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ABSTRACT

This technical report describes ML-SCAD (Multi-Level Stereo
Conditional Anomaly Detection), a system submitted to DCASE
2026 Task 2 that treats the synchronized two-channel stereo
recording as a core design element rather than an auxiliary
input. The near microphone (machine-dominant) provides the
primary anomaly representation; the far microphone (noise-
dominant) is exploited in five complementary roles across signal,
structural, semantic, score, and spectral levels. The system
combines a BEATs/CLAP/autoencoder base ensemble with stereo-
aware modules: Wiener-filtered AE (L.1), inter-channel relation
LOF (L2), machine-specific BEATs routing with Far-channel
Attribute-Conditioned Anomaly detection (FACA) and Noise-
Aware Score Normalization (NASN) (L3/L4), and Mel-Band
Cross-Spectrum (MBCS) plus Cross-Channel Predictive Cod-
ing (CCPC) auxiliary branches (L5). MBCS approximates a stereo
acoustic-transfer signature via ILD temporal variability (ILD. ) and
magnitude-squared coherence (MSC), achieving standalone avg
2=0.5950, outperforming BEATs-only Mahalanobis (£2=0.5502)
on all 7 development machines with identical hyperparameters.
The submitted system (Sfina=0.858pase+0.105ccpc+0.055MmBcs)
achieves per-machine avg 2=0.6581 (AUCg.=0.7793,
AUC=0.6501, pAUC=0.6051; official single-HM =0.6431)
on the 7-machine development set. No anomaly labels are used for
training, and evaluation labels are never accessed.

Index Terms— anomalous sound detection, stereo audio, Mel-
Band Cross-Spectrum, Wiener filter, BEAT's, Mahalanobis distance,
cross-channel predictive coding

1. INTRODUCTION

Unsupervised anomalous sound detection (ASD) identifies abnor-
mal machine states from normal-only training data [1]. DCASE
2026 Task 2 introduces a noise-awareness challenge: factory-floor
recordings are collected with two synchronized microphones—a
near microphone placed close to the target machine (machine-
dominant) and a far microphone at a greater distance (noise-
dominant). A high anomaly score may arise from a genuine me-
chanical fault or from an acoustic environment change; the two
channels provide complementary evidence to separate these causes.

ML-SCAD organises the far-channel roles into five levels
(Fig. 1):

e L1 Signal (Wiener-AE): The far channel serves as a per-bin
noise reference for Wiener spectral subtraction. The noise-
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All models are trained using normal training clips only; anomaly labels and evaluation labels are not used.

Figure 1: Overview of the ML-SCAD framework. Near (machine-
dominant) and far (noise-dominant) channel signals feed five com-
plementary levels (L1-L5). Component scores are aligned by robust
score normalization (RSN) and fused into the final anomaly score.
Trainable models are fitted using normal training clips only.

suppressed near-channel signal feeds a per-machine autoen-
coder; the Wiener-AE reconstruction error is blended with the
standard AE error via a machine-specific weight .

e L2 Structural (Relation LOF): A 25-dim inter-channel
feature vector encodes per-band magnitude-squared coher-
ence (MSC), per-band near/far log-energy ratio (EFR), GCC-
PHAT cross-correlation peak strength, and per-band temporal
coherence variability. Normality is scored by Local Outlier
Factor [2] with iterative self-training on pseudo-normal test
clips.

e L3 Semantic (BEATs Routing + FACA): BEATs [3] em-
beddings are routed to machine-specific scorers (Maha-
lanobis, PatchCore [4], Spectral-Kurtosis LOF, or Attribute-
Conditioned Mahalanobis). For bearingEmu, FACA fits k-
means on far-channel embeddings to derive noise-condition
centroids, enabling per-cluster near-channel Mahalanobis scor-
ing without attribute labels.

e L4 Score (NASN): Noise-Aware Score Normalization sub-
tracts a scaled far-channel score from the near-channel score
on robustly normalised values, SNASN=Snear—Sfar, 1SOlating
machine-state differences from noise-induced score inflation
(applied to sliderEmu and ToyCar).
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e L5 Blend (MBCS + CCPC): Two stereo auxiliary branches
are fused at fixed low weights. MBCS (Mel-Band Cross-
Spectrum Mahalanobis) approximates a stereo acoustic-
transfer signature via ILD, and MSC. CCPC (Cross-Channel
Predictive Coding) trains an MLP to predict near-channel
BEATSs embeddings from far-channel embeddings; deviations
from the learned normal prediction pattern indicate anomalies.

