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ABSTRACT

A central problem in building effective sound event detection sys-
tems is the lack of high-quality, strongly annotated sound event
datasets. For this reason, Task 4 of the DCASE 2024 challenge
proposes learning from two heterogeneous datasets, including au-
dio clips labeled with varying annotation granularity and with dif-
ferent sets of possible events. We propose a multi-iteration, multi-
stage procedure for fine-tuning Audio Spectrogram Transformers
on the joint DESED and MAESTRO Real datasets. The first stage
closely matches the baseline system setup and trains a CRNN model
while keeping the pre-trained transformer model frozen. In the sec-
ond stage, both CRNN and transformer are fine-tuned using heavily
weighted self-supervised losses. After the second stage, we com-
pute strong pseudo-labels for all audio clips in the training set using
an ensemble of fine-tuned transformers. Then, in a second itera-
tion, we repeat the two-stage training process and include a distilla-
tion loss based on the pseudo-labels, achieving a new single-model,
state-of-the-art performance on the public evaluation set of DESED
with a PSDS1 of 0.692. A single model and an ensemble, both
based on our proposed training procedure, ranked first in Task 4 of
the DCASE Challenge 2024.".

Index Terms— DCASE Challenge, Sound Event Detection,
ATST, BEATSs, PaSST, DESED, MAESTRO Real, pseudo-labels

1. INTRODUCTION

The goal of Sound Event Detection (SED) is to identify specific
acoustic events and their timing within audio recordings. Reliable
SED systems enable applications in numerous domains, for exam-
ple, in security and surveillance [1], smart homes [2], or health
monitoring [3]. A main driver of research in this field is the annual
DCASE Challenge, particularly Task 4, which focuses on SED.
State-of-the-art SED systems are based on deep learning ap-
proaches, requiring a substantial amount of annotated data. Their
performance is mainly limited by the lack of strongly annotated
real-world sound event datasets [4]. Hence, previous editions of
Task 4 focused on learning from weakly labeled data [S], semi-
supervised learning strategies [6], and utilizing synthetic strongly
labeled data [7]. While Task 4 has been based on the DESED
dataset [7] in previous years, the key novelty of the 2024 edition
is a unified setup including a second dataset, MAESTRO Real [4].
As domain identification is prohibited, the goal is to develop a sin-
gle system that can handle both datasets despite crucial differences,
such as labels with different temporal granularity and potentially
missing labels. In fact, because of the lack of strongly annotated,
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high-quality real-world data, the hope is that learning from two
datasets in parallel has a synergetic effect and eventually increases
the generalization performance on both datasets.

The main contributions of this work are as follows: (1) We
introduce a multi-iteration, multi-stage training routine for fine-
tuning pre-trained transformer models on SED using heterogeneous
datasets. (2) We demonstrate that combining fine-tuned transform-
ers — ATST [8], PaSST [9], and BEATSs [10] — into a diverse en-
semble to generate pseudo-labels, and using these pseudo-labels in
a subsequent training iteration, significantly enhances single-model
performance, yielding a relative increase of 25.9% in terms of poly-
phonic sound detection score [11,12] (PSDS1) on DESED and 2.7%
in terms of segment-based mean partial area under the ROC curve
(mpAUC) on MAESTRO, compared to the baseline system. (3) We
conduct an ablation study to analyze the impact of the heteroge-
neous datasets and design choices related to them.

On DESED, we set a new state of the art on the public evalua-
tion set, raising single-model performance from 0.686 [11] to 0.692
in terms of PSDS1. A single model and an ensemble, both based
on our proposed training procedure, ranked first in the respective
categories in Task 4 of the DCASE Challenge 2024 [13].

