
the next layer is predictable; it does not mean that the route
decomposes into class-readable pieces.

Table 2. Sparse-feature and transcoder signatures. MSFS is the
number of SAE features whose ablation causes a 50% target-
class drop. Larger R? means faithful next-layer prediction; larger
monosemantic ratios mean easier class-level interpretation.

Family Sparse features Transcoder route Interpretation
CLAP-HTSAT MSFS =~ 8; US8K transcoder Compact
ESC-50 SAE mono mono .774; label-aligned
258 R? = .975 event features;
perturbation audit
needed.
Whisper-S Broad sets; SAE Transcoder mono 0 Predictable but
mono < .137 despite R? up to dense
998 decoder-facing
routing.
Masked/den. SSL Moderate US8K transcoder Partly
selectivity; lowest mono .296-.471 disentangled

feature drift
117-.168
Evidence often
front-loaded in
cached sweeps

routes; stable
under corruption.
Later objective-
specialized states
can hide useful
signal.

D2V/w2v2 USS8K transcoder

mono .190/.152

3.4. Interventions Are Diagnostics

Steering and ablation ask whether sparse structure is action-
able. In Figure 4, class-difference vectors are most selective
near the readouts that also support strong probes: Whisper-
S steers late, while HuBERT-B and wav2vec2-B steer ear-
lier. Feature ablation gives the sparse counterpart: compact
monosemantic feature sets suppress targets with less retain-
set movement, whereas distributed encodings require larger
ablation sets and incur more collateral movement. We treat
both as diagnostic interventions, not as guarantees of safe
control or training-data deletion (Ravfogel et al., 2020; Bel-
rose et al., 2023; Cao & Yang, 2015).
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Figure 4. Latent steering phase map. Selectivity is target-class gain minus off-target movement as layer and steering strength vary.
High-selectivity regions identify readouts with approximately linear intervention handles.

Figure 5. Cross-encoder feature overlap measured by activation-
profile IoU. High overlap means two encoders activate sparse
features on similar examples; low overlap means they represent
the same dataset through different internal concepts.

The ablation phase map is the intervention counterpart to
MSFS. Low-MSFS encoders are not automatically safe to
edit: a small feature set can still sit on a shared acoustic
factor and move retain labels. Conversely, distributed en-
codings can be faithful and robust but require broad feature
sets before the target class changes. Reporting target sup-
pression without retain-set movement therefore overstates
what sparse audio features can do.

3.5. Feature Handles Are Encoder-Specific

If sparse features were merely rediscovering a universal au-
dio vocabulary, then features from different encoders would
fire on the same clips. Figure 5 shows a weaker and more
useful pattern: feature overlap is structured by encoder fam-
ily. Related speech SSL encoders share more activation-
profile support, while CLAP-HTSAT and Whisper-S carve
the same datasets into different sparse concepts. This ex-
plains why intervention handles should be audited per en-
coder even when two probes solve the same task.

This cross-encoder result also qualifies feature-level expla-
nations. A monosemantic feature in one encoder is not
automatically the same mechanism as a similarly named fea-

ture in another encoder; at most it is a local handle whose
activation profile, robustness, and retain-set behavior have
been measured. The interpretability unit in this paper is
therefore the encoder-specific sparse feature and its route
through a faithful transcoder, not a universal acoustic con-
cept dictionary.

4. Discussion

Audio interpretability audits should evaluate more than
clean score: robustness of the sparse active set, concen-
tration of label evidence, and monosemanticity of faithful
routes. This study is observational, since objective, data,
architecture, and supervision remain entangled, and SAE
claims depend on dictionary size and sparsity. Still, the
separations are practically clear: Whisper-S is globally sta-
ble but feature-fragile; CLAP-HTSAT is compact yet shift-
sensitive; and high-R? transcoders can remain polysemantic.
Faithful audio circuits are therefore not automatically inter-
pretable circuits. The practical implication is to treat sparse
audio interpretability as a multi-axis audit. Report clean
score, perturbation score drop, alive-feature drift, MSFS,
transcoder R?, class-monosemantic ratio, target suppres-
sion, and retain-set movement together. Agreement across
these axes indicates a compact, stable, and class-readable
route; disagreement is itself informative, revealing whether
the model uses a distributed code, fragile sparse detector, or
faithful but dense polysemantic path.