2. TASK SETTING AND COMPLIANCE

DCASE 2026 Task 2 is positioned within a line of machine-
condition monitoring ASD benchmarks, including ToyAD-
MOS?2 [5] and MIMII DG [6].

Each machine type provides ~990 source and 10 target normal
training clips; the test set contains ~200 clips (100 per domain)
with withheld labels. The official metric 2 is the harmonic mean
of AUCse, AUCg, and pAUC@FPR=0.1 across all machines and
domains [1]. The first-shot constraint (only 10 target training clips)
makes per-machine target adaptation highly fragile, motivating un-
supervised, domain-agnostic design choices.

ML-SCAD follows the DCASE 2026 Task 2 normal-only train-
ing setting. No anomaly labels are used for training the model, and
no evaluation labels are accessed. Development labels are used only
for offline validation and hyperparameter selection. No DCASE
2020-2025 Task 2 audio datasets are used; only the public baseline
architecture/code is referenced. BEATS [3] and LAION-CLAP [7]
are both on the official allowed external resource list. The binary
decision threshold 7=0 is fixed before evaluation and is not derived
from anomaly labels or test-clip label distributions.

3. PROPOSED SYSTEM: ML-SCAD

3.1. Audio Representations

Five complementary feature types are extracted per stereo clip (Ta-
ble 1). BEATs [3] and LAION-CLAP [7] serve as fixed feature
extractors with no fine-tuning. Log-mel features use 16 kHz; CLAP
inputs are resampled to 48 kHz. MBCS uses a 256-sample hop to
resolve finer temporal structure for cross-spectrum estimation.

3.2. L1: Wiener-Filtered Autoencoder

The far channel acts as a real-time noise reference for Wiener spec-
tral subtraction applied to the near channel:

| Xeae (f, 1) )
H(f,t)=max|1l—-a—F—F——"o—, )
(0 =max(1 -t
with over-subtraction factor a=0.7 and spectral floor 5=0.05
(fixed, all machines). The filtered near-channel signal

Xuew=H-Xnear is converted to a 128-bin log-mel spectrogram
and fed to a per-machine AE following the first-shot ASD baseline

M

Table 1: Feature representations in ML-SCAD.

Feature Notes Dim

Log-mel AE near; 128 mel, 5-frame ctx 640

BEATS near; iter3+AS2M, mean 768
pool

LAION-CLAP  near; clap-htsat, 48 kHz 512

MBCS near+far; 40 mel, hop=256 200

Relation near+far; MSC/EFR/GCC 25
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Table 2: Machine-specific Level 3 routing. ~: Wiener-AE blend
weight; a: NASN suppression coefficient.

Machine Primary Scorer Stereo Module
fan PatchCore-256 +  Wiener
WienerMahal (v=0.80)
gearboxEmu  ACM-BEATSs O Attr. cond.
attr. groups) (v=0.20)
ToyCar DSDE-PatchCore-256 NASN (a=0.4)
sliderEmu BEATs Mahal-128 NASN (a=0.9)
bearingEmu  BEATs Mahal-128 + FACA (k=3)
FACA
ToyCarEmu  BEATs Mahal-256 + Wiener
ACM-AE (y=0.10)
valveEmu Spectral Kurtosis LOF  Periodic bypass

architecture [8, 9] (640-dim input, 3-layer bottleneck). The Wiener-
AE reconstruction score is blended with the standard near-channel
AE score:

s1 = (1—7) SaE + ¥ SwWienerAE;, 2)
where the machine-specific blend weight - is: fan (0.80), gearbox-
Emu (0.20), ToyCarEmu (0.10), bearingEmu (0.15), and 0 for all
other machines. A high ~ prioritises denoised input; a low ~ re-
tains rich near-channel content. The spectral floor 5=0.05 prevents
signal distortion and excessive attenuation in noise-dominant bins.

