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Abstract
We propose the concept of noise-aware audio self-supervised learning (SSL), whose goal is to
encode audio mixtures while suppressing undesired noise, and present Noise-Aware BEATs
(NABEATs) as a BEATs-based realization of this framework. Audio SSL models are designed
to handle a wide range of audio signals. Consequently, under noisy conditions, they cannot
effectively focus on the target sounds relevant to a downstream task, resulting in degraded
performance. To address this issue, NABEATs is trained to estimate clean BEATs repre-
sentations from a noisy audio signal with an auxiliary reference noise input. This reference
noise enables the model to account for specific noise characteristics at inference time, thereby
achieving better generalization across operating environments. Our experimental evaluations
demonstrate that NABEATs significantly improves performance of various downstream tasks
under noisy conditions and also generalizes well to unseen noise types.
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ABSTRACT
We propose the concept of noise-aware audio self-supervised learn-
ing (SSL), whose goal is to encode audio mixtures while suppressing
undesired noise, and present Noise-Aware BEATs (NABEATs) as a
BEATs-based realization of this framework. Audio SSL models are
designed to handle a wide range of audio signals. Consequently,
under noisy conditions, they cannot effectively focus on the target
sounds relevant to a downstream task, resulting in degraded perfor-
mance. To address this issue, NABEATs is trained to estimate clean
BEATs representations from a noisy audio signal with an auxiliary
reference noise input. This reference noise enables the model to
account for specific noise characteristics at inference time, thereby
achieving better generalization across operating environments. Our
experimental evaluations demonstrate that NABEATs significantly
improves performance of various downstream tasks under noisy con-
ditions and also generalizes well to unseen noise types.

Index Terms— self-supervised learning, general-purpose audio
representation, noise robustness

1. INTRODUCTION

Self-supervised learning (SSL) models have achieved remarkable
success in speech and audio processing. These models learn general-
purpose representations from large amounts of unlabeled audio data,
enabling transfer to various downstream tasks. For example, speech
SSL models [1, 2] have demonstrated impressive performance in
downstream tasks such as automatic speech recognition, even with a
small amount of labeled data or a simple model [3]. Beyond speech,
audio SSL models [4–7] have also shown their effectiveness across
various downstream tasks including the environmental sound and
music domains.

Inspired by the success of target sound extraction (TSE) [8–
10], SSL models that extract target representations from noisy sig-
nals have also been explored, especially in the speech domain [11–
13]. A representative example is WavLM [11], which is trained to
predict pseudo labels of the primary speaker’s utterance and ignore
both noise and non-primary speech. In addition, speaker-aware vari-
ants [14–16] have also been proposed to extract the representation
of a target speaker specified by a reference enrollment utterance.
These methods have made SSL models more effective under real-
world noisy conditions and have broadened their applicability.

Despite the progress in noise-robust SSL models for speech, this
direction has not yet been explored for general audio SSL models. In
addition, audio SSL models are expected to be applicable to a wider
variety of downstream tasks than speech SSL models. A method
in the spirit of WavLM would thus not be practical, as some types
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Fig. 1: Overview of NABEATs. The model estimates clean BEATs
representations r from noisy inputs x by leveraging an additional
reference noise signal n′ for conditional denoising.

of sounds may need to be preserved for some downstream tasks but
suppressed in others. Furthermore, unlike speaker-aware SSL, rely-
ing on target sound information as reference is unrealistic for some
downstream tasks: for example, in audio tagging, which aims to
identify the sound class, providing the target sound is essentially
equivalent to solving the task. In contrast, even when the target
sound is unknown, noise information can often be available, and us-
ing noise as a reference is more practical in real-world scenarios.

