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ABSTRACT

This report presents our system for DCASE 2026 Task 4, which
addresses spatial semantic segmentation of sound scenes contain-
ing same-class foreground sources and inactive source labels. The
task requires not only separating active sound events that may share
the same class label, but also handling source slots corresponding
to inactive labels. To improve the reliability of label-conditioned
source separation, we adopt a label-guided ensemble strategy. In
the tagging stage, two M2D-AT variants and one CLAPAT vari-
ant are fused by weighted voting to obtain robust source-label esti-
mates. The estimated labels are then used to guide source separa-
tion. The primary separator is a fine-tuned ResUNetK model with a
mask-sharpen inference variant, while a TF-GridNet model is used
only as a weak auxiliary branch for a small number of selected
classes through class-dependent fusion weights. Instead of uni-
formly averaging separator outputs, the final outputs are generated
through label-guided class-dependent fusion, which improves the
consistency between predicted labels and separated sources while
keeping inactive slots controlled by silence-label conditioning. On
the development set, according to the submission-pack evaluation
snapshot, our final system achieves a CAPI-SDRi of 8.625, with a
mixture-level accuracy of 61.706% and a source-level accuracy of
72.139%.

Index Terms— label-guided source separation, audio tagging
ensemble, class-conditioned separation

1. INTRODUCTION

DCASE 2026 Task 4 focuses on spatial semantic segmentation of
sound scenes, where the system is required to separate foreground
sound sources and assign semantic labels to the separated [1]. Com-
pared with conventional source separation tasks, this task is more
challenging because multiple foreground sources may belong to the
same semantic class, while some source slots may correspond to
inactive or silent labels. Therefore, the system should not only im-
prove the signal quality of separated sources, but also maintain the
consistency between separated waveforms and predicted semantic
labels.

The official baseline follows a two-stage framework consisting
of audio tagging and label-conditioned source separation [2]. In this
framework, the tagging model first predicts the source labels, and
the separation model then generates source estimates conditioned
on the predicted labels. However, errors in the tagging stage can

∗Corresponding author.

easily propagate to the separation stage. False positive labels may
produce unreliable estimates for inactive sources, while false nega-
tive labels may cause active sources to be missed. In addition, dif-
ferent separation models may show different behavior across sound
classes.

To improve the robustness of this framework, we propose a
label-guided ensemble system. The system first fuses the pre-
dictions of multiple audio tagging models to obtain more reli-
able source-label estimates. These estimated labels are then used
to guide a ResUNetK-dominated class-dependent fusion process,
where a weak TF-GridNet auxiliary branch is only used for a small
number of selected classes. The final system does not rely on an
additional verification or relabeling stage; instead, inactive slots are
mainly handled through the predicted silence label and zero label-
vector conditioning.

2. PROPOSED SYSTEM

The proposed system consists of three main components: audio tag-
ging ensemble, label-conditioned separation, and label-guided out-
put fusion. The overall framework is shown in Fig. 1.

2.1. Audio Tagging Ensemble

The audio tagging module predicts the semantic label of each source
slot. Since the following separation stage is conditioned on the pre-
dicted labels, robust label estimation is important for the final class-
aware separation performance.

Our final system ensembles three audio tagging (AT) models:
two M2D-AT variants and one CLAP-AT variant. The first M2D-
AT variant adopts M2D as the audio encoder [3], with a BiGRU-
based classification head for label prediction. The second M2D-AT
variant follows the baseline architecture, using M2D as the audio
encoder and the baseline’s fully connected classification head. The
third model is a CLAP-AT variant, which leverages CLAP’s HT-
SAT audio encoder and adopts the same fully connected classifica-
tion head as the baseline [4, 5]. By combining models with distinct
audio encoders and classification head designs, the ensemble yields
complementary predictions and enhances the robustness of sound
source label estimation.

