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ABSTRACT

This technical report describes our end-to-end (E2E) system based
on TF-Locoformer and ATST-Frame. The best system in the pre-
vious challenge on spatial semantic segmentation of sound scenes
(S5) leveraged an iterative architecture that alternately performs
separation and classification to achieve excellent performance. In-
spired by this architecture, we built an E2E system that iteratively
applies TF-Locoformer and ATST-Frame. Specifically, the overall
architecture is based on TF-Locoformer, which stacks Transformer-
based blocks to process each time-frequency bin. We inserted signal
and classification heads into the outputs of intermediate blocks, and
applied ATST-Frame to the separated source signals. The source-
wise embeddings extracted by ATST-Frame are then fed back to the
Locoformer block to progressively improve the performance. The
whole architecture is trained in an E2E manner with permutation
invariant training. Our best model on the development set achieved
a class-aware permutation invariant signal-to-distortion ratio im-
provement (CAPI-SDRi) of 16.3 dB and source-wise label accuracy
of 73.6 % on the test subset of the development set.

Index Terms— Spatial semantic segmentation of sound scenes,
neural source separation, TF-Locoformer, ATST-Frame

1. INTRODUCTION

Spatial semantic segmentation of sound scenes (S5) in DCASE
2026 Task 4 aims to detect and separate sound events from a mix-
ture signal [1,2]. In contrast to the previous challenge [3, 4], this
year’s task allows multiple sources with the same class label to be
present in a mixture. This update emphasizes the importance of
not only target source enhancement but also source separation. The
best-performing system in the previous challenge demonstrated the
effectiveness of an iterative architecture that alternately performs
separation and classification [5].

Inspired by this iterative architecture, we develop an end-to-
end (E2E) system that iteratively performs separation and classifi-
cation. As summarized in Fig. 1, our architecture is based on the
time-frequency-domain Transformer with local modeling by con-
volution (TF-Locoformer) [6]. We attach classification and signal
reconstruction heads to intermediate block outputs. The separated
signals are then fed into the frame-level Audio Teacher-Student
Transformer (ATST-Frame) [7,8] to obtain frame-level embeddings.
These embeddings are fed back into the next TF-Locoformer block
to refine the results. The network is trained in an E2E manner using
a model-parallel implementation of the TF-Locoformer.

*Equally contributed
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Figure 1: Overview of our network architecture.

2. MILLE-FEUILLE NET

This section first introduces the proposed architecture called mille-
feuille net and then describe how the proposed model is trained.

2.1. Network architecture

The proposed model f takes an M -channel input signal with 7" sam-
ples X € RM*T and outputs N pairs of separated signals s, € RT
and tagging probabilities c,, € [0, 1]

{Sn,Cntn1 « fo(X), (1)

where 6 denotes the model parameters, and C' = 18 is the number
of class labels. As in Fig. 1, the mixture is first processed by ATST-
Frame in a channel-wise manner and by the convolutional encoder
of TF-Locoformer. The resulting representations are fed into the
first B1 TF-Locoformer blocks. The processed embeddings are then
fed into the classification and signal reconstruction heads to obtain
tagging probabilities and separated signals, respectively. Each sep-
arated signal is further fed into ATST-Frame to obtain frame-wise
embeddings. We selected ATST-Frame for its low memory foot-
print, which was essential for E2E training [9-12]. The obtained
embeddings are fed back into the subsequent B2 TF-Locoformer
blocks to improve both separation and classification. This process
is repeated once more, and the resulting embeddings are fed into the
final B3 TF-Locoformer blocks to further refine the results.

2.2. Permutation invariant training

The model is trained using permutation-invariant training (PIT) [13,
14]. Specifically, we calculate the loss for each output as a weighted
sum of the signal-to-noise ratio (SNR) loss and the binary cross-
entropy (BCE) loss. We used the BCE instead of the CE loss, in-
spired by image detection [15-17]. The permutation of the source
index n is determined for each output by minimizing the SNR loss.
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Table 1: Separation and detection performance on the development set of DCASE 2026 Challenge Task 4. P, R, and F are the precision,
recall and F1-scores of the predicted labels. S1-S4 corresponds to System 1-4 submited to the challenge, respectively.

