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On Training Speech Separation Models With Various
Numbers of Speakers

Hyeonseung Kim

Abstract—Many monaural speech separation models assume
that the exact number of speakers is known in advance, which is not
applicable to many real-world scenarios. To deal with an unknown
number of speakers, previous approaches either iteratively sepa-
rate one speech at a time, or employ a more relaxed assumption
that the maximum number of speakers is known a priori and set
the number of outputs accordingly. When the number of speakers
in the mixture is smaller than the number of outputs in the latter
case, the extra outputs that are not mapped onto signals in the input
mixture are trained to produce predefined target signals such as
the silence or the input mixture. In this letter, we propose to ignore
the extra outputs in training instead of evaluating the cost with a
certain target for separation models with a fixed number of output
channels. We also introduce a method to select valid output signals.
Experimental results showed that assigning any type of predefined
targets degraded separation performance compared with ignoring
the extra outputs.

Index Terms—Speaker counting, speech separation, unknown
number of speakers.

I. INTRODUCTION

PEECH separation is the task to separate individual
speeches from a mixture. Compared to other source sep-
aration problems, speech separation has been considered to
be difficult because the signals to be separated have similar
characteristics, especially when the speakers are not known in
advance [1], [2], [3], [4], [5]. However, recent advances in deep
learning have dramatically improved speech separation for the
open-speaker condition under an environment without noise and
reverberation [6], [7], [8], [9], [10], [11], [12], [13], [14], [15].
With the success in this limited setting, many studies have been
proposed to separate speeches in more realistic environments
such as under noisy and reverberant conditions [16], [17], [18],
[19], [20], [21], with an unknown number of speakers [22], [23],
[24], [25], [26], [27], [28], [29], or from a continuous audio
stream [31], [32], [33], [34].
One strategy to separate the unknown number of speeches
is to extract one speech at a time from the input or residual
mixture [22], [23], [24], [25], [28]. The extraction stops when
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the residual mixture does not contain any speech signal or after
a certain number of iterations given by the speaker counting.
However, computational delay of this iterative separation in-
creases linearly as the number of speakers increases and the
quality of the signals extracted later may not be as good as those
extracted earlier [25]. An alternative strategy is to select a suit-
able model among multiple models trained assuming different
numbers of speakers [26]. At first, the input mixture is separated
with the model for the assumed largest number of speakers. If
one of the separated outputs has too low power, the input is
processed with the model with one less number of speakers.
This method requires longer process time for smaller number
of speakers and the model size increases with a maximum
number of speakers as it requires a model for each number of
speakers.

Another strategy is to set the number of output channels
of the separation network as many as the expected maximum
number of speakers and determine if each output is valid after
separation [9], [27], [28], [29], [30]. When an input mixture
contains fewer speakers than the assumed maximum number of
speakers, some of the outputs would be regarded as separated
speeches, while the rest of the outputs which we call invalid
outputs are discarded. To train models using training data with
various numbers of speakers, previous approaches [9], [27],
[28], [29], [30] assigned certain target signals to the invalid
outputs. In [9], [28], [29], [30], silent signals were used as the
targets for the invalid outputs in training, and the valid outputs
were identified in the separation phase by comparing the power
of each output with a predetermined threshold. Although this
approach was simple and effective, the adoption of a silent
target signal restricts the use of losses such as the scale-invariant
signal-to-noise ratio (SI-SNR) [37], and the fixed threshold may
make it difficult to deal with the variability in the input speech
power [27]. To overcome these weaknesses, the input mixture
was used as the target in [27]. However, guiding the invalid
outputs to become similar to the input mixture may hinder
finding better valid outputs.

In this letter, we propose to ignore the extra outputs in training
instead of evaluating any type of cost with a specific target
for models with a fixed number of output channels. We also
propose an algorithm to identify valid output signals when the
extra outputs are not guided to have a specific form. We have
also tested another approach to assign one of the individual
speeches that is closest to the output as the target for each invalid
channel. We applied these strategies and those in [27], [28], [29],
and [30] to the speech separation system based on the Dual-Path
RNN (DPRNN) [14] to evaluate the separation performances.
Experimental results showed that the proposed strategy to ignore
the invalid outputs in training outperformed other approaches in
terms of the SI-SNR.

