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Abstract

The spatial semantic segmentation task focuses on
separating and classifying sound objects from multi-
channel signals. To achieve two different goals, conven-
tional methods fine-tune a large classification model
cascaded with the separation model and inject classi-
fied labels as separation clues for the next iteration
step. However, such integration is not ideal, as fine-
tuning over a smaller dataset loses the diversity of
large classification models; features from the source
separation model are different from the inputs of the
pretrained classifier, and injected one-hot class labels
lack semantic depth, often leading to error propaga-
tion. To resolve these issues, we propose a Dual-Path
Classifier (DPC) architecture that combines object
features from a source separation model with semantic
representations acquired from a pretrained classifica-
tion model without fine-tuning. We also introduce
Semantic Embedding Conditioning (SEC), which en-
riches the semantic depth of injected clues. Our sys-
tem achieves a state-of-the-art 11.19 dB CA-SDRi and
enhanced semantic fidelity on the DCASE 2025 task4
evaluation set, surpassing the top-ranked performance
of 11.00 dB. These results highlight the effectiveness
of integrating separator-derived features and rich se-
mantic clues.

Keywords: target sound extraction, sound classification,
dual-path classifier, semantic clue encoder

1. Introduction

Comprehending auditory scenes is crucial in machine
listening to interpret and engage with complex sound-
scapes. Separation and classification of individual
sound sources are two key tasks to achieve this goal.
While the sound separation performance has improved
with advances in the models [1], [2], conventional sep-
aration models are limited by the maximum number
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of sources they can process. To overcome this limi-
tation, researchers have developed methods that can
extract a specific sound from the complex sound scene
based on a user-provided clue. This line of research,
named target signal extraction (TSE), has been de-
veloped to process various types of clues, such as a
given class label [3], a similar audio sample [4], [5], or
a timestamp [6]. Meanwhile, classifiers [7], [8] have
evolved to utilize features from the self-supervised
models [9], [10] pretrained on a large-scale dataset [11].
For joint separation and classification, however, var-
ious approaches are possible, e.g., first performing
multi-label classification on the mixture and using the
resulting class predictions as clues for target sound
extraction [12], [13]. Another strategy, embodied by
DeFT-Mamba [14], is first to separate each source
from the mixture and then classify them.

The DCASE 2025 task4 challenge, known as Spatial
Semantic Segmentation of Sound Scenes (S5) [15],
[16], has been designed to reflect the growing focus of
research. The challenge focuses on separating and clas-
sifying foreground sound sources from multichannel
mixtures, which also include interfering sounds and
background noise. Each mixture can contain up to
three foreground sources, and each foreground signal
is categorized into one of the 18 designated classes.

Our previous work, which achieved the 1st rank in the
challenge [17], employs a three-stage framework. As
depicted in Fig. 1 (a), the waveforms separated in the
previous stage and the classes estimated from those
separated waveforms are used as clues for foreground
sound extraction in the next stage. Across the entire
framework, three models are employed. First, DeFT-
Mamba [14] for Universal Sound Separation (DM-USS)
performs separation without any clue. DM-USS sepa-
rates each sound source into rich object features, which
are decoded into the separated waveform through a
weight-shared audio decoder, as shown in Fig. 1 (b).
Second, DeFT-Mamba for Target Sound Extraction
(DM-TSE) extracts foreground sounds from the mix-
ture using enrollment clues and class clues. The en-
rollment clues are concatenated with the multichannel
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Figure 1: Architecture of the previous multi-stage framework used in our DCASE challenge system. (a) Overall
framework. (b) Detailed architecture of DM-USS. (c) Detailed architecture of DM-TSE.

mixture along the channel dimension, providing direct
separation clues. The class clues are injected in the
form of one-hot vectors through Residual FiLM [18],
[19]. DM-TSE follows the same architecture, except
for these clue injection modules as seen in Fig. 1 (c).
Finally, M2D [10] for Single-label Classification (M2D-
SC) classifies a single class from each separated wave-
form and is used as the classifier throughout all stages.
Based on these three models, the overall framework
proceeds in three stages. In Stage 1 (clue derivation),
DM-USS performs separation on the input mixture,
producing separated waveforms which are further clas-
sified by M2D-SC to estimate a single class for each
separated sound. In Stage 2 (guided extraction),
DM-TSE extracts foreground sounds from the mixture
using the separated waveforms from the previous stage
as enrollment clues and the estimated classes as class
clues. In Stage 3 (Iterative refinement), the extrac-
tion process is repeated by reusing the outputs of the
previous stage as updated clues, thereby progressively
refining the extracted foreground sounds.