2. RELATED WORK

SED Architectures: Since the 2018 edition [14], the base-
line system is based on a Convolutional Recurrent Neural Network
(CRNN). A large increase in performance happened in the 2023
edition, as the baseline used BEAT's [10] embeddings concatenated
with CNN embeddings, which were then fed to the RNN, with a
relative increase of almost 50% in PSDS1 score. Top-ranked sys-
tems in the 2023 edition improved over the baseline architecture
with variations of frequency-dynamic convolution [15]. Recently,
Shao et al. [16] proposed a procedure to fine-tune large pre-trained
transformers on the DESED dataset with a two-stage training proce-
dure, establishing a new state of the art. They showed that the key to
avoiding overfitting is placing a large weight on the self-supervised
losses to take advantage of the larger amount of unlabeled data.

Data Augmentation: As strongly annotated data is very lim-
ited, data augmentation is an important strategy to improve the gen-
eralization of SED systems. In this regard, Filter-Augment [17]
simulates variations in the acoustic environment by applying dif-
ferent weights to frequency bands, forcing the model to extract in-
formation from wider frequency regions. Strategies for recording
device generalization in Acoustic Scene Classification apply simi-
lar frequency weighting mechanisms: Frequency-MixStyle [18,19]
mixes the frequency information of two audio clips in the dataset,
and Device-Impulse augmentation [20] convolves an audio clip with
an impulse response of a real recording device. Recently, Fre-
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Figure 1: Overview of System Architecture. Blue are the pre-
trained transformers; the red blocks together comprise the CRNN.

quency Warping [8], which stretches or squeezes spectrograms in
the frequency dimension, was shown to be an integral part when
fine-tuning transformers on the DESED dataset [16].
Pseudo-labels: Both of the top-ranked approaches in the 2022
and 2023 editions of Task 4 computed pseudo-labels. Ebbers
et al. [21] use a multi-iteration self-training procedure in which
pseudo-labels, predicted by an ensemble, are iteratively refined.
Kim et al. [22] employ a two-iterations setup in which strong
pseudo-labels for weakly labeled, unlabeled, and AudioSet [23]
clips are computed from an ensemble of models from the first train-
ing iteration. The computed pseudo-labels are converted into hard
labels and used as additional targets in a second training iteration.

3. SYSTEM ARCHITECTURE

Figure 1 gives an overview of our SED system. It consists of two in-
dependent audio embedding branches (CNN and transformer), the
outputs of which are pooled to the same sequence length. A Recur-
rent Neural Network (RNN) derives strong predictions from these
combined sequences. Compared to the baseline [13] we experi-
ment with two additional Audio Spectrogram Transformers besides
BEATS [10], namely, ATST [8] and PaSST [9]. In addition to adap-
tive average pooling, we experiment with linear and nearest-exact
interpolation to align transformer and CNN sequence lengths. In
the following, we briefly describe the transformer models used in
our setup. We refer the reader to [24] for more details.

ATST-Frame [25](denoted ATST in the following) was specif-
ically designed to produce a sequence of frame-level audio embed-
dings. The architecture of ATST is based on the Audio Spectrogram
Transformer (AST) [26]; it is pre-trained in a self-supervised man-
ner on AudioSet. In our experiments, we use a checkpoint of ATST
that is fine-tuned on the weak labels of AudioSet.

fPaSST: The Patchout faSt Spectrogram Transformer
(PaSST) [9] is an improved version of the original AST [26]
that shortens the training time and improves the performance via
patchout regularization. We adapt PaSST to return frame-level
predictions and call the resulting model Frame-PaSST (fPaSST).
We pre-train fPaSST on the weakly annotated AudioSet using
Knowledge Distillation [27], obtaining a mAP of 0.484.

BEATS: Likewise, BEATSs [10] is also based on the AST [26]
architecture; it was trained in an iterative, self-supervised procedure
on AudioSet, where the BEATSs encoder and tokenizer were alter-
nately updated. In our experiments, we rely on the checkpoint of
BEATS after the third iteration, where both the tokenizer and the
encoder were fine-tuned on the weak labels of AudioSet.

