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Abstract—In this paper, we propose spectral-to-spatial dis-
tillation, a novel denoising framework for real-time anomalous
sound detection. While anomalous sound detection is crucial
for industrial applications, its reliability is often compromised
by background noise, which can lead to false positives. Our
proposed method addresses the issue of background noise by
distilling knowledge from a general-purpose spectral filtering
network into an environment-specific spatial filtering network.
Specifically, we generate distillation targets, which are audio
signals with reduced noise, using a pre-trained foundation
model. A spatial filtering network is then trained using these
targets. A key feature of our distillation process is its ability to
automatically generate these targets using only one-shot, brief,
noise-free reference signal of the target sound. Furthermore,
we introduce a new quality metric for these distillation targets,
called Semantic Clarity improvement (SCi). By leveraging the
semantic audio embedding capabilities of a foundation model,
SCi measures the improvement in semantic similarity between
the distillation target and the reference signal. This SCi allows
for effective distillation by weighing the loss function based on
the quality of the targets. Experimental results demonstrate
that our method achieves the best denoising and anomaly
detection performance while maintaining real-time processing
capabilities, making it a practical solution for noisy industrial
environments.

I. INTRODUCTION

In large-scale industrial facilities such as manufacturing
factories and oil refineries, where a vast number of machines
operate simultaneously, the use of artificial intelligence for
automatic anomaly detection is of paramount importance for
maintenance and operational safety. While visual anomaly
detection using images plays a significant role in this domain
[1], anomaly detection based on acoustic signals is equally
crucial, as it can non-intrusively identify internal machine
failures that are not visible [2]. By placing microphones at
key locations within these facilities, it is possible to monitor
the sounds of surrounding machinery and detect anomalies.

Anomalous sound detection is typically approached as a
one-class classification problem, where models such as One-
Class SVM [3] or Autoencoders [4] learn the distribution of
normal sound data. Anomalies are then identified as devia-
tions from this learned distribution. This approach is adopted
because, in real-world factory settings, actual anomalous
sounds occur rarely and exhibit great diversity, making it
impractical to collect or intentionally create a comprehen-
sive dataset of anomalous sounds. However, a challenge
arises from the difficulty of distinguishing between machine
anomalous sounds and ambient background noise, which
often leads to false positives. Therefore, effective background
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Fig. 1: Comparison between spectral and spatial information.
STFT stands for the short-time fourier transform. A spectro-
gram is a two-dimensional representation of audio signals,
where the horizontal axis represents time, the vertical axis
represents frequency, and the color represents the amplitude
of the signal.

noise reduction is a prerequisite for robust acoustic anomaly
detection.

In scenarios where multi-channel audio signals from mi-
crophone arrays are available, two types of information can
be leveraged for denoising: spectral information and spatial
information [5], as illustrated in Fig. 1. Spectral information,
obtainable from a single channel, contains content-related
details such as tone and dynamics. In contrast, spatial in-
formation is formulated from inter-channel phase and level
differences [6], capturing sound propagation and sound field
characteristics through constructs such as steering vectors
and inter-channel phase differences.

A. Spectral Information for Denoising

Numerous supervised learning-based methods have been
proposed for denoising using only spectral information [7].
These spectral filtering methods, often employing time-series
models such as Transformers [8] or RNNs [9], are trained to
extract a target sound from a noisy audio mixture. However,
training is typically limited to normal sounds. A model
trained to extract normal sounds is ill-suited for denoising
anomalous sounds, as it may treat the anomaly itself as noise
to be removed.

An alternative approach, query-based source separation,
offers a solution by allowing the target to be specified
dynamically. The most common form is language-queried
separation, where models such as AudioSep [10] can extract
sounds based on text descriptions in a zero-shot manner. The
main strength of this method, its reliance on natural language,
also becomes its critical weakness in industrial environments.
Text queries such as “machinery” often lack the specificity to
distinguish one machine from many others, leading to poor
separation performance.
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To resolve this ambiguity, Audio-Queried Source Separa-
tion (AQSS) provides a more precise solution by using a
reference audio clip as the query. For industrial applications,
this is ideal, as a clean recording of a machine’s normal
sound can precisely define the target. Despite this advantage,
current AQSS methods, such as VoiceFilter [11], introduce a
new bottleneck: they require extensive fine-tuning on large,
paired datasets for every new target sound. This need for
a costly, per-target training process renders them impractical
for large-scale industrial deployment. Thus, the key challenge
is to create an AQSS system that retains the precision of an
audio query without the heavy requirement of fine-tuning.