3.3. L2: Inter-Channel Relation Features

The 25-dim per-clip relation vector is:
R =[MSCys, EFRy.s, GCC, ousc1s] € R? 3)

where MSCi.g are 8-band coherence values;
EFR (b)=log(Enear(b)+€)— log(Ftr(b)+€) is the per-band
near/far log-energy ratio capturing normal SNR structure; GCC
is the GCC-PHAT [10] cross-correlation peak strength (max
normalized cross-correlation within £50 samples); and owmsc,1:8 1S
the temporal standard deviation of per-band MSC within the clip,
capturing within-clip coherence instability. The relation vector is
scored by LOF [2] (k=5). A 2-iteration unlabeled refinement adds
the lowest-scoring 30% clips as auxiliary LOF reference samples
without using anomaly or domain labels. Machine-specific blend
weight w1 €{0.15, . .., 0.30} is tuned on the development set.

3.4. L3: Machine-Specific BEATs Routing and FACA

BEATS [3] embeddings (768-dim, pretrained on AudioSet-2M [11])
are reduced by PCA to d€{128,256} and scored by machine-
specific routing (Table 2).

Attribute-Conditioned Mahalanobis (ACM) fits per-attribute
cluster statistics on source training clips and scores each test clip
against its nearest attribute cluster: sacm=min. das(z; fic, 3e),
where c indexes the 9 attribute groups for gearboxEmu and the AE-
based attribute clusters for ToyCarEmu. valveEmu shows highly
periodic vibration; Spectral Kurtosis (SK) routing detects clips with
SK>0.60 and scores them against high-kurtosis training clips only,
bypassing the general embedding scorer and yielding 2=0.8713.

Far-Channel Attribute-Conditioned Anomaly (FACA). FACA
removes noise-condition confounding without attribute labels. For
bearingEmu, k-means (k=3) is fitted on training-normal far-
channel BEATs-PCA32 embeddings, deriving three noise-condition
centroids. At inference, each test clip is assigned to its nearest
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centroid: ¢*(z)=arg min. ||Zsar(x)—pc||, and per-cluster Maha-
lanobis scoring on near-channel BEATs-PCA256 is applied. This
conditioning reduces the effect of environment-induced variation on
the near-channel anomaly score. FACA contributes AQ=+0.0065
over global Mahalanobis for bearingEmu (AAUCg.=—0.017,
AAUCx=+0.027), pointing to enhanced noise-condition decou-
pling in the target domain where environment variation is larger.

3.5. L4: Noise-Aware Score Normalization (NASN)

NASN performs score-level noise suppression on robustly nor-
malised scores:

SNASN = Snear — Q¢ gfa.h (4)
where Spear and S, are RSN-normalised Mahalanobis scores of near
and far BEATs embeddings respectively, and « controls the sup-
pression strength. Normalising before subtraction ensures the two
channels are on a comparable scale. The intuition is: a simulta-
neously elevated far-channel score suggests an acoustic environ-
ment change rather than a machine fault. sliderEmu («=0.9):
AQ=40.0127, primarily target AUC improvement, consistent with
strong far-channel noise variation under domain shift. ToyCar
(a=0.4, blend w=0.20): AQ=+0.0018.

3.6. L5: Mel-Band Cross-Spectrum (MBCS)

MBCS approximates an inter-channel stereo-transfer signature be-
tween the two microphones via level variability and coherence. The
full 200-dim feature covers ILD, IPD, and MSC over 40 mel bands;
the submitted best subset uses the 80-dim pair ILD,, MSC) pro-
jected to PCA-64. Let Z.(f,t) denote the STFT at bin f, frame
t, channel ¢ € {near, far}, and let 7 be the set of STFT bins in
mel band b. Define the band-aggregated complex cross-spectrum
Cb(t)zzfe}‘b Znear (f ) Zie(f,t) and per-channel band power

P.y(t)= Zfe]—'b |Z.(f,t)|?. The two features per band are:

Pnear b(t)+5
ILD, (b) = std, { log Frere®+e ] .
0= t{ 8 Ha,,b(t)+e} )
T
! Co(0)?
MSC(b) = = . ;
( ) T t—1 Pnear,b(t) Pfar,b(t)+5 (6)

Physical motivation. Under normal machine operation the near/far
spatial relationship is stable, so large ILD, indicates a change in
vibration propagation or posture. Band-level MSC aggregates the
complex cross-spectrum within each mel band before squaring, pro-
viding values in [0, 0.98]; unlike per-bin MSC (which collapses to 1
for any STFT bin), it provides genuine inter-channel coherence dis-
crimination. Domain robustness. Both features are within-clip
relative statistics invariant to absolute recording distance, making
them robust to source/target domain shift in far-channel recording
position. Absolute ILD mean and IPD, by contrast, degrade under
domain shift and underperform (see Table 4). A Mahalanobis scorer
with ridge-regularized covariance is fitted on PCA-64 projections.