Conclusion. The broader message for machine learning for
audio is that faithful reconstruction and clean transfer are
only partial tests of interpretability. Sparse features, faithful
transfer, and robust intervention behavior must be evaluated
jointly. Future work should connect these diagnostics to
activation patching through transcoder paths, counterfactual
audio edits tied to individual SAE features, human listening
studies for semantic validity, and sensitivity analyses over
dictionary size, sparsity, and model scale. More broadly, this
motivates an audio circuit audit that is faithful, sparse, ro-
bust, intervention-aware, and semantically grounded rather
than optimized for any single proxy.
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A. Datasets, Encoders, and Implementation Details

This appendix contains the experimental details and additional diagnostics for the robustness, sparse-feature, transcoder,
steering, ablation, and genealogy claims in the main text.

A.1. Datasets and Splits

Table 3: Dataset summary used in the frozen-representation experiments.

Dataset Task Clips Classes Train Test/held-out
ESC-50 Environmental sound 2000 50 1600 400
GTZAN Music genre 999 10 799 200
CREMA-D Speech emotion 7442 6 6136 1306
UrbanSound8K Urban sound 8732 10 7079 1653

The four datasets stress complementary acoustic abstractions. ESC-50 tests broad environmental semantics; UrbanSound8K
tests narrow urban events; GTZAN combines instrumentation, rhythm, texture, and recording style; and CREMA-D isolates
acted speech affect with speaker variation.

A.2. Model Catalog
Table 4: Studied encoders and analyzed readout depths.

Encoder Objective family Parameters Width  Depths analyzed
Whisper-S Weakly supervised ASR 244M 768 0-12
CLAP-HTSAT Audio-text contrastive 86M 768 04 (stem+4 stages)
HuBERT-B Offline-unit masked prediction 9SM 768 0-12
WavLM-B Masked prediction + denoising 9SM 768 0-12
UniSpeech-SAT Speaker-aware masked prediction 94M 768 0-12
wav2vec2-B Contrastive masked prediction 95SM 768 0-12
Data2Vec-Audio Self-distillation 94M 768 0-12

A.3. Implementation Hyperparameters

Table 5: Implementation hyperparameters for Paper B diagnostics.

Component Settings

Frozen extraction Audio is loaded as mono, resampled to the checkpoint processor rate, and clipped to 5 s for ESC-50,
UrbanSound8K, and CREMA-D, and 30 s for GTZAN. Hidden states are extracted with
output_-hidden_states=True and mean-pooled over time or time-frequency positions.

SAE training Top-k SAE with hidden multiplier 6, dictionary size 4608 for width-768 encoders, kg = 130 annealed to k = 75
over the first 50% of steps, sparsity weight 5 X 1075 with 10% warmup, 600 epochs, batch size 128, Adam
learning rate 10 _4, cosine schedule, decoder normalization, dead feature revival window 75, and seed 13.

Transcoder training Sparse transcoder with hidden multiplier 5, Top-k = 16, 20 epochs, batch size 512, Adam learning rate
9 x 1074, sparsity weight 3 X 10™*, and seed 17. Metrics report reconstruction MSE, explained variance, active
fraction, mean latent £, and class-monosemantic ratio.

Perturbations and interventions ~ Robustness sweeps use controlled additive noise, band-pass filtering, and frequency shift. Steering uses empirical
class-mean differences with strengths {0.5, 1, 2, 4}. Feature ablation ranks class-associated SAE features by
activation mass and reports target suppression, retain score, and off-target drift.

B. SAE, Transcoder, and Intervention Objectives

The Top-k SAE in Equation 1 is trained by reconstruction MSE with an ¢; sparsity penalty on normalized activations. Its
reconstruction coefficient is

> llhi = A3

Across stored SAE artifacts, reconstruction MSE has median 1.9 x 10~° and mean 4.7 x 10~2; median reconstructed-probe
change is —0.018 score points and the dead-feature fraction is below 2%.