B. Spatial Information for Denoising

Blind Source Separation (BSS) [12], [13] have been pro-
posed for denoising using spatial information. BSS leverages
the statistical independence and spatial properties of sound
sources to separate them without prior knowledge of their
direction or timbre. However, BSS typically requires an
iterative optimization process, often involving dozens of
iterations through auxiliary function-based methods [14],
[15], to solve for the source models and separation filters for
each inference. Consequently, its computation time often ex-
ceeds the duration of the audio being processed. This makes
true real-time inference, defined as the ability to process a
segment of audio in a time shorter than its duration (e.g.,
processing a one-second chunk in less than one second),
unfeasible. This is a critical limitation for machine anomaly
detection, as any system that cannot process audio faster than
it is recorded will inevitably fail in a continuous monitoring
scenario due to accumulating data.

Additionally, spatial filtering neural networks [16], [17],
[18] have been also proposed for denoising using spatial
information. These methods do not use spectral features
directly; instead, they learn to extract the target sound source
based solely on frequency-dependent spatial cues, such as
inter-channel level and phase differences. Assuming that
both normal and anomalous sounds originate from the same
machine, their location remains constant. Consequently, their
spatial signature will be identical, regardless of the sound’s
content. Therefore, a spatial filter trained on the spatial
signature of normal sounds should be equally effective at
extracting anomalous sounds from the same source, as the
model is agnostic to the spectral content of the signal.
However, training these networks requires a large amount
of paired data (clean target sound and mixed sound), which
cannot be captured simultaneously in a live environment.
Consequently, a practical training strategy for real-world
deployment has not been established.

C. Objective

As discussed, existing methods present critical trade-offs.
Spectral approaches risk suppressing the very anomalies they
aim to detect, require impractical per-target fine-tuning, or
rely on ambiguous language queries. Spatial approaches,
while powerful, are often too slow for real-time use or
lack a practical training strategy without clean ground-truth
data. To address these multifaceted challenges, the objective
of this research is to develop a denoising framework for
anomaly detection that is both real-time capable and operates
based on audio cues, thereby eliminating the dependency

174

on language queries. To achieve this objective, we propose
a framework that synergistically utilizes both spectral and
spatial information for denoising.

Our contributions are summarized as follows:

o Fine-Tuning-Free Audio-Queried Source Separation:
We propose a method for Audio-Queried Source Sepa-
ration (AQSS) that requires no fine-tuning by combining
existing foundation models. Existing AQSS models [11]
often require training to extract sounds similar to a
reference audio clip from a mixture. Thus, we propose a
novel approach of generating distillation targets, which
are denoised audio signals used as training targets for
a supervised spatial filtering network. Crucially, this
process requires only a single reference audio clip of
the target sound to generate the distillation targets.
Ground-Truth-Free Quality Assessment for Effective
Distillation: Training with distillation targets, which
inevitably contain more residual noise compared to ideal
clean audio, poses a significant challenge. A student
model trained naively on these targets may simply
learn to replicate their imperfections. To address this,
we introduce Semantic Clarity improvement (SCi), a
novel metric for assessing the quality of generated
signals without requiring ground-truth clean audio. SCi
leverages a foundation model to quantify the semantic
similarity improvement between the separated audio and
the reference audio. The SCi allows for effective loss
weighting, enabling the student model to learn robustly
even from noisy distillation targets.

High-Fidelity Denoising with Real-Time Capability:
Our proposed framework achieves both high-fidelity de-
noising performance and real-time inference capability.
By distilling knowledge from a pretrained spectral filter
into an environment-specific spatial filter, we overcome
the common trade-off between performance and speed,
delivering a truly practical solution for industrial de-
ployment.

