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Abstract

Sound separation (SS) and target sound extraction (TSE) are
fundamental techniques for addressing complex acoustic sce-
narios. While existing SS methods struggle with determin-
ing the unknown number of sound sources, TSE approaches
require precisely specified clues to achieve optimal perfor-
mance. This paper proposes a unified framework that syner-
gistically combines SS and TSE to overcome their individ-
ual limitations. Our architecture employs two complemen-
tary components: 1) An Encoder-Decoder Attractor (EDA)
network that automatically infers both the source count and
corresponding acoustic clues for SS, and 2) A multi-modal
fusion network that precisely interprets diverse user-provided
clues (acoustic, semantic, or visual) for TSE. Through joint
training with cross-task consistency constraints, we establish
a unified latent space that bridges both paradigms. During
inference, the system adaptively operates in either fully au-
tonomous SS mode or clue-driven TSE mode. Experiments
demonstrate remarkable performance in both tasks, with no-
table improvements of 1.4 dB SDR improvement in SS com-
pared to baseline and 86% TSE accuracy.

Demo — https://hongyuwang414.github.io/USE-demo/

Introduction
In complex acoustic environments, Universal Sound Sepa-
ration(USS) is capable of providing high-quality inputs for
subsequent audio analysis tasks. USS has become a core task
(Kavalerov et al. 2019; Tzinis et al. 2020, 2022; Liu et al.
2024b; Pons et al. 2024; Zhao et al. 2024a; Kong et al. 2023)
and aims to isolate arbitrary types of sound sources, includ-
ing speech, music, environmental sounds, and musical in-
struments, from complex audio mixtures without relying on
predefined numbers or types of sound sources. This flexibil-
ity greatly expands the application scope of sound process-
ing, making it indispensable in fields such as environmental
monitoring and multimedia content analysis.

*These authors contributed equally.
†Corresponding authors
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Despite recent advances in sound separation (SS) mod-
els, existing methods still face several limitations. For in-
stance, many models require the number of sound sources
in a mixture to be predefined during inference (Luo and
Mesgarani 2019; Zhao et al. 2024b; Subakan et al. 2021),
which restricts their applicability in real-world scenarios
where the number of sound sources is often uncertain. To
address these issues, target sound extraction (TSE) utilizes
some prior knowledge about the target sound from the mix-
ture of an unknown number of sources (Liu et al. 2024a,b;
Zhao et al. 2018; Liu et al. 2022; Kilgour et al. 2022; Zhang
et al. 2024). The prior knowledge about the target sound,
also known as clue. For example, the AudioSep model (Liu
et al. 2024a) has shown remarkable performance by using
the natural language description as the extraction clue; APT
(Liu et al. 2024b) uses audio samples as the clue for the TSE
task; PixelPlayer (Zhao et al. 2018) uses visual information
to extract target sounds.

Although target sound extraction can theoretically solve
the problem of the unknown number of sources in the mix-
ture, it suffers from two drawbacks in real applications: 1)
First, the clues that are assumed to exist in advance may be
of low quality or not be found in actual applications, which
will degrade the performance of the TSE or even extract the
wrong target. 2) The second drawback is that some previ-
ous studies (Delcroix et al. 2020; Elminshawi et al. 2022)
found that the TSE-based methods usually achieve less per-
formance than the SS methods when the number of sources
is determined.

In this paper, we propose Universal sound Separation and
target sound Extraction (USE), a unified model, to solve
the above-mentioned drawbacks of SS and TSE in com-
plex acoustic scenarios. The USE comprises a separation
backbone, an EDA module, and a multi-modal clue mod-
ule. Without knowing the number of sound sources, the USE
model can complete the SS task with a built-in EDA mod-
ule. Following the previous work (Li et al. 2023), the multi-
modal clue module is robust for missing or low-quality
clues. It takes an uncertain number of clues of different
modalities as input and generates a clue embedding in a uni-
fied space. When there is any available modality of clues, the
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Figure 1: Architecture of the USE Framework. Without
clues, the EDA Network implicitly learns to represent all in-
dependent sound sources in the mixture as attractors, which
are then used for separation. With arbitrary clues, the Clue
Network generates Clue embeddings that are sent into the
separation network for extraction. During training, semantic
alignment between Attractors and Clue embeddings bridges
the gap between Sound Separation (SS) and Target Sound
Extraction (TSE).

