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Abstract
Speaker-independent speech separation for single-channel mix-
tures with an unknown number of multiple speakers in the
waveform domain is considered in this paper. To deal with
the unknown number of sources, we incorporate an encoder-
decoder attractor (EDA) module into a speech separation net-
work. The neural network architecture consists of a trainable
encoder-decoder pair and a masking network. The mask net-
work in the proposed approach is inspired by the transformer-
based SepFormer separation system. It contains a dual-path
block and a triple path block, each block modeling both short-
time and long-time dependencies in the signal. The EDA mod-
ule first summarises the dual-path block output using an LSTM
encoder and generates one attractor vector per speaker in the
mixture using an LSTM decoder. The attractors are combined
with the dual-path block output to generate speaker channels,
which are processed jointly by the triple-path block to predict
the mask. Further, a linear-sigmoid layer, with attractors as the
input, predicts a binary output to indicate a stopping criterion
for attractor generation. The proposed approach is evaluated
on the WSJ0-mix dataset with mixtures of up to five speak-
ers. State-of-the-art results are obtained in the speech separation
quality and speaker counting for all the mixtures.
Index Terms: source separation, speaker counting, attractors,
transformers

1. Introduction
Single-channel speech separation, the task of estimating indi-
vidual speech source signals from a single-channel mixture sig-
nal, is of interest for different speech technologies such as au-
tomatic speech recognition of real-world multi-speaker conver-
sations, speech communication, speech archival, and indexing.
The task is considered challenging because of the statistical
similarities between the speech from different speakers and fur-
thermore difficult when the number of speakers in the recording
is not known a-priori.

Traditional approaches used non-negative matrix factoriza-
tion [1, 2], computational auditory scene analysis [3, 4], and
eigenvoice speaker modeling [5], etc. With the advent of deep
learning, supervised approaches have gained significant inter-
est. Early approaches involved learning to separate using time-
frequency domain masking [6,7]. A time-domain approach was
proposed in [8, 9], in which a trainable encoder is used to con-
vert the time-domain signal into a time-feature (TF) domain, the
separating source masks are estimated in the TF domain, and a
trainable decoder then reconstructs the separated signals. The
approach is extended using recurrent networks, short-time and
long-time processing for efficient long-sequence modeling in
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Figure 1: Block diagram of the overall separation scheme.

dual-path RNN (DPRNN) [10]. Several successful approaches
employed the dual-path approach for source separation [11–14].
In SepFormer [14], the RNN layers in DPRNN were replaced
with more efficient transformer layers and achieved state-of-
the-art (SOTA) performance. The above approaches do not rely
on any speaker/source representation. In contrast, source rep-
resentations are obtained first, augmented with input, and then
fed to a convolutional separation stack in [15]. In [9–15], the
number of speakers in the mixture is assumed to be known and
fixed, which may not hold in practice for real-world mixtures.

Speech separation for an unknown number of sources is
also explored in the literature [16–18]. Using a one-and-rest
permutation invariant training, a recursive source separation
scheme has been proposed in [16]. In [17], a separate model
was trained for every possible number of speakers. An activ-
ity detector on the model outputs is then employed to decide
the number of speakers. Finally, the model output with the
highest number of speakers is used as the output. Recently, a
multi-decoder approach was proposed in [18] in which different
decoders were trained corresponding to a different number of
speakers with a shared encoder. The encoder output is also fed
to a speaker-count head, which estimates the number of speak-
ers. The decoder head corresponding to the estimated number
of speakers is used during inference. The aforementioned ar-
chitectures use multiple models [17], multiple decoders [18] or
multiple forward passes through the network [16]. Instead, this
paper proposes a single architecture for the source separation of
an unknown number of sources.

The proposed architecture is inspired by the SepFormer
[14] and uses LSTM encoder-decoder-based attractor calcula-
tion method proposed in [19] to deal with the unknown number
of speakers. We show that SOTA performance is obtained on
all the WSJ0-mix datasets with two-five speakers in the record-
ing, using a network that is half the size of the current SOTA on
WSJ0-mix for source separation.

2. Proposed Approach
Let x denote a single-channel mixture of signals S =
{s1, s2, . . . , sJ} from J number of speech sources. The goal
in the present work is to obtain an estimate (Ŝ) of the set of
source signals (S) and the number of sources (J) given the
mixture signal x. To achieve this goal, we consider a super-
vised learning approach in which a neural network is trained to
learn a mapping between the mixture signal and the unknown
number of source signals.
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Figure 2: Block diagram of the masking network. The dimensions of the tensors at different stages of processing are indicated below
the blocks.
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2.1. Overview

We consider the encoder, masking network, and the decoder
framework shown in Fig. 1. The waveform encoder con-
verts the raw mixture speech of length L samples into a non-
negative, sub-sampled, time-feature representation of dimen-
sion H with N time frames. The masking network predicts
a non-negative mask for each source in the mixture, which is
multiplied element-wise with the encoder output and fed to the
waveform decoder to compute the individual source signals.
Unlike many traditional approaches, which assume the num-
ber of sources J to be known in advance, the masking network
in the present approach estimates the number of sources in the
mixture. Individual components of the proposed architecture
are described in the following sections.