4. TRAINING PIPELINE

In this section, we describe the pre-training routine on AudioSet
strong and how the pre-trained models are fine-tuned on the Task 4
datasets in the proposed multi-iteration, multi-stage training proce-
dure. An overview of the full training pipeline is shown in Figure 2.
The full system architecture, depicted in Figure 1, is involved in
all iterations and stages of Figure 2. The pre-trained transformers
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Figure 2: Training Pipeline. The snow flake symbol denotes frozen
parameters, the flame that a model is trained in a particular stage.

(blue block in Figure 1) are used as frozen audio embedding mod-
els in Stage 1 and fine-tuned together with the CRNN (red blocks
in Figure 1) in Stage 2. The pseudo-labels are generated from an
ensemble after Iteration 1 and used as additional prediction targets
in Stage 1 of Iteration 2. In the following, we abbreviate Iteration
{1,2} and Stage {1,2} as I{1,2} and S{1,2}, respectively.

4.1. Pre-Training on AudioSet strong

We hypothesize that the transformer models would benefit from ad-
ditional pre-training on a large dataset strongly annotated for vari-
ous acoustic events. To this end, we add a BIGRU block with 1024
units that processes the output of the transformer. We pre-train for
10 epochs on AudioSet strong [28], a subset of AudioSet that holds
around 86,000 strongly labeled examples with annotations for 456
event classes. While ATST and, in particular, fPaSST benefit from
this pre-training, there was no effect on the downstream task perfor-
mance of BEATSs; therefore, we only pre-train ATST and fPaSST on
AudioSet strong. We select the checkpoint with the highest PSDS1
score on the AudioSet strong validation set for downstream training.

4.2. Multi-Stage Training

Inspired by [16], 1/ and 12 are both split into two training stages. In
S1, the CRNN (CNN + BiGRU) is trained from scratch while the
large transformer model is frozen. This setup corresponds to the
training of the baseline system with slightly different hyperparame-
ters and additional data augmentations (as shown in Table 1).

In S2, the CRNN is initialized with pre-trained weights from
S1, and both the CRNN and the transformer model are fine-tuned.
As the system already performs well in its initial state, the trans-
former can rely on a high-quality self-supervised loss computed on
the larger unlabeled set. Aligned with [16], in S2, we compute the
interpolation consistency (ICT) loss [29] in addition to the mean
teacher (MT) loss [30]. In both stages, we choose the best model
based on the validation set by computing the sum of PSDS1 on the
strongly labeled synthetic data, PSDS1 on external strongly labeled
real data, and mpAUC on the MEASTRO validation set.

4.3. Multi-Iteration Training

After completing I/, we build an ensemble (see Ensemble Stage 2
in Table 2) of multiple ATST, fPaSST, and BEATs models. This en-
semble is used to compute strong pseudo-labels for all audio clips in
the training set by averaging the frame-wise logits of the individual
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Aug. Method Target HP Pipeline
DIR [20] All p=0.5 I{1,2}.52
Wavmix [33] Str. p=0.5,0=0.2  I{1,2}.5{1,2}
Freq-MixStyle [18] All p=0.5,0=0.3  11.5{1,2},12.52
Mixup [33] Al p=05a=02 I{1,2}.5{1.2}
Time-Masking DES. Str.  s=[0.05,0.3] 1{1,2}.52
FilterAugment [17] All linear,p=0.8  11.5{1,2},12.52
Freq-Warping [8] All p=0.5 1{1,2}.52

Table 1: The table lists data augmentation methods, the data subset
they are applied to (Target), hyperparameters (HP), and the respec-
tive iteration and stage they are used in (Pipeline). p is the proba-
bility for applying the augmentation method; o parameterizes Beta
distributions; s specifies the masking ratio interval; and (DES.) Str.
refers to strongly annotated audio clips (from DESED).

models. In S7 of 12, we then use the pseudo-labels as additional pre-
diction targets. We found that BCE is superior to MSE for comput-
ing the pseudo-label loss, and interestingly, using the pseudo-label
loss only improves performance in S/ of I2 (see Table 4).