1070-9908 © 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Kwangju Institute of Science and Technology. Downloaded on September 12,2023 at 06:39:27 UTC from |IEEE Xplore. Restrictions apply.


https://orcid.org/0009-0003-0366-4611
https://orcid.org/0000-0002-8910-0264
mailto:kimhs355@gm.gist.ac.kr
mailto:jwshin@gist.ac.kr

KIM AND SHIN: ON TRAINING SPEECH SEPARATION MODELS WITH VARIOUS NUMBERS OF SPEAKERS

II. CONVENTIONAL TARGET ASSIGNMENT STRATEGIES FOR
THE INVALID OUTPUTS OF SEPARATION MODELS

Most of separation networks using learnable encoder-decoder
structures have a fixed number of output channels. Therefore,
when the number of speakers in the mixture is smaller than the
number of channels in the model, it is not straightforward to
assign target signals in training to the output channels that are
not mapped onto one of the mixed signals. We introduce some
recently proposed methods to configure target signals for invalid
outputs in this section and propose alternative approaches in
Section III.

A. Silent Target for Invalid Outputs

In [28], two methods to separate various numbers of speakers
were proposed. One is to separate one source at a time and the
other is to separate multiple sources simultaneously. For the
latter one, a silent signal is used as the target for each extra
output channel which is not mapped to one of the signals in the
input mixture. Specifically, when there are C' output channels but
only M signals are present in the input mixture, the permutation
invariant training (PIT) [9] is applied with M valid targets and
(C — M) silent target signals. The negative SI-SNR [37] loss is
defined as

S
—_—, (D
sl

where s is the time domain signal vector, § is the estimate of it,
and ~y is the optimal scaling factor. Although it is widely used
as a loss function for speech separation task, it cannot be used
with silent target signals since the scaling factory = (s, 8)/||s||3
cannot be defined on them. Instead, [28] proposed T-L1PMSE
loss, which is the logarithm of one plus mean squared error in
the time domain defined as

£7(s,8) = 101ogg (1+[1s = 8[3). )

The loss with M mixed signals and C outputs then becomes
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where s,,, and §,,, are the m-th valid target and corresponding
estimated signals found by the PIT, §,, is the output signal that
is not chosen by the PIT, and 0 is a zero vector.

In [29], the silence signal was also used as a target for invalid
outputs with another loss function, which is the soft-thresholded
SNR loss given by

M c
ﬁtSNR = é <Z EaCt(Snuém) + Z [’O(Xvén)> ) (4)
m=1
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in which
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and x is the input mixture signal.

Because using different losses for different outputs can be
unstable, the source-aggregated source-to-distortion ratio (SA-
SDR) loss was proposed in [30]. Instead of averaging losses for
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all sources, SA-SDR sums up the energies for the targets and
distortion, which results in
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B. Mixture Target for Invalid Outputs

Since the negative SI-SNR loss cannot be adopted and it is
tricky to set the power threshold when silent signals are used
as the targets for invalid outputs, the input mixture signal was
used as the targets for invalid outputs in [27]. The authors called
the loss for the invalid outputs the auxiliary autoencoding loss
as the input and the target are the same. Since reproducing the
input mixture is a relatively easy task compared with separating
individual sources, the loss for the invalid outputs may dominate
the final loss function if the negative SI-SNR loss is applied to
all outputs. Therefore, the negative a-skewed SI-SNR loss was
used as the auxiliary autoencoding loss [27], which is defined as

c(s,8)’

—_— 8
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in which c(a,b) = (a-b)/(]|a]|||b||) is the cosine similarity
between a and b and « is a perturbation factor which was set to
0.3 in [27] and our experiments. The loss function becomes