2.2. Waveform Encoder-Decoder

The waveform encoder is composed using a 1-D convolution
layer with rectified linear unit (ReLU) activation. The encoder
takes L input samples (x ∈ RL) and generates a time-feature
(TF) representation (X ∈ RN×H

+ ). The convolution layer uses
H = 256 filters of kernel size 16× 1 and a stride of 8 samples.

The waveform decoder is a transposed-convolution layer,
symmetric to the encoder, i.e., with the same number of filters,
kernel size, and stride parameters as the encoder. Waveform
decoder takes the masked TF representations (X̂j ∈ RN×H

+ ) as
input and computes the separated sources {ŝj ∈ RL, ∀j}.

2.3. Masking Network

The masking network, shown in Fig. 2, is inspired by the Sep-
Former [14] architecture but differs from SepFormer in the at-
tractor calculation and the subsequent triple-path processing.

Input processing: The input TF representation X is first
passed through a layer-norm layer followed by a linear layer
without bias, and segmented into overlapping (50% overlap)
chunks of size K = 250. The 3D output of the chunking stage
U, of C chunks, is then input to the dual-path block.

Dual-path block: The dual-path block in the proposed
work (Fig.3) is identical to the SepFormer block defined in [14].
It comprises of an intra-chunk transformer block and an inter-
chunk transformer block with an appropriate permutation of the
input tensors, as shown in Fig. 3. The intra-chunk block mod-
els the short-time relationships, whereas the inter-chunk block
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Figure 4: Transformer block.
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Figure 5: Sequence aggregation scheme.

models the long-time relationships in the input. Both intra- and
inter-chunk blocks consist of a stack of transformer layers as
shown in Fig. 4. The transformer encoder uses the dot-product
self-attention [20]. In the present work, we use 4 transformer
layers in the intra-chunk block and 2 transformer layers in the
inter-chunk block. The output V of the dual-path block is then
fed to the attractor generation block shown in the lower section
of Fig. 2

Attractor generation using EDA: The attractor genera-
tion block first computes an aggregate representation (W) for
all chunks, which is then fed to the EDA block to generate the
attractors. For intra-chunk sequence aggregation, we consider
the weighted averaging scheme shown in Fig. 5. The aggre-
gated representation W is a concatenation of r = 4 different
weighted combinations of a lower-dimensional projection of the
input V using learnable weights, as shown in the top section of
Fig. 5. The weights are learned in H ′ = 2H dimensional space.
This approach allows to learn to represent the time regions with
different dominant speakers in different sub-spaces.

The operation of the EDA module is shown in Fig. 6 and is
similar to the approach described in [19]. The input to the EDA
is fed to a uni-directional LSTM [21] encoder with H units. The
state of the LSTM encoder ce,−1 is initialized with a vector of
zeros. The attractors are required to represent the speakers in
the recording, and they need not model the time sequence of
chunks. To promote learning the speaker characteristics, the in-
put is shuffled randomly along the chunk-index dimension dur-
ing training. The encoder state at the last input step Ce,C is
considered as the recording level summary vector and used as
the initial state of the LSTM decoder cd,−1. The decoder takes
zero vectors as input and generates the attractors at the output.

A total of (J + 1) number of attractors are generated for a
recording with J number of sources. During training, J is as-
sumed to be known and the (J+1) attractors are fed to a linear-
sigmoid layer which is trained to predict a J length sequence of

5394



Shuffle

LSTM 
Encoder

C x H

LSTM 
Decoder1 x H

…

0 0 0

(J+1) x H…

Attractors

C x H

0
Ce,C

𝐖

0

𝐀

Figure 6: Encoder-decoder attractor (EDA).

Algorithm 1 EDA processing during inference

Input: Sequence Aggregation output W
∼, ce,C = LSTM encoder(W,0)
Attractor matrix A = [ ]
j = 0
aj , cd,j = LSTM decoder(0, ce,C)
while Linear-Sigmoid(aj) ≥ 0.5 do

A = Concatenation(A,aj)
j ← j + 1
aj , cd,j = LSTM decoder(0, cd,j−1)

end while
J = length(A)
return A, J

1s followed by a 0. During inference, the linear-sigmoid layer
output is used to infer J as described in Algorithm 1. The first J
attractors (A) corresponding to the sources are combined with
the dual-path block output (V) by element-wise multiplication
to generate J channel 4D output (Y). Y is then input to the
triple-path block shown in Fig. 7.

