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ABSTRACT

This technical report describes our spatial semantic segmentation of
sound scenes (S5) systems for DCASE 2026 Challenge Task 4. In-
spired by the top-ranked system in DCASE 2025 Task 4, we adopt a
cascaded framework consisting of universal sound separation (USS)
with source counting, source classification, and class-aware refine-
ment. In the first stage, a TF-Locoformer-based USS model sep-
arates multi-channel mixtures into single-channel foreground and
interference signals. Then, each separated signal is classified into
one of 18 foreground classes or as interference. The separated fore-
ground signals are further refined by another TF-Locoformer-based
model conditioned on the predicted class labels and the observed
mixture. Our best system achieves CA-PI-SDRi of 14.95 dB and
mixture accuracy of 78.11% on the dev test set.

Index Terms— S5, separation, counting, classification

1. INTRODUCTION

This paper describes our system for DCASE 2026 Challenge Task
4, Spatial Semantic Segmentation of Sound Scenes (S5) [1]. This
task aims to separate and classify target-class sound sources con-
tained in multichannel sound mixtures. The target classes consist
of 18 predefined classes, and the numbers of target and interfering
sources in each mixture vary from sample to sample. The evalua-
tion metric is an SNR-based measure, class-aware SDR (CA-SDR),
which penalizes errors in estimating class labels and the number
of target sources [2]. While the overall task setup largely follows
the 2025 version [3], the following two modifications have been in-
troduced to better reflect realistic acoustic scenes: (i) in the 2025
version, a mixture did not contain two or more target sources from
the same class, whereas in the 2026 version, multiple target sources
from the same class may appear in a mixture; and (ii) accordingly,
the evaluation metric, CA-SDR, has been extended to resolve intra-
class permutations, resulting in class-aware permutation-invariant
SDR (CA-PI-SDR) [4].

In last year’s challenge, various approaches were proposed. For
example, the winning system first performed source separation us-
ing unconditional universal sound separation (USS), and then ap-
plied a classification model to each separated signal to estimate its
class [5]. The separation results were subsequently refined using
the mixture, the separated signals, and the estimated class labels. In
contrast, the second-place system conditioned the separation model
on frame-level class estimates obtained by sound event detection
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Figure 1: Overview of our system.

(SED) [6]. Other proposed approaches included methods that di-
rectly estimated the classes of multiple sources from the mixture
and then performed target sound extraction (TSE) based on the es-
timated classes [7], as well as approaches that jointly performed
separation and classification with a single model [8].

Our solution to this task is a three-stage separation and classifi-
cation system, as illustrated in Fig. 1. First, the initial model takes a
multichannel mixture as input and performs source separation and
source-count estimation. Since the separation model is not trained
to distinguish target from interfering sources, it estimates the total
number of sources and separates a corresponding number of signals.
Second, a classification model is applied to each separated signal to
estimate its class. The classification model is designed to include an
interference class, enabling it to determine whether an input signal
corresponds to an interfering source. Third, for all sources classified
as belonging to target classes in the second stage, we apply another
separation model that takes the mixture, the separated signal, and
the estimated class label as inputs, with the goal of improving the
separation accuracy.

2. METHOD

We consider an M -channel signal y ∈ RM×L as a mixture of K
target sources sk, J interfering sources vj , and a noise b:

y =
∑
k∈K

sk +
∑
j∈J

vj + b, (1)

where K = |K| ∈ {0, 1, 2, 3} and J = |J | ∈ {0, 1, 2}. The sums
over empty index sets are defined as zero. In DCASE 2026 Chal-
lenge Task 4, all signals are represented in first-order Ambisonics
(FOA) format (i.e., M = 4). Target sources are defined as sound
sources belonging to one of the 18 predefined classes, while inter-
fering sources are sound sources from all other classes.

The goal of the S5 task is to separate K target sources on the W-
channel from a mixture and estimate the class label for each source.
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Given that K varies across mixtures, a system is essentially required
to perform the following three processes:

• Source separation: estimating the target sources
• Sound classification: estimating the class of each target source
• Source counting: estimating the number of target sources

Various approaches can be considered to achieve this goal. For ex-
ample, the baseline system first directly estimates the class labels
of all target sources from the mixture, and then performs separation
using a model conditioned on the estimated class labels. Source
counting is performed by the classification model by introducing a
silence class.