II. RELATED WORK

Knowledge distillation is a technique where a compact
student model is trained to replicate the output of a larger,
more complex teacher model, often to achieve faster infer-
ence [19]. In the context of multi-channel audio processing,
this paradigm can be applied to bridge different model types.

A conceivable application is ‘spatial-to-spectral’ distil-
lation [20], [21]. Here, a computationally expensive but
effective multi-channel method such as BSS [12], [13], which
relies on spatial information, could act as the teacher. Its
separated output could be used to train a lightweight, single-
pass student network that operates only on spectral features.
The primary motivation for such a transfer would be to
distill the separation capability of a slow spatial algorithm
into a much faster spectral filtering network for real-time
applications.

To the best of our knowledge, our research proposes the re-
verse and novel direction of ‘spectral-to-spatial’ distillation.
We use a large, general-purpose spectral filtering network as
the teacher to train an environment-specific spatial filtering
network as the student. We transfer the high-level denoising
capability of a spectral filter to a spatial filter, which is



inherently better suited to preserve the characteristics of
anomalous sounds originating from a fixed location. This
approach uniquely addresses the limitations of both domains:
it overcomes the tendency of spectral filters to suppress
anomalies and bypasses the need for large-paired training
datasets typically required for spatial filters, thus creating a
practical and high-performance solution.

III. PROPOSED METHOD
A. Concept

Spectral and spatial information present a trade-off be-
tween generalization and the need for specialized train-
ing. Spectral information is readily available from single-
microphone recordings, and large-scale, general-purpose de-
noising models [10] exist. However, due to the high vari-
ability of spectral patterns, their denoising performance can
be limited in specific, noisy environments. Conversely, spa-
tial information provides powerful cues for highly effective
denoising, but it is heavily dependent on the specific mi-
crophone count, array geometry, and acoustic environment.
This specificity means that generalized spatial models do not
exist, and a new model must be trained for each deployment
scenario.

To resolve this trade-off, we propose a novel framework
that uses a spectral-based model to generate distillation
targets for training a spatial filtering neural network, as
shown in Fig. 2. In Fig. 2, HTS-Audio Transformer is the
Hierarchical Token-Semantic Audio Transformer [22] and
utilizes frozen weights from Contrastive Language-Audio
Pretraining (CLAP) [23] while Residual U-Net is the source
separation model based on spectral information [24] and
utilizes frozen weights from AudioSep [10]. Narrow-Band
LSTM is the spatial filtering neural network [16] and its
weights are optimized by the distillation targets after random
initialization. By training a model that relies solely on
spatial cues to replicate the output of a spectrally-informed
model, we effectively distill the denoising capability from the
general-purpose spectral domain to an environment-specific
spatial filter. This creates a fast and high-performance de-
noiser without requiring ground-truth clean data from the
target environment.

A spatial filtering network is an excellent choice for
anomaly detection denoising for the following reasons:

o Denoising Performance on Anomalous Sounds: The
network learns to extract a source based only on its spa-
tial signature (inter-channel level and phase differences).
Assuming that both normal and anomalous sounds
originate from the same machine and the surrounding
acoustic environment is stable, their spatial character-
istics will be identical. Therefore, a filter trained on
normal sounds will be equally effective at extracting
anomalous sounds.

Fast Inference: Denoising is achieved in a single
forward pass through the network, enabling real-time
inference. This is a stark contrast to BSS [12], [13]
methods, which require computationally expensive it-
erative optimization, making them orders of magnitude
slower.

For our spatial filtering network, we employ a Narrow-
Band Long Short-Term Memory (LSTM) [16]. While other
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architectures such as Transformers [17], [18] have been
proposed for spatial filtering, LSTMs possess a strong in-
ductive bias for sequential data. This allows them to achieve
robust performance with fewer parameters, which not only
facilitates faster inference but also mitigates the risk of
overfitting to the potentially imperfect distillation targets
generated by the spectral filter.