USE model can accomplish the TSE task with the clue mod-
ule. In the training stage, we constrain the EDA embeddings
and clue embeddings into a unified space to align them in a
semantic space, which allows the USE model to perform SS
or TSE tasks flexibly in the inference stage. We conducted
the experiments on universal sound datasets with clues of
multiple modalities, which shows the robustness of USE in
complex acoustic scenarios.

The main novelty and contributions of this paper are as
follows: 1) We propose USE, a unified framework for SS
and TSE, which can separate or extract sounds from a mix-
ture of an unknown number of sources; 2) We show that the
multi-task USE brings better performance on both SS and
TSE baselines. 3) We conduct the experiments on a universal
sound separation dataset with low-quality clues of multiple
modalities, which shows the robustness of USE in complex
acoustic scenarios.

Related Work
There are some attempts to solve the problems of SS and
TSE mentioned above. For example, OR-PIT (Takahashi
et al. 2019) trains an independent binary classifier to de-
termine whether speech should be further separated from
the mixture; In (Li et al. 2023; Cheng et al. 2024), the im-
pact of low-quality clues and clue missing are alleviated
by utilizing the multi-modal clue; (Chetupalli and Habets
2022; Lee et al. 2024) proposed to use an Encoder-Decoder-
Attractor to count the number of sources in the SS task.
While these approaches have effectively improved perfor-
mance in single-task SS and TSE, unifying these tasks re-
mains a challenge. Although attempts like those in (Saijo
et al. 2023; Chetupalli and Habets 2024) have used attractors
to integrate SS and TSE, their methods are still relatively su-

perficial. They fail to align attractors with clues in a seman-
tic space, leading to a disjointed performance when handling
both SS and TSE tasks, and they only focus on clean human
speech rather than universal sound.

The methods proposed in (Saijo et al. 2023) and (Chetu-
palli and Habets 2024) struggle to accurately associate the
target sound sources with the given clues during the TSE
task. In (Saijo et al. 2023), the TSE inference process in-
volves weighting the attractors based on the weighted coef-
ficients of the clues and attractors to extract the target audio.
This method fails to effectively achieve semantic unification
between attractors and clues. Additionally, it introduces ex-
tra computational overhead, particularly when dealing with
a large number of sources in the mixture. Moreover, it relies
solely on a single type of target source-related clue. When
the quality of the clue is low or even absent, the TSE task
cannot be effectively accomplished. In (Chetupalli and Ha-
bets 2024), although the TSE task incorporates classification
learning of audio source in attractors, it still does not con-
sider the substitutability between attractors and clue embed-
dings. Moreover, it does not address the issue of low-quality
or missing clues.

Methods
As shown in Figure 1, we propose a universal model for
SS and TSE. The model comprises a backbone network
for sound separation, an Encoder-Decoder Based Attrac-
tors (EDA) network, and a multi-modal clue network. The
EDA network estimates the number of sounds and their at-
tractor embeddings from the mixed audio. The multi-modal
clue network takes a variable number of clues with different
modalities as input and estimates a unified clue embedding
from the clues of different modalities. Align loss is applied
between the attractor embeddings and clue embeddings in
the training. In the inference stage, the separator can work
with the EDA module to perform the SS task; if any clue
about the target sound exists, the TSE task can be performed
by replacing the attractor embedding with the clue embed-
ding. We will elaborate on the separation network, EDA
network, multi-modal clue network, training objectives, and
training strategy in the following subsections.

Sound Separation. The sound separation network em-
ploys an Encoder-Separator-Decoder structure. Given a
single-channel mixed signal x ∈ RL (where L is of arbi-
trary length) from J sound sources S = {sj}Jj=1, the net-
work aims to estimate each source signal ŝj based on x and
the estimated number of sources Ĵ from the EDA network.

The encoder uses a 1-D convolution layer with ReLU
activation to generate the hidden features X ∈ RN×D

+ of
the mixed signal. The separator estimates a mask M =

{mj}Ĵj=1 for each source. By element-wise multiplication
of X with mj , we obtain the estimated hidden represen-
tations X̂ = {xj}Ĵj=1. Finally, the decoder, composed of
transposed convolution layers and symmetric to the encoder,
estimates the separated sources {ŝj ∈ RL}Ĵj=1.