All three AT models follow a unified two-stage fine-tuning pro-
tocol. In the first stage, we freeze the full parameters of the pre-
trained audio encoder and only optimize the classification head, en-
abling rapid adaptation of pre-trained audio representations to the
sound source label prediction task. In the second stage, we unfreeze
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1）Auto Tagging Ensemble 2）Label-Conditioned Separation 3）Label-Guided Output Fusion

Notation 𝑠̂𝑠𝑐𝑐𝑅𝑅(𝑡𝑡):ResUNetK output for class c
𝑠̂𝑠𝑐𝑐𝑇𝑇(𝑡𝑡):TF-GridNet output for class c

𝑠̂𝑠𝑐𝑐(𝑡𝑡):Final fused output for class c

Figure 1: Overview of the proposed label-guided ensemble system.

the top layers of the audio encoder and conduct joint fine-tuning
alongside the classification head, to further refine high-level acous-
tic feature extraction and improve overall tagging performance.

The predictions of the three models are fused by top-1 weighted
voting. For each source slot, each tagging model provides its top-1
predicted label and the corresponding confidence score. If the m-th
model predicts class cm with confidence pm, then this prediction
contributes a score

qm = αmpγm, (1)

to class cm, where αm is the model weight and γ is a confidence
power. The final score of each candidate label is obtained by sum-
ming the contributions from all models that predict that label.

In our final system, the weights of the three tagging models are
set to

[α1, α2, α3] = [0.52, 0.16, 0.32], (2)

and the confidence power is set to γ = 0.5. The final label of each
slot is selected as the class with the highest accumulated weighted
score.

No additional global active-label threshold is used in the final
configuration. Instead, silence is treated as a candidate label. If the
fused top-1 label of a source slot is silence, the slot is regarded as
inactive and is represented by silence-aware zero label-vector con-
ditioning in the following separation stage.

2.2. Label-Conditioned Separation

The main separation backbone of our system is ResUNetK [6], im-
plemented in the final submission with a mask-sharpen inference
variant. We use a fine-tuned ResUNetK checkpoint as the primary
separator. The final checkpoint is selected from a continued fine-
tuning run, where the model is further trained from a previous fine-
tuned ResUNetK checkpoint. In our final submission, the epoch-
3 checkpoint of this continued run is used as the main separation
model.

The final submission also includes a TF-GridNet separator as a
weak auxiliary branch [7]. However, TF-GridNet is not used as the
main separation model. In the final configuration, the default fusion

weight is [1.0, 0.0], which means that most classes rely entirely on
the ResUNetK output. TF-GridNet is only assigned a very small
weight for several selected classes. This design keeps the strong
overall performance of ResUNetK while using TF-GridNet only as
a weak class-dependent compensation branch rather than as a sym-
metric second main separator.

Given a predicted label c, the ResUNetK output and the op-
tional TF-GridNet auxiliary output are denoted as

ŝRc (t), ŝTc (t), (3)

where ŝRc (t) denotes the ResUNetK output and ŝTc (t) denotes the
TF-GridNet output.

2.3. Label-Guided Output Fusion

The final waveform is obtained by class-dependent weighted fusion:

ŝc(t) = βR
c ŝ

R
c (t) + βT

c ŝ
T
c (t), (4)

where βR
c and βT

c are the fusion weights of ResUNetK and TF-
GridNet, respectively.

For most classes, the weights are set to [1.0, 0.0], so the final
output is entirely taken from the ResUNetK branch. For a small
number of classes, TF-GridNet is weakly fused with a very small
weight. The final class-dependent fusion rules are summarized in
Table 2.

These weights indicate that the final system is dominated by
ResUNetK. The TF-GridNet branch is only used as a weak auxil-
iary component for class-dependent compensation. Compared with
a strong ResUNetK-only configuration, this weak fusion improves
CAPI-SDRi from 8.587 to 8.625 on the development set, while
keeping the mixture-level and source-level accuracies unchanged.

For inactive slots, the silence label is mapped to a zero la-
bel vector, so inactivity is handled implicitly through silence-aware
conditioning rather than by an additional verification module. The
final system does not enable an additional verification or silence-
gate post-processing stage. This makes the final pipeline simple and
deterministic: the tagging ensemble determines the slot labels, and
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Table 1: Development-set results of different system variants. Acc. Mix. and Acc. Src. denote mixture-level and source-level classification
accuracy, respectively.

System CAPI-SDRi Acc. Mix. Acc. Src.

