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ABSTRACT

We present a noisy-label-aware multimodal system for DCASE
2026 Challenge Task 1, Heterogeneous Audio Classification. The
task requires second-level Broad Sound Taxonomy prediction from
audio and metadata and is evaluated using macro-averaged hierar-
chical F-score. Our system addresses the central tension between
exploiting large but noisy crowd-sourced supervision and preserv-
ing inference safety on the unlabeled evaluation set. It combines
LAION-CLAP audio/text embeddings, teacher-weighted soft and
hard supervision from BSD35k-CS, a fresh long-run ensemble of
31 checkpointed model families, calibrated probability fusion, and
an inference-safe candidate reranker with conservative parent-aware
override. All submitted systems are generated from deployable
checkpoints rather than replayed development-set artifacts. On a
label-blind development-as-evaluation protocol, the primary system
obtains 83.5214 hF, improving over our local multimodal baseline
by 4.57 absolute hF points.

Index Terms— heterogeneous audio classification, multimodal
learning, noisy-label learning, hierarchical F-score

1. INTRODUCTION

DCASE 2026 Task 1 studies heterogeneous audio classification un-
der the Broad Sound Taxonomy (BST), a two-level taxonomy with
5 top-level and 23 second-level sound categories [1, 2]. The de-
velopment data include BSD10k-v1.2, a curated Freesound collec-
tion, and BSD35k-CS, a substantially larger crowd-sourced collec-
tion with noisier user-provided labels [3, 4, 5, 6]. The evaluation
package provides audio and metadata but no released labels, and
the challenge rules prohibit manual annotation of evaluation sounds
or using evaluation predictions as additional training labels [1, 7].

The task is challenging because the input is heterogeneous in
both acoustic and semantic form. Sounds differ in duration, record-
ing condition, foreground-background structure, and category gran-
ularity. Metadata can provide useful semantic cues, but it may also
be noisy, incomplete, or shortcut-prone. Moreover, the official met-
ric is macro-averaged hierarchical F-score (hF), which makes cross-
parent errors more harmful than within-parent confusions under the
BST hierarchy [8]. A competitive system must therefore combine
multimodal representations, robust use of noisy supervision, cali-
brated decision fusion, and hierarchy-aware correction.

Our submission is based on the observation that large noisy
supervision is useful only when it is treated as auxiliary evidence
rather than as a replacement for curated BSD10k labels. We use
LAION-CLAP audio/text embeddings as the common representa-
tion, train diverse classifier families with teacher-weighted super-
vision from BSD35k-CS and external-data variants, and combine

their predictions through calibrated ensembling. To further improve
low-margin decisions, we build a candidate-level reranker that op-
erates only on inference-available features and applies conservative
parent-aware overrides. This design avoids development-only rout-
ing signals and ensures that the same pipeline can be executed on
the unlabeled evaluation set.

The main practical contributions of our submission are three-
fold. First, we construct a fresh submit-grade ensemble of 31
model families and 155 fold checkpoints, avoiding reliance on re-
played out-of-fold artifacts. Second, we show that calibrated model
diversity provides most of the gain over the official-style multi-
modal baseline, while candidate reranking adds a smaller but useful
hierarchy-aware correction layer. Third, we provide four deploy-
able systems with different risk profiles: an aggressive ranker, a bal-
anced ranker/base system, a no-ranker ensemble, and an external-
diversity low-risk system.

2. METHOD

Our system is designed around a practical constraint of the chal-
lenge: all development-time model selection must be converted into
an inference-safe pipeline that can run on unlabeled evaluation au-
dio and metadata. We therefore distinguish between development-
side supervision, model selection, and deployable evaluation-time
features. The final submission consists of checkpointed multi-
modal classifiers, calibrated ensemble fusion, and a conservative
candidate-level reranker.

