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Abstract

This report describes our system for DCASE 2026 Task 4, spatial
semantic segmentation of sound scenes. The system follows a two-
stage pipeline: an M2D-based audio tagger first predicts up to three
event labels, and a label-queried ResUNetK then separates the cor-
responding dry monaural sources from a four-channel spatial mix-
ture. We improve audio tagging along two complementary direc-
tions. The first uses permutation-invariant deep supervision and an
exponential-moving-average teacher. The second transfers seman-
tic representations from a frozen Qwen2-Audio model to M2D us-
ing centered-kernel-alignment and cosine objectives. Both meth-
ods are developed for single-channel (1c) and four-channel (4c) tag-
ging. On the development test set, the submitted 1c system ob-
tains 8.557 dB CAPI-SDRI, while the submitted 4c system obtains
8.807 dB CAPI-SDRi with 61.442% mixture-level label accuracy
and 72.535% source-level label accuracy.

Keywords: spatial sound scene analysis, M2D, knowledge distil-
lation, Qwen2-Audio, ResUNetK, source separation

1 Introduction

Spatial semantic segmentation of sound scenes (S5) jointly ad-
dresses sound event recognition and source separation [1]. Given
a first-order Ambisonics (FOA) mixture, a system must identify the
active event classes and recover a dry monaural waveform for each
predicted event. Unlike conventional source separation, the esti-
mated sources are explicitly associated with semantic labels; there-
fore, both label errors and waveform distortion affect the final score.

Our system is based on the two-stage DCASE Task 4 pipeline
and official baseline design [2]. The first stage uses Masked Mod-
eling Duo (M2D) [3], pre-trained on AudioSet [4], to predict three
event tracks including silence. The second stage uses ResUNetK to
estimate three label-conditioned sources. We investigate two input
configurations for the tagger: the reference channel alone (1c¢) and
all four FOA channels (4c). The 4c model processes channel-wise
M2D features and aggregates them with a channel-aware tagging
head.

Recent S5 and target-sound-extraction systems have ex-
plored temporal guidance, iterative refinement, and label-query-
conditioned separation architectures [5, 6, 7]. In contrast, our sub-
mitted systems keep the separator fixed and focus on improving se-
mantic label prediction.

The main contribution to the tagging stage is a comparison
of two distillation strategies. Masked self-distillation (Masked
SD) combines intermediate supervision, token masking, and an
exponential-moving-average (EMA) teacher, whereas Qwen seman-
tic distillation transfers high-level representations from the audio
encoder of Qwen2-Audio [8]. The separator is kept fixed to the
released ResUNetK checkpoint, so the reported differences mainly
reflect the tagger.

2 System

2.1 Two-stage inference

Let x € RY*¥ denote an FOA mixture, where C' = 4. The tagger
predicts K = 3 label distributions p € RE*WV+Y oyer N = 18
event classes and a silence class. The selected labels are concate-
nated into a query vector and embedded into a 512-dimensional con-
dition. ResUNetK receives the original four-channel mixture and
this condition, and jointly estimates K monaural waveforms. Tracks
predicted as silence are suppressed by a source-presence mask.

2.2 Permutation-invariant masked self-

distillation
The Masked SD system fine-tunes the complete M2D tagger and at-
taches auxiliary heads to Transformer blocks 9 and 10. In addition to
the main permutation-invariant classification 1oss Lmain, the auxil-
iary heads are directly supervised. A teacher network is maintained
as an EMA of the student parameters,

eema — mgema + (1 - m)estudenh (])

where m = 0.999. Since event tracks have no fixed order, distilla-
tion uses the minimum KL divergence over all track permutations:

Lxp = min T° Dy (0(2oma/T) || 0(2/T)), 2

TESK
where T = 1.5. The total objective is
»CSD = Lmain + 'Y['aux + aLkp + aselfﬁself, (3)

with v = 0.05, a = 0.10, and aseir = 0.05. For the 4c model, 30%
of spatial tokens are masked during training to reduce dependence
on any single channel.



2.3 Qwen2-Audio semantic distillation

The Qwen-distilled systems use a frozen Qwen2-Audio encoder as
a semantic teacher. During training, the teacher receives the sum of
the clean dry foreground sources, while the M2D student receives
the reverberant noisy mixture. This asymmetric teacher—student de-
sign provides a clean semantic target without adding Qwen2-Audio
to the inference pipeline.