1 (Y Z
o (Z Bmsn)+ > L‘“‘S<x,én>>. ©)
m=1

n=M+1

L£5(s,8) = —101logy, (

III. PROPOSED STRATEGIES FOR THE INVALID OUTPUTS OF
SEPARATION MODELS

A. Ignoring Losses for Invalid Outputs

At the inference phase, the outputs that are decided to be
invalid will be disregarded eventually. As we are not interested
in the invalid output signals, enforcing them to be similar to
specific target signals may disrupt speech separation rather
than regularizing it. In this regard, we propose to compute the
loss function in training with only M outputs that matches the
individual target signals best, which we call Choose the Best and
Ignore the Rest (CBIR) strategy. The loss function is therefore
just the average of losses for the valid outputs:

M
CBIR _ 1 S 5
L = g L(Sm,Sm)-

m=1

(10)

B. Best Matched Targets for Invalid Outputs

Unlike two previous approaches introduced in Section II, the
proposed CBIR strategy does not constrain the invalid outputs.
However, since the output channels invalid for the current input
are valid output channels for other input signals including mix-
tures of C' signals, the invalid output signal may be speech-like.
We observe that each invalid output signal for the CBIR strategy
resembles one of the speeches in the mixture. Based on this
observation, we propose another strategy to assign one of the
speech signals closest to the given output as a target even for the
invalid outputs, which we call the best matching target (BMT)
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strategy. The loss function for this strategy is defined as

M C
ﬁBMT = % (Z LS(SMaéM) + Z ‘CS(Snaén)> ? (11)
m=1

n=M+1

where s,, is one of the individual speech signals in the mixture
which minimizes loss for the invalid output §,,.

C. Identifying Valid Output Channels

In the inference phase, the validity of each output channel
should be identified. In the method with a silent target for invalid
outputs introduced in Section II-A, the power of the output signal
is used to determine the validity of the signal, while the SI-
SNR between the mixture input and the given output is used
to discriminate valid channels from invalid ones in the method
with a mixture target explained in Section II-B. In contrast to
these approaches which utilize the specific targets for the invalid
outputs to check validity of each output signal, it is not clear how
to identify the channel validity for the CBIR strategy. We have
observed that each invalid output signal for the CBIR method
resembled one of the signals in the mixture, possibly because
an invalid output channel for the current input becomes a valid
output channel for other input mixtures and thus was trained to
produce speech-like signals. As for the BMT strategy, the invalid
output signals are forced to become similar to one of the signals
in the mixture. Therefore, we can identify valid output channels
based on the similarity among output signals for both the CBIR
and the BMT strategies.

The procedure to determine the number of speakers in the
output mixture and the validity of output signals for the CBIR
and the BMT methods are as follows. First, we determine if only
one speaker is active by checking whether the magnitude of the
cosine similarity between the input and the output is higher than
a threshold 7; for all output signals. Once the input turns out to
be a mixture of multiple speeches, we initially assume all output
channels are active and evaluate the absolute values of the cosine
similarities for all pairs of output signals. At each stage with k
remained output signals, we decide the input contains & speakers
if the maximum of cosine similarities between the remained
signals is less than a threshold 7;_;. If not, one of the output
signals that produce the maximum absolute cosine similarity
is classified as an invalid output and the cosine similarities
related to that output are removed. Between the two most similar
signals, we discard the output channel which was less frequently
selected as a valid output for the validation set to select the
output channel that is more likely to produce well-separated
sources for the unseen samples. This procedure is repeated until
the maximum similarity is less than the threshold or k£ becomes
2. The thresholds 7);, were determined using the validation set.
This method also worked for noisy mixtures to an extent.