\ | Validation set |

Test set

ID System Epoch | CAPI-  Acc. Acc.

SDRi (mix) (src)

CAPI- Acc. Acc.
SDRi (mix) (src) | Avg.

TP-SDRi
K=1 K=2 K=3

Bl M2DAT 4c+ResUNetK [2]| - | - - -

| 85

60.7 704 | - - - - - - -

P1 TF-Locoformer (Medium) 200 144 527 61.3

139 540 624|213 187 21.8 21.8 |89.3 675 76.8

P2 TF-Locoformer (Large) 200 16.1 594 674 153 577 659|221 195 22.4 22.8 [ 87.4 729 79.5
P3 P1 + ATST-Frame 200 163 624 699 | 153 61.0 693|212 18.5 214 22.1 |88.7 76.0 81.9
P4 P2 + ATST-Frame 200 16.5 60.5 67.9| 159 603 688 |22.1 19.5 22.8 22.6 |88.8 754 81.5
S1 TF-Locoformer (Medium) 320 16.2 592 664 | 158 577 682|222 195 22.9 227 [89.8 74.0 8l1.1
S2 TF-Locoformer (Large) 251 169 627 69.1 16.5 623 703|224 19.6 22.9 23.1 [894 76.7 82.6
S3 S1 + ATST-Frame 257 169 643 714 163 649 736|215 18.7 21.8 22.3 [90.0 80.1 84.8
S4 S2 + ATST-Frame 216 16.7 602 68.7| 164 615 705|224 199 23.1 227 [89.5 769 82.7
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Figure 2: Confusion matrices of detection results for the test set. <Silence> denotes the label predicted as silence.

3. EXPERIMENTAL EVALUATION

Our models were trained using only the dataset provided for the
baseline system, without additional training data [1].

3.1. Experimental configuration

The model was trained using AdamW [18] with a learning rate of
1.0 x 1073, a weight decay of 0.01, and linear warmup [19]. Spec-
trograms were obtained using the short-time Fourier transform with
a window size of 1024 samples and a hop length of 512 samples.
We followed the configurations of TF-Locoformer described in [6].
Specifically, we trained a medium model with B;, Bs, and Bs set to
4, 1, and 1, respectively, and a large model with B1, B2, and B3 set
to 3, 3, and 3, respectively. The batch size was set to 4. N was set to
5. To minimize the domain mismatch, we fed the entire 10-second
mixture to the model. These hyperparameters were determined us-
ing the validation set. To maximize training speed, we implemented
the model in a model-parallel manner [20, 21]. Specifically, each
sample is processed using four graphics processing units by paral-
lelizing the time- or frequency-wise processing in the Locoformer
blocks and the source-wise processing in ATST-Frame.

3.2. Experimental results

The performance is summarized in Table 1. First, increasing
the model size (P1—P2) improves the class-aware permutation-

invariant signal-to-distortion ratio improvement (CAPI-SDRi).
Introducing ATST-Frame also improves classification accuracy
(P1—P3 and P2—P4). While ATST-Frame does not clearly im-
prove the precision of class labels, it improves their recall.

While these results were obtained after 200 epochs of training,
we continued training the model until shortly before the challenge
deadline. S1—-S4 show the results of models trained as long as poss-
ble before the challenge deadline. We observed that performance
improved significantly simply by continuing model training (e.g.,
P1—5S1). The resulting system (S2) improved CAPI-SDRi by ap-
proximately 8.0 dB over the challenge baseline.

Fig. 2 shows the confusion matrices for S1-S4, where rows
indicate reference labels and columns indicate estimated labels in-
cluding silence. While our systems exhibit strong diagonal patterns,
some classes are still confused with silence. This suggests that
class-dependent thresholds at inference could be promising post-
processing, although we did not investigate in this challenge.

4. CONCLUSION

We developed an E2E system for S5 based on TF-Locoformer and
ATST-Frame. The proposed system outperformed the baseline sys-
tem by 8.0dB in CAPI-SDRi. We also found that the number of
training iterations is the most important factor for improving sepa-
ration performance. Future work includes improving classification
performance through better integration strategies.
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