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Abstract

Transformer-based speech models have re-
cently been shown to perform well under
impoverished and ambiguous supervision, a
setting motivated by poverty-of-the-stimulus
arguments, yet their learning dynamics re-
main unclear. In this work, we study this
question with wav2vec2.0 on Mandarin tone
classification, using 70 scale—noise configura-
tions, capacity interventions, and perturbation
probes to examine the dynamics of abstraction-
consistent generalization and exception mem-
orization, yielding representative regimes of
Robust Generalization, Abrupt Transition, and
High-noise Collapse. We find a consistent ab-
straction—exception trajectory: when phono-
logical recovery is possible, the model first
exhibits phonologically abstraction-consistent
behavior and only later fits corrupted labels
as empirical exceptions. Capacity analyses
show that this trajectory is not merely a large-
model artifact: it persists under truncated Trans-
former encoders, while acoustic rank compres-
sion modulates but does not selectively sepa-
rate abstraction from exception memorization.
Finally, acoustic perturbations show different
local robustness: abstraction-consistent predic-
tions remain stable under stronger waveform
perturbations, whereas fitted exceptions behave
as fragile local overrides on top of the broader
abstraction-consistent behavior. !

1 Introduction

Infants acquire spoken language from sparse, vari-
able, and often ambiguous speech, a condition tra-
ditionally discussed as the Poverty of the Stimu-
lus (POS) (Chomsky, 1980). POS refers to the
apparent gap between the limited and imperfect lin-
guistic input available to infants and the systematic
knowledge they eventually acquire. This gap moti-
vates the long-standing nativist—empiricist debate
in language acquisition: Does linguistic knowledge

'Repository.

require innate biological predispositions (Chomsky
et al., 2023), or can it emerge empirically from
sparse and noisy exemplars (Ambridge, 2020; Ma-
howald et al., 2020)? The recent success of foun-
dation models (OpenAl, 2023) demonstrates the
possibility of empirical learning, but it is achieved
through massive pretraining corpora and carefully
designed post-training pipelines (Guo et al., 2025),
still far from the efficiency with which infants ac-
quire language under POS conditions (McCoy and
Griffiths, 2025). Given that infants bootstrap lin-
guistic structure from continuous speech input (Saf-
fran et al., 1996), controlled speech POS tasks
therefore serve as a promising testbed for both lan-
guage acquisition theory and the interpretability
of transformer architectures through the lens of
human cognitive development. Early POS-style
speech studies have shown that transformer-based
speech models can maintain high recognition ac-
curacy even when supervision is made sparse or
noisy (Yang et al., 2025). This performance-level
finding naturally raises a deeper question:

How do transformers trade off phonological rule
abstraction and empirical exception memorization
when optimized on noisy POS supervision?

In this work, we instantiate this question with
lexical tone classification, a basic suprasegmental
phonemic contrast in Mandarin. Different pitch
contours over the same syllable can signal differ-
ent lexical meanings. We use the widely used
speech architecture wav2vec?. 0 as the model back-
bone (Baevski et al., 2020). To simulate POS con-
ditions, we construct a 7 x 10 scale—noise grid:
seven levels of available training speech and ten
levels of syllable-level tone-label replacement. We
then conduct a series of experiments to progres-
sively characterize this tradeoff. Rather than treat-
ing test accuracy as the only endpoint, we exam-
ine the model’s learning dynamics, how acoustic
capacity modulates these dynamics, and whether
abstraction-conforming items and exceptions, de-
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spite both being ultimately fit, differ in the organiza-
tion and robustness of their learned representations.
Our key findings are summarized as follows:

* (Dynamics) Across the scale—noise grid, we iden-
tify a consistent abstraction—exception trajectory:
in recoverable regimes, wav2vec2.0 first recov-
ers abstraction-consistent tone behavior and only
later fits corrupted labels as empirical excep-
tions, often reaching near-perfect training accu-
racy. This temporal ordering yields three regimes:
Robust Phonological Generalization, where ex-
ception fitting remains largely benign; Abrupt
Transition, where abstraction-consistent behav-
ior remains recoverable under heavy noise but
is later sharply degraded by exception fitting;
and High-noise Collapse, where training accu-
racy rises through exception fitting without re-
coverable abstraction-consistent generalization
(Figures 1,2).

(Capacity) We first ask whether the abstraction—
exception pattern is simply a consequence of ex-
cessive model capacity; its persistence under pro-
gressively truncated Transformer encoders sug-
gests otherwise. The low-rank constraint reveals
a more specific capacity effect: low-rank chan-
nels can still preserve substantial tone structure
(e.g., r = 2 reaches 79.9% test accuracy), but
compression is not selective. Any reduction in
exception fitting comes at the cost of also weaken-
ing abstraction recovery. Thus, the acoustic cues
that support abstraction and those that support
memorization remain entangled in the acoustic
channel (Table 1,2).

(Internalization) Acoustic perturbation probes
show that abstraction-consistent and exception-
fitting predictions have different local robust-
ness profiles: abstraction-consistent predictions
behave as if they are supported by broader,
more robust local neighborhoods, whereas fitted
exceptions behave like narrow local neighbor-
hoods around the original waveform. In Robust
Phonological Generalization, perturbing the orig-
inal waveform often recovers the corresponding
abstraction-consistent label, indicating that ex-
ception memorization locally overlaid on broader
abstraction-consistent behavior. Thus, although
the cues supporting abstraction and exception fit-
ting are entangled in the acoustic channel, their
predictions differ in perturbation robustness and
local recoverability (Figure 3).

Beyond the representative figures and metrics
reported in the paper, we release the full set of
epoch-wise trajectories for all 70 scale—noise con-
figurations, the complete perturbation results across
SNR levels, and over 2000 saved epoch-wise check-
points to help readers inspect abstraction—exception
dynamics as continuous training processes and
to support further work on model-internal mecha-
nisms and representation geometry.

2 Background

2.1 Poverty of the Stimulus in Speech
Acquisition

The Poverty of the Stimulus frames language acqui-
sition as a learnability problem: children acquire
systematic linguistic knowledge from input that is
finite, noisy, and only partially informative (Chom-
sky, 1980; Berwick et al., 2011). This observation
has motivated nativist accounts, which posit innate
constraints on the hypothesis space (Lidz et al.,
2003), as well as empiricist and exemplar-based ac-
counts, which argue that structure can emerge from
distributional regularities in the input (Saffran et al.,
1996; Ambridge, 2020; Perfors et al., 2011). At
its core, the POS argument concerns a learnability
gap: the observable input appears underdetermined
relative to the abstract structure that learners in-
fer (Pullum and Scholz, 2002; Perfors et al., 2011).
In typical early acquisition, this gap is confronted
primarily through speech rather than presegmented
symbolic input, requiring infants to extract struc-
ture from continuous acoustic streams (Jusczyk and
Aslin, 1995).

