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ABSTRACT

Self-supervised learning (SSL) front-ends such as
WavLM [1] have become central to modern spoofing
countermeasures, achieving strong performance on
benchmarks such as ASVspoof 5 [2]. However, these
models remain largely opaque: it is still unclear which layers
encode spoof-relevant information, how layer behaviour varies
across attack types, and whether learned representations can
be linked to interpretable acoustic properties. Recent work
has also shown that spoofing countermeasures can exploit
learning shortcuts [3], further motivating analyses that ground
model behaviour in meaningful acoustic properties rather
than spurious cues.

We present a layer-wise interpretability study of WavLM
Base on the ASVspoof 5 database using the following anal-
yses, illustrated in Figure 1. All representations are extracted
from the frozen model without fine-tuning. The frame-level
outputs of each layer are summarised by mean and standard
deviation pooling into a 1536-dimensional utterance vector.
Per-layer linear probing. An independent linear classifier
is trained on each of the 13 layer outputs (L0–L12) using
the train split only, with model selection on dev EER and
final reporting on the eval split. This provides a transparent
measure of linearly accessible discriminative information at
each depth. Performance improves consistently with depth up
to L11, which achieves a dev EER of 3.33% and an eval EER
of 6.07%, before degrading slightly at L12. Per-attack analysis
reveals strong layer–attack interactions: some TTS attacks be-
come detectable from mid-layers onward, while others such as
ToucanTTS and YourTTS show the opposite trend, with EERs
increasing at late layers. Attacks augmented with Malafide [4]
and Malacopula [5] adversarial filtering yield consistently high
EERs at every layer. This is consistent with the hypothesis
that adversarial optimisation suppresses detectable artifacts
independently of representation depth, though our setup cannot
fully separate artifact suppression from cross-detector transfer
of adversarial noise; disentangling the two is left to future
work.
CCA-based acoustic grounding. To understand why certain
layers perform better, we apply Projection-Weighted Canonical

Correlation Analysis (PWCCA) [6] between the represen-
tations of each layer and 17 handcrafted acoustic features
spanning four families: voice quality (jitter, shimmer, HNR),
prosodic (F0, energy), spectral (MFCC, centroid, flux), and
harmonic/formant features capturing harmonic structure and
vocal-tract resonances (harmonic ratio, F1, F2, F3). Two
distinct patterns emerge, as shown in Figure 2. Most features
peak in alignment with mid-layers (around L7) and then
decay, coinciding with the EER improvements observed from
early to mid-layers. In contrast, voice-quality features jitter,
shimmer and HNR, which vocoders are known to distort, show
monotonically increasing correlation all the way to L12. This
explains the further EER gains at late layers: they are driven
by increasing sensitivity to fine-grained vocal naturalness cues.
The slight EER degradation at L12 reflects a loss of spectral
information that offsets continued voice-quality gains. t-SNE
visualisations corroborate this picture: representations transi-
tion from overlapping clusters at L1, to discrete attack-specific
groupings at L6, to a continuous horseshoe-shaped manifold at
L11 consistent with a shift from categorical spectral encoding
to a continuous gradient of vocal naturalness [7].
Layer subset search. The per-layer variation raises a practical
question: do we need all 13 layers? We perform an exhaustive
search over all

∑13
k=1

(
13
k

)
= 8191 non-empty subsets. For

each, the corresponding representations are concatenated and
a linear probe is trained, with selection on dev EER and
reporting on eval. The best subset overall (L7–L9–L10–L11–
L12) consists of 5 layers and achieves 6.1% eval EER,
outperforming full 13-layer pooling (8.08%); the next-best
subsets are also 5-layer, indicating that five was the empir-
ically optimal number of layers rather than a fixed choice.
All top subsets concentrate in the L6–L12 range, consistent
with the CCA findings: early layers encode low-level spectral
information with weaker discriminative relevance and do not
contribute complementary information in the linear pooling
setting.
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Fig. 1. Overview of the analysis pipeline. WavLM layer representations are summarised by mean+std pooling. Two analyses are performed: per-layer linear
probing (right) and PWCCA-based acoustic grounding (left).

f0_
mea

n
f0_

std

en
erg

y_m
ea

n

on
set

_st
ren

gth

mfcc
_m

ea
n

spe
ctr

al_
cen

tro
id

spe
ctr

al_
rol

lof
f zcr

spe
ctr

al_
en

tro
py

spe
ctr

al_
flu

x

ha
rm

on
ic_

rat
io

f1_
mea

n

f2_
mea

n

f3_
mea

n
jitt

er

shi
mmer hn

r

Acoustic Features

L0

L1

L2

L3

L4

L5

L6

L7

L8

L9

L10

L11

L12

W
av

LM
 L

ay
er

s

0.62 0.60 0.64 0.58 0.66 0.66 0.65 0.63 0.60 0.62 0.64 0.55 0.56 0.54 0.52 0.53 0.55

0.65 0.62 0.67 0.61 0.69 0.67 0.68 0.66 0.63 0.65 0.67 0.57 0.58 0.56 0.53 0.54 0.56

0.69 0.66 0.71 0.65 0.73 0.71 0.72 0.70 0.67 0.69 0.71 0.60 0.61 0.59 0.54 0.55 0.57

0.73 0.69 0.75 0.69 0.77 0.75 0.76 0.74 0.71 0.73 0.75 0.63 0.64 0.62 0.54 0.55 0.58

0.77 0.72 0.79 0.73 0.81 0.79 0.80 0.78 0.75 0.77 0.79 0.66 0.67 0.65 0.56 0.57 0.60

0.81 0.75 0.83 0.77 0.85 0.83 0.84 0.82 0.79 0.81 0.83 0.69 0.70 0.68 0.58 0.59 0.63

0.84 0.80 0.86 0.82 0.88 0.90 0.89 0.87 0.84 0.86 0.86 0.74 0.75 0.73 0.61 0.62 0.67

0.88 0.82 0.90 0.84 0.92 0.96 0.91 0.89 0.86 0.88 0.90 0.77 0.78 0.76 0.64 0.65 0.70

0.85 0.79 0.87 0.81 0.89 0.87 0.88 0.86 0.83 0.85 0.87 0.73 0.74 0.72 0.67 0.68 0.73

0.76 0.71 0.78 0.72 0.80 0.78 0.76 0.77 0.74 0.76 0.78 0.68 0.69 0.67 0.74 0.75 0.80

0.68 0.64 0.70 0.64 0.72 0.71 0.69 0.69 0.66 0.68 0.70 0.64 0.65 0.63 0.82 0.82 0.88

0.66 0.61 0.68 0.61 0.66 0.66 0.64 0.66 0.62 0.64 0.66 0.61 0.62 0.60 0.86 0.87 0.91

0.60 0.56 0.62 0.55 0.64 0.63 0.61 0.58 0.55 0.58 0.62 0.58 0.59 0.57 0.89 0.90 0.94

CCA Correlation: WavLM Layers vs Individual Features

0.5

0.6

0.7

0.8

0.9

1.0

PW
CC

A

Fig. 2. PWCCA correlation between WavLM layers and individual acoustic features. Most features peak at mid-layers and decay, while voice quality measures
(jitter, shimmer, HNR) increase monotonically with depth.
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