3.7. L5: Cross-Channel Predictive Coding (CCPC)

CCPC is designed to exploit cross-channel stereo relationships at
the embedding level: an MLP trained on normal clips predicts
near-channel BEATS-PCA128 (near) from far-channel BEATS-
PCA128 (¢rar). Architecture: 2 hidden layers, 512 units, Layer-
Norm + GELU activations, Dropout(p=0.1), AdamW optimiser,
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300 epochs. The anomaly score is the cross-channel prediction
residual:

scerc () = || MLP(gpp(z)) — gp“ea,(x)HQ. )

Under normal operation the near/far embedding relationship is con-
sistent; a large residual indicates that the far channel fails to predict
the near channel in the expected way. To isolate the source of the
gain, an ablation compares CCPC against a same-channel temporal-
shift baseline (SC-TS): a near—near MLP with a 1-frame temporal
shift, which carries no cross-channel spatial information. SC-TS
achieves 4+0.0081 avg A2 vs. CCPC at 4+0.0082—nearly identi-
cal. This suggests that the CCPC gain mainly comes from predic-
tive representation structure (smoothness of the BEATs manifold
under normal conditions) rather than cross-channel stereo geometry,
which is largely lost at the embedding level. This finding motivates
earlier-stage cross-channel fusion rather than late-stage embedding
prediction in future noise-aware ASD systems.

4. SCORE FUSION AND DECISION

Raw scores from heterogeneous components span incompatible
scales. Robust score normalization (RSN) aligns them per com-
ponent:

s — median(siest) @®)

MAD(S[est)

where median and MAD are estimated from unlabeled score mag-
nitudes within each evaluation section, using no anomaly labels,
domain labels, machine-condition labels, file-name metadata, or
threshold tuning. Scale alignment via RSN maps heterogeneous
component scores to a common reference before fixed-weight fu-
sion in Eq. (9). The base ensemble integrates Wiener-AE, relation
LOF, CLAP-LOF, and BEATs Mahalanobis/PatchCore with inter-
nal machine-specific weighting. The final submitted score is:

Sfinal = 0.85 Sbase + 0.10 Sccpe + 0.05 Smpcs- )

Blend weights (0.85,0.10,0.05) are fixed uniformly for all five
evaluation machines to prevent overfitting to development machine
characteristics, as evaluation machine types are entirely unseen.
The binary decision §=1[sgna>7] uses 7=0, the natural threshold
after RSN centering.

s =

5. EXPERIMENTS

5.1. Experimental Setup

The DCASE 2026 Task 2 development set [1] contains 7 machine
types: ToyCar, ToyCarEmu, fan, gearboxEmu, bearingEmu, slid-
erEmu, and valveEmu. Each machine provides ~990 source and
10 target normal training clips, and ~100 source and 100 target test
clips (50 normal + 50 anomaly per domain). The evaluation set
contains 5 unseen machine types (ToyDrone, ToothBrush, Sewing-
Machine, BlowerDustCollector, Sander) whose anomaly labels are
never accessed.

STFT parameters: 1024-pt FFT, Hann window; AE and BEAT's
features use 512-sample hop; MBCS uses 256-sample hop over 40
mel bands. BEATs embeddings are extracted with masked mean
pooling (padding mask applied) to handle variable-length clips. No
data augmentation is used at any stage. All hyperparameters are se-
lected on development set overall €2 and kept fixed for all evaluation
machines.
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Table 3: Submitted ML-SCAD system results on the development
set. Per-machine avg 2=0.6581; official single-HM Q=0.6431.