Speech perception turns continuous acoustic
variation into discrete linguistic categories (Liber-
man et al., 1957), a mapping central to early phono-
logical acquisition (Kuhl, 2004). Mandarin lexi-
cal tone provides a compact case of this mapping:
variable pitch trajectories are interpreted as dis-
crete tone categories that distinguish word mean-
ings (Yip, 2002), making tone a useful testbed for
speech perception and linguistic cognition (Liang
and Du, 2018; Shuai and Gong, 2014).

2.2 Neural Models as POS Testbeds

Neural language models provide a controlled
testbed for POS-style questions by allowing re-
searchers to manipulate training input, model ar-
chitecture, and evaluation targets (Warstadt and
Bowman, 2022). Recent work (Yedetore et al.,
2023; Warstadt et al., 2023) has therefore evaluated
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models under developmentally motivated data bud-
gets, asking whether linguistic generalizations can
emerge from child-scale or child-directed corpora.
These studies show that neural learners can acquire
nontrivial linguistic behavior from restricted in-
put (Warstadt and Bowman, 2020), but they also
reveal that human-like generalization is not guaran-
teed and may depend on inductive biases (McCoy
et al., 2020; McCoy and Griffiths, 2025). Speech
is central to early language acquisition, yet most
neural POS studies focus on text-based models
because controlled speech simulations pose addi-
tional challenges in task formulation, dataset ma-
nipulation, and metric design. Initial work shows
that transformer-based speech models can main-
tain strong tone recognition under sparse and noisy
supervision (Yang et al., 2025), but how this behav-
ior unfolds over training and how abstractions and
exceptions are internalized by the model remain
unclear.

2.3 Abstraction and Memorization

Transformer-based models have been shown
to store idiosyncratic input—label mappings at
scale (Mahdavi et al., 2024), with recent work quan-
tifying memorization capacity in attention-based
architectures and estimating that GPT-style mod-
els can memorize roughly 3.6 bits per parame-
ter (Morris et al., 2025). This capacity has mo-
tivated extensive work on the relation between ab-
straction and memorization (Arpit et al., 2017; Feld-
man and Zhang, 2020; Panwar et al., 2026; Huang
et al., 2025). In particular, bottleneck and com-
pression views suggest that restricting representa-
tional capacity may selectively preserve shared ab-
straction while filtering input-specific noise (Alemi
et al., 2016; Yu, 2025). Prior work reports sev-
eral distinct temporal patterns: simple-to-complex
learning, where shared structure precedes noise fit-
ting (Kalimeris et al., 2019; Rahaman et al., 2019);
grokking, where generalization emerges only after
prolonged overfitting (Power et al., 2022; Nanda
et al., 2023); and double descent, where generaliza-
tion varies non-monotonically with training time
or effective capacity (Nakkiran et al., 2021).

3 Experiment Design

3.1 Task Formulation

Following the POS speech-learning framework of
Yang et al. (2025), we focus on Mandarin tone clas-
sification. Lexical tone is a suprasegmental phone-

mic contrast: pitch contours distinguish word mean-
ings while interacting with segmental context (Yip,
2002), which makes tone recognition a compact
but linguistically meaningful testbed for studying
phonological abstraction.

Noisy sparse targets. We simulate POS condi-
tions along two axes: training scale and label noise.
Training scale controls the amount of speech avail-
able for supervision, while label noise controls the
proportion of syllable-level tone labels randomly
replaced. Specifically, each syllable’s tone label
is replaced with a uniformly sampled label from
{T1,...,T5} with probability p.

Masked optimization objective. For the i-th ut-
terance, let X; denote the input speech sequence
with K; acoustic frames, Y7 = (y;y,..,¥; ;)
denote the ground-truth label sequence for utter-
ance i, and Y; = (¥in,---,¥iKk,) denote the
observed noisy sequence. Following the central-
frame labeling scheme (Yang et al., 2025; Yuan
et al., 2023), only the center frame of each syllable
is assigned a tone label, while all non-target frames
are assigned the null label 0. We therefore optimize
cross-entropy only on valid tone targets by masking
out O frames:

N K
1 SN -
L(0) = M Zﬂ(yz‘,c # 0) log qo(Fic| X),
i=1 c=1

where V = {(i,¢) : §;,. # O} denotes the set of
valid tone-target frames.

3.2 Learning Trajectory Probes

To characterize model performance across a broad
continuum of stimulus poverty, we first report test
accuracy of the checkpoint with the lowest valida-
tion loss under each scale—noise condition, which
measures generalization to unseen speech. To fur-
ther reveal how phonological rule abstraction and
empirical exception memorization evolve during
fine-tuning, we therefore save epoch-wise check-
points and evaluate each checkpoint with three tra-
jectory probes. Let Ygt) = (@Z(tl), . ,g)l(tf)(‘) denote
the prediction made by the éheckpoiﬁt at epoch
t. We define Vipain and Vies; as the sets of valid
tone-target frames in the training and test splits, re-
spectively, and define Eiain € Virain as the subset
of training positions whose labels are corrupted.

¢ Exception Memorization. The fraction of cor-
rupted training positions for which the model
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predicts the observed corrupted label:

1 . -
Acem = g 30 M0 =)
raim .
(1zc)€gtrain

* Self-Correction. The fraction of the same cor-
rupted positions for which the model predicts the
corresponding ground-truth tone label:

1
Accsc = —— Y. H(Qi(tc) = Z/ﬂ) :
|gtrain‘ . ’ ’
(Z7C)E€train
* Test Accuracy. Accuracy on held-out test speech
against ground-truth tone labels:

1 ~ *
Accgpn = —— Z ]I(yl(tc) = yi7c> .
‘ VteSt ‘ (ivc)evtest

3.3 Model Capacity Interventions

To test whether the observed abstraction—exception
dynamics are simply a consequence of excessive
model capacity, we introduce capacity interven-
tions on the acoustic representation passed into the
Transformer encoder. In the original wav2vec?2.0
pipeline, the CNN feature encoder outputs 512-
dimensional acoustic features, which are mapped
by the standard feature projection to the Trans-
former hidden dimension D = 768. We keep this
original projection unchanged and insert an addi-
tional low-rank affine constraint immediately after
it. Specifically, let u; € R7%® denote the output
of the standard feature projection at time ¢. Our
intervention maps

2z = Apug, A, € RTX?GS,

uy = Cyrzy, C, € R768xr,

We vary r < 768 to control the rank of the
acoustic representation passed into the Transformer
encoder, while keeping the encoder input dimen-
sion fixed at 768. We further validate the capacity
analysis using smaller/truncated wav2vec?2.0 base
encoders and additional low-rank interventions be-
tween the Transformer encoder and classifier.