R%AE =1

7
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For each SAE feature we measure activation rate and label entropy,

C

HU) = Zp y = c| f active)logy p(y = ¢ | f active), (6)
c=1

which separates rare class-selective detectors from frequent polysemantic features. MSFS at threshold 7 is

MSFS-7 = min{|S| : Accaplate(s) < (1 —7/100) Acc}. (7)

For a downstream logit at layer £ + 1, g.(h) = w/ h + b,., transcoder error bounds probe-logit error by Cauchy-Schwarz:
go(BHD) = go(Ty (KO < el |20 = T (WO . ®)

High explained variance therefore bounds a residual that can perturb linear readouts, but does not certify monosemantic
routing.

For feature-level ablation, let Z = b+ 3 pasdy and let ge(2) = w/] z + b.. Ablating a set S changes a class margin by
AM. Z af — wc df. (9)
fes

If features in S are target-aligned for class y, (w, — w.) d; > By > 0, and retain-neutral for non-target contrasts,
|(w, —we ) Tdy| < Ky, then target margin reduction is at least

> asBy, (10)
fes

while retain margin changes are at most
>_asky. (1)
fes

This is why MSFS, monosemanticity, and retain-set movement must be reported together.

C. Robustness and Steering Details

Latent Steering Phase Mag
Which layers and sleering strengths give the cleanest target-minus-ofl-tasget gain?
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Figure 6. Latent steering phase maps. The map sweeps readout depth and steering strength for class-difference vectors, measuring
target-class gain after subtracting off-target movement. Selective steering is strongest near readouts that also maximize clean probe utility.

For a linear probe with class weights w, and biases b., define the clean margin of example ¢ with true class y; at layer ¢ as

I = min [(wyi —w) 29 b, — b } (12)
cEY;

If I‘ge) > 0 and corruption-induced drift 51@) satisfies

max
cAYi

then the linear probe prediction for example ¢ is unchanged. A model can therefore have small global cosine drift while
predictions change if drift lands in the probe or sparse-feature subspace.

(wyi - WC)TSz(E)‘ < Fgé)a (13)
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Combined Perturbation Overview
Rows are perurbation conditions: col are layers
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Figure 7. Controlled perturbation analysis across additive noise, band-pass filtering, and frequency shift. The panels separate score drop,
representation drift, and sparse-feature drift, revealing structure that clean accuracy alone cannot see.

D. Sparse Feature and Transcoder Tables

Knowledge Concentration: Min. Sufficient Feature Set
Lower = class knowledge concentrated in fewer features

MSFS-50 (features needed for 50% target drop)
Y i

T T T T T
A B e ~ wt u

¥ s o s e
et W ¥ \h\-‘svfﬁd“ v

@;\'\S‘P“b
Figure 8. Minimum sufficient feature set at 50% target drop. Smaller values mean the classifier depends on a compact set of SAE features.

For a traditional descriptor family 7 and SAE feature f, the feature-level bridge is

B¢ (T) = max |Corr(as(z;), g(x;))| . (14)
geT

By asks whether an individual sparse feature has a classical acoustic interpretation.

E. Editing and Additional Figures
F. Sparse-Feature Genealogy

Genealogy plots trace SAE features through adjacent depths by activation-profile overlap. They are feature-lineage diagrams
rather than causal explanations: branches indicate that later features inherit activation mass from earlier features, while
merges indicate that a later feature combines earlier acoustic or semantic factors.
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Which Traditional Families Do SAE Features Rediscover?
Explicitly shows recovery of MPCC / log-mel { spectral / tonal / shythm structure by encoder.

Rediscovery Rute Mean leomelation!
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Figure 9. Alignment between SAE features and classical audio descriptor families. The rediscovery score compares SAE activations with
MFCC/cepstral, mel, spectral, tonal/chroma, rhythm, and combined descriptors.

Table 6. Sensitivity of SAE class-monosemantic feature ratios to the dominant-label threshold. Ratios are computed on each dataset’s
selected SAE readout and then pooled by encoder.

Encoder Share > 60% Share > 70% Share > 80% Mean share
CLAP-HTSAT .300 188 .100 S13
Data2Vec-Audio 255 .156 .075 485
WavLM-B 232 143 072 475
Whisper-S 227 136 .060 474
HuBERT-B 226 135 .065 470
UniSpeech-SAT 208 119 .055 463
wav2vec2-B .193 .110 .050 456

Table 7. Best-transcoder monosemantic ratio by dataset and encoder. UrbanSound8K elicits the highest monosemantic routing for every
encoder.