In contrast, we considered it easier to estimate class labels after
performing source separation. Therefore, we investigated a three-
stage system as shown in Fig. 1: (i) source separation and counting,
(ii) classification, and (iii) refinement. These models are described
in the following sections.

2.1. First-stage model: Joint separation and counting

The first model jointly performs source separation and source-count
estimation. Since the model is not trained to distinguish between
target and interfering sources at this stage, it is trained to separate all
non-background sounds, including interfering sources, and estimate
their total number, N := K + J . The separation model is based on
TF-Locoformer [9] with a spectral feature compression (SFC) [10]
encoder and decoder. Although the original model is designed to
separate a fixed number of sources, we extend it to enable source-
count estimation and separation of a variable number of sources.

The SFC encoder takes the real and imaginary (RI) parts of a
multichannel signal in the short-time Fourier transform (STFT) do-
main Y ∈ R2M×F×T as input, where F and T are the numbers
of frequency bins and time frames, respectively, and the factor of
2 corresponds to the RI components. It then encodes them into a
D-dimensional feature Z ∈ RD×F ′×T while compressing the fre-
quency sequence length to F ′(< F ), using cross-attention with F ′

learnable queries QE ∈ RD×F ′×1 (time dimension is broadcasted):

Z ← SFCEncoder(Y ,QE ,AE). (2)

In cross-attention, a learnable positional bias AE ∈ RH×F ′×F ,
where H denotes the number of attention heads, is added to the
attention scores before the softmax operation. The positional bias
encourages the f ′-th band of the encoded feature to preferentially
attend to the frequency bins corresponding to the f ′-th mel band.

Next, a learnable classification (CLS) token C ∈ RD×1×T ′
,

which will be used for source counting, is concatenated with the
encoded features along the time-frame dimension, and the resulting
sequence is processed by B

(1st)
1 TF-Locoformer blocks:

[C,Z]← TFLocoformer Blocks([C,Z]) (3)

The CLS token C is then fed into a source-count estimator based
on multiple Conv1D layers. This estimator predicts the total number
of target and interfering sources by solving a classification problem
with six classes corresponding to counts from 0 to 5. Subsequently,
a linear layer is applied to Z to estimate the number of features

corresponding to the estimated source count N̂ :

Z ← LinearN̂ (Z), LinearN̂ : RD×F ′×T 7→ RN̂D×F ′×T .
(4)

Here, the model has five linear layers corresponding to N̂ ∈
{1, . . . , 5} with output size of N̂D [11]. By reshaping the out-
put to Z ∈ RN̂×D×F ′×T , we obtain internally disentangled source
features for the number of sources corresponding to the estimated
count N̂ . Note that this linear layer and the subsequent blocks are
not applied to samples for which N̂ = 0.

The N̂ features are further processed by B
(1st)
2 TF-Locoformer

blocks, where the weights of these TF-Locoformer blocks are
shared across all sources, and the blocks are applied independently
to each feature Zn ∈ RD×F ′×T (n ∈ {1, . . . , N̂}):

Zn ← TFLocoformer Blocks(Zn). (5)

Subsequently, the SFC decoder is applied to each feature Zn.
The SFC decoder estimates spectrograms of separated signals Ŝn ∈
R2×F×T with sequence length F from features compressed to
sequence length F ′ by cross-attention with F learnable queries
QD ∈ RD×F×1 and a positional bias AD ∈ RH×F×F ′

:

Ŝn = SFCDecoder(Zn,Q
D,AD). (6)

2.2. Second-stage model: Classification on separated signals

Classification models are applied to each separated signal pro-
duced by the first-stage separation model to estimate its class label.
Since separated signals include both target and interfering sources,
we introduce an “Interference” class in addition to the 18 target
classes, resulting in a 19-class classification problem. The cascade
of the first-stage separation model and the second-stage classifica-
tion model realizes all three required processes: target-source sepa-
ration, class-label estimation, and source counting.