3.4 Acoustic Perturbation Probes

By construction, ground-truth tone labels instanti-
ate phonological abstraction, whereas corrupted
training labels instantiate empirical exceptions.
The model, however, only sees the resulting

noisy POS objective. Early abstraction recov-
ery may therefore reflect a population-level reg-
ularity (Natarajan et al., 2013) in the supervision,
while later exception fitting reflects optimization
on fixed corrupted labels. We therefore ask whether
abstraction-consistent predictions and memorized
exceptions are internalized in the same way.

To probe this distinction, we apply local acous-
tic perturbations and measure two complementary
properties: perturbation robustness, whether a pre-
diction is retained under label-preserving wave-
form changes, and local recoverability, whether
a broken exception prediction returns to the cor-
responding abstraction-consistent label. Specifi-
cally, we perturb the original training speech X; by
adding Gaussian noise,

Aug (X;) = X; + €,

where €, is scaled to achieve signal-to-noise ratio s
over the full utterance waveform; lower s indicates
stronger perturbation. This utterance-level SNR
treats any pre-existing recording noise as part of
the input signal. Let g}l(sc) denote the model predic-
tion on AUgs (Xz)’ and let Ctrain = Vtrain \ gtrain
denote uncorrupted training positions. We evaluate
perturbation behavior with three probes:

* Exception Retention. The fraction of corrupted
training positions for which the model retains the
observed corrupted label after perturbation:

Accgr(s) = ’&1’ Z ]I(ﬁisc) = gi,c) .
ram (

Zvc)egtrain

* Exception Correction. The fraction of the same
corrupted positions for which the model returns
to the corresponding ground-truth tone label after
perturbation:

Accgo(s) ! Z H(?%(,sc) = y;o) .

B gtrain
‘ ’ (i’c)egtrain

* Rule Retention. The fraction of uncorrupted
training positions for which the model preserves
the corresponding ground-truth tone prediction
after perturbation:

1 (s *
ACCRR(S) = m . )%; ]I(yz(,c) = yi,c) :
7,C train
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4 Experimental Setup

Data. We conduct experiments on AISHELL-
1 (Bu et al., 2017), a standard Mandarin ASR
benchmark with approximately 179 hours of read
speech split into 151/18/10 hours for training, vali-
dation, and testing. We use an HTK-based HMM-
GMM forced aligner (Young et al., 2002)? to map
word transcriptions to Pinyin initials and tonal fi-
nals. Following the central-frame labeling scheme,
each aligned segment contributes only the acoustic
frame nearest its temporal center under the 20 ms
output stride; all other frames are assigned O and
masked out of the cross-entropy loss. All scale,
noise, and perturbation interventions are restricted
to training examples; model selection and standard
evaluation use the same held-out validation and test
splits. Corpus statistics and alignment details are
provided in Appendix A.

Models. For the scale-noise trajectory experi-
ments and acoustic perturbation probes, we use
wav2vec2.0 large pretrained on 960 hours of
LibriSpeech audio® as the backbone. For the
capacity-intervention experiments, including en-
coder truncation and acoustic rank constraints, we
use wav2vec2.0 Base*. The rank constraint is in-
serted after the feature projection and before the
Transformer encoder. Contextual representations
are passed through a linear prediction head to pro-
duce logits over the label vocabulary. We fine-
tune with Fairseq (Ott et al., 2019) using a two-
stage schedule: all pretrained wav2vec?2.@ param-
eters are frozen during the first 10% of updates
to warm up the prediction head, after which the
Transformer encoder is fine-tuned while the con-
volutional feature extractor remains frozen. Accu-
racy is computed at aligned non-0 frame positions
against the reference labels. Experiments are run
on NVIDIA RTX 4090 GPUs, and all reported
numbers are single-run percentages rounded to one
decimal place. Model and training details are pro-
vided in Appendix B.

5 Experiments

Our experiments proceed from global recoverabil-
ity conditions, to epoch-wise dynamics, and finally
to local perturbation robustness. We first map when

2https ://htk.eng.cam.ac.uk/

3https ://dl.fbaipublicfiles.com/fairseq/
wav2vec/libri960_big.pt

4https ://dl.fbaipublicfiles.com/fairseq/
wav2vec/wav2vec_small.pt

abstraction-consistent performance is recoverable
under scale, noise, backbone, and capacity inter-
ventions, and then use epoch-wise checkpoints to
trace the abstraction-exception trajectories. Finally,
given abstraction-consistent predictions and fitted
exceptions, we ask whether the two show the same
locality and perturbation robustness under acoustic
perturbation. We organize this progression around
two questions:

* RQ1: Across POS-style environments with dif-
ferent scale, noise, backbone, and capacity inter-
ventions, when is abstraction-consistent perfor-
mance recoverable, and how does training move
from abstraction recovery to exception fitting?

* RQ2: Do abstraction-consistent predictions and
fitted exceptions have the same local structure
and robustness under acoustic perturbation?

5.1 Scale-noise Performance Landscape

We construct a two-dimensional scale—noise land-
scape by jointly varying training scale and nominal
label-replacement ratio, rather than varying either
factor in isolation (Yang et al., 2025). The training
scales are {1%, 2%, 3%, 5%, 10%, 50%, 100%} of
the full training corpus, and the replacement ra-
tios range from 0% to 90% in increments of 10%.
For each configuration, we fine-tune a wav2vec2.0
large model and save checkpoints after every epoch.
We select the checkpoint with the lowest validation
loss and report its test accuracy. Figure 1 summa-
rizes the grid-level behavior: the x-axis denotes
training scale, the y-axis denotes nominal label-
replacement ratio, and color intensity indicates test
accuracy.