2.1. Multimodal CLAP representation

We use the LAION-CLAP representation distributed with the Task
1 baseline, including the 630k—audioset-fusion-best.pt
checkpoint [9, 10, 11, 12, 13]. For each sound, an audio embed-
ding is extracted from the waveform, while a text embedding is ex-
tracted from the official metadata fields: title, tags, and description.
The base classifier follows the hierarchical audio-text representation
family used by the official baseline [4, 9]. Audio and text branches
are fused before predicting the 23 BST second-level classes.

The CLAP representation is useful for this task because it gives
a shared audio-text space for acoustically diverse recordings and
heterogeneous metadata. However, a single CLAP classifier is not
sufficient for robust hierarchy-aware classification. We therefore
train multiple classifier families that share the same inference in-
terface but differ in supervision, calibration, metadata handling,
and external-data exposure. These include audio-only variants,
metadata-dropout variants, class-word-masked text variants, prior-
corrected variants, external-data variants, and hierarchy-aware vari-
ants.
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All submitted models are trained under the canonical
five-fold BSD10k development protocol. Each fold stores
checkpoint.pt, args.json, config_snapshot. json,
held-out logits and probabilities, calibration parameters, and an
evaluation inference registry. This checkpointed design is central
to the final system. Earlier development systems based only on
stored out-of-fold arrays can overstate deployability, whereas the
submitted system must run from audio and metadata on the unla-
beled evaluation set. The final P33 pool contains 31 freshly trained
submit-grade model families and 155 new fold checkpoints. Two
unstable confidence-weighted variants were excluded after abnor-
mal validation behavior.

2.2. Teacher-weighted BSD35k-CS supervision

BSD35k-CS provides substantially broader acoustic and metadata
coverage than BSD10k, but its labels are crowd-sourced and noisier
than the curated BSD10k labels [6]. We therefore treat BSD35k-
CS as weak auxiliary evidence rather than as clean supervision. Let
(24, y:) denote a clean BSD10k example, let p; denote a teacher
distribution for a BSD35k-CS example, and let g; denote a high-
confidence relabeled target. The main mixed-supervision objective
is

L= ['Clean + )\s['soft + Ah‘C«hard + )\hierﬁhier, (1)

where Lclean is cross-entropy on BSD10k, Lo is soft cross-
entropy to teacher probabilities, Lparq is cross-entropy for high-
confidence teacher relabels, and Lyier is used only by hierarchy-
aware variants. In the main v2mix family, the BSD35k-CS soft
and hard terms are assigned low relative weights, while the clean
BSD10k loss remains the dominant term.

This design is related to knowledge distillation and noisy-label
learning [14, 15, 16], but it is constrained by the challenge setting.
Teacher targets are constructed only from development-side models
and allowed training resources. Evaluation sounds are never man-
ually annotated, never pseudo-labeled for training, and never used
to update the model. In practice, the BSD35k-CS teacher acts as a
soft regularizer: it helps allocate probability mass among plausible
BST leaves without replacing the curated fold labels. Broad audio-
language relabeling was studied during development, but it was not
selected as a final global training mechanism because the result-
ing corrections were not stable enough under strict inference-safety
checks.

2.3. External resources and compliance

Table 1 summarizes the development resources, external data, and
pretrained models used in the system design. We separate train-
ing resources, development diagnostics, and evaluation-time inputs
to make the compliance boundary explicit. The official evaluation
package is used only for inference. No evaluation sound is man-
ually annotated, and no evaluation prediction is used as a training
target.

External datasets are included for coverage rather than under
the assumption that more external data always improves the pri-
mary classifier. ESC-50 and UrbanSound8K provide clean environ-
mental and urban-event examples, while FSD50K provides broader
Freesound-derived sound-event coverage [18, 19, 20, 21]. Because
these labels must be mapped to BST second-level categories, they
introduce mapping uncertainty. Consequently, external-heavy sys-
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Table 1: Development resources, external data, and pretrained mod-
els.

Resource Use stage Role

LAION-CLAP train/eval Audio and metadata embedding backbone
from the official baseline checkpoint.

BSD10k-v1.2 train/dev Curated clean supervision and five-fold devel-
opment protocol.

