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ABSTRACT

DCASE 2026 Task 2 evaluates first-shot unsupervised anomalous
sound detection under source-domain, target-domain, and low-FPR
criteria. In this setting, our experiments indicate that the domi-
nant failure mode is not simply insufficient representation capac-
ity, but unstable normal-score tails and fragile source/target operat-
ing conditions. We therefore submit a frozen normality-calibration
portfolio: complementary pretrained audio scores are normalized
only with train-normal references, guarded by conservative tail
and domain-risk reliability checks, and evaluated with an exact
replica of the official development metric. The primary system
improves a strong proxy score from 0.611706 to 0.613941 official
harmonic mean while preserving mean pAUC at 0.592030. Addi-
tional submitted slots provide an out-of-fold mirror, an independent
Dasheng guarded variant, and a global-gating fallback for target
false-positive risk. Negative stress tests are also informative: larger
resource ensembles, adaptive local-density normalization, and lo-
calized temporal matching improved some AUC or target-risk indi-
cators but degraded low-FPR pAUC, so they were excluded. The re-
sulting submission emphasizes a practical conclusion for first-shot
ASD: robust train-normal calibration and normal-tail preservation
can be more valuable than adding another high-capacity detector.

Index Terms— Anomalous sound detection, machine condi-
tion monitoring, DCASE 2026, train-normal calibration, score en-
semble

1. INTRODUCTION

DCASE 2026 Task 2 addresses first-shot unsupervised anoma-
lous sound detection (ASD) for machine condition monitoring in a
noise-aware setting [1]. For each machine section, participants are
given only normal training clips from source and target domains.
The development dataset follows the first-shot protocol: each sec-
tion contains 990 source-domain normal clips and 10 target-domain
normal clips for training, while the corresponding test split contains
normal and anomalous clips from both domains [2]. The central dif-
ficulty is therefore asymmetric: the system must model a target ma-
chine state from very few target-normal examples while remaining
stable in both source and target domains and at low false-positive
rates.

Industrial ASD has been studied in DCASE through datasets
and tasks such as ToyADMOS, MIMII, ToyADMOS2, MIMII DG,
and recent first-shot/domain-shift tracks [3, 4, 5, 6, 7, 8, 9]. Recent
systems often rely on large pretrained audio representations, density

scores, and ensembles. Our experiments support this direction, but
also reveal a limit: many stronger-looking feature branches increase
mean AUC while damaging the low-FPR tail that drives pAUC. We
therefore treat ASD here as a calibrated normality-ranking problem
rather than as a search for a single more expressive encoder.

The report makes three practical observations. First, difficult
target-domain and low-FPR conditions, not the average score alone,
determine whether an ASD system is useful. Second, train-normal
tail calibration and independent reliability guards provide a small
but reproducible gain over the proxy score without training on
anomaly labels. Third, negative evidence matters: multi-channel re-
lation learning, local-density normalization, large resource ensem-
bles, and temporal localized matching did not beat the calibrated
portfolio once low-FPR and source/target robustness were consid-
ered. The final submission freezes four systems that reflect these
observations rather than the most complex models tried.

2. TASK METRIC AND COMPLIANCE PROTOCOL

Let C denote the set of metric cells used by the official Task 2 score.
For each machine type and section, the cells include source-domain
AUC, target-domain AUC, and pAUC over the low false-positive-
rate region [0, 0.1]. The official development score is the harmonic
mean
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where m. is the official AUC or pAUC value for cell c¢. Our im-
plementation used a numerical safeguard only in unit tests and not
in the reported values. We verified the evaluator by monotonic-
transform tests, sign-inversion tests, tie-handling tests, and compar-
ison with the trusted project metric implementation. All scores are
oriented so that a larger value means more anomalous.

The following compliance rules were enforced throughout final
selection. The evaluation set and submission outputs were not read
during the audit or final engineering stages. Evaluation filenames,
order, directory layout, score distributions, or batch statistics were
not used for calibration. Development anomaly labels were used
only for offline metric evaluation and for choosing among already-
frozen candidate systems. The OOF, LOMO, and nested protocols
fixed their splits and train-normal calibration before any metric was
computed. No detector, normalizer, threshold, gating rule, or fusion
weight was trained using development anomaly labels. Decision-
result thresholds are generated from train-normal score scales and
are diagnostic only; challenge ranking is determined by continuous
anomaly scores.