We employed both a time-domain model based on Sep-
Former (Subakan et al. 2021) and a frequency-domain

33477



Figure 2: The architecture of the Sepformer-based Separator. It incorporates sequence aggregation to generate W. For the
separation task, it feeds the EDA module to estimate attractors for each sound source in the mixture. For the TSE task, it
integrates the Clue Network and features from other modalities for attention computation.

model based on BSRNN (Luo and Yu 2023) as separators
to validate the effectiveness of our joint training framework.
Here, we primarily focus on the one based on SepFormer as
shown in Figure 2. The input feature X is first processed
through a Layer-Norm layer and a linear layer, then seg-
mented into overlapping chunks of size K = 250 with
a 50% overlap rate. The chunks are fed into a dual-path
module, which integrates intra-chunk and inter-chunk trans-
former blocks (Subakan et al. 2021; Chetupalli and Habets
2022). Sequence aggregation leverages learnable weights to
fuse information across distinct feature spaces and the out-
put W is fed into the EDA block or modality-variant clue
network.

The dual-path block’s output V is element-wise multi-
plied with the source sound representations A ∈ RJ×D

from the EDA or Clue network, forming the input Y ∈
RJ×C×K×D for the Triple Path Block. This block extends
the dual-path design by adding an inter-channel transformer
block, capturing relationships across channels. The final out-
put Z ∈ RJ×C×K×D is processed through a Parametric
ReLU layer, followed by overlap-add (OVA) and a gated
output layer with two linear layers. The final masks mj are
generated via a linear layer with ReLU activation.

EDA Network. The EDA network estimates the num-
ber and embeddings of distinct sound categories in mixed
audio, enabling sound separation without prior knowledge
of source counts. It employs an LSTM Encoder-Decoder
framework (Hochreiter 1997) to convert frame-wise embed-
dings into global attractors.

The LSTM encoder updates its hidden state henc
t and cell

state cenc
t using the following equations:

henc
t , cenc

t = henc(Wt,h
enc
t−1, c

enc
t−1) (t = 1, . . . , C). (1)

The hidden and cell states of the encoder are initialized to
zero vectors: henc

0 = 0 and cenc
0 = 0.

The LSTM decoder hdec
s estimates global-wise attractors

as:

hdec
s , cdec

s = hdec(0,hdec
s−1, c

dec
s−1) (s = 1, 2, . . .). (2)

At each step, the hidden state hdec
s =: as ∈ (−1, 1)D serves

as the attractor for sound category s, with the dimensionality

Figure 3: Clue Network Architecture. When any one to three
modalities of text, video, and sound tags are present, we
employ dedicated pre-trained encoders to extract features
from each modality. These features are then concatenated
along the temporal dimension and, together with the output
W from sequence aggregation, passed through multi-clue at-
tention and pooling layers to generate the final Clue Embed-
ding.

D matching that of the frame-wise embeddings Wt. The de-
coder’s hidden and cell states are initialized by the encoder’s
final states: hdec

0 = henc
T and cdec

0 = cenc
T .

We compute the attractor existence probabilities using a
fully connected layer with a sigmoid activation function, as
shown in the following equation:

pexi = σ
(
w⊤

exias + bexi
)
, (3)

where wexi ∈ RD and bexi ∈ R are the trainable weights and
bias parameters of the fully connected layer, respectively.
We compare each pexi with a predefined threshold θ in the
inference stage. If pexi > θ, we consider the attractor to exist;
otherwise, it is considered that no more sound sources exist
in the mixture. The result of the existence check is denoted
by qexi.

Clue Network. As shown in Figure 3, the clue network
takes variable modality clues (e.g., text, video, sound) as in-
put and generates a comprehensive clue embedding. Each
modality is encoded into a unified D dimensional space us-
ing dedicated encoders. An attention module then integrates
these clues into a temporally aligned fused clue, from which
global clue information is derived by averaging over time.
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The encoders convert various modalities into D-
dimensional embeddings for target sound extraction. The
text encoder uses a pre-trained DistilBERT model (Sanh
2019) to transform natural language descriptions into em-
beddings O ∈ RTt×D, where Tt is the number of word to-
kens. The video encoder processes frames with a pre-trained
Swin Transformer (Liu et al. 2021), producing video embed-
dings V ∈ RTv×D, where Tv is the number of frames. The
sound encoder maps one-hot encoded sound event tags to
embedding vectors E ∈ R1×D. All the encoders have their
parameters frozen during the training phase.

Multi-Modal Concatenation: The unified multi-modal
clue U is formed by concatenating the text, video, and sound
tag embeddings:

U = Concatenate(O;V;E) ∈ R(Tt+Tv+1)×D. (4)
Attention-Based Clue Fusion: Utilizing the output of

Sequence Aggregation W as the query and U as both the
key and value in the attention mechanism, we derive the
fused clue Cu as follows:

Cu = MultiHeadAttention(W,U,U) ∈ RTa×D, (5)
where MultiHeadAttention(Q,K,V) denotes a multi-head
attention mechanism (Li et al. 2023; Waswani et al. 2017)
with query Q, key K, and value V. It is evident that the
fused clue Cu shares the same length Ta as the sound em-
bedding Q.