Three recoverability regimes. Figure 1 shows
that abstraction-consistent test performance does
not degrade uniformly with label replacement. In-
stead, the scale-noise landscape separates into
three recoverability regimes: (i) Robust Phonolog-
ical Generalization. The upper landscape forms
a broad high-accuracy plateau: across all training
scales, wav2vec?2.@ maintains above 75% test ac-
curacy up to 70% nominal label replacement, in-
dicating robust recovery of abstraction-consistent
tone performance under sparse and noisy super-
vision. Additional speech exposure expands this
recoverable region: while the 1%-scale model
reaches 80.8% accuracy at 40% replacement, the
100%-scale model still reaches 85.4% at 70% re-
placement. (ii) Abrupt Transition. Once corrupted
supervision becomes dominant, the high-accuracy
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Label-noise ratio
Clean test accuracy (%)

90% 27.2 245 22.2 29.8 25.7 19.6 20.5

1% 2% 3% 5% 10% 50%
Training scale

100%

Figure 1: Test accuracy at the best-validation checkpoint
across training scale and label-noise ratio. The land-
scape is partitioned into three empirical regimes: Robust
Phonological Generalization (> 75%), Abrupt Transi-
tion (30%—-75%), and High-noise Collapse (< 30%).
These thresholds are used for descriptive grouping rather
than theoretical phase boundaries.

plateau gives way to a sharp transition band. In-
creasing training scale delays this boundary but
does not remove it: at 100% scale, accuracy still
drops from 85.4% at 70% replacement to 46.5% at
80%, marking a recoverability limit for abstraction-
consistent tone generalization. (iii) High-noise Col-
lapse. At 90% label noise, test accuracy falls near
chance across all scales, indicating that abstraction-
consistent test behavior is no longer recoverable.

Run Final Train Last Test Best-Val Test
12L, 50%, 50% 100.0 56.6 88.2
6L, 50%, 50% 100.0 58.7 86.9
4L, 50%, 50% 100.0 56.1 88.1
2L, 50%, 50% 100.0 55.9 83.1
2L, 100%, 50% 100.0 54.4 86.3
2L, 100%, 90% 100.0 25.8 222

Table 1: Depth-control results. Each run is denoted
by encoder depth, training scale, and label-noise ratio;
Best-Val Test is selected by validation loss.

Backbone and capacity checks. The landscape
above is obtained with wav2vec2.0 large. We
therefore ask whether the three-regime pattern is
specific to this backbone or simply reflects exces-
sive model capacity. As a backbone check, we
repeat the analysis with HUBERT at 10% training
scale and observe the same qualitative pattern (Ap-
pendix C). We then test capacity in two ways: re-
ducing Transformer depth with wav2vec?.0 base
variants and restricting the pre-Transformer acous-
tic channel with a trainable 768 — r — 768
bottleneck. Table 1 shows that depth reduction
does not remove the pattern: even a two-layer en-

coder reaches 83.1% and 86.3% best-validation
test accuracy in the 50%-replacement runs, while
all depth-control runs reach 100.0% final training
accuracy. Table 2 further shows that abstraction-
consistent tone performance remains partly recov-
erable even under severe acoustic rank compres-
sion, with » = 2 still reaching 67.6% at 70% re-
placement. Together, these checks suggest that
the observed scale—noise regimes are not merely a
wav2vec?.0 large artifact.

Rankr 50% 60% 70% 80%
2 799 761 676 466

4 823 78.0 71.7 465

8 846 79.8 759 431

32 88.0 851 765 384

64 87.6 853 825 364

Table 2: Best-validation test accuracy under acoustic
rank interventions at 50% training scale. Columns de-
note label-noise ratios.

Rank compression modulates both abstraction
and exception. The rank results further show that
acoustic capacity does not act as a simple mono-
tonic recovery knob. In the recoverable 50%-70%
replacement regimes, increasing rank generally im-
proves best-validation accuracy: for example, at
70% replacement, performance rises from 67.6%
at r = 2 to 82.5% at r = 64. This indicates that
stronger abstraction recovery still benefits from ad-
ditional acoustic information. At 80% replacement,
however, the trend reverses: ranks 2 and 4 reach
46.6% and 46.5%, while ranks 32 and 64 fall to
38.4% and 36.4%. This suggests that near the tran-
sition boundary, additional acoustic capacity may
also make the model more susceptible to follow-
ing corrupted supervision. Thus, rank compression
limits acoustic information rather than memoriza-
tion alone: it can partly blunt harmful fitting pres-
sure in the highest-noise setting, but it also weak-
ens abstraction recovery in recoverable regimes.
Capacity therefore modulates the recovery—fitting
tradeoff rather than cleanly separating abstraction
generalization from exception memorization. A
post-encoder capacity constraint ablation shows
the same pattern when the rank constraint is moved
after the encoder (Appendix D).

To clarify the role of speech pretraining, we ad-
ditionally evaluate random initialization and frozen
pretrained features; the complete settings and re-
sults are provided in Appendix E. Random initial-
ization retains the abstraction-before-memorization
ordering, while pretraining substantially improves
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Figure 2: Epoch-wise trajectories at 5% training scale under 10%, 70%, and 90% label noise, corresponding to
three representative regimes: Robust Generalization, Abrupt Transition, and High-noise Collapse. Curves show
Generalization, Self-Correction, and Exception Memorization; shading marks the associated learning regimes.

sample efficiency and robustness to label noise.

5.2 Epoch-wise Learning Trajectories

The scale-noise landscape shows where
abstraction-consistent performance is recov-
erable, but not how recovery and fitting unfold
during training. @ We therefore track all 70
configurations across epochs with three probes:
Generalization, Self-Correction, and Exception
Memorization. Representative trajectories from
the three landscape regimes are shown in Figure 2.
Across recoverable settings, the trajectories
reveal a consistent temporal ordering: abstraction-
consistent generalization and self-correction
emerge first, followed by later exception memo-
rization. The three regimes differ in whether this
recovered abstraction-consistent behavior remains
stable, is later degraded, or never becomes stable.

Robust Generalization Regime. In the robust
regime, abstraction recovery appears early and re-
mains stable throughout training. Test accuracy
changes little from the peak to the final epoch
(90.1% — 88.3%), even though Exception Memo-
rization rises later to near-perfect levels. This indi-
cates that late corrupted-label fitting does not nec-
essarily disrupt the recovered phonological abstrac-
tion: in this regime, exceptions are fitted on top of
a stable abstraction-consistent mapping rather than
replacing it.

Abrupt Transition Regime. In the transition
regime, the model still enters an early recovery
phase, but this phase is not stable. The represen-
tative run reaches 73.4% test accuracy at the peak
epoch under 70% replacement, showing that sub-
stantial abstraction-consistent generalization is still
recoverable under heavy corruption. Continued
training then sharply reverses this state: by the fi-

nal epoch, test accuracy drops by 37.9 points and
Self-Correction drops by 62.7 points. This marks
a temporal shift from abstraction recovery toward
exception fitting, where fitting the corrupted labels
begins to overwrite the earlier behavior.

High-noise Collapse Regime. In the collapse
regime, the abstraction-consistent phase never be-
comes reliable: under 90% nominal replacement,
peak test accuracy reaches only 29.8%. Exception
Memorization nevertheless rises to nearly 100%,
showing that the model can fit corrupted training
labels even when clean generalization remains near
chance. Thus, collapse reflects direct corrupted-
label fitting rather than the degradation of a previ-
ously stable abstraction.