The current design exhibits several limitations due to
the coarse combination with the existing classification
model and the naive clue injection module in DM-TSE.
(1) The M2D-SC is based on the M2D pretrained over
the large corpus [11], but fine-tuning the pretrained
M2D on the smaller S5 dataset [15] compresses the
pretrained diversity [20], [21]. (2) Separated object
features are converted into Mel-spectrograms to make
them compatible with M2D. However, the magnitude-
only projections with spectral merging lead to a signif-
icant loss of crucial phase and fine-grained frequency
information. (3) The class embeddings based on one-
hot vectors fail to encode rich semantic information.
(4) The class-based guidance for the TSE model de-
pends solely on the predicted label so that an early
misclassification can steer DM-TSE in the wrong di-
rection throughout the extraction stages. Therefore,
we need a novel classification architecture that can
leverage the knowledge obtained from the pretraining
and inject semantic clues with sufficient depth.

We propose a Dual-Path Classifier (DPC) to address
the lack of diversity in the M2D-SC and the informa-
tive insufficiency of the Mel-spectrogram. We adopt
the lightweight CRNN instead of fine-tuning M2D
to preserve the diversity of the features from M2D.
The object features of the separators are fed into
the CRNN instead of the Mel-spectrogram. Unlike
Mel-spectrogram, these features retain crucial phase
and fine-grained frequency information, providing a
richer input for the classifier. Additionally, we pro-
pose a Semantic Embedding Conditioning (SEC) to
overcome the static nature of the one-hot condition
embedding and the critical flow of misclassification.
The SEC solves this issue by supplementing the con-
ventional one-hot condition embedding with richer
embeddings from models trained with self-supervised
methods [10] or contrastive learning [22]. The injec-
tion of these additional semantic clues through the
SEC makes the DM-TSE less critically dependent on
the label estimation of the previous stage, thereby
enhancing the overall robustness of the system. Even-
tually, our system achieves a final CA-SDRi of 11.19
dB on the evaluation dataset and 16.60 dB on the test
dataset [16], corresponding to gains of +0.19 dB and
+1.66 dB, respectively, over our previous submission.

2. Methodology and architecture

The proposed architecture applies DPC and enhances
the DM-TSE model with the SEC using the semantic
condition embeddings. Two individual instances of
the DPC are trained: one for DM-USS (DPC-USS)
and another for DM-TSE (DPC-TSE).

2.1. Dual-Path Classifier (DPC)

The proposed DPC is detailed in Fig. 2. The core
of the DPC is a dual-path CRNN that operates on
the object features of the separators. The CRNN
consists of symmetric temporal and frequency paths
(T/F-paths), each containing a sequence of a CNN,
a Feature Fusion (FF) block, a GRU [23], and an
ASP [24] layer. The feature from each path is fused
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Figure 2: The proposed pipeline of the Dual-Path Clas-
sifier for the object features.

to produce logits in the fusion head. Additionally, the
on-off head determines whether the separated source
is active or silent.

T/F-CNN: A stack of 2D convolutions and pooling
layers compresses the object feature X € RP*FxT
along the time and frequency axes, where D, F', and
T denote the channel, frequency, and time dimension,
respectively. The output of CNN in the temporal path
is X, € RP*FixTi while the frequency path employs
a final point-wise convolution that doubles the chan-
nel dimension, resulting in X; € R2P*Fr*Tsr The F
and T with the subscript represent the compressed
frequency and time resolutions, where the subscripts f
and t denote the frequency and temporal paths, respec-
tively. The features are then reshaped for sequential
processing. The temporal feature X; is flattened to
preserve the time axis, yielding X; € RT#*PFt while
the frequency feature Xy is averaged over the time
dimension, treating the frequency axis as a sequence
dimension, resulting X, € Rf7x2P,