Machine AUCq. AUCy  pAUC Q

ToyCar 0.7004  0.7024 0.5458 0.6405
ToyCarEmu  0.6920 0.8932 0.5737 0.6964
fan 0.9360 0.3572  0.5058 0.5133
gearboxEmu  0.7784  0.6360 0.6400 0.6788
bearingEmu  0.6776  0.5848 0.6042 0.6197
sliderEmu 0.6772  0.5668 0.5342 0.5868
valveEmu 0.9932 0.8100 0.8321 0.8713
Avg 0.7793  0.6501 0.6051 0.6581

Table 4: MBCS Mahalanobis ablation (avg over 7 dev machines,
identical hyperparameters).

Config Dim PCA avgQ
BEATs Mahal 763 128  0.5502
MBCS-200 200 - <0.50
ILD,, only 40 - 0.5301
MSC only 40 40 0.5674
ILD,+MSC 80 64 0.5950
+W.AE 80 64 0.5993

5.2. Development Set Results

Table 3 reports per-machine performance of the submitted ML-
SCAD system. The base ensemble (without CCPC/MBCS)
achieves avg 2=0.6614; the full submitted blend (Eq. 9) yields
0=0.6581 (A=-0.0033). The slight decrease reflects deliberately
conservative auxiliary weights: CCPC and MBCS are retained at
low weights because they may generalise differently to the 5 unseen
evaluation machines, and overfitting these weights to 7 development
machines would not be appropriate.

Notable observations. fan exhibits the largest AUC.—AUCg
gap (0.936 vs. 0.357), indicating that the near-channel machine sig-
nal is dominated by environmental noise in the target domain—a
case where even Wiener filtering at y=0.80 cannot fully decouple
machine and noise. The sub-chance AUCy (0.357) indicates sys-
tematic score inversion, suggesting a negative-transfer effect where
target-domain noise distribution changes disrupt the far-channel
Wiener reference. valveEmu benefits strongly from SK-LOF pe-
riodic bypass routing (2=0.8713), suggesting that machine-type-
specific signal structure can be highly discriminative when correctly
identified.

5.3. Ablation Studies

ILD,, and full-200 features underperform BEATs-only, suggesting
that absolute inter-channel statistics degrade under domain shift.
The ILD,+MSC subset outperforms BEATs-only by +0.0448 avg
Q (7/7 machines) with a single fixed hyperparameter set and no
per-machine tuning. The near-identical CCPC and SC-TS improve-
ments suggest that cross-channel spatial information is not pre-
served at the BEATs embedding level. Disabled components in-
clude BiCCPC (bidirectional CCPC: —0.0119), CCSD (near—far
BEATSs Mahalanobis: negative on all machines), and Normalizing
Flow (average —0.009 vs. Mahalanobis), all of which reduced per-
formance on the development set and were excluded from the sub-
mitted system.
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Table 5: Per-component stereo contribution (dev set). Deltas are
local ablations, not additive with the full ensemble.

Component Scope avg AQ
MBCS ILD,+MSC vs. BEATs-only +0.0448
NASN (@=0.9) sliderEmu +0.0127
FACA (k=3) bearingEmu +0.0065
NASN (a=0.4) ToyCar +0.0018
CCPC (w=0.10) 6/7 machines +0.0082
SC-TS (ablation) 6/7 machines +0.0081
BiCCPC (disabled) 7/7 machines —0.0119
CCSD (disabled) 7/7 machines negative

6. CONCLUSIONS

ML-SCAD is a five-level stereo anomaly detection system that ex-
ploits the near/far microphone structure of DCASE 2026 Task 2
at the signal, structural, semantic, score, and spectral levels. The
MBCS feature approximates a stereo acoustic-transfer signature via
ILD temporal variability and band-level coherence—domain-robust
statistics that consistently outperform BEATs-only Mahalanobis as
a standalone scorer (40.0448 avg €2). FACA, NASN, and Wiener
filtering each address a distinct facet of the noise-awareness chal-
lenge. The submitted system achieves per-machine avg 2=0.6581
(official 2=0.6431).

A primary finding is that CCPC and its same-channel ab-
lation SC-TS yield nearly identical improvements (40.0082 vs.
-+0.0081), demonstrating that cross-channel spatial information is
lost at the BEATs embedding level and motivating earlier-stage
cross-channel fusion in future work. The primary limitation is
the severe target-domain degradation of fan-type machines under
acoustic domain shift, where Wiener filtering alone is insufficient.
Future work will focus on earlier-stage stereo fusion and normal-
score-based calibration.
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