H= 1)
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3. RELIABILITY-AWARE NORMALITY PORTFOLIO

The submitted systems implement one idea: preserve a strong nor-
mality ranking while preventing unreliable normal-score tails from
driving false alarms. Each branch maps an audio clip to one or more
frozen normality scores. The audio is decoded deterministically and
resampled to the native rate of the corresponding frontend or en-
coder. The first channel is treated as the near target-machine chan-
nel and the second channel as the farther reference channel when
a branch uses two-channel views. Acoustically, the near channel
is expected to contain stronger target-machine energy, while the far
channel is more sensitive to propagation loss, background noise, re-
verberation, and operating-environment mismatch. Large disagree-
ment between near-, far-, or residual-view scores is therefore treated
as unreliable anomaly evidence rather than as a direct anomaly la-
bel. There is no test-batch channel adaptation.

Existing pretrained audio representations provide complemen-
tary acoustic cues: PANNSs-style acoustic event embeddings [10],
EAT self-supervised transformer embeddings [11], BEATs-style
acoustic-token representations [12], CLAP-style audio-language
embeddings [13], and Dasheng masked-audio-encoder embeddings
[14]. These resources were audited in the project resource registry
before being used; only cached checkpoints and feature dumps with
recorded source and hash were allowed into final candidate scor-
ing. The final freeze reads score CSVs rather than raw checkpoints,
but the upstream cached feature families include panns_cnnl4,
beats_audioset, laion_clap, EAT, and Dasheng; the ac-
cepted score artifacts and feature inventories are SHA256-recorded.
Earlier screening also considered other audio transformer families
such as AST, PaSST, and AudioMAE [15, 16, 17]. In the final sys-
tems these representations are not trained on anomalies; they are
used as frozen feature or score sources.

The resulting inference recipe is deliberately simple. First, au-
dio is decoded and channel views are formed according to the frozen
branch configuration. Second, each branch computes or reads a
frozen clip score for the matching machine, section, and domain-
aware reference setting. Third, branch scores are robustly normal-
ized with train-normal statistics from the same fold or final train
split. Fourth, fixed score transforms and fusion weights from the
frozen configuration are applied. Fifth, a reliability guard subtracts
only a small penalty when train-normal calibrated branch disagree-
ment or tail risk is high. Finally, the continuous anomaly score is
written with full precision, and the binary decision result is obtained
by a fixed train-normal empirical-CDF threshold of 0.95.

3.1. Train-normal score calibration

For a branch score s (x) and the corresponding normal training ref-
erence set 7, robust score calibration is performed using statistics
estimated only from 7

sp(x) — median,e7sp(u)
IQR, c7sb(u) + €

@
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When source and target normal banks are available, calibration
keeps their statistics fold-safe and never estimates normalization
parameters from test clips. Candidate variants may additionally
use train-normal empirical tail references, branch disagreement, or
target-bank proximity as reliability cues. These cues are used only
as small conservative guards; they are not learned anomaly classi-
fiers.

Challenge

3.2. Tail calibration and guards

The primary family combines a frozen proxy normality score with
an EAT-based reliability guard. The proxy score is a scalar nor-
mality score built from train-normal calibrated embedding-distance
and density-style branches. Its reference set is the available nor-
mal training clips for the corresponding fold, machine, section, and
domain setting. The EAT guard is an independent frozen represen-
tation check that identifies clips whose proxy score is in the upper
train-normal tail but whose EAT-based normality evidence is weak
or inconsistent. Tail calibration then applies a deterministic penalty
on the train-normal empirical-tail scale. Operationally, the correc-
tion has the form

S(x) =D ws ¢u(z(x)) — AR(z), 3)
b

where ¢y is a fixed monotonic score transform, wy, are frozen branch
weights, and R(z) is a nonnegative reliability penalty. In the imple-
mented guard, R(x) is nonzero only when the base score lies in a
high train-normal CDF tail and an auxiliary representation score
does not support the same anomaly evidence; otherwise the base
ranking is preserved. The weights, guard constants, and transforms
were fixed by development validation before final packaging; per-
section calibration statistics are computed only from normal train-
ing clips and were not fitted on evaluation data.

The Dasheng-guarded system adds an independent masked-
audio representation guard. Its purpose is not to replace the main
score, but to protect against target-domain false positives and acous-
tically unstable examples where the primary score and an indepen-
dent SSL representation disagree. A separate global-gating fallback
applies a fixed global reliability gate to the score mixture using fold-
safe normal references, rather than a local tail guard. It has lower
PAUC than the first three systems but the lowest target false-positive
ratio among the selected systems.