5. EXPERIMENTAL SETUP

5.1. Audio Pre-processing and Augmentation

For all models, we convert audio clips to 10 seconds in length at a
16 kHz sampling rate. For the CNN, we match the baseline settings
and compute Mel spectrograms with 128 Mel bins using a window
length of 128 ms and hop size of 16 ms. For the transformers, we
use their original feature extraction pipelines [9, 10, 25].

Table 1 details all the data augmentation methods used in our
training pipeline. In contrast to the baseline, we apply Cross-
Dataset Mixup and Cross-Dataset Freq-MixStyle. That is, we mix
audio clips from MAESTRO and DESED instead of keeping them
separate. In the case of Mixup, we allow the loss to be calcu-
lated for all partially active classes, irrespective of the audio clip’s
dataset origin (see Section 5.3). For Wavmix and Mixup, we mix
the pseudo-labels accordingly.

5.2. Datasets and Optimization

We use the DESED [7] and MAESTRO [4] datasets as provided
for Task 4 in the DCASE 2024 challenge and, additionally, ap-
proximately 7,000 strongly annotated clips extracted from AudioSet
strong according to [31]. We refer the reader to [24] for a detailed
description of the data setup.

The training data can be seen as the union of five subsets: MAE-
STRO strong and DESED: real strong, synthetic strong, weakly an-
notated, and unlabeled. We draw batches of (12, 10, 10, 20, 20)
and (56, 40, 40, 72, 72) samples from these datasets in S/ and S2,
respectively. The model is trained to minimize BCE loss on all
(pseudo-)labeled audio clips and MSE loss for the self-supervised
MT [30] and ICT [29]methods. We compute a weighted sum of all
losses and tune the individual weights for all iterations and stages.
AdamW [32] with weight decays of le-2 and le-3 is used in S7 and
S2, respectively. Learning rates are listed in Table 2.

5.3. Handling Heterogeneous Sound Event Classes

The DESED and MAESTRO datasets are annotated with two differ-
ent sets of sound event classes. We adopt the baseline [13] strategy,
in which the loss for an audio clip is calculated only on the dataset-
specific event classes and mapped event classes, as explained in
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the following: To exploit the fact that the DESED and MAESTRO
classes are not fully disjoint but partly represent the same concepts,
the baseline introduces class mappings. For example, when the
classes people talking, children voices, or announcement are ac-
tive in a MAESTRO clip, the corresponding DESED class Speech
is set to the same confidence value. In addition, we also include a
mapping from MAESTRO to DESED classes. Specifically, we set
the values of the MAESTRO classes cutlery and dishes and people
talking to 1 if the DESED classes Dishes and Speech are present.
This is also performed for weak class labels.

5.4. Postprocessing

For model selection and hyperparameter tuning, we stick with the
same class-wise median filter used in the baseline system [13]. Af-
ter selecting the best configurations for each model, we apply the
recently introduced Sound Event Bounding Boxes (SEBBs) [34]
method for postprocessing. We use class-wise parameters and tune
them by using linearly spaced search grids (8 values) for step fil-
ter length (0.38 to 0.66), relative merge threshold (1.5 to 3.25), and
absolute merge threshold (0.15 to 0.325).

6. RESULTS

In this section, we present the results of the described models (Sec-
tion 3) in the introduced training pipeline (Section 4). Table 2 lists
the best configuration and the corresponding results on the test set
for each architecture in both iterations and stages. The table lists
the sequence pooling method (Seq.) and the CNN (Ir_cnn), RNN
(Ir_rnn), and Transformer (Ir_tf) learning rates. Ir_dec indicates the
layer-wise learning rate decay for the transformers as used in [16].