Encoder CREMA-D ESC-50 GTZAN US8K
CLAP-HTSAT .000 .026 .000 774
UniSpeech-SAT 115 .057 .015 471
HuBERT-B .190 .057 .000 321
WavLM-B .086 .089 011 .296
wav2vec2-B .050 .093 .000 152
Data2Vec .021 .000 014 .190
Whisper-S .000 .000 .000 .000

Table 8. Best-transcoder transition by encoder and dataset.

Encoder CREMA-D  ESC-50 GTZAN US8K
CLAP-HTSAT 3—>4 0—1 0—>1 3—4
Whisper-S 10 —» 11 10 — 11 2—3 10 —» 11
HuBERT-B 11 — 12 0—1 0—1 0—1
UniSpeech-SAT 1—2 0—1 0—1 2—3
WavLM-B 11 — 12 0—1 0—1 0—1
wav2vec2-B 10 —» 11 10—-11 11 —=12 10—11
Data2Vec 11 — 12 11 — 12 6—7 11 — 12

10
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Table 9. Full best-transcoder metrics. R? is explained variance of the next layer from sparse latents; Mono is the fraction of active latents
whose activation mass is dominated by one class.

Dataset Encoder Src Tgt Recon. MSE R? Mean ¢; Mono

CREMA-D CLAP-HTSAT 3 4 .0746 9832 .0829  .0000
CREMA-D Data2Vec 11 12 .0002 9802 .0085 .0213
CREMA-D HuBERT-B 11 12 .0021 9470 .0078  .1899
CREMA-D UniSpeech-SAT 1 2 .0009 9402  .0057 .1154
CREMA-D wav2vec2-B 10 11 .0090 9940 .0263  .0500
CREMA-D WavLM-B 11 12 .0017 9409  .0047  .0855
CREMA-D Whisper-S 10 11 .0054 9978  .1080  .0000
ESC-50 CLAP-HTSAT O 1 .0061 8667 .0173  .0263
ESC-50 Data2Vec 11 12 .0009 9442 .0107  .0000
ESC-50 HuBERT-B 0 1 .0018 9059 .0038 .0571
ESC-50 UniSpeech-SAT 0 1 .0020 8999 .0047  .0565
ESC-50 wav2vec2-B 10 11 .0224 9589  .0195 .0932
ESC-50 WavLM-B 0 1 .0017 8847 .0040 .0886
ESC-50 Whisper-S 10 11 .0381 9895 1265  .0000
GTZAN CLAP-HTSAT O 1 .0042 8896 .0167  .0000
GTZAN Data2Vec 6 7 .0027 8586 .0054 .0139
GTZAN HuBERT-B 0 1 .0015 9079 .0036 .0000
GTZAN UniSpeech-SAT 0 1 .0020 8804 .0046 .0154
GTZAN wav2vec2-B 11 12 .0015 9354  .0067 .0000
GTZAN WavLM-B 0 1 .0016 8651 .0037 0112
GTZAN Whisper-S 2 3 .0037 9326 .0138  .0000
US8K CLAP-HTSAT 3 4 1551 9746  .0798  .7739
US8K Data2Vec 11 12 .0005 9830 .0140  .1905
US8K HuBERT-B 0 1 .0010 9568 .0041 .3214
US8K UniSpeech-SAT 2 .0013 9502  .0064 4714
US8K wav2vec2-B 10 11 .0089 9740 .0141 .1524
US8K WavLM-B 0 1 .0011 9410  .0040  .2958
US8K Whisper-S 10 11 0172 9955 1311  .0000
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Selective Concept Unlearning via SAE Feature Ablation
Left: median effect after aligning by fraction of class features removed. Right: best class-specific operating points.

Whisper-S — coverage-aligned unlearning curves
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Figure 10. Top-k probing and targeted feature-ablation diagnostics. The plot tracks how probe performance changes as increasingly many
target-associated sparse features are kept or removed.
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Figure 11. Feature-ablation phase diagram over target suppression and retain-set interference. Points in the desirable region suppress the

target class while preserving off-target classes.