The target FP ratio in Tables 2 and 3 is a diagnostic, not an of-
ficial DCASE metric. It is the fraction of development normal clips
marked as false positives by the same frozen train-normal empirical-
CDF decision threshold used for decision-result generation. The di-
agnostic uses development normal/domain labels only after scores
are produced; it does not fit thresholds, calibrators, or guards.

3.3. Decision result generation

The challenge requires both anomaly-score CSVs and binary
decision-result CSVs. Our binary decisions are produced with a
fixed train-normal threshold rule on the frozen score scale. They
are not tuned with development anomaly labels and are not used to
choose the ranking systems. They are included only because the
task requires decision-result files.

4. EXPERIMENTAL EVIDENCE AND SELECTION

All candidate systems were evaluated with the official development
evaluator. The final four were chosen after forced recompute and
a pre-specified fallback audit. The fallback set for the fourth sys-
tem contained only four already-frozen alternatives: the proxy base-
line, the EAT-guarded baseline, the global-gating variant, and a low-
correlation harmonic-repair variant. The audit illustrates the main
empirical trade-off: the most orthogonal score strongly reduced tar-
get false positives but damaged pAUC, whereas the global-gating
variant kept a better balance across AUC, pAUC, and target false
alarms.
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Figure 1: Final inference pipeline. All calibration and reliability controls are estimated from train-normal references; development anomaly
labels are used only for offline metric evaluation and final candidate selection.

Table 1: Main accepted components and their leakage controls. “Frozen” means fixed before final evaluation inference.

Component Input evidence

Role in the portfolio

Leakage control

Proxy normality score  Frozen distance/embedding scores

EAT guard Independent frozen EAT score

Tail calibration Train-normal score tails

Dasheng guard Independent masked-audio representation
Global gating Fold-safe global reliability score

Stable base anomaly ranking

Detects unreliable high-tail proxy evidence
Reduces extreme normal false alarms
Adds target-risk protection

Fourth-system target-FP suppression fallback  Pre-specified fallback audit

Train-normal robust scale only
No anomaly-label fitting

Per-fold/train normal statistics
Fixed branch, no eval statistics

The primary score family has high correlation across the first
three submitted systems, but the systems serve different risk roles.
System A is the best direct development system. System B is
the OOF mirror and protects against direct-selection sensitivity.
System C introduces the Dasheng guard with slightly lower har-
monic score but lower target false-positive ratio. System D pro-
vides a more globally gated fallback, with the strongest target false-
positive suppression among the four submitted systems. This is not
an ensemble-for-ensemble’s-sake design; each system preserves a
different compromise between pAUC, source/target balance, and
target-normal false alarms.

Here “best direct” denotes global development-set model se-
lection after all train-normal calibration was fixed; it does not mean
that anomaly labels were used to train a detector, threshold, gate, or
normalizer. This selection can still be optimistic, so System B keeps
the OOF mirror and LOMO checks were used to identify candidates
that improved only through direct-development overfitting. After
the final freeze, evaluation-set inference is a single pass: no eval-
uation statistics, labels, filenames, ordering, or score distributions
enter any component.

4.1. What the rejected branches show

The rejected branches give a clearer scientific message than a list
of failed scores. A multi-channel normal relation model tried to
learn near/far joint acoustic structure from normal stereo audio, but
nested/fusion evaluation did not exceed the calibrated score portfo-
lio. Other trials were motivated by one-class density estimation and
memory-based industrial anomaly detection [18, 19, 20, 21, 22];
however, their local-density corrections often changed the rank or-
der of difficult source or pAUC conditions too aggressively. Ad-
ditional allowed-resource ensembles reached only 0.598230 devel-
opment score with best pAUC 0.571504, below the submitted sys-
tems. The final temporal/localized matching test improved target
AUC and target false-positive ratio, but reduced pAUC, obtaining
H = 0.609381 and mean pAUC = 0.580526; the best ALDN re-
sult was H = 0.555701. These results suggest that for this task,
representation diversity alone is not the bottleneck unless it is cou-
pled with careful tail preservation.

This negative evidence is important for the final design. Local
density corrections and aggressive temporal pooling can produce

attractive AUC or target-domain behavior, but low-FPR pAUC ex-
poses whether they raise the highest-scoring normal clips. The fi-
nal portfolio therefore keeps the calibrated tail systems rather than
adding a new branch that damages pAUC. In practical terms, we
found that a method which rescues a difficult target domain is still
harmful if it raises the top normal tail in another machine.