We build the classification models using five general-purpose
audio representation models: BEATs [12], M2D [13], ASiT [14],
PE-A-Frame-small [15], and PE-A-Frame-base [15]. The check-
points for BEATs, M2D, and ASiT are provided through
PretrainedSED [16]1,while those for PE-A-Frame are available
on Hugging Face2. Each model consists of Transformer blocks
(Transformer) preceded by a feature extractor (Enc), and we
add a classification head (Classifier) as follows:

Ên = Enc(ŝn), (7)

V̂n = Transformer(Ên), (8)

ôn = Classifier(V̂n), (9)

where ŝn denotes the nth separated signal in the time domain.
The classification head consists of two fully connected layers with
global temporal average pooling between them. The feature extrac-
tor for M2D computes log-mel spectrograms, whereas BEATs and
ASiT use similar filter-bank features. PE-A-Frame leverages a pre-
trained variational autoencoder called DAC-VAE [17].

The pretrained transformer blocks are fine-tuned together with
the classification heads by minimizing the cross-entropy loss. For
BEATs, M2D, and ASiT, we adopt mixup as data augmentation,

1https://github.com/fschmid56/PretrainedSED
2https://huggingface.co/facebook/pe-a-frame-base

https://github.com/fschmid56/PretrainedSED
https://huggingface.co/facebook/pe-a-frame-base
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where the extracted features and target one-hot vectors are mixed
with a random ratio α ∼ Beta(0.2, 0.2):

Êmix = αÊk1 + (1− α)Êk2 , (10)
o⋆

mix = αo⋆
k1

+ (1− α)o⋆
k2
, (11)

where o⋆
k denotes the true one-hot vector for the k-th source signal.

2.3. Third-stage model: Refinement

Although the S5 task can be addressed using the first- and second-
stage models, we further attempt to improve the separation quality
by applying an additional separation model, inspired by [5,18]. The
architecture of the refinement model is similar to that of the first-
stage separation model, but it takes, in addition to the mixture, the
separated signals estimated by the first-stage model and the class
labels estimated by the second-stage model as auxiliary inputs.

Specifically, the input to the SFC encoder is augmented by con-
catenating the separated signals from the first-stage model to the
multichannel mixture, and these signals are jointly encoded into D-
dimensional features. Inspired by [18], instead of directly using the
separated signals from the first-stage model, we use signals obtained
by applying a multi-channel multi-frame Wiener filter (MCMFWF)
to them. Instead of using a CLS token, the separator has a set of
learnable prompts corresponding to the target source classes, each
with a shape of D × 1× 1. According to the class labels estimated
in the second stage, the K̂ corresponding learnable prompt vectors
are concatenated with Z, as in [19], with broadcasting along the
frequency dimension. After processing by B

(3rd)
1 TF-Locoformer

blocks, we obtain K̂ disentangled features by taking the element-
wise product between the transformed versions of the k-th learn-
able prompt Pk ∈ RD×F ′×1 and the feature Z ∈ RD×F ′×T ,
with broadcasting along the time-frame dimension, instead of using
a source-count-dependent linear layer as in Eq. (4). The remain-
ing processing is the same as in the first-stage model: B

(3rd)
2 TF-

Locoformer blocks and the SFC decoder are applied to each source.
We consider the following two variants of the refinement model.

(i) MIMO system: all target sources and their class labels are pro-
vided as inputs, and all sources are refined simultaneously. (ii)
SISO system: instead of processing all target sources simultane-
ously, each target source and its corresponding class label are pro-
vided together with the mixture, and the target sources are refined
separately one by one. The MIMO system has the advantage of
being able to perform refinement using information from all target
sources. However, since the auxiliary information may contain er-
rors in the separated signals and estimated class labels, the SISO
system is expected to be less affected by such errors.

3. EXPERIMENTS

3.1. Experimental setup for separation models

For the first-stage model, we set B(1st)
1 = 8 and B

(1st)
2 = 4, while

for the third-stage model, we set B(3rd)
1 = 6 and B

(3rd)
2 = 3.