B. Mathematical Framework

Our proposed method consists of two parallel processing
streams: a distillation target generation stream using spec-
tral information and a student model training stream using
spatial information. Given a multi-channel noisy mixture
signal m(t) = [mq(t), ma(t),...,mc(t)] captured by a C-
channel microphone array, we first transform it into the time-
frequency domain via the STFT:

M = STFT[m(t)] € CE*T*F

(D

where T' and F' denote the number of time frames and
frequency bins, respectively.

The one-shot reference audio Yoneshot(t) is encoded into a
semantic embedding vector ¢ using the HTS-Audio Trans-
former fyrs.ar:

¢ = furs-ar(Mel-FB[STFT [Yone-shot (t)]]; Ours-ar),  (2)

where Oyrsar are frozen parameters pretrained by
CLAP [23], and Mel-FB denotes the Mel-filter bank oper-
ation. Conditioned on the encoded reference ¢, the spectral
filtering network fyne extracts the target sound from the
first microphone channel M (0), producing a separation
magnitude mask |E| and a phase residual ZR:

|E‘7 R = fU—Net(M(O)a C; 0U7Net)» (3)

where Ouy.ne are frozen parameters pretrained by Au-
dioSep [10]. The distillation target spectrogram Yy is then
constructed as follows:

Yaisin = [E| © M(0) @ /<%, 4)

where © denotes element-wise multiplication.

In parallel, the spatial filtering network fxp.1stm processes
the full multi-channel mixture M to estimate the target
sound spectrogram Y':

Y = fNB-LSTM(M ) ONB-LSTM)- )

The trainable parameters Onp_LsTm are optimized to minimize
the discrepancy between its output and the distillation target
in the time domain:

L{ASTFT[Y ], iSTFT[Yaisin] } (6)

where iSTFT denotes the inverse STFT operation, and L is
a weighted loss function detailed in Eq. (7).

C. Audio-Queried Source Separation without Fine-Tuning

To generate distillation targets, we introduce a method for
AQSS that requires no fine-tuning. Our core strategy is to
adapt an existing language-queried model, AudioSep [10],
to accept audio queries instead. We achieve this by replac-
ing AudioSep’s text encoder with the corresponding audio
encoder from its underlying CLAP [23]. This simple yet
effective modification allows us to use a reference audio clip
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Fig. 2: Strategy of distilling spectral-based model into spatial filtering neural network and overall architecture of the proposed
method. The flame icon indicates modules that are optimized by the distillation targets, while the snowflake icon indicates
modules whose parameters are frozen. Here, ©® denotes the element-wise multiplication. By training a model that relies
solely on spatial cues to replicate the output of a spectrally-informed model, we effectively distill the denoising capability
from the general-purpose spectral domain to a specialized, high-performance spatial filter.

as a query instead of text, thereby realizing a fine-tuning-free
AQSS system.

This AQSS approach, combining the power of CLAP and
AudioSep, can generate a denoised sound source (a distil-
lation target) from just a single clean audio sample of the
target machine. This dramatically reduces the data require-
ment, minimizing the need for extensive, hard-to-acquire
clean recordings. Furthermore, this approach bypasses the
ambiguity and manual effort associated with crafting precise
text queries, making the system more robust and easier to
deploy.

This direct replacement is made possible by the specific
training strategy of AudioSep. The model builds upon CLAP,
which consists of two encoders, an audio encoder and a text
encoder, trained jointly to align their respective embedding
spaces. Crucially, the parameters of the text encoder are
frozen during the training of AudioSep. This preserves the
learned correspondence between the text and audio embed-
ding spaces, which is the key property that enables our audio-
queried approach to work without any retraining.

D. Loss Weighting by Semantic Clarity Improvement

Distillation targets generated using only spectral informa-
tion have limited denoising quality. Spatial filtering networks
are conventionally trained on pairs of clean audio and noisy
mixtures. Since our distillation targets inevitably contain
more residual noise than true clean audio, a naive training
approach may limit the network’s performance to that of the
distillation target.