BSD35k-CS train Low-weight soft and hard teacher supervision;

not treated as clean labels.

ESC-50, Urban-  train Mapped external diversity variants with small

Sound8K ensemble weights.

FSD50K train Tail and diversity variants, retained mainly as
low-risk diversity sources.

Qwen2.5-Omni dev diagnos-  Development-side diagnostic and teacher-

tic behavior evidence; not used to annotate eval-

uation data or as an evaluation-time relabeling
model [17].

Evaluation pack-  eval only Audio and metadata used only to produce final

age predictions.

tems are used mainly as diversity components and low-risk alterna-
tives, not as the primary predictor.

2.4. Calibrated long-run ensemble

The final model pool consists of 10 core v2mix families, 9 prior,
confidence, and hierarchy families, and 12 external, FSD, and
text-diversity families. Each family is trained as a complete five-
fold submit-grade system. Given M calibrated model predictions
pm (y|x), the ensemble distribution is

M M
peHS(y|«'L‘) = Z wmpm(y|x), W, > 0, Z Wm = 1.
m=1 m=1

@)

The ensemble weights are selected on development folds with
family caps to reduce seed-level overfitting. This selection is still
a development-set procedure, so it is converted into a frozen eval-
uation policy before submission. The best individual fresh model
reaches 82.2893 hF, while the best fresh ensemble reaches 83.4690
hF. This shows that calibrated model diversity is the main source of
improvement over the baseline and over any single classifier.

The ensemble also reduces the risk of overusing metadata short-
cuts. Some variants remove or mask metadata, while others empha-
size audio-only evidence or external-data diversity. The final en-
semble is therefore not a simple seed average; it combines models
that make different errors under the BST hierarchy.

2.5. Inference-safe candidate reranking

Candidate reranking is applied only after the ensemble has produced
a calibrated 23-class distribution. Candidate sets are formed from
top-ranked ensemble predictions and selected diversity alternatives.
The ranker operates on candidate-level features, including model
probabilities, ranks, family aggregates, entropy and margin, parent
information, and metadata-semantic consistency. Teacher behavior
from earlier development systems is used only as a training target. It
is not used as an evaluation-time feature and never encodes whether
an example was correctly classified by an earlier model.
The conservative override rule is

R {yr, sr — sp > 7 and parentSafe(y,, yp), 3)

v= yb, oOtherwise,
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where y, is the base ensemble prediction, y, is the ranker-
selected candidate, and s, — s; is the ranker margin over the base
choice. The parent-safe condition prevents aggressive corrections
that cross top-level BST parents unless the learned margin and con-
fidence thresholds support the change. This is important because an
unconstrained correction can improve flat accuracy while increasing
the cross-parent errors that are strongly penalized by hierarchical F-
score.

The best nested ranker obtains 83.5543 hF. The deployable
development-as-evaluation System 1 obtains 83.5214 hF. We report
both values because nested model selection and label-blind infer-
ence answer different questions. The former estimates candidate-
ranking capacity under development folds, while the latter evalu-
ates the full submission pipeline in the same way that it is run on
the unlabeled evaluation set.

Forbidden features include sample identifiers, fold identifiers,
full-development confusion statistics, and any flag derived from
whether a model was wrong on the same held-out example. This
restriction is central to the system. Development-side teachers and
diagnostics can shape the training objective, but the deployed ranker
only receives features that are available for an unlabeled evaluation
item.

3. EXPERIMENTS

3.1. Development protocol

All development scores are computed on the BSD10k five-fold
protocol using the official hierarchical metric implementation. In
addition to ordinary nested validation, we use a development-as-
evaluation check: development audio and metadata are passed
through the frozen inference chain used for the official evaluation
package, and labels are read only after prediction to compute met-
rics. This is not an independent test set, but it verifies that the final
system can run without label access, development-only error flags,
or replayed out-of-fold artifacts.