IV. EXPERIMENTS

A. Experimental Configurations

Although WSJ0-2mix and 3mix datasets [6] have been widely
used for the training and evaluation of speech separation model,
some utterances have preceding silence, which makes some of
the trimmed target signals silent signals. These silent target
signals may disrupt the comparison of the target assignment
strategies and source counting methods. In this regard, we made a
fully overlapped version of WSJ0-2mix, 3mix, and 4mix datasets

IEEE SIGNAL PROCESSING LETTERS, VOL. 30, 2023

TABLE I
THE SI-SNRI (DB) SCORES FOR VARIOUS TRAINING STRATEGIES ON THE
FULLY OVERLAPPED VERSION OF WSJO-MIX. THE PERFORMANCES ON THE
ORIGINAL WSJO-MIX ARE SHOWN IN PARENTHESES

Training H 2 speakers 3 speakers 4 speakers
Matched 17.39 (17.72)  14.64 (14.91) 12.42
A2PIT [27] 16.57 (16.85)  14.93 (15.10) 12.72
IPMSE [28] 16.51 (16.81)  14.96 (15.14) 12.65
Silence tSNR [29] 16.58 (16.93)  14.95 (15.22) 12.66
SA-SDR [30] 16.92 (17.21)  15.01 (15.17) 12.52
BMT 16.89 (17.16)  14.98 (15.23) 12.80
CBIR 17.09 (17.42)  15.30 (15.53) 13.08

by removing the silent regions at the beginning and the end of the
source signals to train and test our implemented models. Like
the original dataset, the fully overlapped version of the dataset
used si_tr_s subset of WSJO corpus to construct the training
and validation sets and si_dt_05 and si_et_05 to form
the test dataset. The relative SNRs for 2 and 3mix datasets were
also set in the same way as the original dataset. When producing
4mix data, the levels of the first two signals were adjusted by
+r and —r dB in which r was a random number between 0 and
2.5. Those for the rest of two signals were modified by +k + 7/
and +k — 7/ dB in which k and r’ were randomly chosen in
ranges [—2.5,2.5] and [0, 2.5-|k|], respectively. For training, we
generated 20,000 mixture samples for each number of speakers
with the length of 4 s every epoch to increase the diversity in
the training data. The validation and test sets consist of 5,000
and 3,000 mixture samples, respectively. The sampling rate was
8 kHz.

We used the DPRNN [14] with 4 outputs as a backbone
model to compare target assignment strategies to deal with
various number of speakers. For the encoder and decoder, we
set the window length and stride as 16 (2 ms) and 8 (1 ms),
respectively, and the encoded feature dimension was 64. The
chunk size for dual-path modeling was set to 90 frames. All the
other parameters such as the bottleneck dimension, the number
of DPRNN blocks, and the number of hidden units in each
BLSTM layer were configured to be the same as those in [14].
The systems with 2, 3, and 4 outputs trained and tested with
matched numbers of speakers were also prepared as performance
benchmarks. We used Adam optimizer with initial learning rate
to 0.001 and applied the cosine annealing with warm restart
scheduler [40] implemented in Pytorch [41] where the number
of epochs till the first restart was 4 and the number of epochs
between each restart was increased by a factor of 2. The training
stopped before the Sth restart, resulting in a total of 124 epochs.

B. Experimental Results

To assess the speech separation performance when the esti-

mated number of speakers M may not be the same as the true
number of speakers M, we have evaluated penalized-SI-SNRi
(P-SI-SNRIi) proposed in [35], given by

P-SI-SNRi =

SO GL ORI (8, 80 ) -+ | M — M [P

m=1
max(M, M)
(12)
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TABLE II
SPEAKER COUNTING ACCURACIES AND PENALIZED SI-SNRI SCORES. THE ROW INDICES REPRESENT THE ACTUAL NUMBER OF SPEAKERS AND THE COLUMN
INDICES DENOTE THE ESTIMATED NUMBER OF SPEAKERS