Therefore, we propose to weight the training loss based on
the quality of the distillation targets. However, conventional
quality metrics such as Signal-to-Noise Ratio improvement
(SNRi) require access to the ground-truth clean audio, which
is unavailable in our scenario. To circumvent this, we propose
a new metric of Semantic Clarity improvement (SCi) as a
proxy for quality.

As illustrated in Fig. 3, SCi leverages the audio encoder
of CLAP [23] to measure the improvement in semantic
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similarity between the distillation targets and the one-shot
reference audio. We then use this SCi score to weight
the primary training objective: the Scale-Invariant Signal-to-
Noise Ratio (SI-SNR) between the network’s output and the
distillation target. This allows us to effectively down-weight
or filter out low-quality distillation targets, facilitating more
robust and effective training. The training loss function for
the spatial filtering network is defined as:

L{G(t), yaisan () } =

E{S[SCI] . SI-SNR[Q(t), ydistill(t)]}a (7)

where E denotes the expectation, (¢) is the network’s output
at time ¢, yaisan(t) is the distillation target at time ¢, SI-SNR
is the Scale-Invariant Signal-to-Noise Ratio, and S is a robust
scaling function that clips SCi values by percentile and scales
them to the range [0, 1]. The SI-SNR is defined by reference
audio a(t) and estimated audio a(t) as follows:

a 2
SI-SNR[a(t), a(t)] = 101og;, M(z'g)(f)fl(t)w’

(a(t), a(t))
la®)[?
where the notation (a(t), a(t)) denotes the inner product of

the a(t) and a(t).

®)

5= 9)

)

IV. EXPERIMENTS

To evaluate the effectiveness of the proposed method, we
conducted experiments on a multi-channel dataset. To the
best of our knowledge, no public dataset exists for anomalous
sound detection in multi-channel environments with diverse,
interfering noise sources. Therefore, we constructed a syn-
thetic dataset by combining several existing single-channel
audio datasets.

For the target machine sounds, we used the ToyADMOS
dataset [25], which contains recordings of both normal and
anomalous operating sounds. ToyADMOS is a benchmark
for anomalous sound detection, featuring three classes of
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Fig. 3: Diagram of the SCi calculation. Here, ® denotes
the inner product, which is used to calculate the semantic
similarity to the one-shot reference audio. SCi quantifies
how much the distillation target, generated via audio-queried
source separation, becomes semantically closer to the one-
shot reference audio as a result of denoising.

miniature machines: Car, Conveyor, and Train. Each audio
clip is 10 seconds long and the dataset includes a variety
of realistic anomalous types, such as shaft deformation,
gear damage, under/over voltage, and foreign objects on a
conveyor belt.

For the noise sources, we prepared four classes of sounds
representing diverse acoustic scenes. Given that industrial
facilities can be both indoors and outdoors, these noises
include sounds commonly found in and around such envi-
ronments: Mechanisms (e.g., machinery, vehicles), Speech
(multilingual conversations), Music (diverse genres), and
Animals (e.g., birds, insects from outdoor settings). The
Mechanisms and Animals audio clips were sourced from the
BSD10k dataset [26], while the Speech and Music clips were
taken from the MUSAN dataset [27]. For all noise classes,
we used all available audio clips that were 10 seconds or
longer.

To create a realistic multi-channel environment, we syn-
thesized spatial audio by convolving the source signals
with real-world measured Room Impulse Responses (RIRs)
from a calibrated 5-channel dataset [28]. These RIRs were
recorded in a cuboid room measuring 6 m X 6 m x 2.4
m with a reverberation time of 150 ms, capturing acoustic
characteristics from seven sound source locations and six mi-
crophone array positions [28]. For our experiments, the target
sound source location and the microphone array position
were kept fixed. The noise source, however, was randomly
assigned to one of the three other available locations for each
synthesized audio mixture. All audio was resampled to a 16
kHz sampling rate and trimmed to a duration of 10 seconds.

A. Training Dataset

To adhere to the practical constraints of anomaly detection,
our training set consists exclusively of normal sounds as the
target. To match the size of our evaluation set, we randomly
selected 528 normal samples for each of the three machine
classes from ToyADMOS. For our proposed method, which
requires only a single clean reference, we designated just
one of these samples per class as the clean reference audio.