Loss Function
The objective function is a combination of three distinct
losses: the source separation loss Lsep, the source counting
loss Lcount, and the align loss Lalign between attractors and
clues. Specifically, the alignment loss Lalign is defined as:

Lalign = LMSE + LInfoNCE, (6)
where LMSE denotes the Mean Squared Error loss and
LInfoNCE denotes the InfoNCE loss. Our preliminary experi-
ments showed that using only the MSE Loss lowers attrac-
tor–clue alignment accuracy and degrades separation metric
SI-SNRi, whereas relying solely on the InfoNCE loss results
in slow convergence.

Source Separation Loss (Lsep): In multi-source separation
tasks, we apply Signal-to-Noise Ratio (SNR) with Permuta-
tion Invariant Training (PIT) as the objective function:

Lsep = − max
π∈ΠK

K∑
k=1

10 log10

( ∑T
t=1 sk(t)

2∑T
t=1(ŝπ(k)(t)− sk(t))2

)
,

(7)
where ΠK represents all possible permutations, π is a per-
mutation mapping, K is the number of target sources, T is
the length of the signal, ŝπ(k)(t) is the value of the estimated
source at time step t under permutation π, and sk(t) is the
value of the target source at time step t.

Source Counting Loss (Lcount): This loss is determined us-
ing the binary cross-entropy measure, which evaluates the
accuracy of the estimated number of sound sources in mix-
ture, given by:

Lcount = −
K∑
i=1

yi log(pexi) + (1− yi) log(1− pexi) (8)

where yi is the true label and pexi is the predicted probability.
MSE Loss (LMSE): The MSE Loss LMSE is calculated by

first identifying the optimal permutation between the attrac-
tors and clues according to final Separation PIT loss. Let π∗

denote the best permutation in the Equation (7) and D be
the dimension of the embeddings. aπ∗(m),i represents the i-
th value of the m-th attractor under permutation π∗, while
cm,i is the i-th value of the m-th clue. M is the total number
of clues or attractors. The MSE Loss can be expressed as:

LMSE =
1

M

M∑
m=1

1

D

D∑
i=1

(
aπ∗(m),i − cm,i

)2
(9)

InfoNCE Loss (LInfoNCE): Given N attractors {ai}Ni=1 and
N clues {cj}Nj=1, and the best permutation π∗ obtained from
the Equation (7), the InfoNCE Loss LInfoNCE is computed
as the average of the InfoNCE loss (Oord, Li, and Vinyals
2018) for each corresponding pair:

LInfoNCE = − 1

N

N∑
i=1

log
exp(zai

· zcπ∗(i)
/τ)∑N

j=1 exp(zai
· zcj/τ)

(10)

where zai
is the embedding of the i-th attractor. zcj is the

embedding of the j-th clue. π∗(i) is the index of the clue
that is optimally matched to the i-th attractor according to
the Separation PIT loss. τ is the temperature parameter.

Training and Inference Strategies
We applied a two-stage training method for model optimiza-
tion. In stage 1, we train the model for sound separation with
an EDA network to estimate the number of sources and com-
pute the source counting loss Lcount. Then, the EDA repre-
sentations are fed into the separation network, which gen-
erates separated sounds for calculating the separation loss
Lsep. This trains the separation and EDA networks jointly.

In stage 2, we randomly select EDA representations (30%
chance) or TSE-generated clue embeddings (70% chance)
as inputs to the separation network. For TSE, we train with
all seven combinations of modalities (present or absent)
equally, using the Lsep loss in a fixed order. We align the
two embedding to learn via align loss Lalign. This strategy
enhances adaptability and robustness.

Inference Phase: In the absence of clues, the EDA mod-
ule estimates the number and representation of all indepen-
dent sound sources in the mixture as attractors, which are
then fed into the Separator for separation. When one to three
modalities of clues are available, the Clue Network gener-
ates Clue Embeddings based on these clues, which are sub-
sequently sent into the Separator for targeted extraction.