Triple-Path Block: The triple-path block extends the dual-
path block (Fig. 3) with an additional inter-channel transformer
block, as shown in Fig. 7. The inter-channel block models
the relationships across the channels at all time steps. In the
triple-path block, the channel dimension is treated the same as
the batch dimension to apply the intra-chunk and inter-chunk
transformer blocks. In contrast, the chunk and time dimensions
are collapsed to the batch dimension to apply the inter-channel
transformer block. We use a stack of 2 transformer layers in the
inter-channel transformer block.

Mask prediction: The triple-path block output Z is passed
through a pReLU layer before conducting the overlap-add
(OVA) operation. The OVA output is then passed through a
gated output layer comprising two linear layers and is fed to a
linear layer with ReLU activation at the output to generate the
final masks mj , j ∈ {1, 2, . . . , J}. The output processing after
the pReLU layer is similar to the SepFormer [14].

2.4. Loss Function

The loss function used is the sum of the source separation loss
(Lsep) and the speaker counting loss (Lspk), i.e.,

L = Lsep + Lspk. (1)

For Lsep, we use the negative of the scale-invariant signal-to-
noise ratio (SI-SNR) loss, computed with optimal permutation
of targets and their estimates, which has been used successfully
for source separation [10, 14]. For a signal s and its estimate ŝ,
the SI-SNR is computed as

SI-SNR = 10 log10
∥s∗∥2
∥s∗ − ŝ∥2 dB, (2)
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Figure 7: Triple-path block.

where s∗ = <ŝ,s>
<s,s>

s is the scaled reference signal. The speaker
counting head has binary outputs and hence the binary cross-
entropy loss is used as Lspkr .

3. Experiments
3.1. Dataset
We use the WSJ0-mix dataset [22] for the experimentation
in this paper, which is also the most commonly used dataset
for speaker-independent single-channel source separation [10,
14, 22]. The dataset defines simulated speech mixtures com-
posed using the clean speech signals from the WSJ dataset [23].
The set WSJ0-Jmix contains speech mixtures with J speakers,
where J ∈ {2, 3, 4, 5}. The speaker signals are mixed with dif-
ferent relative levels chosen randomly in the range [0 − 5] dB.
The dataset comprises of 20K training examples, 5K validation
examples, and 3K test examples for each of the 2 − 5 speaker
mixture subsets. The training and test sets are composed using
different sets of speakers. We consider the fs = 8 kHz sam-
pling rate version of the dataset for the experimentation.

3.2. Training Details
We trained the proposed architecture in three different ways:

• SepEDA2: architecture trained on the two-speaker mix-
tures (WSJ0-2mix) alone. In this case, the speaker count-
ing part of the network does not learn to count the speak-
ers since the number of speakers is fixed for all train-
ing examples. However, the two attractors generated
by EDA can still capture the speaker information at the
recording level.

• SepEDA[2−5]: architecture initialized with the trained
SepEDA2 model and fine-tuned using all the WSJ0-mix
data, i.e., all sets with 2 − 5 speakers in the mixtures.
The total number of training examples per epoch in this
scenario is 80K.

• SepEDA2/3: architecture trained on both the WSJ0-
2mix and WSJ0-3mix datasets, i.e., 40K training exam-
ples per epoch.

We trained the models using the SpeechBrain [24] platform.
We used the Adam optimizer [25] with an initial learning rate
of 1.5 × 10−4 and a batch size of 1. The learning rate was
kept fixed for the first 85 epochs and halved later if the valida-
tion SI-SNR did not decrease for two consecutive epochs. For
the fine-tuning in SepEDA[2−5], the initial learning rate was
chosen as 1.5 × 10−5 and kept fixed for the first 10 epochs.
A threshold of −30 dB was applied to the SI-SNR loss and
the norm of the gradients was clipped to 5 during training.
Time-domain 3-way speed perturbation [26] with a factor of
5% was also applied to the training examples. The SepEDA2

and SepEDA2/3 models were trained for 200 epochs and the
SepEDA[2−5] model was trained for 50 epochs. The weights
at the epoch corresponding to the best validation performance
were used for the final evaluation. Illustrative audio examples
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Table 1: Results for the WSJ0-2mix dataset.

Architecture #Parameters SI-SNRi SDRi

Dual-Path RNN [10] 2.6M 18.8 19.0
SepFormer [14] 26M 20.4 20.5
Wavesplit [15] 29M 21.0 21.2
SepEDA2 12.5M 21.2 21.4

are available at https://www.audiolabs-erlangen.
de/resources/2022-Interspeech-BSS-EDA

3.3. Performance Measures
We study the source separation performance using the SI-
SNR improvement (SI-SNRi) and the source-to-distortion ratio
(SDR) [27] improvement (SDRi) measures. We consider two
cases, (i) the number of sources is known, and (ii) the number of
sources is estimated. In the latter scenario, the estimated num-
ber of sources need not match the ground truth. When the num-
ber of sources is over-estimated, the subset of estimated sources
matching best with the target sources are used for the perfor-
mance measure computation. When the number of sources is
under-estimated, a silence signal (i.e., an all-zeros signal) is
used as the estimate for the sources not estimated.