1 2 3 4 P-SI-SNRi (dB) 1 2 3 4 P-SI-SNRi (dB)
1 100 0 0 0 - 1 99.79  0.22 0 0 -
2 030 9830 140 0 16.28 2 0 99.90  0.10 0 16.91
3 0 0 98.33 1.67 14.75 3 0 0.07 9950  0.43 14.96
4 0 0 0.37  99.63 12.70 4 0 0 1.07 9893 12.49
Average 99.07 14.58 Average 99.53 14.79
(a) A2PIT [27] (b) SA-SDR [30]
1 2 3 4 P-SI-SNRi (dB) 1 2 3 4 P-SI-SNRi (dB)
1 99.41  0.59 0 0 - 1 99.89  0.05 0 0.05 -
2 0.07  99.83  0.10 0 16.85 2 0.03 9970  0.13 0.13 16.83
3 0 0.10  99.10  0.80 14.89 3 0 0.13 9777  2.10 14.98
4 0 0 0.63  99.37 12.77 4 0 0 2.80  97.20 12.85
Average 99.43 14.84 Average 98.64 14.89
(c) BMT (d) CBIR

where P, was set as —30 dB, and §,,, and §,,, are separated
signals which is determined as valid by the thresholding al-
gorithm and corresponding target signals found by the PIT,
respectively. P-SI-SNRIi is the same as the SI-SNRi when the
number of speakers and valid channels are correctly identified,
and penalizes each counting error by Pres.

Firstly, we have compared the speech separation performance
for various target assignment strategies, selecting the M output
channels that produced the best performance to exclude the
effect of the source counting and channel validity estimation.
The P-SI-SNRI scores, which are the same as SI-SNRi scores in
this experiment, are summarized in Table I. The performances
for models trained and tested with a single number of speakers
(Matched) are also presented for performance benchmarks. The
performance with the original WSJO-2mix and -3mix datasets
are provided in the parentheses to make the comparison with
other papers easier. Existing target assignment strategies did not
show significant differences in separation performance. Though
the SA-SDR [30] method showed the second best performance
for 2- and 3-mix data, it had the lowest performance for the 4-mix
data. The proposed BMT method showed little difference with
SA-SDR method for 2- and 3-mix data, and second-best perfor-
mance for 4-mix data. The proposed CBIR strategy exhibited
the best performance for 2, 3, and 4 speakers with a significant
difference compared to all other training strategies. The p-values
comparing the SI-SNRi scores for the CBIR and the conven-
tional approach that exhibited the best performance, SA-SDR,
were 4.3e-4, 1.2e-9, and 2.6e-25 for 2-, 3-, and 4-mixes, respec-
tively. For the 4-mix data, p-value between CBIR and A2PIT was
4.7e-16. Therefore, we may conclude that evaluating loss only
for the output channels that matches the source speeches best
and ignoring the rest of the channels was effective in training the
networks with a fixed number of output channels. It is interesting
that the performances for 3 and 4 speakers using the networks
trained with various number of speakers were better than those
for the models trained with a matched number of speakers. It may
be because the fully overlapped version of the 3 or 4 mixtures
also has intervals with less number of speakers corresponding
to the speech pauses of one or more speakers. Another possible
reason would be the training with simpler mixtures might help
the training of more complex mixtures.

Next, we have evaluated the speaker counting accuracies and
the the separation performance using the thresholding method.
The results of speaker counting and corresponding P-SI-SNRi

scores are given in Table II. We only report the performance of
SA-SDR loss for the silence target methods, as it showed the best
overall separation performance among them. For each sub-table,
the row indices represent the actual numbers of speakers and
the column indices denote the predicted ones. Although models
were trained only with 2-, 3-, and 4-mix data, it was possible to
classify a single speech as observed in [28]. The proposed CBIR
method showed slightly lower counting accuracy compared to
existing methods, possibly because there were no proper way
to discriminate the valid and invalid channel. Nevertheless, the
average P-SI-SNRi scores of the CBIR method is higher than
existing two methods, indicating that separation performance is
good enough to compensate for the penalty of mis-counting.

V. CONCLUSION

In this letter, we have proposed a strategy to ignore the invalid
output signals when computing the loss function to train the
separation network, which we call Choose the Best and Ignore
the Rest (CBIR) strategy and a method to assign one of the target
signals that matches the given output best, which is called Best
Matching Target (BMT) strategy. Experimental results showed
that the proposed CBIR and BMT methods outperformed con-
ventional strategies to assign mixture or silent signals as targets
for invalid output channels in terms of separation performance.
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