The remaining samples were mixed with noise at a SNR
randomly chosen from a range of -10 to 0 dB. The noise was
created by randomly selecting one of the four noise classes
and then clipping a 10-second segment from a random file
within that class. For training the baseline spectral filtering
method [7], [8], [9], which requires supervised learning with
clean-noisy pairs, we used a separate set of 256 clean target
samples and their corresponding noisy mixtures.

B. Evaluation Dataset

The evaluation dataset was constructed to contain an equal
number of normal and anomalous sounds. We used 264
anomalous sound samples for each of the three machine
classes from ToyADMOS, this being the maximum number
that allows for balanced classes. We then randomly selected
an equal number of 264 normal sound samples, ensuring no
overlap with the training set. All 528 samples (264 normal,
264 anomalous) in the evaluation set for each class were
mixed with noise at a random SNR between -10 and 0 dB.
Similar to the training dataset, the noise was generated by
randomly selecting one of the four noise classes and then
clipping a 10-second segment from it.

C. Implementation Details

For all trainable models (both our proposed method and
the comparison methods), we used the Adam optimizer with
a learning rate of 1073, Early stopping [29] was employed,
halting the training process when the validation loss did not
decrease for a set number of epochs. The validation set was
created by randomly holding out 20% of the training data.
All models were implemented in Python 3.10 using PyTorch,
with the SSSPy library being used for BSS baselines. For the
BSS baselines [12], [13], we set the number of bases to 8, a
conventional value for this task. The iterative optimization
process, which updates the source models and demixing
filters, was run for 100 iterations to ensure convergence.

To ensure a fair comparison of computational speed, all
inference times were measured on a single CPU (Intel Core
i9-12900KS). We opted against GPU acceleration because
all baseline methods, particularly the BSS algorithms, are
not optimized for GPUs. To assess the performance of
anomaly detection, we adopted the baseline feature extraction
method and anomaly detector from the DCASE 2020-2025
Challenge [30]. For feature extraction, log-Mel spectrograms
were computed using a 64 ms frame length and a 32 ms
frame shift, resulting in 128 Mel bands. These features
from five consecutive frames were then concatenated to
form a 640-dimensional feature vector. The anomaly detector
is an 8-layer Autoencoder, which was trained exclusively
on the features of normal sounds to learn a compressed
representation of normal operation. The final anomaly score
is defined as the squared reconstruction error between the
input features and the Autoencoder’s output.

V. RESULTS

Examples of the anomaly detection and denoising results
are shown in Fig. 4. In Fig. 4 (a), the target sound is
in a normal state, so a lower anomaly score is desirable.
This example contains significant human speech in the first
half. Without any processing, the anomaly score spikes in
sync with the speech events. In contrast, both our proposed
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(a) In this example, the normal-state Conveyor is the target sound, and noise
from the Speech class is used. This example contains significant human
speech in the first half. Without any processing, the anomaly score spikes in
sync with the speech events.
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(b) In this example, the anomalous-state Conveyor is the target sound, and
noise from the Mechanisms class is used, which includes the operating
sounds of a different machine in the first half. Our proposed method achieves
an effective SI-SNRi of 12 dB, indicating substantial background noise
reduction. Furthermore, it yields a higher anomaly score compared to the
TF-GridNet [7].

Fig. 4: Example of the anomaly detection and denoising results. The top figures show the anomaly detection scores and the
others show spectrograms. “Ground Truth” are the clean target sounds, and “Observed Audio” are the noisy mixture, which

is the input to the denoising model.

method and the existing method (TF-GridNet [7]) success-
fully prevent this rise in the anomaly score, demonstrating
that both are effective in preventing false positives caused by
noise.

In Fig. 4 (b), the target sound is in an anomalous state,
making a higher anomaly score desirable. In this example,
noise from the Mechanisms class is used, which includes
the operating sounds of a different machine in the first
half. Our proposed method achieves an effective SI-SNRi
of 12 dB, indicating substantial background noise reduction.
Furthermore, it yields a higher anomaly score compared to
the existing method (TF-GridNet [7]). This suggests that
our method effectively suppresses noise while preserving
the characteristic features of the anomaly, making it highly
suitable for denoising in anomaly detection tasks.