Student tokens are projected to the Qwen representation dimen-
sion and both sequences are pooled to 32 temporal bins. In the 4c
v2 system, the tagging head uses all four channels, while semantic
matching is computed from the reference channel to avoid spatial
duplication. We optimize the task loss together with linear centered
kernel alignment (CKA) [9]. CKA-based objectives have also been
used recently for audio-language model distillation under represen-
tation mismatch [10]. We combine CKA with cosine distance:

Lagwen = Liask + Acka (1 — CKA(S, T)) + Acos (1 — cos(S, T)).

“
For Ic, (Acka, Acos) = (0.05,0.02). For 4c, we use the more con-
servative weights (0.02,0.01). Distillation weights and the student
projector learning rate are warmed up for five epochs. The frozen
teacher is removed from the inference checkpoint.

3 Experiments

3.1 Dataset and evaluation

We use the DCASE 2026 Task 4 development data [1]. Spatial mix-
tures are generated from 18 classes of anechoic event recordings,
FOA room impulse responses, FOA background noise, and interfer-
ing sounds. Audio is sampled at 32 kHz. Each generated 10-s scene
contains zero to three target events for tagging and one to three tar-
get events for separator training. Event SNR is sampled from 5 to
20 dB, with up to two interference events at 0 to 15 dB.

We report class-aware permutation-invariant SDR improvement
(CAPI-SDRi) [2], exact mixture-level label accuracy, and source-
level label accuracy. All tagger comparisons use the same down-
loaded ResUNetK checkpoint.

3.2 Training setup

All M2D variants use AdamW with a backbone learning rate of
107° and gradient clipping at 0.5. The semantic projector uses a
learning rate of 10~%. The Ic SD, 1c Qwen, 4c SD, and 4c Qwen
runs use batch sizes 64, 16, 24, and 4, respectively; gradient ac-
cumulation is used where required. Models are selected by valida-
tion classification loss or the final training checkpoint. The selected
epochs are 22 (1c¢ Masked SD), 33 (1c Qwen), 20 (4c Masked SD),
and 21 (4c Qwen).

3.3 Results

We evaluate the 1c and 4c tracks separately because they use differ-
ent tagging inputs and have distinct DCASE baseline systems. All
rows within each track use the same released ResUNetK separator.
Table 1 reports the 1c results. Our submitted 1c system uses the last
checkpoint at epoch 33 and improves over the 1¢ DCASE baseline
by 0.386 dB CAPI-SDRi, 2.910 percentage points in mixture-level
accuracy, and 2.872 percentage points in source-level accuracy.

Table 1: Development-set results for the 1c track with the
released ResUNetK. “Mix.” and “Src.” are label accuracies
in percent.

System CAPI (dB) Mix. Src.
DCASE baseline 8.171 57.143  67.147
Masked SD 8.354 58.069 68.311

Semantic KD (epoch 33) 8.557 60.053 70.019

Table 2: Development-set results for the 4c track with the
released ResUNetK.

System CAPI(dB) Mix. Src.
DCASE baseline 8.489 60.714 70.394
Masked SD 8.546 60.053 70.293

Semantic KD (epoch 21) 8.807 61.442 72.535

Table 2 reports the 4c results. Our submitted 4¢ system uses the
best checkpoint at epoch 21. It improves over the 4c DCASE base-
line by 0.318 dB CAPI-SDRi, 0.728 percentage points in mixture-
level accuracy, and 2.141 percentage points in source-level accuracy.

4 Conclusion

We presented a two-stage DCASE 2026 Task 4 system with
distillation-enhanced M2D tagging and label-queried ResUNetK
separation. The experiments show that four-channel tagging is im-
portant for the joint task and that semantic distillation from Qwen2-
Audio yields the strongest tagger in both tracks. The submitted 1c
system uses epoch 33 and obtains 8.557 dB CAPI-SDRi, 60.053%
mixture-level accuracy, and 70.019% source-level accuracy. The
submitted 4c system uses epoch 21 and obtains 8.807 dB CAPI-
SDRi, 61.442% mixture-level accuracy, and 72.535% source-level
accuracy.
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