In both models, each TF-Locoformer block was configured with
D = 64, C = 384, K = 4, S = 1, H = 4, G = 8, and an
attention dimension of E = 1283 in the first B1 blocks. In the

3Note that the notation here is consistent with that used in the original
TF-Locoformer paper [9] and is independent of the notation defined in other
sections of this paper.

later B2 blocks, C and E were changed to 256 and 96, respectively,
while other parameters are unchanged. We use the no-positional-
encoding (NoPE) variant of TF-Locoformer [20] in the first-stage
model, while the original block with RoPE [21] is used in the third-
stage model. The window and hop sizes of the STFT were set to
1024 and 512 samples, respectively, and F ′ was set to 48.

The separation models were trained in two stages: unsuper-
vised pretraining followed by supervised fine-tuning. This strat-
egy was motivated by previous studies showing that unsupervised
pretraining is effective when only a limited amount of supervised
data is available [22, 23]. We first trained the first-stage model with
B

(1st)
1 = 6 and B

(1st)
2 = 3 on AudioSet [24] using MixIT [25] with

the SNR loss. Since the number of sources contained in each mix-
ture was unknown, the linear layer in Eq.(4) was configured to al-
ways output eight features. This pretraining was always performed
using monaural inputs. During training, the batch size was set to
32, the input duration was set to 6 s, and the model was trained for
262.5k steps. AdamW [26] was used as the optimizer, with a fixed
learning rate of 1e-3 and a weight decay of 1e-2.

Subsequently, the first-stage and third-stage models were ini-
tialized with the pretrained model and fine-tuned in a supervised
manner using the DCASE 2026 Task 4 dataset [1]. Since some pa-
rameters, such as the CLS token in the first-stage model and the
class-specific learnable prompts in the third-stage model, were not
included in pretraining, they were randomly initialized. In addi-
tion, because the first-stage model has more blocks than the pre-
trained model, the first six B1 blocks and the first three B2 blocks
were initialized with the pretrained weights. The seventh and eighth
blocks in B1 and the fourth block in B2 were initialized by copy-
ing the weights of the sixth B1 block and the third B2 block of the
pretrained model, respectively. During fine-tuning, the batch size
was set to 32, the input duration was set to 10 s, and the models
were trained for approximately 150k steps. The optimizer setup
was the same as that used for pre-training, except that a cosine de-
cay schedule was applied to the learning rate. During training, we
used teacher forcing; the ground-truth number of sources and class
labels were provided to the models.

In inference, for source-count estimation in the first stage, we
considered not only using the prediction from a single model but
also ensembling the outputs of multiple models. For the ensemble,
we used a total of ten models trained with slightly different configu-
rations, such as different lengths of the CLS token T ′, and averaged
the output probabilities from their source-count estimators.

3.2. Experimental setup for classification model

Since the classification models are applied to separated signals, they
should be robust to artifacts introduced by the first-stage separation
process. To this end, we train the classification models not only on
true target and interference source signals, but also on separated sig-
nals obtained from the first-stage separation models. Specifically,
we use two separation models to separate the same mixtures and
include the outputs from both models in the training data. Training
with signals produced by different models exposes the classifiers to
a wider variety of artifacts, which should improve their robustness.

To mitigate the data scarcity of the official dataset, we fur-
ther augment the training data using external datasets. From Au-
dioSet, we select clips that have only one label corresponding to
either a target or an interference class. We use up to 1000 and 100
clips for each target and interference class, respectively. We also
collect additional samples from the following datasets: “Alarm-
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Table 1: Evaluation results. Count. acc. denotes the source-counting accuracy of the first-stage model, CA-PI-SDRi denotes the CA-PI-SDRi
for the final system output, and Acc. (mix) and Acc. (src) denote the mixture- and source-level classification accuracies, respectively.

Validation Dev-test

System Count. acc. [%] CA-PI-SDRi [dB] Acc. (mix) [%] Acc. (src) [%] CA-PI-SDRi [dB] Acc (mix) [%] Acc (src) [%]

Baseline [1] - 8.26 56.56 67.99 8.49 60.71 70.39

System 1 92.17 14.25 72.61 77.36 14.84 78.11 83.52
System 2 92.17 14.36 72.61 77.36 14.77 78.11 83.52
System 3 92.17 14.55 72.61 77.36 14.95 78.11 83.52
System 4 91.83 14.37 71.50 75.67 14.41 74.00 80.76
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 (b) Dev-test
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Figure 2: Confusion matrices for the BEATs-based classification
model with row-wise normalization.