Feature Fusion (FF) block and GRU: The FF
block aggregates the features of M2D and CNN in each
path. A feature Xyop € RE*FM2pxTvizp iy extracted
from the M2D to leverage knowledge from a pretrained
model, where G, Fyop, and Tyop denote the channel,
frequency, and time dimension of the feature from
M2D. To prepare for fusion, the Xyop is reshaped
differently for each path to match the dimensions
of the corresponding CNN feature. For the temporal
path, Xyop is first average-pooled along the frequency
axis and then upsampled via bilinear interpolation
along the time axis to match the sequence length of
X, resulting Xyop, 7o € RE*T: - For the frequency
path, a symmetric operation is performed to produce
Xwm2p,F € RE*Fr | Each aligned M2D feature is then
concatenated with its corresponding sequence feature
from the CNN along the embedding dimension. These
concatenated features are then passed through the FF
block, which is the linear layer. This unified feature
sequence is then fed into a bidirectional GRU, which
models long-range contextual dependencies.

ASP and Fusion head: The ASP layer converts
the sequential feature of each GRU into a fixed-size
embedding vector. Specifically, each branch contains
its own ASP layer that processes the respective GRU
output, creating two distinct embedding vectors. The
embeddings from the temporal and frequency paths
are concatenated and passed through a fusion head
which is a linear layer to produce the logits.

On-off prediction: The temporal path also handles
on-off (silence) prediction using the on-off head on the

sequential output of GRU in the temporal path. This
head produces frame-wise activity probabilities with
a linear layer and sigmoid function, and the source is
classified as ‘on’ if the maximum probability across
frames exceeds a threshold of 0.5.

2.2. Semantic Embedding Conditioning (SEC)
Semantic Embedding Conditioning (SEC) is a con-
ditioning strategy that enriches the original one-hot
label class conditioning [17], [25] with semantically
informative embeddings from pretrained models. The
label-based conditioning has two limitations which are
the lack of semantic richness and error propagation.
To address these limitations, SEC incorporates seman-
tic embeddings obtained from M2D [10] and MGA-
CLAP [22]. The semantic embedding is projected to
the same dimensionality as the one-hot embedding,
and the two embeddings are added element-wise. The
combined embeddings are finally injected into DM-
TSE thorugh the same Residual FiLM [18]. In this
way, the resulting condition embeddings alleviate the
error propagation caused by hard label conditioning
by providing semantically informative cues.

3. EXPERIMENTS

3.1. Datasets & Evaluation metrics

The training data was generated dynamically for each
sample. We synthesized 4-channel mixtures on-the-fly
using the SpatialScaper synthesis approach [26]. Addi-
tional data was incorporated for training. The speech
class was supplemented with the VCTK corpus [27],
and the percussion class was enriched with extra sam-
ples from open-source databases [17]. For evaluation,
we reported results on the official DCASE 2025 task4
test and evaluation datasets. The test dataset was
provided for the intermediate assessment during the
challenge, while the evaluation dataset was used for
the final official ranking of the challenge submissions.
The 1,620-sample subset of the evaluation data was
used for the official challenge ranking.

We evaluated the performance of our systems using
four metrics. The Class-Aware Signal-to-Distortion
Ratio improvement (CA-SDRI) [15], [16] is the pri-
mary metric. CA-SDRi is based on the standard SDRIi,
a measure of separation quality, but is designed to
penalize incorrect classifications. If a source is mis-
classified, its SDRi is disregarded. The mixture-level
accuracy (Accmix) [25] is used to evaluate classification
performace. Accpix is calculated on a per-mixture ba-
sis, where a single mixture is considered correct only if
the classifications for all of its constituent foregrounds
are correct.

3.2. Experimental settings

Our experiments were based on the pretrained weights
of the previous system [17] on the challenge. To iso-
late the performance gains of our contributions, we
froze the parameters of the core separation models
(DM-USS and DM-TSE backbone). The only train-
able modules in our experiments were the proposed
DPC and SEC. After training the DPC, we froze its
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Table 1: Ablation study on the DPC and SEC across
each stage. The hyphen in the ‘Semantic embedding’ col-
umn denotes conditioning solely on the one-hot condition
embedding without any semantic information. CA-SDRi
in [dB] and Accmix in [%)].