In this paper, we propose the concept of noise-aware audio SSL,
whose goal is to encode audio mixtures while suppressing undesired
noise similar to a given reference. As a specific realization, we in-
troduce noise-aware BEATs (NABEATs), built upon the widely used
and high-performing BEATs [4] model. NABEATs is trained to es-
timate clean BEATs representations from noisy audio signals. To
achieve this, the model takes as additional input a reference noise
signal n′ sharing characteristics with the noise n in the noisy in-
put (see Fig. 1) and learns to perform conditional denoising. We
also introduce denoising BEATs (DBEATs) as a standard denois-
ing baseline, which does not use the reference and is trained sim-
ilarly to WavLM [11]. In the experimental evaluation, we demon-
strate that both NABEATs and DBEATs significantly improve per-
formance under noisy conditions across various downstream tasks,
while NABEATs shows superior generalization to unseen noise.

2. PROPOSED METHODS

The intended usage scenario of NABEATs is similar to that of tra-
ditional spectral subtraction [17], where a reference noise signal is
obtained from noise-only segments, pre-recorded noise at the target
location, or a separately placed microphone. In this paper, we focus



on the case where the reference noise is obtained from a different
time segment from the same recording. We consider this setting to
be a practical and reasonable choice, and investigating other condi-
tions is left to future work. The proposed method is expected to han-
dle non-stationary noise better than spectral subtraction, and avoids
cascaded systems by operating directly in the representation space.

Our base model, BEATs, is an audio SSL model that performs
masked prediction in the discrete token space, where the tokens are
obtained from mel-spectrogram patches using an acoustic tokenizer.
BEATs extracts a representation sequence r ∈ RL×768 from mel-
spectrogram patches through a projection layer and 12 Transformer
encoder layers, where L is the sequence length equal to the number
of mel-spectrogram patches. BEATs is trained to predict the correct
tokens in the masked positions from r, and the tokenizer is also iter-
atively updated through distillation from the BEATs model, leading
to strong downstream performance.

Figure 1 shows the training framework of NABEATs. It is
trained by distillation using the following mean squared error (MSE)
loss LMSE between the target representation r from the frozen orig-
inal BEATs and its estimate r̂ from NABEATs, given by

LMSE =
1

L · 768 ∥r− r̂∥2F , (1)

r=BEATs(s), (2)

r̂=NABEATs(x,n′), (3)

where ∥ · ∥F denotes the Frobenius norm. Here, s and x = s +
n denote target sound and noisy input sound, respectively, and n′

is a reference noise as introduced in Section 1. We also introduce
DBEATs as a standard denoising baseline, which does not use the
reference noise:

r̂=DBEATs(x). (4)

The training procedure of DBEATs is identical to that of NABEATs.
Following [18], we construct DBEATs and NABEATs by insert-

ing additional layers after every encoder layer of the original BEATs,
and train only these layers while keeping the original BEATs com-
ponents frozen. For DBEATs, we employ the following standard
Transformer layer as the additional denoising layer:

zx ←− zx +MHSA(RMSNorm(zx)), (5)
zx ←− zx + FFNSwiGLU(RMSNorm(zx)), (6)

where zx ∈RL×768 is the representation of the noisy input x from
the previous layer, MHSA denotes multi-head self-attention [19],
RMSNorm denotes root mean square normalization [20], and
FFNSwiGLU denotes a Swish gated linear unit (SwiGLU)-based
feed-forward network (FFN) [21]. For NABEATs, both x and n′

are passed through the same frozen BEATs components, and the
additional noise-aware (NA) layers refine the representation zx by
leveraging the reference noise representation. We consider two
types of NA layers, based on cross-attention (CA) and FiLM [22],
and refer to the resulting models as NABEATs-CA and NABEATs-
FiLM, respectively. Both models replace only (5) with CA or FiLM
while keeping the same FFN as in (6). Specifically, NABEATs-CA
employs the following CA instead of (5):

zx ←− zx +MHCA(RMSNorm (zx) ,RMSNorm (zn′)) , (7)

where MHCA denotes multi-head CA, with the first argument used
as the query and the second argument used as the key and value, and
zn′ is the representation of the reference noise n′. NABEATs-FiLM

Table 1: Datasets used for the training of DBEATs and NABEATs.
Text in parentheses indicates the official split of each dataset used at
each stage.