Official ResUNetK baseline 8.286 57.474% 68.238%
Weighted label fusion without verification 8.317 61.045% 70.501%
Weighted label fusion with silence gate 8.379 61.574% 71.205%
CLAP-oriented silence-gate variant 8.419 61.971% 71.543%
Three-model tagging ensemble + fine-tuned ResUNetK 8.587 61.706% 72.139%
ResUNetK + weak class-dependent TF-GridNet compensation 8.616 61.706% 72.139%
Proposed final system 8.625 61.706% 72.139%

Table 2: Class-dependent weights for ResUNetK-dominated fusion
with weak TF-GridNet compensation.

Group Classes Weights

Default Other classes [1.0, 0.0]

A VacuumCleaner, MechanicalFans,
HairDryer [0.95, 0.05]

B Typing, Blender [0.99, 0.01]

C
Percussion, Cough, Clapping,

AlarmClock, MusicalKeyboard,
Buzzer

[0.995, 0.005]

the label-guided fusion module generates the corresponding sepa-
rated waveforms.

3. EXPERIMENTS

3.1. Evaluation Metrics

We evaluate our system on the development set using the offi-
cial evaluation script. The reported metrics include CAPI-SDRi,
mixture-level accuracy, and source-level accuracy. CAPI-SDRi
measures the class-aware separation quality, while the two accu-
racy metrics reflect the correctness of semantic label prediction. All
model selection, fusion weights, and system variants are determined
based on development-set experiments. No labels from the official
evaluation set are used for model selection or parameter tuning.

3.2. Ablation Results

Table 1 summarizes the development-set performance of the main
system variants. Starting from the official ResUNetK baseline, we
first improve the label prediction stage by weighted label fusion.
Several inactive-slot handling variants, including silence-gate and
CLAP-oriented silence-gate strategies, are also evaluated. The final
system keeps the three-model tagging ensemble and the fine-tuned
ResUNetK separator, and further applies weak class-dependent TF-
GridNet compensation for selected classes.

The results show that the largest improvement over the official
ResUNetK baseline comes from more reliable label estimation and
fine-tuning of the ResUNetK separator. The final weak TF-GridNet

fusion further improves the CAPI-SDRi from 8.587 to 8.625, cor-
responding to an absolute gain of 0.038. Since the TF-GridNet
weights are very small and only applied to selected classes, the fi-
nal system should be regarded as a ResUNetK-dominated system
with weak class-dependent auxiliary fusion, rather than a symmet-
ric two-separator ensemble. The final score of 8.625 is taken from
the final submission-pack evaluation snapshot and the correspond-
ing rerun average-metrics file.

3.3. Final Submission

The final submitted system uses the three-model tagging ensemble
described in Section 2.1 and the label-guided separation fusion de-
scribed in Section 2.3. The main separation model is the fine-tuned
ResUNetK checkpoint with the mask-sharpen inference variant,
while the TF-GridNet branch is only used for selected classes with
small fusion weights. According to the final submission-pack eval-
uation snapshot, the final system achieves a CAPI-SDRi of 8.625, a
mixture-level accuracy of 61.706%, and a source-level accuracy of
72.139% on the development set.

The unchanged label accuracy between the fine-tuned Re-
sUNetK system and the final system indicates that the final improve-
ment mainly comes from separation-side compensation rather than
changes in label prediction. This is consistent with the design of
the weak TF-GridNet fusion, which only modifies the waveform
estimates for selected classes while keeping the fused labels un-
changed.

4. CONCLUSION

This report describes our submission system for DCASE 2026
Task 4. The proposed system follows a two-stage audio tagging
and label-conditioned source separation framework. In the tagging
stage, two M2D-AT variants and one CLAPAT variant are fused by
top-1 weighted voting to obtain robust source-label estimates. In
the separation stage, a fine-tuned ResUNetK model with a mask-
sharpen inference variant is used as the primary separator, while
a TF-GridNet model is used only as a weak auxiliary branch for
selected classes through ResUNetK-dominated class-dependent fu-
sion. The final system does not enable an additional verification
or silence-gate post-processing stage. On the development set, ac-
cording to the submission-pack evaluation snapshot, the proposed
final system achieves a CAPI-SDRi of 8.625, with a mixture-level
accuracy of 61.706% and a source-level accuracy of 72.139%.
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