In 71.51, in which the transformers are frozen, BEAT's seems to
extract the embeddings of the highest quality, followed by fPaSST
and ATST. /1.51 with BEATS is very similar to the baseline [13] and
achieves a similar rank score with a slight performance increase in
our setup. Compared to /.51, all three transformers demonstrate a
large increase in rank score when fine-tuned on the Task 4 datasets
in /1.52. Notably, the three transformers have different strengths,
with ATST and BEAT' achieving the best scores on MAESTRO and
DESED clips, respectively. Ensemble Stage 2 denotes an ensemble
of 46 models resulting from //.52, including ATST, fPaSST, and
BEATS trained in different configurations. We use Ensemble Stage
2 to generate strong pseudo-labels for all audio clips in the dataset.

The additional pseudo-label loss in /2.S7 boosts performance
substantially, with all three transformers achieving a higher rank
score compared to //.52. The top rank scores for all models are
achieved in /2.52, with ATST obtaining the highest rank score.

Table 3 presents the top configurations of ATST, fPaSST, and
BEATS from /2.52 with the state-of-the-art postprocessing method
cSEBBs [34] applied. ATST and ATST DT, a variant of ATST that
is trained on all available audio clips included in the Task 4 devel-
opment set, were submitted as single models to the challenge. ATST
DT using cSEBBs postprocessing achieves a PSDS1 of 0.692 on the
public evaluation set of DESED, improving over the previous state
of the art (0.686 PSDS1) [34].

6.1. Ablation Study

Table 4 shows the results of ATST for /2.51 and I2.52 trained in
different configurations to analyze the design choices related to
the heterogeneous datasets and the pseudo-label loss. For settings
- DESED and - MAESTRO, the proposed system is trained only on
MAESTRO and DESED data, respectively. We find that training on
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Model \ Ircnn Irornn I tf Ir_dec Seq. mpAUC PSDS1 Rank Score
ATST le-3 le-3 - - int. lin. 0.702 £ 0.008  0.493 +0.012 1.195 + 0.012
Stage 1 | fPaSST le-3 le-3 - - int. nearest | 0.709 +0.021  0.502 £ 0.010 1.212 4+ 0.027
Tteration 1 BEATs le-3 le-3 - - @nt. nearest | 0.719 +0.004 0.509 £ 0.003  1.228 £ 0.006
ATST le-4 le-3 le-4 0.5 int. nearest | 0.739 +0.017  0.520 £ 0.005  1.259 £ 0.020
Stage 2 | fPaSST le-4 le-3 le-4 1 int. nearest | 0.726 +0.021 0.514 £ 0.008  1.24 + 0.027
BEATs le-4 le-3 le-4 1 int. lin. 0.713 £ 0.002  0.539 + 0.004  1.252 4+ 0.003
Ensemble Stage 2 - - - - mix 0.735 0.569 1.303
ATST Se-4 Se-4 - - avg. pool | 0.741 £0.017 0.536 £0.006 1.277 £+ 0.012
Stage 1 | fPaSST | 5e-4 Se-4 - - int. nearest | 0.722 +0.011  0.526 £ 0.004 1.248 +0.012
Iteration 2 BEATs Se-4 Se-4 - - int. nearest | 0.724 +0.011  0.537 £ 0.005 1.262 £ 0.010
ATST le-5 le-4 le-4 0.5 avg. pool | 0.750 £ 0.004 0.548 £0.004  1.298 £ 0.006
Stage 2 | fPaSST Se-5 Se-4 le-4 1 int. nearest | 0.719 £ 0.013  0.539 £ 0.003 1.259 £ 0.015
BEATs 5e-5 Se-4 le-4 1 int. nearest | 0.729 £0.005 0.557 £0.005 1.286 + 0.009

Table 2: The table presents the results of ATST, fPaSST, and BEATs for both iterations and stages on the official development test set. For
each model, we list the best configuration in terms of the sequence length adaptation method (Seq.), where int. lin., int. nearest, avg. pool,
and mix denote linear and nearest-exact interpolation, adaptive average pooling, and a mixture of these methods, respectively. Ensemble Stage
2 is used to generate the pseudo-labels for Iteration 2. Rank Score denotes the sum of mpAUC and PSDS1.