Best Classwise Unleaming Trajectories

For each encoder we show the top classes at the layer with the strongest median selective gap.
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Figure 12. Top class-level ablation examples. The grid highlights classes whose SAE features are most removable under the target-
suppression criterion and classes where removal spills into acoustically related labels.

Table 10. Sparse-feature genealogy event rates for the six common-depth encoders. Rows aggregate available dataset/encoder lineage

records.
Encoder Persist Split Merge Die Emerge
Whisper-S .001 576 015 191 216
wav2vec2-B 026 587  .039 .161  .188
HuBERT-B .031 549 046 .166 209
WavLM-B 031 537 .047 184  .200
Data2Vec-Audio .029 451 .047 223 249
UniSpeech-SAT  .041 445 072 208 234
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Multi-Hop Circoit Attribution Analysis
Tracing feature influence across > | layer transition

Circuit Path Strength Distribution
By number of hops

Multi-Hop Circuit Strength by Encoder
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Figure 13. Sparse transcoder attribution graph. Nodes are sparse latent features and edges indicate attribution through an inter-layer

transcoder.

Cross-Encoder SAE Feature Correspondence
Mean classwise Jaccand overlap of the top samples covered by each encoder's strongest features
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Figure 14. Cross-encoder feature overlap measured by activation-profile IoU. High overlap means two encoders activate sparse features
on similar examples; low overlap means they carve the same dataset into different internal concepts.
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Latent Steering with Class-Specitic SAE Direclions
We add class-specific directions in SAE code space and wack target gain against of[-target spillover,
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Figure 15. Latent steering tradeoff between target gain and off-target movement. The desirable region increases the target class while
leaving retain classes unchanged.
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Traditional Descriptor Families Behind Unlearned Concepts
UniSpeech-SAT - UrbanSound8K - Layer 8
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Figure 16. Relationship between concept ablation and traditional acoustic feature families. Concepts aligned with spectral or cepstral
families can be easier to interpret but may also share evidence with nearby sound classes.

SAE Feature Genealogy — CLAP-HTSAT
How sparse features evolve across adjacent layer transitions

Feature Genealogy — CLAP-HTSAT
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Figure 17. Feature genealogy for CLAP-HTSAT. Compact branches indicate that audio-text alignment forms label-aligned features usable
for class-level intervention diagnostics.
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SAE Feature Genealogy — Whisper-8
How sparse features evolve scross adjacent layer ransitions

Feature Genealogy — Whisper-5
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Figure 18. Feature genealogy for Whisper-S. Longer chains and repeated merges are consistent with late decoder-aligned, polysemantic
routing.

SAE Feature Genealogy — HuBERT-B
How sparse features evolve scross adjacent layer ransitions

Feature G:nmiugy — HuB E,I_I'_l‘-B

Orverall Mix
i (Frop 3 100% per ] (62312 events)
o0 -
&
pre
S @
2
-
=
g
T
£
20+
i —

n ! » ] -} 40 b} ki o S
A R . AN R A
W A AT T T AT T o e Fvent
—CERSIST - MERGE IHE
— SPLIT = MERGE

Figure 19. Feature genealogy for HUBERT-B. Discrete-unit pretraining produces clustered feature families that specialize early and then
recombine.
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SAFE Feature Genealogy — WavLM-B
How sparse features evolve scross adjacent layer runsitions

Feature Genealogy — WavLM-B
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Figure 20. Feature genealogy for WavLM-B. Denoising encourages stable acoustic lineages that persist under perturbation more reliably
than Whisper-S features.

SAE Feature Genealogy — UniSpeech-SAT
How sparse features evolve scross adjacent layer ransitions
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Figure 21. Feature genealogy for UniSpeech-SAT. Speaker-aware masked prediction creates intertwined content and speaker feature
branches.
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SAE Feature Genealogy — wanv2vec2-B
How sparse features evolve scross adjacent layer runsitions

Feature Genealogy — wav2vec2-B
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Figure 22. Feature genealogy for wav2vec2-B. Contrastive pretraining yields early acoustic branches that become less useful when later
layers specialize.

SAE Feature Genealogy — Data2Vec
How sparse features evolve scross adjacent layer ransitions
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Figure 23. Feature genealogy for Data2Vec-Audio. Self-distillation produces a front-loaded genealogy, matching the frequent layer-0
optimum in probe results.
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