Experiments
Datasets
To compare our proposed model with existing models,
we used the same universal sound dataset as in the (Li
et al. 2023) paper, which is based on AudioSet (Gemmeke
et al. 2017). AudioSet is a large-scale dataset extracted
from YouTube, containing 527 sound classes with weak la-
bels. Each 10-second clip typically includes multiple sound

33479



events without precise timing annotations. To isolate sin-
gle sound sources, we followed the preprocessing method
in (Kong et al. 2020b), using a pre-trained Sound Event De-
tection (SED) model (Kong et al. 2020a) to identify sound
event anchors and extract 2-second audio segments.

We also expanded the 2Mix dataset from (Li et al. 2023)
to create a 2&3Mix dataset by remixing existing audio
sources, generating 248k mixed samples (140 hours) with
2 or 3 sound sources for training. In the subsequent sections,
we will refer to the test sets as Seen datasets. For both the
validation and Seen sets, we created 2Mix and 3Mix sce-
narios. Specifically, the validation sets included 0.5 hours of
data, while the Seen datasets consisted of 1 hour of data for
each scenario. Additionally, we generated 0.7 hours of data
with unseen sound classes (mostly musical instruments) for
each scenario to assess the model.

For text clues, we used an audio captioning model (Wu,
Dinkel, and Yu 2019) to generate pseudo-natural descrip-
tions from 2-second audio clips. For visual clues, we ex-
tracted frames from the aligned 2-second video segments
(15 FPS). For tag clues, we converted SED probabilities into
one-hot vectors.

Training and Evaluation Details
The experiments were conducted using the ESPnet-SE
toolkit (Li et al. 2021). The training was divided into two
stages: In stage 1, the learning rate was set to 10−4 for 70
epochs, and in stage 2, it was adjusted to 3 × 10−5 for an
additional 30 epochs. The threshold θ of EDA is set to 0.5
and the clue embedding dimension D is set to 256.

We used the SNR improvement (SNRi) to evaluate source
separation performance. When the estimated number of
sources mismatched the ground truth, we adopted the fol-
lowing approach: If the number of sources was over-
estimated, we retained only the first k estimates for evalu-
ation, where k equals the ground-truth number of sources. If
under-estimated, we used a silence signal (all zeros) as the
estimate for the missing sources.

Separation Results

Model Parameters(M) 2 Mix 3 Mix
TDANet-Wav 10.8 17.5 /
TDANet-STFT 7.4 12.7 /
BSRNN-Large 21.8 15.2 /
USE-B 8.1 17.8 15.0
USE-B∗ 8.1 17.7 15.0

Table 1: Speech separation results on Libri2Mix and our
simulated Libri3Mix (SI-SNRi / dB) for USE-B versus com-
petitive models. ∗ represents separation under an unknown
and variable number of speakers.

Speech Separation. To assess the ability of the USE frame-
work to perform separation under unknown and variable
numbers of speakers, we first compare our unified frame-
work USE-B (based on BSRNN (Luo and Yu 2023)) against
the leading universal sound separation models in (Pons et al.

System 2 Mix 3 Mix
Seen Unseen Seen Unseen

Sepformer 7.4 6.6 / /
USE-S(stage 1) 8.7 7.9 6.4 5.2
USE-S(stage 2) 8.8 8.2 7.2 6.3
BSRNN 8.6 8.4 / /
USE-B(stage 1) 9.2 8.6 5.9 4.8
USE-B(stage 2) 9.4 8.8 6.3 4.8

Table 2: Universal sound separation results for USE-S, USE-
B and baseline models (SNRi/dB) on AudioSet dataset, to-
gether with ablation studies on EDA Network (stage 1) and
Multi-task training strategy (stage 2).

2024) following the similar evaluation adopted in the work
on the LibriMix dataset (Cosentino et al. 2020), as shown in
Table 1. The results demonstrate that USE-B achieves supe-
rior separation performance with a minimal parameter count
while remaining robust to both known and unknown num-
bers of speakers.
Universal Sound Separation. In the universal sound sep-
aration experiment, we employed baseline model (Subakan
et al. 2021; Luo and Yu 2023) trained on the 2Mix dataset
and the separation results are as illustrated in the Table 2. We
also assessed the separation performance of models trained
using our unified model USE-S (based on Sepformer (Sub-
akan et al. 2021)) and USE-B (based on BSRNN (Luo and
Yu 2023)). Our proposed model architecture differs in that it
is not restricted to processing a fixed number of audio mix-
tures. So we trained our USE model on both 2Mix and 3Mix
datasets (referred to as stage 1 training) and achieved bet-
ter SNRi results, representing an improvement over baseline
model and thereby validating the superiority of our strategy.