Stage Target Noise

Train FSD50K (Train) WHAM! (Train), DEMAND,
QUT-NOISE

Valid FSD50K (Valid) WHAM! (Valid)

Table 2: Noise datasets used for downstream evaluation. For
WHAM! and MUSDB, we followed the official splits. The CHiME-
3 row shows the recording IDs used for each split.

Noise dataset Train Valid Test

WHAM! (seen) Train Valid Test
CHiME-3 (unseen) 040 & 050 030 010 & 020
MUSDB18 (unseen) Train Valid Test

applies the same feature-wise linear modulation to each element of
the representation sequence, modifying the l-th element zlx using the
averaged reference noise representation z̄n′ :

z̄n′ =
1

L

L∑
l=1

RMSNorm(zln′), (8)

γ = Affine(z̄n′) ∈ R768, (9)

β = Affine(z̄n′) ∈ R768, (10)

zlx ←− zlx + γ ⊙ RMSNorm(zlx) + β, (11)

where Affine denotes an affine layer, and ⊙ denotes element-wise
multiplication. NABEATs-FiLM uses only global reference-noise
information, whereas NABEATs-CA adaptively aggregates refer-
ence information across the sequence.

Another way to implement noise-aware SSL is to use a cascaded
architecture that first performs TSE and then feeds its output into
the SSL model. However, such a cascaded approach tends to be
inefficient and incur higher computational cost [23]; therefore, in
this paper, we focus on an integrated SSL model.

3. EXPERIMENTAL SETUP

We conduct two types of evaluations. First, in Section 4, we evalu-
ate performance on various downstream tasks under simulated noisy
conditions using a custom-designed setup. For the reference noise n′

in NABEATs, we use a noise-only segment immediately preceding n
from the same recording, with the same duration, for both NABEATs
training and the downstream tasks. Second, in Section 5, we evaluate
on the DCASE 2025 Task 2 [24], which addresses anomalous sound
detection (ASD) for machine condition monitoring. In this task,
the dataset contains noisy machine sounds and separately recorded
noise-only signals, aligning well with one of the intended applica-
tions of our NABEATs framework.

Table 1 summarizes the datasets for the training of NABEATs
and DBEATs. We used FSD50K [25] to sample the target sound.
Although BEATs itself is trained on the larger Audioset [26], we
leave such large-scale training to future work. As the noise dataset,
we used WHAM!48kHz [27], following the official splits. In addi-
tion, we used DEMAND [28] and QUT-NOISE [29] as training noise
datasets. All of these noise datasets contain environmental sounds



WHAM! CHiME-3 MUSDB18
BEATs (C)
BEATs (N)

DBEATs (N)
NABEATs-FiLM (N)

NABEATs-CA (N)
NABEATs-CA w/ GT (N)

47.08±0.08 47.08±0.08 47.08±0.08

35.28±0.04 34.09±0.09 26.26±0.10

45.45±0.21 42.99±0.06 27.11±0.05

45.80±0.04 44.16±0.09 31.16±0.06

45.61±0.08 44.79±0.06 34.10±0.07

46.07±0.11 45.74±0.13 36.68±0.09

FSD50K (Environmental sound)

WHAM! CHiME-3 MUSDB18
89.27±0.09 89.27±0.09 89.27±0.09

73.33±0.17 75.56±0.14 59.99±0.13

79.59±0.09 78.51±0.13 61.63±0.10

72.78±0.17 70.11±0.08 44.18±0.21

77.66±0.14 78.75±0.11 64.70±0.17

79.02±0.19 79.72±0.14 68.76±0.07

SPCV2 (Speech)

WHAM! CHiME-3 MUSDB18
76.03±0.18 76.03±0.18 76.03±0.18

49.68±0.13 51.02±0.14 41.40±0.24

60.86±0.31 59.97±0.18 44.12±0.27

60.96±0.23 61.45±0.21 48.16±0.35

61.85±0.26 61.76±0.44 50.73±0.44

62.04±0.35 62.78±0.36 53.76±0.35

NSynth (Music)

BEATs (C)
BEATs (N)