The official evaluation archive was re-downloaded from the
Task 1 page and verified against the official Zenodo record [22];
the full checksum is retained in the reproducibility artifacts. The re-
leased package contains 3246 anonymous identifiers and 3246 au-
dio files; the organizers state that only a subset is used for final
scoring [1]. Our verified index has no development overlap and one
zero-byte audio file. The zero-byte item is handled by the same
fallback policy used in evaluation inference, and all four submitted
CSV files contain predictions for all 3246 identifiers.

Nested validation compares rankers and thresholds without tun-
ing on their held-out fold. Development-as-evaluation instead tests
the deployable chain: feature extraction, checkpoint inference,
probability ensembling, candidate construction, ranker inference,
parent-safe override, and CSV writing are all executed without la-
bels. The score still reflects development-set model selection, but it
rules out a common challenge failure mode: a high-scoring artifact
that cannot be regenerated for hidden evaluation inputs.

3.2. Submitted systems

Table 2 summarizes the four submitted systems. They are intention-
ally related but not identical: System 1 is the primary ranker system,
System 2 lowers correction pressure, System 3 removes the ranker,
and System 4 keeps a lower-risk external-diversity path. This fol-
lows the challenge allowance of multiple systems and provides ro-
bustness against hidden-domain mismatch.

Challenge

3.3. Main results and ablations

Table 4 shows the main development progression. The local base-
lines reproduce the expected trend of the official baseline fam-
ily: metadata substantially improves hF over the audio-only sys-
tem. The best individual fresh model reaches 82.2893 hF, but
the top-12 calibrated ensemble reaches 83.4690 hF. This indicates
that the main gain comes from calibrated diversity across supervi-
sion weights, priors, external-data exposure, and metadata handling,
rather than from a single dominant classifier.

Compared with the local multimodal baseline, System 1 im-
proves hF by 4.5714 absolute points, or about 5.79% relative.
The gain from the top-12 ensemble to the deployable System 1
is smaller, about 0.0525 hF, but this matches the ranker’s intended
role: it corrects selected low-margin decisions when candidate evi-
dence and parent-safe thresholds support the change.

The hierarchy-aware metrics in Table 3 support the same inter-
pretation. System 1 has the lowest cross-parent error, but the mar-
gin is modest, suggesting that parent-safe reranking acts mainly as
a risk-control layer rather than a replacement for calibrated proba-
bility fusion.

Metadata handling is another source of diversity. Titles and tags
often help, but they can also encode recording context or ambigu-
ous keywords. The pool therefore includes audio-text, audio-only,
metadata-dropout, and class-word-masked variants, balancing use-
ful semantic cues against shortcut risk.

External data is useful mainly as a diversity source. ESC-50
and UrbanSound8K are clean but narrow, while FSD50K is broader
and noisier; mapping all of them to 23 BST leaves introduces un-
certainty. We therefore use external and FSD variants with limited
weights, especially in System 4.

The component-level findings are consistent with the design.
Core v2mix models and prior or hierarchy variants dominate the
strongest individual families; the large ensemble gain shows that
the pool captures complementary errors. Candidate reranking gives
a smaller gain, mainly when the correct leaf remains in the candi-
date set. Broad audio-language relabeling, direct BSD35k ranker
pretraining, and unrestricted correction rules were not selected be-
cause they did not improve deployable development-as-evaluation
hF under inference-safety constraints.

3.4. Submission validation

The final validation checks both inference safety and file-format re-
quirements. Each system produces one CSV with identifier, pre-
dicted BST second-level class, and prediction score. Every anony-
mous evaluation identifier is present exactly once; all labels are
among the 23 legal BST classes; all scores lie in [0, 1]; and the
zero-byte evaluation file receives a fallback prediction. The meta-
data YAML files list the resources and pretrained models used by
each system.

The validation is not only a formatting step. It also checks that
final predictions are generated by the same label-free chain used in
development-as-evaluation: no evaluation labels are read, no man-
ual annotation is used, and no evaluation prediction updates the
model.