Clock” and “FootSteps” from NIGENS [27], “VacuumCleaner”
from SINS [28], and “Clapping”, “Footsteps”, and “Pouring” from
STARSS23 [29]. For SINS and STARSS23, we use the official
metadata to extract the corresponding event segments. To ensure
consistency with the pretraining stage, we resample the separated
signals to 16 kHz for BEATs, M2D, and ASiT, and to 48 kHz for
PE-A-Frame. In addition to mixup, we also apply frequency warp-
ing and filter augmentation to the features4.

We fine-tune each model using AdamW [26] with 1000 warm-
up steps. The peak learning rates are set to 4.0 × 10−4 for the
classification head and 4.0 × 10−5 for the transformer blocks. To
stabilize validation performance, we apply exponential moving av-
erage (EMA) to the model with a decay factor of 0.999, and the
EMA checkpoint with the best F1 score mean over classes is used
for inference. For the ensemble, we take the average across the five
models’ outputs after taking softmax.

3.3. Results

We evaluated the following four systems. All systems except Sys-
tem 4 used an ensemble of multiple model outputs for source count-
ing and classification.

System 1: A system that uses only the first- and second-stage
models, without applying the third-stage refinement.

System 2: The three-stage system described in Section 2, where
the MIMO version is used for the third-stage refinement model.

System 3: A system in which the third stage of System 2 is re-
placed with the SISO version.

4We follow data augmentation techniques implemented in https://
github.com/fschmid56/PretrainedSED.

System 4: The same pipeline as System 3, but without ensem-
bling the source-counting and classification results.

Table 1 shows the evaluation results on the validation and dev-
test sets. Since the number of interfering sources in the dev-test set
is not provided, counting accuracy is reported only for the valida-
tion set. Systems 1–3 use the same ensembled estimates for source
counting and classification, and therefore have identical accuracies.

The results in Table 1 show that our system substantially im-
proves performance over the baseline [1] in terms of both separa-
tion and classification. The first-stage model (System 1) already
achieves reasonable counting accuracy and separation performance.
When the refinement model is additionally applied, performance
improvements are observed except for System 2 on the dev-test
set, however, improvement is small. Possible reasons include the
strong separation performance of the first-stage model, which ben-
efits from unsupervised pretraining, and the larger mismatch be-
tween pretraining and fine-tuning in the refinement model, where
the model structure differs more substantially, for example because
the learnable prompts are randomly initialized and RoPE is addi-
tionally introduced. A detailed analysis of this behavior is left for
future work. The results of Systems 3 and 4 show that ensembling
multiple systems is effective for both counting and classification.

Figure 2 shows the class-wise confusion matrix for classifica-
tion on separated signals5 . The true label for each separated signal
is assigned based on SNR with respect to the oracle target and inter-
ference signals. Since interference signals are not provided for the
dev-test set, we ignore the separated signals that are not assigned to
the oracle target signals, and thus the last row in Fig. 2 (b) is empty.
The system achieves macro F1 scores of 85% on the validation set
and 87% on the dev-test set. The classification errors are concen-
trated in a limited number of classes. This may be attributed to
similarities in acoustic characteristics between certain classes (e.g.,
“HairDryer” and “VacuumCleaner”).

4. CONCLUSION

This technical report described our solution to the DCASE 2026
Task 4 S5 task. The proposed system consists of three stages: joint
separation and counting, classification, and refinement. We eval-
uated a total of four systems on the official DCASE 2026 Task 4
dataset, with differences in the use of ensembling and the design of
the refinement model. The results showed that the proposed sys-
tem with SISO refinement achieved the best performance. In future
work, we plan to further improve the refinement model and conduct
a more detailed ablation study.

5Results on Fig. 2 are not based on separation results produced by our
final USS model with ensemble for counting.

https://github.com/fschmid56/PretrainedSED
https://github.com/fschmid56/PretrainedSED
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