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ABSTRACT

This technical report focuses on anomalous sound detection (ASD)
in DCASE 2025 Task 2, we propose two deep learning approaches
based on multimodal feature fusion to enhance robustness and gen-
eralization across domains. In the data preparation stage, in order to
solve the problem of data complexity, this paper separates the pure
sound events and background noise provided by the organizer based
on TF-Locoformer, and constructs a more robust data set for model
training by reconstructing diversified training samples through ran-
dom combination. The first approach extracts frame-level wave-
form features using a fine-tuned BEATs model and aligns them with
Mel-spectrogram features extracted by MobileFaceNet. These are
fused and passed into an ArcFace classifier for joint attribute and
domain classification, enabling discriminative learning and multi-
task optimization. The second approach introduces a multimodal
autoencoder architecture combining BEATs and TgramNet for hi-
erarchical feature extraction, jointly trained with reconstruction and
classification losses. Our best model achieves a pAUC of 0.59.56 on
the validation set, demonstrating strong detection performance un-
der multi-source and complex background conditions.highlighting
the effectiveness and potential of the proposed methods in real-
world, multi-domain ASD scenarios.

Index Terms— Dcase, anomaly detection, BEATSs, Mobile-
FaceNet, ArcFace

1. INTRODUCTION

In industrial environments [1], maintaining the health of machin-
ery is critical for ensuring operational continuity and reducing un-
planned downtime. Anomalous Sound Detection (ASD) [2] has
gained attention as a non-invasive, cost-effective approach for mon-
itoring machine conditions [3] by identifying deviations in acous-
tic patterns. Unlike traditional supervised approaches that require
large amounts of labeled anomalous data—which are often unavail-
able in real-world applications—DCASE 2025 Task 2 emphasizes
first-shot unsupervised ASD [4] [5] [6], where models must de-
tect unknown anomalies using only a few normal samples from
a target machine. This task poses significant challenges such as
domain shift [7], data scarcity, and generalization to unseen con-
ditions, making it a compelling benchmark for developing robust
and adaptable models. In this study, we explore ASD methods that
aim to improve performance in low-data and cross-domain scenar-
ios [8], aligning with the real-world demands of machine condition
monitoring.

Current research in ASD has made significant strides, with nu-
merous studies focusing on supervised learning approaches that rely

on large annotated datasets [9]. However, these methods are often
limited by the availability of labeled data and may not generalize
well to new, unseen anomalies. Recent advancements in unsuper-
vised and semi-supervised learning have shown promise in address-
ing these limitations [10], but challenges remain in achieving high
detection accuracy and robustness across different machine types
and environments.

In this work, we propose two complementary approaches tai-
lored for the DCASE 2025 Task 2, which target the challenge of
anomalous sound detection under domain shift and limited super-
vision. Both methods aim to leverage the powerful generalization
capability of pre-trained audio encoders BEATS [11], while enhanc-
ing model performance through multi-modal feature integration and
targeted optimization strategies.Specifically, the two proposed ap-
proaches are:

Approach 1: A discriminative multi-modal learning framework
that extracts temporal audio embeddings from BEATs and spectral
representations via Mel-spectrograms. These are fused and passed
through a MobileFaceNet backbone [12], followed by an ArcFace-
based [13] classifier to perform machine identity recognition and
domain classification jointly. This design encourages the model
to learn robust, domain-invariant representations under a multi-task
setting.

Approach 2: A reconstruction-based anomaly detection ap-
proach that employs a dual-encoder autoencoder structure, where
BEATS and TgramNet [14] extract hierarchical features. The model
is optimized with both reconstruction loss and auxiliary classifica-
tion loss. Anomaly scoring is conducted using Mahalanobis dis-
tance [15] computed in the latent space, enabling effective detection
of unseen anomalous patterns.

These two strategies complement each other by integrating both
discriminative and generative perspectives, thereby improving the
model’s ability to detect anomalous sounds across diverse acoustic
domains.

2. METHODOLOGY

This section presents two approaches developed for DCASE 2025
Task 2: a discriminative multimodal model and a reconstruction-
based self-supervised anomaly detection model. These methods
address the anomalous sound detection task from complementary
angles—discriminative learning and reconstruction-driven anomaly
scoring—aiming to improve anomaly detection accuracy and cross-
domain generalization. To further enhance model robustness, we
incorporate a data augmentation strategy based on TF-Locoformer,
which separates audio into foreground sound events and back-