The final selection should therefore be read as a robustness-
oriented system choice rather than as a claim that every submitted
slot is statistically independent. The first three slots deliberately
preserve the strongest pAUC behavior, while the fourth slot trades
some pAUC for a different target false-positive profile. This portfo-
lio construction is useful because unseen machine conditions may
emphasize different source/target mixtures from the development
set.

5. REPRODUCIBILITY AND FINAL ENGINEERING

The final engineering package freezes score files, configura-
tions, evaluator scripts, manifests, software versions, and artifact
hashes. Run manifests record random seeds, deterministic settings
where applicable, feature manifests, and the Python/PyTorch/scikit-
learn/CUDA environment used on NVIDIA RTX A6000 GPUs.
The selected score files were forcibly recomputed where scripts and
frozen configs were available. The global-gating score matched ex-
actly after recomputation; the tail-calibrated files were accepted af-
ter a guarded recompute comparison with maximum absolute differ-
ence zero. The final dry-run package validator reported a valid four-
system structure, no headers in CSV files, finite scores, no duplicate
filenames, and the required anomaly-score and decision-result files
for each machine type and section.

Final evaluation inference is performed once from the frozen
manifest after all systems, calibrators, and thresholds are fixed. No
further model search, calibration, score normalization, or thresh-
old tuning is performed after the freeze. This separation between
research selection and final inference is intended to make the sub-
mission reproducible and to avoid accidental use of evaluation dis-
tribution information.
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Table 2: Submitted systems and exact development metrics. The official harmonic mean is computed over AUC and pAUC cells as in (1);

pAUC uses p = 0.1.

System  Description H mean AUC mean pAUC source AUC target AUC target FP ratio
A Primary proxy+EAT tail-calibrated score  0.613941 0.628100 0.592030 0.670229 0.628857 0.914286
B Out-of-fold mirror of System A 0.613916 0.628186 0.591805 0.670229 0.629086 0.914286
C Dasheng-guarded reliability variant 0.612939 0.627086 0.591353 0.670686 0.624914 0.885714
D Global-gating target-risk fallback 0.612051 0.628300 0.586015 0.673143 0.625771 0.771429

Table 3: Fourth-system fallback audit. All candidates satisfy the
project compliance rules.

Candidate H AUC pAUC target FP
0.611706  0.626486  0.589774  0.971429
EAT-guarded baseline 0.611706  0.626486 0.589774  0.971429

Global-gating variant 0.612051  0.628300 0.586015  0.771429
Low-correlation repair variant ~ 0.607260  0.630743  0.569699  0.714286

Proxy baseline

Table 4: Most difficult primary-system development conditions.
These cases motivated conservative pAUC/tail handling and explain
why several higher-AUC variants were rejected.

Cell Machine Metric Value
target AUC  sliderEmu AUC 0.5056
target AUC  fan AUC 0.5076
target AUC  bearingEmu  AUC 0.5188
pAUC sliderEmu pAUC@0.1 0.5316
pAUC ToyCar pAUC@0.1 0.5584
pAUC bearingEmu pAUC@0.1  0.5605

6. CONCLUSION

Our DCASE 2026 Task 2 submission is a frozen, train-normal cal-
ibrated normality portfolio. The main result is a reliability lesson:
in first-shot machine ASD, source/target robustness and normal-tail
control can dominate the benefit of adding more encoders or more
flexible density models. The best development harmonic score is
0.613941 with mean AUC 0.628100 and mean pAUC 0.592030.
The submitted systems therefore emphasize calibrated normality
evidence, conservative reliability guards, and exact offline evalu-
ation. Extensive later experiments, including two-channel relation
learning, large allowed-resource ensembles, local-density normal-
ization, and temporal localized matching, were excluded because
their gains in target AUC or diversity did not survive low-FPR
pAUC evaluation. This provides a reproducible and practically use-
ful conclusion: for this task, protecting the ranking of normal tails
is at least as important as improving average anomaly separation.
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Table 5: Selected candidate comparison. The rows are not a nested
training ablation; they compare the main accepted score families
under the same development evaluator.

System family H mean AUC mean pAUC
Proxy baseline 0.611706 0.626486 0.589774
Primary calibrated system  0.613941 0.628100 0.592030
Out-of-fold mirror 0.613916 0.628186 0.591805
Dasheng-guarded variant ~ 0.612939 0.627086 0.591353
Global-gating variant 0.612051 0.628300 0.586015

Table 6: Negative final stress-test evidence. These systems were not
submitted.

Branch H mean AUC mean pAUC
Best temporal/localized fusion 0.609381 0.628886 0.580526
Best adaptive local-density variant  0.555701 - -
Best large-resource component - - 0.571504
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