5.3 Acoustic Perturbation for Abstraction and
Exceptions

Capacity and trajectory analyses show that
abstraction-consistent behavior and exception fit-
ting are coupled at the level of acoustic capacity,
but they do not reveal whether the corresponding
predictions have the same local perturbation profile.
We therefore apply the acoustic perturbation probes
to compare perturbation robustness and local re-
coverability: if abstraction-consistent predictions
rely on broader local neighborhoods, they should
remain stable under perturbation, whereas local ex-
ception memories should be easier to break or shift
toward the corresponding abstraction-consistent
label. We add Gaussian noise at SNR levels
s € {50, 45,40, 30, 25, 20, 15,10, 8,6,4,2,0} dB
and evaluate Exception Retention, Exception Cor-
rection, and Rule Retention on both best-validation
and last checkpoints. We report two representative
settings where generalization succeeds: 10% noise
for Robust Phonological Generalization, and 70%
noise for Abrupt Transition. The 90%-noise High-
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noise Collapse case and three additional perturba-
tion types are reported in Appendix F, showing the
same pattern discussed in the main text.

Abstractions are more perturbation-stable than
exceptions. Figure 3 shows a sharp robustness
contrast between abstraction-consistent predictions
and fitted exceptions. In the 10%-noise regime, the
last checkpoint retains the observed corrupted label
almost perfectly under weak perturbation (98.7%
retention at 50 dB), but this retention drops to
34.1% by 30 dB. In contrast, rule retention remains
high under the same perturbation strength (96.3%
at 30 dB and 90.0% at 20 dB), falling below 75%
only under much stronger noise. Thus, abstraction-
consistent predictions are not simply another form
of memorization: they behave as if supported by
broader and more stable local neighborhoods under
perturbation, whereas fitted exceptions depend on
narrower local acoustic neighborhoods.

Perturbation exposes fragile exception fitting.
The 10%-noise regime further shows that fitted ex-
ceptions appear to be locally overlaid on broader
abstraction-consistent behavior. At the best-
validation checkpoint, the model is abstraction-
dominant: Exception Correction stays around 90%
under weak and moderate perturbations, while Ex-
ception Retention remains below 6%. At the last
checkpoint, the model has fitted the observed cor-
rupted labels on the original waveforms, but these
memories are fragile: as Exception Retention drops
from 98.7% at 50 dB to 34.1% at 30 dB and 10.6%
at 20 dB, Exception Correction rises from 1.1%
to 56.2% and 77.4%, respectively. This pattern
indicates that perturbation can move a waveform
away from an exception-fitting neighborhood and
recover the abstraction-consistent label.

Heavy noise weakens local abstraction recov-
erability. The 70%-noise regime reveals a dif-
ferent perturbation-recoverability profile. At the
best-validation checkpoint, the model still shows
partial abstraction recovery: Exception Correction
reaches 37.9% at 50 dB and 44.9% at 30 dB, while
Rule Retention remains 71.2% at 30 dB. At the last
checkpoint, however, weak perturbation strongly
preserves the observed corrupted labels (91.8% Ex-
ception Retention at 50 dB), but breaking this re-
tention no longer reliably recovers the abstraction-
consistent label. At 30 dB, Exception Retention
falls to 32.8%, yet Exception Correction reaches
only 14.2%, and Rule Retention drops to 43.2%.

Robust Generalization (10% noise)
best checkpoint
100 -
75 - -o\-c
50 -

25 -
70—0—0—0—0—:—0—0—0—0_*'_0—_0

last checkpoint

Abrupt Transition: 70% noise

Accuracy (%)

best checkpoint

last checkpoint

50 45 40 30 25 20 15 10 8 6 4 2 0
SNR (dB)

=0= Exception Retention =o=Exception Correction =o=Rule Retention

Figure 3: Acoustic perturbation probes at 100% train-
ing scale for Robust Phonological Generalization (10%
label noise) and Abrupt Transition (70% label noise).
For each regime, we compare the best-validation and
last checkpoints under increasing Gaussian perturbation
strength. Lower SNR indicates stronger perturbation.

Thus, late-stage exception fitting under heavy noise
does not merely add local islands on top of a sta-
ble abstraction; it weakens the local recoverability
of the abstraction-consistent label, so perturbation
leaves the exception without reliably returning to
the abstraction-consistent label.

6 Discussion

In this work, we study how pretrained speech trans-
formers such as wav2vec?2. @ learn from sparse and
noisy tone supervision. Across scale—noise, capac-
ity, and perturbation analyses, we find a consistent
trajectory: recoverable models first acquire shared
phonological regularities and only later fit sample-
specific corrupted labels as exceptions. Perturba-
tion probes further show that abstraction-consistent
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predictions occupy broader local neighborhoods,
whereas fitted exceptions remain fragile around the
original waveform. We next place these findings
in the broader context of learning dynamics and
discuss their scope and implications.

Learning Order. Different rules and abilities
may follow different acquisition orders during
empirical learning. Our tone-recognition re-
sults are consistent with the abstraction-before-
memorization dynamics previously observed in
image classification with convolutional mod-
els VGG-16 (Stephenson et al., 2021), whereas
grokking in modular arithmetic exhibits the op-
posite behavioral ordering, with training-set fit-
ting preceding generalization (Power et al., 2022).
Systematically characterizing such learning orders,
both theoretically and empirically, may therefore
provide a useful perspective for understanding
broader learning phenomena such as neural scaling
and capability emergence (Michaud et al., 2023;
Ren et al., 2026).

Hierarchical Rules. In this work, phonological
abstraction specifically refers to the recovery of
Mandarin tone categories from continuous speech,
while exceptions operationally refer to training in-
stances whose tone labels are randomly replaced;
these synthetic exceptions provide a controlled
proxy rather than naturally occurring linguistic ex-
ceptions. More broadly, linguistic regularities and
exceptions occur at multiple hierarchical levels,
from phonological regularities such as phonotactic
constraints (Jusczyk et al., 1994), to morphological
rules such as English past-tense formation (walk
— walked) and irregular forms (go — went), and
to higher-level grammatical regularities such as
agreement and syntactic dependencies. Extend-
ing the abstraction—exception framework to such
structured and naturally occurring phenomena is
therefore a promising direction for studying how
rules at different linguistic levels are acquired and
internalized.

7 Ethics and AI Assistance

The released checkpoints could potentially be mis-
used for adversarial robustness research on speech
models (Qin et al., 2019). We used ChatGPT for
sentence-level language refinement and code assis-
tance. All scripts, experimental results, and revi-
sions were carefully reviewed and verified.