In stage 2 of the training, we integrated TSE with the
separation task, simultaneously training for both tasks. We
evaluated the separation outcomes of stage 2, and the results
showed a slight increase in SNRi. Additionally, the model in
stage 2 is also capable of effectively performing TSE task.
These findings further substantiate the rationality and effec-
tiveness of our proposed unified training approach for TSE
and Sound Separation (SS) tasks.

Evaluation of Source Counting
In our study, we evaluated the accuracy of source count es-
timation during attractor-based separation. During the infer-
ence phase, with the EDA threshold θ set to 0.5, the accuracy
of source count estimation can reach over 80% in 2Mix sce-
nario and over 70% in the 3-mix scenario, even on the highly
noisy AudioSet dataset. This enables the USE framework to
automatically assess and separate sound sources in complex
scenarios with unknown numbers of sound sources.

TSE Results
As shown in Table 4, we compared the extraction per-
formance of models trained using our unified framework-
—such as USE-S and USE-B–against baseline models
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Available Clues DCCRN(Li et al. 2023) USE-S USE-B

tag text video Seen Unseen Seen Unseen Seen Unseen

✓ ✓ ✓ 6.9 6.5 8.5 8.1 8.9 8.8
✓ ✓ 6.8 6.4 8.5 7.9 8.6 8.7

✓ ✓ 6.5 6.4 8.2 8.0 8.6 8.7
✓ ✓ 6.6 6.4 7.8 7.8 8.2 8.4
✓ 6.4 6.2 7.3 7.2 7.4 8.0

✓ 6.3 6.0 8.2 7.8 8.0 8.4
✓ 5.8 5.9 6.8 7.2 6.2 7.4

Table 3: TSE Performance comparison of different models with various weakly labelled clues (SNRi/dB).

System 2 Mix 3 Mix
Seen Unseen Seen Unseen

Sepformer 8.5 8.0 6.5 5.7
USE-S 8.5 8.1 6.5 5.9

BSRNN 8.4 8.4 5.9 4.8
USE-B 8.9 8.8 6.3 5.0

Table 4: TSE results for USE-S, USE-B and baseline mod-
els (SNRi/dB), together with ablation studies on Multi-task
training strategy.

Model 2Mix 3Mix
MAE (audio) 5.6 /
USS (audio) 5.6 /
LASS (text) 6.8 /
Audiosep (text) 7.7 /
DCCRN (text+tag+video) 6.9 /
Sepformer (text+tag+video) 8.5 6.5
USE-S (text+tag+video) 8.5 6.5
BSRNN (text+tag+video) 8.4 5.9
USE-B (text+tag+video) 8.9 6.3

Table 5: TSE Performance comparison (SNRi/dB).

trained solely for the TSE (Target Sound Extraction) task.
The results show that after joint training with SS and TSE,
the extraction performance of USE-S and USE-B did not
decline. In fact, there was a slight improvement in TSE per-
formance. Additionally, these models retained the ability to
perform separation tasks using the EDA module in the ab-
sence of clues.

As shown in Table 3, we compared USE-S and USE-B
with DCCRN (Li et al. 2023) using 2Mix data. Our model
significantly outperforms DCCRN across all modality con-
figurations, achieving the best performance when all three
modalities are used together. The metric of USE-B reaches
8.9 and 8.8 on the Seen and Unseen dataset, respectively.
This represents an improvement of 29.0% and 35.4% over
DCCRN, respectively. Furthermore, our model also demon-
strates strong performance under conditions where only sin-
gle modality clue is available, thereby proving its superior

Figure 4: t-SNE visualization of attractors and clues. Differ-
ent colors denote different sound-source types; circles (⃝)
represent attractors, crosses (×) represent clues. (a) and (b)
show the t-SNE visualizations of attractors and clues in the
Audioset (Seen) 3-mix, while (c) and (d) show those in the
Audioset (Unseen) 3-mix.

robustness and adaptability.
As shown in Table 5, we also compared the performance

of different universal sound extraction models on the TSE
task. Most of these models used the same SED cropping
strategy (Kong et al. 2020b) on the AudioSet dataset as our
processing method (Zhao et al. 2024a; Kong et al. 2023;
Liu et al. 2022, 2024a; Li et al. 2023; Subakan et al. 2021;
Luo and Yu 2023). However, there might be differences in
the details , so these results should only be used as a refer-
ence. Nevertheless, it is evident from the table that our pro-
posed USE-B model performs the best in TSE task, with
performance comparable to that of the separately trained
BSRNN+ClueNet model for only TSE task.