DBEATs (N)
NABEATs-FiLM (N)

NABEATs-CA (N)
NABEATs-CA w/ GT (N)

84.86±0.23 84.86±0.23 84.86±0.23

74.63±0.07 73.40±0.03 70.59±0.17

77.05±0.13 76.33±0.11 66.70±0.14

78.68±0.17 78.36±0.19 69.19±0.11

78.98±0.13 78.97±0.27 72.14±0.19

79.55±0.10 79.80±0.22 73.78±0.10

US8K (Environmental sound)

65.98±0.64 65.98±0.64 65.98±0.64

51.88±0.38 53.14±0.48 46.62±0.40

46.63±0.27 44.89±0.71 38.56±0.75

54.85±0.43 52.16±0.17 42.20±0.38

56.31±0.51 53.23±0.92 47.24±0.52

57.21±0.23 56.06±0.95 47.76±0.32

CRM-D (Speech)

39.87±0.16 39.87±0.16 39.87±0.16

30.28±0.22 30.39±0.08 22.48±0.15

35.53±0.35 34.70±0.16 23.55±0.25

35.96±0.12 34.83±0.24 26.53±0.23

36.18±0.23 35.65±0.19 28.45±0.36

36.44±0.17 35.73±0.22 30.57±0.15

Surge (Music)
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Fig. 2: Downstream classification performance under noisy conditions, where mAP is used for FSD50K and accuracy is used for the other
tasks. Each panel represents one task, with the columns corresponding to different noise conditions and the rows to different models. (C) and
(N) denote clean and noisy input, respectively. Average scores across six trials with different random seeds are shown, together with 95%
confidence intervals. “w/ GT” indicates the performance when the reference noise for NABEATs is the ground-truth noise n.

such as traffic, café, or park noise. In our experiments, all audio sig-
nals were resampled to 16 kHz. For both training and validation, we
mixed a target sound with a noise signal at random SNRs between
-5 and 10 dB. During training, we randomly cropped or zero-padded
the target sound to 10 sec.

For BEATs, we used the BEATs iter3.pt checkpoint.1 In the
additional layers in DBEATs and NABEATs, we used MHSA and
MHCA with 8 heads, respectively. For FFN, we set the hidden size
to 2304. We trained both DBEATs and NABEATs for 250 epochs
using the AdamW optimizer, a fixed learning rate of 0.0001, and a
batch size of 80. We applied an exponential moving average with a
decay rate of 0.999 after 20k training steps, and evaluated the model
with the best validation loss.

4. EVALUATION ON VARIOUS DOWNSTREAM TASKS

4.1. Setups

We conducted evaluation on various downstream tasks according to
[5, 6]. We trained only a single linear layer on top of the frozen SSL
model for downstream classification tasks. We adopted six down-
stream tasks covering environmental sound, speech, and music do-
mains. For environmental sound classification, we used FSD50K
and UrbanSound8K (US8K) [30]. For speech-related tasks, we used
Speech Commands V2 (SPCV2) [31] for word classification and
CREMA-D (CRM-D) [32] for emotion recognition. For music tasks,
we used NSynth [33] for instrument family classification and the
Surge Pitch Dataset (Surge) [34] for pitch classification.

For US8K, we conducted 10-fold cross-validation following the
official splits. During cross-validation, we randomly divided the
non-test folds into training and validation sets with a ratio of 10:1.
For the other datasets, we followed the official training, validation,
and test splits. Following [5, 6], for each dataset, audio signals
were cropped or zero-padded to the average duration of the dataset.

1https://github.com/microsoft/unilm/tree/master/beats

For metrics, we used mean average precision (mAP) for FSD50K, a
multi-label task, and accuracy for all other single-label tasks [5, 6].