Limitations

Due to the workload, we use tone classification
and random label replacement as compact proxies
for abstraction and memorization. In the future,
we plan to include broader hierarchical abstraction,
such as prosodic phrase structure (Nespor and
Vogel, 2007), as well as linguistically grounded ex-
ceptions, such as morphophonological alternations
(Mohanan, 1982). We only analyze behavior-level
metrics here. A promising next step is to use the
released epoch-wise checkpoints for internal anal-
yses. Finally, the proposed abstraction—exception
perspective could be tested systematically in other
modern architectures like diffusion models (Ho
et al., 2020), larger data scales, and additional
modalities.
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A Data

A.1 AISHELL-1 Corpus

AISHELL-1 (Bu et al., 2017) is a public Mandarin
read-speech corpus recorded in quiet indoor envi-
ronments, containing 400 speakers from different
accent regions in China, 16 kHz audio, and man-
ually verified transcriptions. We use the standard
train/dev/test partitions. We do not collect new
human-subject data, attempt speaker identification,
or release additional personal metadata; all derived
artifacts use only corpus-provided IDs, transcripts,
and aligned tone labels, and are intended for re-
search use under the original corpus access condi-
tions.

Split  Speakers  Utterances  Hours Targets
Train 340 120,098 150.85 1,986,313
Dev 40 14,326 18.09 235,764
Test 20 7,176 10.03 122,495
Total 400 141,600 178.97 2,344,572

Table 3: AISHELL-1 statistics. Targets denote aligned
non-0 central-frame labels used for training or evalua-

tion.

The label set contains the four canonical Man-
darin lexical tones (T1-T4), the neutral tone (T5),
and aligned silence or pause intervals (sil).

Label Train Dev Test Total

- 377,006 43,963 23,042 444,011
190% 18.6% 18.8%  18.9%

™ 376,983 44,828 22,761 444,572
190% 190% 18.6%  19.0%

- 249,607 29,726 15,037 294,370
126% 12.6% 123%  12.6%

4 611,915 73,008 37,264 722,187
308%  31.0% 304%  30.8%

s 79,029 9,540 4,551 93,120
4.0% 40%  3.7% 4.0%

.1 291,773 34,699 19,840 346,312
St 147%  147% 162%  14.8%

Table 4: Distribution of aligned non-O central-frame
targets. Percentages are computed within each split.

A.2 Forced Alignment Configuration

We use an HTK-based HMM-GMM forced aligner
to obtain phone-level boundaries. Audio is repre-
sented at 16 kHz. The pronunciation lexicon maps
Chinese word transcriptions to Pinyin initials and
tone-marked finals. Silence and short pauses are

modeled as separate sil intervals and retained as
sil labels, while all non-target frames are assigned
0 during tone classification.

The aligner uses a context-independent mono-
phone HMM-GMM acoustic model.  Each
phoneme is modeled without left or right phonetic
context, and each emitting HMM state uses a four-
component Gaussian mixture model. Alignment
is performed against the reference transcription,
producing start and end times for each phone seg-
ment. For each tone-bearing final, we assign the
corresponding tone label T1-T5 to the acoustic
frame nearest the segment center under the 20 ms
wav2vec?2.0 output stride. All other frames are
masked out in the loss.

A.3 Scale-Noise Configuration Statistics

We first generate training subsets at different scales,
and then apply label noise from 0% to 90% in incre-
ments of 10% for each scale, yielding 7 x 10 = 70
configurations.

Scale Generation. We construct each scale by
selecting AISHELL-1 training speakers and retain-
ing all of their utterances, rather than subsampling
utterances independently. This preserves speaker-
level structure. Table 5 summarizes the resulting
subset statistics.

Scale  Speakers Utterances  Hours Labels
1% 3 1,083 1.51 18,592
2% 6 2,166 2.87 37,207
3% 10 3,530 4.61 59,981
5% 17 5,987 7.53 100,743
10% 34 12,027 15.24 200,497
50% 170 60,201 75.73 995,046
100% 340 120,098 150.85 1,986,313

Table 5: Statistics of the nested speaker-level training
subsets used for scale-controlled experiments. Labels
count valid non-0 central-frame labels.

Noise Generation. For each scale-controlled
training subset, we generate noisy training sets with
nominal replacement ratios from 0% to 90% in in-
crements of 10%. Noise is applied only to tone-
bearing central-frame labels in {T1,...,T5}; sil
labels and all O frames are left unchanged. For a
nominal replacement ratio 7, each tone-bearing tar-
getin train.ltr is selected with probability 7. If
selected, its label is replaced with a uniformly sam-
pled tone label from {T1,...,T5}. All validation
and test manifests are copied from the correspond-
ing clean scale-controlled split. Because sil labels
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are included among aligned non-0 targets but are
never replaced, the nominal replacement ratio dif-
fers from the changed-label rate measured over all
non-0 targets.

B Model and Fine-tuning Details

B.1 Backbone Configurations

All wav2vec2.0 variants use the same 7-
layer temporal CNN feature encoder with
512 channels and kernel/stride configurations
(10,5),(3,2),(3,2),(3,2),(3,2),(2,2),(2,2).
The resulting total stride is 320 samples, corre-
sponding to approximately 20 ms per frame for 16
kHz audio. Table 6 summarizes the Transformer
encoder configurations used in our experiments.
The base model has 12 Transformer layers with
hidden size 768, feed-forward dimension 3072,
and 12 attention heads, while the large model has
24 layers with hidden size 1024, feed-forward
dimension 4096, and 16 attention heads. For depth-
control experiments, we truncate the base encoder
by retaining only the first L € {2,4,6, 10,12}
Transformer layers; the convolutional feature
encoder, feature projection, and prediction head
are kept unchanged.

Model Layers Hidden FFN Heads Params
large 24 1024 4096 16 317.38M
base 12 768 3072 12 95.04M
base-10L 10 768 3072 12 80.87M
base-6L 6 768 3072 12 52.52M
base-4L 4 768 3072 12 38.34M
base-2L 2 768 3072 12 2417

Table 6: wav2vec?. @ backbones and truncated base vari-
ants. Parameter counts are computed from the Fairseq
checkpoints used for fine-tuning.

B.2 Fine-tuning Pipeline

We fine-tune all models with Fairseq (Ott et al.,
2019) using Adam and a linear prediction head
over the label vocabulary. Unless otherwise spec-
ified, runs use a peak learning rate of 3 x 1072,
cosine learning-rate decay, and update frequency
1. The learning-rate warmup and frozen-backbone
period are each set to 10% of the total update bud-
get. During the frozen period, the prediction head
is warmed up while pretrained wav2vec?2. @ param-
eters are fixed; afterward, the Transformer encoder
is fine-tuned while the convolutional feature en-
coder remains frozen.