4. DISCUSSION AND CONCLUSION

The results show that robust probability estimation is more impor-
tant than an increasingly complex correction stack. LAION-CLAP



Detection and Classification of Acoustic Scenes and Events 2026

Challenge

Training path:

BSD10k, BSD35k-CS, and external variants — CLAP audio/text embeddings — 31 fresh model families

155 fold checkpoints — OOF probabilities and teacher behavior — Ensemble and ranker training

Evaluation path:

Evaluation audio and metadata only — Checkpointed inference — Calibrated 23-class ensemble
Top-k candidate set — Candidate ranker with parent-safe override — Output CSV prediction

No evaluation labels, no manual annotation, and no error-subset routing are used during evaluation inference.

Figure 1: Training and evaluation pipeline. Development labels are used only to train checkpointed classifiers, ensembles, and rankers.
Evaluation examples provide only audio and metadata, from which the frozen pipeline produces a BST second-level prediction and confidence

score.
Table 2: Submitted systems. Scores are development-as-evaluation hF.

System Main components Ranker External variants hF Role

1 Top-12 weighted fresh ensemble with candidate ranker and  yes limited 83.5214 primary system
parent-safe override

2 Balanced ranker and ensemble with lower correction pres-  limited limited 83.4090 balanced alternative
sure

3 Top-5 weighted fresh ensemble without candidate rerank-  no limited 83.2803 non-ranker diversity
ing

4 Low-risk ensemble with light external, FSD, and text- no light 83.1567 diversity system

diversity components

Table 3: Development-as-evaluation metrics for the four submitted
systems.

System hF Flat Top-level  Cross-parent
System 1 83.5214  84.6112 91.6941 8.3059
System2  83.4090  84.4195 91.6028 8.3972
System 3 83.2803  84.3009 91.5207 8.4793
System4  83.1567  84.2552 91.4477 8.5523

Table 4: Development progression.

Configuration Protocol hF Comment
Audio-only baseline 5-fold 75.33 local run
Multimodal baseline 5-fold 78.95 local run
Best individual fresh model ~ 5-fold 82.2893 single family
Top-12 fresh ensemble 5-fold 83.4690  calibrated fusion
Best nested ranker nested CV 83.5543 ranker estimate
System 1 dev-as-eval 83.5214 deployable path

provides a strong multimodal foundation, but a single compact clas-
sifier is not sufficient for the heterogeneous BST taxonomy. The
gain from the best individual model to the top-12 ensemble in-
dicates that diversity across noisy-label weights, prior correction,
hierarchy-aware variants, metadata handling, and external-data ex-
posure captures complementary errors. Candidate reranking adds a
modest correction layer on top of this estimate.

Several negative findings also shaped the final system. Broad
audio-language relabeling was not stable enough to become global
supervision. True segment-level CLAP evidence and pairwise
Qwen-style diagnostics helped analyze hard cases, but did not out-
perform the final fresh ensemble and ranker when converted into a
deployable system. BSD35k-CS was more useful for regularizing
base classifiers than for directly pretraining the candidate ranker.

Thus, teacher models can shape training targets or diagnostics, but
final evaluation features must be available for an unlabeled exam-
ple.

The main limitations are development-set selection bias, com-
putational cost, and metadata noise. Development-as-evaluation
verifies that labels are not read during inference, but the same de-
velopment data still guide architecture, ensemble, and threshold se-
lection. Hidden evaluation labels are unavailable, so domain shift
cannot be measured before submission. The four submitted systems
mitigate this risk by providing aggressive, balanced, no-ranker, and
external-diversity alternatives.

The final limitation is reproducibility burden. The model pool
is larger than a typical baseline submission and requires many fold
checkpoints, registry files, and inference configurations. This over-
head is intentional: earlier high-scoring prototypes based only on
local out-of-fold artifacts were not sufficient for final submission.
The main lesson is that development hF and deployability must be
optimized together; for this challenge, a fully checkpointed system
with conservative correction is preferable to a higher-scoring arti-
fact that cannot be executed on the official evaluation package.
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