P, Semantic Eval dataset Test dataset
Stage Classifier beddi
embedding G A_SDRi 1 Accmix T CA-SDRi 1 Accmix T
M2D-SC - 8.47 52.22 12.70 59.07
DPC - 8.18 52.04 12.81 69.20
M2D-SC = 10.08 54.01 14.70 61.26

- 10.86 57.78 16.21 72.13
MGA-CLAP-text 10.97 58.27 16.51 73.73

DpC MGA-CLAP-audio 10.97 58.89 16.50 73.53

M2D 10.94 57.90 16.44 73.40

M2D-SC - 11.00 55.80 14.94 61.80

- 11.06 58.64 16.34 72.93

3 DPC MGA-CLAP-text 11.18 59.38 16.60 74.20

MGA-CLAP-audio 11.11 59.01 16.56 74.33
M2D 11.19 59.63 16.60 74.20

parameters and then trained the SEC separately using
three distinct semantic embeddings: those from M2D
and from the text and audio encoders of MGA-CLAP.
AdamW optimizer was used for training both DPC
and SEC. The learning rates for DPC and SEC were
4 x 10* and 4 x 1076, respectively. Cross-entropy
and KL divergence loss functions were used to train
the classification ability of the DPC for active fore-
ground and silence, respectively. Binary cross-entropy
was utilized to detect silence. The masked SNR loss
function was used for training the SEC. The detailed
settings for the loss functions follow [25].

4. Results

4.1. Ablation Study on DPC and SEC

Table 1 compares the classifiers (M2D-SC and DPC)
and semantic clues across the three stages. We re-
port performance on both the evaluation and test
datasets, considering the evaluation dataset a more
robust indicator of generalization.

Regarding the classifier performance, the proposed
DPC consistently outperforms the conventional M2D-
SC in Accpix in Stage 2 and 3 across all datasets.
The improvements are particularly substantial on the
test dataset, where DPC achieves accuracy gains of
over 10%p in every stage. Specifically, the accuracy
increases from 59.07% to 69.20% (+10.13%p) in Stage
1, from 61.26% to 72.13% (4+10.87%p) in Stage 2,
and from 61.80% to 72.93% (+11.13%p) in Stage 3.
Notably, the margin of improvement for DPC over
M2D-SC widens as the separation quality improves in
the later stages. This result suggests that DPC, by
directly utilizing the object feature of the separators,
is more sensitive and responsive to the separators’ per-
formance. Furthermore, the DPC also demonstrates
strong generalization. On the evaluation dataset, DPC
achieves a 2.84%p accuracy improvement in Stage 3.
We attribute this generalization to the absence of fine-
tuning on the M2D, which allows our systems to retain
diverse features from its pretraining.

The results in Table 1 clearly demonstrate that in-

Table 2: DCASE 2025 Task 4 leaderboard with CA-SDRi
in [dB] and Accmix in [%].

Evaluation Set Complexity

Model CA-SDRi 1 Accpix T Ensenble Param
Proposed 11.19 59.63 1 205M
Rank 1 [25] 11.00 55.80 1 204M
Rank 2 [28] 9.77 61.60 118 10.8B

w/o0 ensemble 8.91 51.98 1 229M
Rank 3 [29] 9.73 51.54 1 87TM
Rank 4 [30] 7.84 47.72 1 105M
Rank 5 [31] 7.55 49.51 10 25M
Rank 6 [32] 6.69 47.22 4 465M

w/o ensemble 6.64 46.67 1 116M
Rank 7 [33] 6.60 51.48 1 115M
Baseline [16] 6.60 51.48 1 115M
Rank 8 [34] 3.84 22.41 1 115M

corporating the semantic embeddings consistently im-
proves performance over conditioning only on the
one-hot vectors, particularly for the CA-SDRi. Espe-
cially, the improvement in the evaluation dataset from
11.06 dB to 11.19 dB (+0.13 dB) represents that the
benefits of the SEC generalize well to unseen data.
Ultimately, these results indicate that the SEC not
only enhances the objective separation and classifica-
tion quality (CA-SDRi) but also holistically improve
the system’s output, leading to more accurate classifi-
cations and audio that is perceptually and semantically
more faithful to the target source.