Figure 5 shows the scatter plot of the SCi and the SI-
SNRi of the training dataset. The Spearman’s correlation
coefficient between SCi and SI-SNRi is 0.42, indicating a
moderate correlation, and all of the data with SCi greater
than 0.2 have SI-SNRi greater than 0. This suggests that
SCi can be used as a proxy for SI-SNRi, enabling robust
training without requiring ground-truth clean audio.

The overall denoising and anomaly detection performance
on the entire evaluation dataset is presented in Table I.
As shown in the table, our proposed method achieves the
highest performance in both denoising and anomaly detec-
tion compared to the existing methods. Compared to “Our

SI-SNRi [dB]
H R NN
o u o wu

wu

Fig. 5: Scatter plot of the SCi and the SI-SNRi. The blue line
indicates the regression result and the blue band indicates the
95% confidence interval.

AQSS only”, which generates the distillation targets, our
full method demonstrates superior denoising and anomaly
detection performance. This indicates that the denoising
capability of the spectral-based AQSS is effectively distilled
into the spatial filtering network. Notably, while spectral
filtering-based methods exhibit high denoising performance
(SI-SNRi), their anomaly detection accuracy can sometimes
be even lower than that of “No processing”. This seemingly
contradictory result is further investigated in the Discussion
section.

The average inference times are detailed in Table II.
Among the BSS methods, ILRMA [13], being a separation
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TABLE I: Performance of the individual methods. Denoising performance is evaluated by SI-SNRi (average =+ the standard
deviation). Anomaly detection performance is evaluated by Receiver Operating Characteristic Area Under the Curve (ROC-
AUC). The best performance in each column is shown in bold.

SI-SNRi [dB] ROC-AUC
Method Approach Category Car Conveyor Train Car Conveyor Train
No processing - 00£00 00x00 0.0£0.0 | 0.65 0.79 0.59
TF-GridNet [7] Spectral Filtering (SF) 88+36 7754 13.0+39 | 0.70 0.88 0.57
Conv-Transformer [8]  Spectral Filtering (SF) 6.0+34 51+44 104+42 ]| 0.56 0.73 0.58
DualPathRNN [9] Spectral Filtering (SF) 7.1+34 59+54 11.8+39 | 0.73 0.86 0.62
AudioSep [10] Language-Queried Source Separation (LQSS) | 64 £6.5 40+7.7 59 +10.1 | 0.71 0.81 0.55
Fast MNMF [12] Blind Source Separation (BSS) 01+£09 04+28 01+£13 | 0.63 0.77 0.59
ILRMA [13] Blind Source Separation (BSS) 42+£33 36+36 3.0+£30 | 0.73 0.86 0.62
Our AQSS only Audio-Queried Source Separation (AQSS) 55+£51 6155 8359 |0.73 0.89 0.59
Our Method Spectral-to-Spatial Distillation (SSD) 83+37 8434 13.6+39 | 0.75 0.91 0.64
TABLE 1II: Inference time, expressed as the average =+ Machine Condition Machine Condition
the standard deviation, taken to process a 10-second audio Aoty prskinel

sample. The best inference time is shown in bold.

Method App. Cat. | Inference Time [s]
TF-GridNet [7] SF 10.56 &+ 0.10
Conv-Transformer [8] SF 0.55 + 0.04
DualPathRNN [9] SF 0.24 + 0.03
AudioSep [10] AQSS 2.42 4+ 0.06
Fast MNMF [12] BSS 45.69 + 1.34
ILRMA [13] BSS 6.51 £ 0.06
Our AQSS only AQSS 2.00 £+ 0.10
Our Method SSD 0.53 £+ 0.02

model-based approach, is faster than the generative model-
based FastMNMEF [12]. In our experimental setup, ILRMA’s
processing time was under 10 seconds, making it real-time
capable for a 10-second audio clip. However, this is a
borderline case. An increase in sampling rate or the use
of a less powerful CPU would easily push the inference
time beyond the 10-second threshold, rendering real-time
processing infeasible. In sharp contrast, our proposed method
processes the audio in approximately 1/20 of its real-time
duration. This significant speed advantage ensures robust
real-time performance across a wide range of hardware and
scenarios, highlighting its practical applicability.