Visualization of Attractors and Clues
During the inference process, we evaluated the accuracy of
matching clues and attractors by classifying each attractor
into one of the clue embeddings via the InfoNCE loss in
Equation (10). The accuracy reaches 86.0% in the 2-mix sce-
nario and 65.3% in the 3-mix scenario. This demonstrates
that we have effectively unified attractors and clues in the
semantic space, enabling them to substitute for each other in
the absence of one or the other. This highlights the strong
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Datasets 2 Mix 3 Mix 4 Mix 5 Mix 6 Mix
FN PN FN PN FN PN FN PN FN PN

Universal-dataset 11.1 11.7 11.3 11.4 10.4 10.3 9.5 9.4 9.0 9.3
Speech+Music 12.3 12.3 9.7 9.3 8.5 8.2 7.1 7.0 / /
FUSS 14.4 14.7 14.8 15.0 13.1 12.6 / / / /
Audioset(Seen) 8.9 9.2 6.7 6.3 / / / / / /
Audioset(Unseen) 8.5 8.8 5.9 5.3 / / / / / /

Table 6: Universal Sound Separation Performance of USE-B trained on multi-datasets (SNRi/dB), FN represents Fixed Number
of sources, PN represents Predicted Number of sources.

superiority and flexibility of our approach.
In addition, during the inference process, we randomly

selected four 3Mix mixtures, two from the Seen dataset and
two from the Unseen dataset. We performed t-SNE visual-
ization (Van der Maaten and Hinton 2008) for both attrac-
tors and clues in each mixture. As shown in the Figure 4,
different sound types have a certain spatial distance in the
t-SNE plot, indicating that they possess a certain level of
separability in the feature space. In addition, attractors and
clues of the same sound type exhibit similarity within the
feature space, indicating that they could serve as viable re-
placements for each other if one is absent.

Universal Sound Separation
We have additionally trained USE-B based on BSRNN
on a large-scale general audio dataset, which includes the
universal-dataset (2∼6 mix) mainly remixed by VGGSound
(Chen et al. 2020), AudioSet (Gemmeke et al. 2017) (2∼3
mix), FUSS (Wisdom et al. 2021) (2∼4 mix), and Mu-
san (Snyder, Chen, and Povey 2015) (music) + Librispeech
(Panayotov et al. 2015) (speech) (2∼5 mix). During the eval-
uation, we considered two situations: one where the number
of sources to be separated is known in advance, and another
where the number of sources is unknown and needs to be
estimated using the EDA module. The evaluation results are
as Table 6. Firstly, we can see that USE-B is capable of
adapting to mixtures with varying numbers of sources and
performs well across different datasets. Secondly, we have
found that the method of predicting the number of sound
sources using the EDA module generally matches or outper-
forms the approach based on a pre-determined fixed number
of sources.

We also compared our USE-B model with other compet-
itive models on the FUSS (Wisdom et al. 2021; Wang et al.
2021)(Dry, without reverberation) test set, as shown in Ta-
ble 7. It can be observed that our model achieved superior
separation performance in both 2-mix, 3-mix, and especially
in 4-mix scenarios.

We have also evaluated the inference speed of extracting
1 to 6 source audio signals from a mixture as shown in Fig-
ure 5. It is observed that the computational complexity dur-
ing inference increases linearly with the number of sound
sources. Notably, even when inferring up to six sources, the
computational demand in terms of GFLOPS remains below
30. This characteristic ensures the real-time performance
and high efficiency of the USE-B model during inference.

Figure 5: The GFLOPS of the USE Model as the number of
sources increases.

Model 2 Mix 3 Mix 4 Mix
TDCN++ 11.2 11.6 7.4
USE-B 12.8 13.1 11.9

Table 7: Universal Sound Separation Performance Compar-
ison on FUSS (Dry) dataset (SI-SNRi/dB).