Table 2 summarizes the noise datasets used to simulate noisy
conditions for the above downstream tasks. In addition to WHAM!,
which was used to train NABEATs and DBEATs, we used CHiME-
3 [35] and MUSDB18 [36] to evaluate generalization to unseen noise
types. CHiME-3 contains environmental noise similar to the noise
datasets used to train NABEATs and DBEATs, whereas MUSDB18
contains music signals that are substantially different from them. We
split CHiME-3 based on the recording IDs. For MUSDB18, we used
the official dataset parser2 to obtain the validation set. For WHAM!
and MUSDB18, we excluded signals shorter than 60 sec to ensure
that reference noise can be obtained from the same recording across
all downstream tasks, while CHiME-3 contains only long record-
ings. For each split of the downstream datasets, we mixed each
sample with a noise signal from the corresponding split of the noise
dataset at random SNRs between -5 and 10 dB.

In the downstream tasks, we fed each representation averaged
across the sequence into a linear layer [4], which we trained for up
to 200 epochs using the Adam optimizer, a learning rate of 0.0003,
and a batch size of 200. We used the validation set for early stopping
with a patience of 20 epochs. We conducted each evaluation six
times with different random seeds, and report the average results
with 95% confidence intervals.

4.2. Results

Figure 2 shows the results across various downstream tasks under
noisy conditions, where we used noisy signals as input during both
training and inference of the linear head. First, we can see that
performance of the original BEATs degrades significantly under
noisy conditions compared with clean conditions in all tasks. In
contrast, NABEATs-CA and DBEATs improve the performance in
the WHAM! and CHiME-3 noise conditions, except for DBEATs on

2https://github.com/sigsep/sigsep-mus-db
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Fig. 3: t-SNE visualization of the averaged representation of the test set for US8K under the clean condition for BEATs and under the
MUSDB18 noise condition for BEATs and NABEATs-CA. All figures have the same axes.

CRM-D. In the MUSDB18 noise condition, while DBEATs suffers
from a large mismatch with the training noise data, NABEATs-CA
still improves performance, demonstrating its better generalization
to unseen noise conditions. Furthermore, by leveraging reference
noise, NABEATs-CA achieves better performance than DBEATs
even in seen noise conditions in all tasks except SPCV2. From the
comparison between NABEATs-CA and NABEATs-FiLM, we can
see that NABEATs-CA performs particularly well on the speech and
music tasks and under the MUSDB18 noise condition, indicating
that these tasks require more effective handling of time-varying in-
formation than environmental sound tasks. Lastly, to investigate the
behavior of NABEATs, we evaluated NABEATs-CA w/ GT, which
uses the ground-truth noise n as the reference noise. It yields a
slight but consistent performance improvement over NABEATs-CA,
which can be regarded as a reasonable upper-bound performance.
Since NABEATs is not trained using the ground-truth noise n as the
reference noise, this result also shows the robustness of NABEATs
to a different reference noise segment.

Table 3 shows the signal-to-noise ratio (SNR) between the clean
representation sequences r and their estimates r̂, highlighting the
substantial improvement by the proposed methods. We note that
DBEATs improves SNR even on CRM-D, despite degrading down-
stream performance, which indicates a potential mismatch between
downstream performance and the MSE objective. We leave investi-
gation of better training objectives to future work.

Figure 3 shows t-SNE [37] visualizations of the averaged rep-
resentation of the test set for US8K under the clean condition for
BEATs and under the MUSDB18 noise condition for BEATs and
NABEATs-CA. The original BEATs representations are well sepa-
rated across classes in the clean condition, but become mixed un-
der the noisy condition. In contrast, NABEATs-CA maintains better
class separability under noisy conditions, leading to better down-
stream performance and SNR.

5. EVALUATION ON DCASE 2025 TASK 2

We also conducted evaluation using the DCASE 2025 Task 2
dataset [24], compiled from [38–40]. This dataset contains 15
machine types, each with 1000 normal training samples and 200
test samples including normal and anomalous samples. Nine of the
15 machine types include 100 noise-only signals as supplementary
data, and we restrict our experiments to these machine types.

Following [41], without using any additional neural network, we

Table 3: SNR [dB] results between the clean and estimated repre-
sentation sequences. W and M indicate WHAM! and MUSDB18
noise conditions, respectively.