VI. DISCUSSION

The core concept of our spectral-to-spatial distillation
framework was validated as a successful approach. The strat-
egy of distilling knowledge from a large, general-purpose
spectral filter to train a specialized, efficient spatial filter
proved highly effective for anomalous sound detection in
noisy environments. Our experimental results comprehen-
sively support this. As detailed in Table I, our framework
achieved best performance in both denoising and anomaly
detection, surpassing various established methods. This per-
formance gain was achieved alongside exceptional compu-
tational speed suitable for real-time deployment, with the
proposed SCi metric facilitating robust training from the
generated distillation targets.

As observed in Table I, spectral filtering methods such
as TF-GridNet, despite their high denoising performance,
sometimes resulted in lower anomaly detection accuracy than
with no processing at all. We hypothesized that this occurs
because these models, trained only on normal sounds, learn
to extract only the normal components from an anomalous
sound, effectively treating the anomaly itself as noise to be
removed.

Reduced Dimension 2

Reduced Dimension 2

Reduced Dimension 1

(a) Feature distribution after denois-
ing by our spatial filtering. Our spa-
tial filtering-based method maintains
a clear distinction between the nor-
mal and anomalous feature clusters.

Reduced Dimension 1

(b) Feature distribution after denois-
ing by the spectral filtering (TF-
GridNet [7]). The spectral filtering
method reveals that the features cor-
responding to anomalous sounds are

incorrectly mapped into the cluster of
normal sounds.

Fig. 6: Feature distributions after denoising in Train. The
spectral filtering method tends to strip out the anomalous
characteristics from the sound.

To investigate this hypothesis, we visualized the feature
distributions after denoising using UMAP [31], a dimension-
ality reduction technique. The UMAP model was trained on
the features of the original clean audio, labeled as normal or
anomalous. The results are shown in Fig. 6.

As shown in Fig. 6 (a), our spatial filtering-based method
maintains a clear distinction between the normal and anoma-
lous feature clusters. In contrast, Fig. 6 (b) reveals that with
the spectral filtering method, the features corresponding to
anomalous sounds are incorrectly mapped into the cluster
of normal sounds. This confirms that the supervised spectral
filtering method tends to strip out the anomalous character-
istics from the sound. Therefore, the high SI-SNRi achieved
by this method can be attributed to the fact that the amount
of suppressed noise was far greater than the amount of the
desired signal that was discarded. While this improves the
metric, it is detrimental to the task of anomaly detection.

A limitation of the current framework is its assumption
of static sound sources, which may not always hold in
real-world scenarios. Future work will address this by in-
corporating an online spatial filtering network [32] capable
of tracking and adapting to moving sound sources in real-



time. Furthermore, to facilitate deployment on resource-
constrained edge devices, we will explore using additional
knowledge distillation techniques to compress the trained
spatial filter into an even more computationally efficient
model.

VII. CONCLUSION

We proposed spectral-to-spatial distillation, a novel de-
noising framework that bridges the gap between general-
purpose spectral filtering networks and environment-specific
spatial filtering networks. Our framework leverages a fine-
tuning-free AQSS method to generate distillation targets
from a single reference audio clip, effectively distill-
ing knowledge from a large foundation model into a
lightweight, environment-specific spatial filter. Experimental
results demonstrated that our method achieves high-fidelity
denoising and anomaly detection performance, outperform-
ing existing spectral filtering and BSS approaches. Crucially,
it accomplishes this with exceptional computational speed,
enabling robust real-time inference on standard CPU hard-
ware. Our framework thus achieves the objectives set in the
introduction: a real-time, audio-cued denoising system that
eliminates the dependency on language queries.
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