3.4. Results
First, we studied the results on the WSJ0-2mix, for the
SepEDA2 model. Table 1 shows the source separation results
compared with three different approaches in the literature. For
fairness, we show the performance without the dynamic mix-
ing data augmentation for all the approaches. SI-SNRi obtained
is better than the current SOTA for the SepEDA2 model. We
note that the proposed architecture differs from the SepFormer
only in the attractor generation and the triple-path processing.
The attractors can be interpreted as global recording-level rep-
resentations of speakers in the recording, which help in condi-
tioning the subsequent blocks to separate the sources. The J
channels of the triple-path block input can be interpreted as J
source channels and the inter-channel block resolves the source
permutations across these J channels in different chunks, i.e.,
it solves the problem of a given speaker appearing at different
output channels in different chunks. Overall, the proposed mod-
ifications improve the performance over the SepFormer with a
smaller size architecture.

Next, we show the performance of the SepEDA[2−5] model,
evaluated on the 2-5 mixture sets of WSJ0-mix dataset. Table 2
shows the performance comparison, in terms of SI-SNRi. We
see that the proposed approach outperforms the RecursiveSS
[16] and MulCAT [17] approaches in both the evaluations with
known and estimated number of sources. The degradation when
the number of sources is estimated is less for the 2− 4 speaker
mixtures. The source counting results are shown in Table 3. The
source counting accuracy is found to be more than 90% with the
proposed approach.

More often, practical conversations have no more than 3
concurrent speakers. To study this case, we considered the
SepEDA2/3 model. Table 4 shows the results obtained for
the WSJ0-2mix and WSJ0-3mix test sets. The performance of
SepEDA2/3 is better than SepEDA2 on the WSJ0-2mix, shown
in Table 1. For comparison, we also show the results for Sep-
Former [14] and Wavesplit [15] architectures, which are trained
separately on WSJ0-2mix and WSJ0-3mix datasets, and the
number of speakers is known during evaluation. SepEDA2/3

model has significantly better SI-SNRi than the current SOTA.

Table 2: SI-SNRi (dB) performance comparison of three net-
works trained on WSJ0-mix. (’∗’ denotes the evaluation sce-
nario with known number of sources)

2 3 4 5

Recursive SS∗ [16] 14.8 12.6 10.2 -
MulCAT∗ [17] 20.1 16.9 12.9 10.6
MulCAT [17] 18.6 14.6 11.5 10.4
SepEDA∗

[2−5] 21.1 18.6 14.7 12.1
SepEDA[2−5] 21.1 18.4 14.4 11.6

Table 3: Source counting results for the SepEDA[2−5] model.

Estimated Number of Sources
Number of Sources 2 3 4 5

2 99.8% 0.2% 0 0
3 0.47% 97.0% 2.53% 0
4 0.03% 1.9% 90.17% 7.9%
5 0 0 3.13% 96.87%

Table 4: Results for the WSJ0-(2,3) mix datasets. (’∗’ denotes
the evaluation scenario with known number of sources). SDRi
is computed only for recordings with correct source number es-
timation.

Architecture #Parameters J SI-SNRi SDRi

SepFormer∗ [14] 26M 2 20.4 20.5
3 17.6 17.9

WaveSplit∗ [15] 29M 2 21.0 21.2
3 17.3 17.6

SepEDA∗
2/3 12.5M 2 21.5 21.7

3 19.9 20.1

SepEDA2/3 12.5M 2 21.5 21.7
3 19.7 20.2

The performance is better even when the number of sources is
estimated automatically. We see that the performance is also
better than SepEDA[2−5], shown in Table 2, for WSJ0-2mix and
WSJ0-3mix. The speaker counting results showed that only one
out of the 3K examples is wrongly identified as having three
speakers for the WSJ0-2mix, and 23 examples are wrongly
identified as having two speakers for the WSJ0-3mix.

4. Conclusions
In this paper, we propose a unified architecture for separating
an unknown number of speech sources, combining encoder-
decoder-based attractor calculation with dual-path transformer
processing for long sequence modeling. We trained the pro-
posed architecture on the WSJ0-mix dataset and showed that a
better separation performance is obtained for speech mixtures
with up to 5 speakers compared to the current best models for
the same task. Future work would investigate the model perfor-
mance on reverberant, noisy speech mixtures and long conver-
sations with partially overlapping speakers.
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