4.2. Comparison with Challenge Systems

Our proposed system, which employs the SEC with
M2D embeddings, achieves the best CA-SDRi of
11.19 dB among all systems, while also attaining a
strong classification accuracy of 59.63%. Although
the second-ranked team achieves the highest Accpix
of 61.60%, this result is obtained using an ensemble
of 118 models, resulting in a substantially increased
model complexity of 10.82B parameters. In contrast,
the corresponding non-ensemble submission of the
same team achieves only 51.98% in Accpic. These re-
sults indicate that our DPC-based framework remains
highly effective for classification improvement, achiev-
ing competitive classification performance without re-
lying on large-scale ensembling, while simultaneously
providing the best separation performance.

4.3. Classification error correction by SEC

Table 3 evaluates the error correction capacities of SEC
in mitigating error propagation. The table categorizes
samples based on their transition of classification cor-
rectness from Stage 1 to Stage 2: Wrong-to-Correct
(W2Q) for corrected errors, Correct-to-Correct (C2C)
for stable predictions, and Correct-to-Wrong (C2W)
for newly introduced errors. For each category, we re-
port the ratio of samples relative to the entire dataset
and the average improvement in separation quality
(ACA-SDRi).

On the test dataset, using the SEC leads to compre-
hensive improvements across all categories for both
the sample ratios and the ACA-SDRi. These results
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Table 3: Comparison of error correction performance by
embedding type.

Ratio of samples (%) A CA-SDRi (dB)
W2C 1 C2C 1+ C2W | W2C 1 C2C 1 C2W 1

one-hot vector 10.5  61.7 7.5 11.75 346 -5.71
+ MGA-CLAP-text 11.3 62.4 6.8 11.78 3.67 -5.63
+ MGA-CLAP-audio 11.3  62.3 69 11.86 3.64 -5.27
+ M2D 11.4 62.0 72 11.82 3.64 -5.71

one-hot vector 135 443 7.8 9.89 243 -4.60
+ MGA-CLAP-text  14.5 438 83 10.06 2.52 -4.69
+ MGA-CLAP-audio 14.8 44.1 7.9 10.04 251 -4.83
+ M2D 144 435 8.6 10.01 2.53 -4.48

Dataset Embedding type

Test

Eval

suggest that the SEC not only mitigates error propa-
gation by improving classification transitions but also
enhances the separation performance. Upon closer
examination, different semantic embeddings exhibit
distinct strengths. The M2D embedding proves to be
the most effective at error correction, achieving the
highest W2C ratio of 11.4%. Meanwhile, the MGA-
CLAP-text embedding excels at preserving correct
predictions from the previous stage, evidenced by the
highest C2C ratio of 62.4% and the lowest C2W ratio
of 6.8%. Furthermore, the MGA-CLAP-audio shows
the largest ACA-SDRI of 11.86 dB for W2C and the
smallest degradation of -5.27 dB for C2W, thereby
boosting the overall performance.

On the evaluation dataset, using only the one-hot vec-
tor shows slightly superior prediction preservation in
terms of sample ratio. For example, the MGA-CLAP-
audio embedding reduces the C2C ratio from 44.3%
to 44.1%. Despite this degradation, the benefit of the
SEC becomes clear when observing the ACA-SDRi.
For W2C samples, all semantic embeddings outper-
form the one-hot vector by more than 0.1 dB. For the
other categories, the M2D embedding demonstrates
an improvement of 0.10 dB from 2.43 dB to 2.53 dB
on the C2C and 0.12 dB from -4.60 dB to -4.48 dB
on the C2W. Collectively, the results in Table 3 con-
firm that the use of the SEC with additional semantic
embeddings improves the final CA-SDRi performance.

5. Conclusion

In this paper, we addressed two key limitations of the
first-place system from DCASE 2025 Task 4: an inef-
ficiently integrated classifier architecture and a weak
conditioning mechanism susceptible to error propa-
gation. To resolve these issues, we introduced the
Dual-Path Classifier (DPC), which operates on object
features from the separator and semantic features from
a pretrained model. We also proposed the Semantic
Embedding Conditioning (SEC) to enrich the condi-
tioning signal with content-based embeddings from
large-scale models. Our experiments demonstrate that
the DPC significantly outperforms the baseline classi-
fier and that the SEC provides substantial additional
gains, achieving a state-of-the-art CA-SDRi of 11.19
dB on the evaluation set. Furthermore, our analysis
revealed that the SEC enhances system robustness
through a dual mechanism: the SEC not only corrects
a greater number of initial classification errors (W2C),

but also improves the separation quality with the rich
semantic information.
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