The scale-noise trajectory experiments use
wav2vec?2.0 large and save epoch-wise check-
points for trajectory analysis. The capacity-
intervention experiments use wav2vec?2. 0 base or
its truncated variants. Acoustic rank constraint
runs insert a trainable 768 — r — 768 module
after the feature projection and before the Trans-
former encoder; the post-encoder rank constraint
ablation instead inserts the constraint between the
Transformer encoder and the prediction head.

Compared with Yang et al. (2025), our setup
makes two changes. First, scale refers to the
amount of speech available for training: a k% con-
dition uses approximately k% of AISHELL-1 train-
ing speech, selected at the speaker level, rather than
retaining full speech while reducing labeled targets.
Second, after the initial warmup, we fine-tune the
encoder but keep the convolutional feature encoder
frozen throughout training; the earlier setup also
fine-tuned the convolutional feature encoder.

B.3 Logging and Checkpointing

Training metrics, hyperparameters, and checkpoint
metadata are logged with SwanlLab (Lin et al.,
2023). We validate once per epoch and select best-
validation checkpoints using the development set.
For the main trajectory grid, checkpoints are saved
after each epoch to support epoch-wise analysis.
For capacity interventions used only for endpoint
comparisons, we keep the best and last checkpoints
unless epoch-wise trajectories are required.

C Rule-Exception Dynamics with HuBERT

To test whether the scale—noise dynamics are spe-
cific to wav2vec2.0, we repeat the trajectory anal-
ysis with the Fairseq HUBERT base checkpoint®, pre-
trained on 960 hours of LibriSpeech. The check-
point contains a 12-layer Transformer encoder with
hidden size 768, feed-forward dimension 3072, 12
attention heads, and 94.70M parameters. Table 7
reports the best-validation test accuracies, and Fig-
ure 4 shows the corresponding epoch-wise trajecto-
ries.

D Acoustic Capacity

To test whether the capacity effect depends on
where the low-rank constraint is inserted, we run an
additional ablation that places a low-rank constraint
after the Transformer encoder and before the final

5ht’cps: //dl.fbaipublicfiles.com/hubert/hubert_
base_1s960.pt
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Noise (%) 0 10 20
Best valid epoch 7 5 6
Test acc. (%)

40 50 60 70 80 90
6 5 5 5 4 13

90.3 89.8 89.2 88.8 88.0 864 849 792 465 254

Table 7: HuBERT best-validation results at 10% training scale across label-noise ratios. Each column reports the

selected epoch and its corresponding test accuracy.

classifier. This intervention restricts the contextual
representation used for classification, rather than
the pre-Transformer acoustic channel used in the
main capacity probe. We evaluate this setting on
the 50%-scale, 50%-noise condition using the full
test set.

The pattern matches the main capacity analy-
sis. Low-rank constraint still allows strong early
generalization, with best-checkpoint test accuracy
reaching 83.4%-89.7%. However, all ranks even-
tually fit the corrupted training labels almost per-
fectly, reaching 99.5%-99.9% final training ac-
curacy, while final test accuracy drops to 49.6%—
55.7%.

E Pretraining Controls

To clarify the role of speech pretraining, we evalu-
ate two supplementary controls: random initializa-
tion and frozen pretrained features. For random
initialization, we reinitialize wav2vec2.@ using
standard module-specific initialization and train all
modules from the first update. We use a peak learn-
ing rate of 1 x 104, cosine decay, and a minimum
learning rate of 1 x 1075, For the frozen-feature
control, we freeze the pretrained wav2vec?. @ back-
bone and train only the final linear classifier; a
learning-rate grid search selects 1 x 1073, All
other settings follow the main experiments.

Table 9 shows that full fine-tuning consistently
outperforms both controls. Random initialization
improves substantially with training scale but is
more sensitive to label noise, while frozen pre-
trained features retain only limited linearly ac-
cessible tone information, indicating that pretrain-
ing mainly improves sample efficiency and noise
robustness. Importantly, the abstraction-before-
memorization ordering persists without pretrain-
ing: in the representative random-initialization run
(Table 10), test accuracy and self-correction peak
early while exception memorization remains low,
before memorization approaches 100% and both
measures collapse. The best-validation checkpoint
is also consistently more perturbation-robust than
the last checkpoint (Table 11). Complete frozen-

feature results are reported in Table 12, with test
accuracy remaining around 45-53%, suggesting
that frozen English-pretrained representations con-
tain some tone-relevant acoustic information but
do not directly encode the Mandarin tone category
structure.

F Acoustic Perturbation Probes

F.1 SNR Definition

We control perturbation strength by the signal-to-
noise ratio (SNR). For signal power Pyigna and
noise power Py oise, We define

SNRgp = 10log;, ];jlg?al,
noise
Fignal — 10SNRap/10
P, noise ’
Asignal — 10SNRaB/20
Anoise

Here, Agignal/Anoise denotes the corresponding
RMS amplitude ratio. Lower SNR indicates
stronger perturbation; at 0 dB, signal and noise
have equal power.

F.2 Robustness to Perturbation Type

The main perturbation probes use additive Gaus-
sian noise. To test whether the observed rule—
exception separation depends on this specific noise
distribution, we repeat the same analysis with al-
ternative additive perturbations matched by target
SNR. For each waveform = € R”, we construct

Tg =T+ Qgl,

where v is zero-centered and a5 scales the pertur-
bation to the target SNR s. All perturbations pre-
serve waveform length and therefore do not change
frame-level tone alignment. In all cases, as is com-
puted from the RMS ratio between x and v.

Uniform white noise.
noise,

We sample bounded i.i.d.

vi ~ Uniform(—v/3,v/3),

which has unit variance before SNR scaling.
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Rank » Best Epoch  Best Train Best Test Final Train  Final Test
2 7 53.2 83.4 99.5 49.6

8 7 58.2 88.5 99.8 54.4

16 6 56.9 89.6 99.9 55.7

64 6 57.1 89.7 99.9 55.1

Table 8: Post-encoder capacity intervention ablation at 50% training scale and 50% label noise. The low-rank
constraint is inserted between the Transformer encoder and the classifier. “Best” refers to the checkpoint selected by

development loss.

Scale Setting 0% 10% 50% 70%
10% FT 91.4 909 86.0 68.2
RI 639 60.8 50.6 39.2
FF 532 53.0 52.0 50.7
100% FT 947 942 91.0 854
RI 873 856 77.8 51.6

Table 9: Best-validation test accuracy (%) under full
fine-tuning (FT), random initialization (RI), and frozen
pretrained features (FF) across representative training
scales and label-noise ratios.