Conclusion
In this study, we introduced USE, a universal method that
unifies the Sound Separation and Target Sound Extraction
tasks. This novel approach can handle diverse sound types,
variable numbers of sources, and multiple modalities of
clues and outperforms existing models in multi-source sep-
aration and target sound extraction tasks thanks to its abil-
ity to integrate an arbitrary number of clues. However, we
found that the performance of USE can be influenced by
the cleanliness of individual sound sources in the training
data. One promising direction is to develop methods for dy-
namically adjusting the granularity of attractors to improve
its adaptability to various tasks. In different acoustic scenar-
ios, some sound sources need to be separated individually,
while others should be grouped together. Additionally, in-
tegrating USE with sound event detection and understand-
ing tasks could provide a more comprehensive approach to
audio processing. By combining these capabilities, we can
develop a more robust framework and offer deeper insights
into the acoustic environment.
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Generalizing audio source separation with large-scale data.
In ICASSP 2024-2024 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP), 546–
550. IEEE.
Saijo, K.; Zhang, W.; Wang, Z.-Q.; Watanabe, S.;
Kobayashi, T.; and Ogawa, T. 2023. A Single Speech
Enhancement Model Unifying Dereverberation, Denoising,
Speaker Counting, Separation, and Extraction. In 2023
IEEE Automatic Speech Recognition and Understanding
Workshop (ASRU), 1–6. IEEE.
Sanh, V. 2019. DistilBERT, a distilled version of
BERT: smaller, faster, cheaper and lighter. arXiv preprint
arXiv:1910.01108.
Snyder, D.; Chen, G.; and Povey, D. 2015. Musan: A music,
speech, and noise corpus. arXiv preprint arXiv:1510.08484.
Subakan, C.; Ravanelli, M.; Cornell, S.; Bronzi, M.; and
Zhong, J. 2021. Attention is all you need in speech sepa-
ration. In ICASSP 2021-2021 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP),
21–25. IEEE.
Takahashi, N.; Parthasaarathy, S.; Goswami, N.; and Mit-
sufuji, Y. 2019. Recursive speech separation for unknown
number of speakers. arXiv preprint arXiv:1904.03065.
Tzinis, E.; Wang, Z.; Jiang, X.; and Smaragdis, P. 2022.
Compute and memory efficient universal sound source sep-
aration. Journal of Signal Processing Systems, 94(2): 245–
259.
Tzinis, E.; Wisdom, S.; Hershey, J. R.; Jansen, A.; and El-
lis, D. P. 2020. Improving universal sound separation using
sound classification. In ICASSP 2020-2020 IEEE Interna-
tional Conference on Acoustics, Speech and Signal Process-
ing (ICASSP), 96–100. IEEE.
Van der Maaten, L.; and Hinton, G. 2008. Visualizing data
using t-SNE. Journal of machine learning research, 9(11).
Wang, Z.-Q.; Erdogan, H.; Wisdom, S.; Wilson, K.; Raj, D.;
Watanabe, S.; Chen, Z.; and Hershey, J. R. 2021. Sequential
multi-frame neural beamforming for speech separation and
enhancement. In 2021 IEEE Spoken Language Technology
Workshop (SLT), 905–911. IEEE.
Waswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones,
L.; Gomez, A.; Kaiser, L.; and Polosukhin, I. 2017. Atten-
tion is all you need. In NIPS.
Wisdom, S.; Erdogan, H.; Ellis, D. P.; Serizel, R.; Turpault,
N.; Fonseca, E.; Salamon, J.; Seetharaman, P.; and Her-
shey, J. R. 2021. What’s all the fuss about free universal
sound separation data? In ICASSP 2021-2021 IEEE Inter-
national Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP), 186–190. IEEE.
Wu, M.; Dinkel, H.; and Yu, K. 2019. Audio caption: Listen
and tell. In ICASSP 2019-2019 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP),
830–834. IEEE.

Zhang, K.; Li, J.; Wang, S.; Wei, Y.; Wang, Y.; Wang, Y.; and
Li, H. 2024. Multi-Level Speaker Representation for Target
Speaker Extraction. arXiv preprint arXiv:2410.16059.
Zhao, H.; Gan, C.; Rouditchenko, A.; Vondrick, C.; McDer-
mott, J.; and Torralba, A. 2018. The sound of pixels. In
Proceedings of the European conference on computer vision
(ECCV), 570–586.
Zhao, J.; Liu, X.; Zhao, J.; Yuan, Y.; Kong, Q.; Plumbley,
M. D.; and Wang, W. 2024a. Universal sound separation
with self-supervised audio masked autoencoder. In 2024
32nd European Signal Processing Conference (EUSIPCO),
1–5. IEEE.
Zhao, S.; Ma, Y.; Ni, C.; Zhang, C.; Wang, H.; Nguyen,
T. H.; Zhou, K.; Yip, J. Q.; Ng, D.; and Ma, B. 2024b. Moss-
former2: Combining transformer and rnn-free recurrent net-
work for enhanced time-domain monaural speech separa-
tion. In ICASSP 2024-2024 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP),
10356–10360. IEEE.

33484