Model \ mpAUC PSDS1 MF PSDS1* Ev. PSDS1* System \ mpAUC PSDS1 Rank Score
ATST 0.750 0.548 0.617 0.684 ATST 12.51 \ 0.741 0.536 1.277
fPaSST 0.719 0.539 0.601 0.681
BEATs 0.729 0.557 0.622 0.683 ) Mi%sﬁgo 0'7_24 0.531 )
ATSTDT | X X X 0.692 _ SSL MAESTRO 0741 0.535 1.276
) . - MAESTRO-DESED Map. 0.717 0.530 1.247
Table 3: Results for best single-model configurations of ATST, + SSL class mask 0.740 0.530 127
fPaSST, and BEATSs from 72.S2. PSDS1 lists results with a me- + Separate RNN layer 0714 0.531 1.244
dian filter; PSDS1* results using cSEBBs postprocessing [34]; and + Hard Pseudo 0.706 0.538 1.244
Ev. PSDS1* lists results on the DESED public evaluation set with + Pseudo All Classes 0.717 0.534 1.25
cSEBBs postprocessing. ATST DT denotes the best ATST configu-
ration trained on the full development set. ATST 12.52 \ 0.750 0.548 1.298
- SSL MAESTRO 0.743 0.546 1.289
DESED and MAESTRO simultaneously is beneficial for the per- - MAESTRO-DESED Map. 0.749 0.547 1.297
formance on both datasets, which coincides with the finding re- - SSL class mask 0.749 0.544 1.293
ported for the baseline system [13]. For both stages of 12, exclud- + Pseudo Loss 0.746 0.552 1.297

ing MAESTRO clips when calculating the self-supervised losses
(- SSL MAESTRO) and not mapping event classes from MAESTRO
to DESED (- MAESTRO-DESED Map., see Section 5.3) leads to a
performance decrease. However, we find no clear answer to the
question of whether the SSL loss should be calculated on all classes
or only on the dataset-specific classes of an audio clip (+/- SSL class
mask); S1 and S2 benefit from different settings. Interestingly, using
the pseudo-label loss in 12.52 (+ Pseudo Loss) does not increase the
rank score. Therefore, the setup in /.52 and /2.S2 remains identi-
cal, which demonstrates that a well-trained CRNN from S/ can have
a large impact on the performance achieved in S2. We also tried
to use separate heads for predictions on DESED and MAESTRO
classes and realized this with an additional single BiGRU layer per
dataset (+ Separate RNN layer), which resulted in a performance
decrease. Further obvious choices, such as thresholding the pseudo-
labels by 0.5 (+ Hard Pseudo) and calculating the pseudo-label loss
on all classes (+ Pseudo All Classes) instead of only dataset-specific
classes, are inferior to our proposed strategy as well.

7. CONCLUSION

This paper presented a multi-iteration, multi-stage training routine
for fine-tuning transformers on the SED task with heterogeneous
datasets. We showed that the performance of all tested systems
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Table 4: Ablation Study on design choices related to the heteroge-
neous datasets and the pseudo-label loss used in /2.51. The study
is performed on the top single model, ATST, trained in /2.S] (upper
part) and in /2.52 (lower part).

monotonously increases throughout both iterations and stages. The
proposed method led to a new state-of-the-art performance of 0.692
in PSDS1 on the DESED public evaluation set and achieved the top
rank in Task 4 of the DCASE 2024 challenge. We specifically stud-
ied design choices related to the heterogeneous datasets and found
that simultaneously training on DESED and MAESTRO leads to
a performance increase on both datasets compared to training the
system on a single dataset.
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