Epoch  Test Acc. Exception Mem.  Self-Correction
1 51.36 14.55 41.89

5 77.78 9.12 71.47

10 64.67 41.58 34.71

14 47.09 93.70 0.97

20 48.24 99.99 0.002

Table 10: Representative learning trajectory (%) of the
randomly initialized model at 100% training scale and
50% label noise. The best checkpoint, selected by vali-
dation loss, occurs at epoch 5.

Laplace white noise.
tailed noise,

We sample i.i.d. heavy-

1
v; ~ Laplace <O, \/§> ,

which also has unit variance before SNR scaling.

Pink Gaussian noise. We sample white Gaussian
noise w; ~ N(0, 1), transform it to the frequency
domain, and apply 1/+/f spectral shaping:

ooy~ w(f)
() =

with the DC component set to zero. We then trans-
form back to the time domain and rescale v to the
target SNR.

As illustrated in Figure 5,6,7, the resulting
curves follow the same qualitative pattern as the
Gaussian probes across these perturbation types.

Checkpoint 50 dB 20 dB 0dB
Best-validation 75.38 73.59 59.15
Last 49.85 46.64 31.80
Difference +25.52  +26.94 +27.34

Table 11: Overall clean-tone accuracy (%) under acous-
tic perturbation for the best-validation and last random-
initialization checkpoints at 100% training scale and
50% label noise.

F.3 Perturbations in the High-Noise Collapse
Regime

Figure 8 reports the perturbation response at 100%
training scale and 90% label noise, corresponding
to the high-noise collapse regime. Unlike the robust
and transition settings in Figure 3, this condition
does not show a recoverable phonological rule even
at the best-validation checkpoint.

At the best-validation checkpoint, all three
curves remain low, indicating that the model has
not formed a stable rule-consistent region near the
training waveforms. At the last checkpoint, Ex-
ception Retention is high under weak perturbation,
showing that the model has fitted the corrupted
labels on the original inputs. However, as perturba-
tion strength increases, Exception Retention drops
sharply while Exception Correction remains low.
Thus, breaking the fitted exception does not recover
the corresponding rule-consistent label. This sup-
ports the collapse interpretation: under extreme
label noise, late fitting produces fragmented local
memorization rather than exception islands over-
laid on a recoverable phonological rule.
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Scale Noise Epoch Dev  Test
1% 0% 16 46.44 47.37
1% 10% 16 46.29 47.17
1%  50% 18 46.19 46.92
1% 70% 16 45.78 45.46
2% 0% 6 4722 48.13
2%  10% 13 47.63 48.72
2%  50% 18 47.44 48.70
2%  70% 10 46.33 46.03
3% 0% 8 5036 50.70
3%  10% 14 49.69 50.32
3%  50% 17 4942 50.34
3%  70% 18 47.70 48.69
5% 0% 8 51.19 51.49
5% 10% 14 5195 5221
5%  50% 19 49.23 50.28
5%  70% 20 48.82 48.81

10% 0% 16 53.17 53.21
10%  10% 11 53.16 53.00
10%  50% 12 5245 52.04
10%  70% 16 50.93 50.74

Table 12: Frozen-feature results across training scales
and label-noise ratios. Dev and Test denote accuracy
(%); checkpoints are selected by validation loss.

SNR (dB) Psignal/Pnoise Asignal/Anoise
50 100,000.00 316.23
45 31,622.78 177.83
40 10,000.00 100.00
30 1,000.00 31.62
25 316.23 17.78
20 100.00 10.00
15 31.62 5.62
10 10.00 3.16

8 6.31 2.51
6 3.98 2.00
4 2.51 1.58
2 1.58 1.26
0 1.00 1.00

Table 13: Conversion between SNR in decibels and

signal-to-noise ratios.

stronger additive Gaussian noise.

Lower SNR corresponds to
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noise=0% noise=10% noise=20%

Accuracy (%) Accuracy (%)

Accuracy (%)

Epoch
noise=90%

Accuracy (%)

=—0=—= Test Accuracy ==O== Exception Memorization ==0== Self-Correction

Figure 4: HUBERT epoch-wise trajectories at 10% training scale across label-noise ratios from 0% to 90%. Blue,
purple, and red curves denote Generalization, Self-Correction, and Exception Memorization. At 0% label noise,
Self-Correction and Exception Memorization are undefined.
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Figure 5: Acoustic perturbation probes at 100% training
scale with uniform white noise. The upper two panels
show the robust generalization regime with 10% label
noise, and the lower two panels show the abrupt tran-
sition regime with 70% label noise. For each regime,
we compare the best-validation checkpoint and the last
checkpoint. Exception Retention measures whether cor-
rupted positions still predict the noisy label; Exception
Correction measures whether corrupted positions return
to the clean label; Rule Retention measures whether
uncorrupted positions remain ground-truth-consistent.
Lower SNR indicates stronger perturbation.

Laplace white noise
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Figure 6: Acoustic perturbation probes at 100% training
scale with laplace white noise. The upper two panels
show the robust generalization regime with 10% label
noise, and the lower two panels show the abrupt tran-
sition regime with 70% label noise. For each regime,
we compare the best-validation checkpoint and the last
checkpoint. Exception Retention measures whether cor-
rupted positions still predict the noisy label; Exception
Correction measures whether corrupted positions return
to the clean label; Rule Retention measures whether
uncorrupted positions remain ground-truth-consistent.
Lower SNR indicates stronger perturbation.
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Pink Gaussian noise
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Figure 7: Acoustic perturbation probes at 100% training
scale with Pink Gaussian noise. The upper two panels
show the robust generalization regime with 10% label
noise, and the lower two panels show the abrupt tran-
sition regime with 70% label noise. For each regime,
we compare the best-validation checkpoint and the last
checkpoint. Exception Retention measures whether cor-
rupted positions still predict the noisy label; Exception
Correction measures whether corrupted positions return
to the clean label; Rule Retention measures whether
uncorrupted positions remain ground-truth-consistent.
Lower SNR indicates stronger perturbation.
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Figure 8: Acoustic perturbation probes at 100% train-
ing scale and 90% label noise. We compare the best-
validation checkpoint and the last checkpoint in the
high-noise collapse regime. Exception Retention mea-
sures whether corrupted positions retain the observed
corrupted label; Exception Correction measures whether
corrupted positions return to the corresponding rule-
consistent label; Rule Retention measures whether un-
corrupted positions remain rule-consistent. Lower SNR
indicates stronger perturbation.
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