FSD50K CRM-D NSynth

W M W M W M

BEATs 2.0 1.3 3.2 2.4 0.2 0.0
DBEATs 7.5 3.3 3.8 2.2 4.4 1.4
NABEATs-CA 7.6 5.4 5.5 4.1 4.5 3.2

simply calculated the anomaly score based on the distance between
the representation of the test sample and those of the normal training
samples, where we averaged the representation across the sequence.
We used the standard anomaly score calculation method which uses
SMOTE oversampling [42] to mitigate the class imbalance in the
training set and then calculates the cosine distance to the nearest
training sample [43, 44]. For NABEATs, we selected a reference
noise sample from the supplementary data with minimum distance to
the input noisy machine sound in the original BEATs representation.

As the evaluation metric, we used the official task score based
on the area under the receiver operating characteristic curve [24] and
report its harmonic mean across the nine machine types.

The evaluation scores on DCASE 2025 Task 2 are 54.57 for
BEATs, 55.76 for DBEATs, and 56.15 for NABEATs-CA. This fur-
ther verifies the effectiveness of the proposed methods even when
the reference noise is not the segment immediately preceding n, and
also demonstrates their effectiveness on a public benchmark dataset.

6. CONCLUSION

In this paper, we explored the concept of noise-aware audio SSL
and proposed NABEATs as a realization of this framework based
on BEATs. While the standard denoising baseline DBEATs is
simply trained to estimate clean representations from noisy signals,
NABEATs additionally takes a reference noise as input and is trained
to suppress the corresponding noise information. Our experiments
showed that, while both methods significantly improve performance
under noisy conditions, NABEATs outperforms DBEATs in both
seen and unseen noise conditions, highlighting the benefit of using
a reference noise to make the model noise-aware. Future work in-
cludes investigating other reference noise settings, better training
objectives for downstream tasks, and larger-scale training.
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[36] Z. Rafii, A. Liutkus, F.-R. Stöter, S. I. Mimilakis, and R. Bittner, The
MUSDB18 corpus for music separation, 2017, https://doi.
org/10.5281/zenodo.1117372.

[37] L. Van der Maaten and G. Hinton, “Visualizing data using t-SNE,”
JMLR, vol. 9, no. 11, 2008.

[38] N. Harada, D. Niizumi, D. Takeuchi, Y. Ohishi, M. Yasuda, and S.
Saito, “ToyADMOS2: Another dataset of miniature-machine operat-
ing sounds for anomalous sound detection under domain shift condi-
tions,” in Proc. DCASE, 2021.

[39] K. Dohi, T. Nishida, H. Purohit, R. Tanabe, T. Endo, M. Yamamoto,
Y. Nikaido, and Y. Kawaguchi, “MIMII DG: Sound dataset for mal-
functioning industrial machine investigation and inspection for do-
main generalization task,” in Proc. DCASE, 2022.

[40] N. Harada, D. Niizumi, Y. Ohishi, D. Takeuchi, and M. Yasuda, “Toy-
ADMOS2025: The evaluation dataset for the DCASE2025T2 first-
shot unsupervised anomalous sound detection for machine condition
monitoring,” in Proc. DCASE, 2025.

[41] P. Saengthong and T. Shinozaki, “Deep generic representations for
domain-generalized anomalous sound detection,” in Proc. ICASSP,
2025.

[42] N. V. Chawla, K. W. Bowyer, L. O. Hall, and W. P. Kegelmeyer,
“SMOTE: Synthetic minority over-sampling technique,” JAIR,
vol. 16, pp. 321–357, 2002.

[43] T. Fujimura, K. Wilkinghoff, K. Imoto, and T. Toda, “ASDKit: A
toolkit for comprehensive evaluation of anomalous sound detection
methods,” in Proc. DCASE, 2025.

[44] A. Jiang, X. Zheng, B. Han, Y. Qiu, P. Fan, W.-Q. Zhang, C. Lu, and
J. Liu, “Adaptive prototype learning for anomalous sound detection
with partially known attributes,” in Proc. ICASSP, 2025.


