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Monaural Speech Separation Using Speaker
Embedding From Preliminary Separation
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Abstract—In speech separation, the identities of the speakers
may be an important cue to discriminate speeches in the mixture
and separate them better. A few recent researches used the speaker
embedding as an additional information, but they often require
prior information about the target speaker or used noisy speaker
embedding extracted from the mixture signal. In this article, we
propose monaural speech separation that utilizes the speaker em-
bedding in the later separator blocks, which is extracted from
the intermediate separated results obtained by the early stages
of the separator network. The later blocks in the separator net-
works consisting of repeated blocks such as the fully-convolutional
time-domain audio separation network (Conv-TasNet) or the suc-
cessive downsampling and resampling of multi-resolution features
(SuDoRM-RF) are modified to take the speaker information as
a form of affine transformation or addition to the original input
tensor. The experimental results showed that the proposed methods
significantly improved the performances of existing separation
systems with a moderate number of additional parameters.

Index Terms—Monaural speech separation, time domain, deep
learning, speaker representation.

I. INTRODUCTION

MONAURAL source separation is a task to isolate individ-
ual source signals from the overlapped mixture obtained

by a single microphone [1]–[27]. Unlike the multi-channel
source separation or speech enhancement in which spatial cues
can be exploited [28]–[34], monaural source separation has been
a challenging task especially when the signals in the mixture
have similar characteristics as in the case of the separation
of overlapped speeches. Source separation is one of the fun-
damental tasks for a wide variety of real world applications
such as speech, emotion, and speaker recognition [35]–[44],
speech diarization [45], [46], speech enhancement [47]–[49],
and bio-signal processing [50], [51]. Since the permutation in-
variant training (PIT) [4], [35] and the deep clustering [20] have
been proposed, the deep learning-based speech separation has
gained tremendous success [6]–[11]. Specifically, the adoption
of the learnable transformation specialized to a given task [5], [6]
and the time-domain loss functions such as the scale-invariant
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signal-to-noise ratio (SISNR) [52] have shown remarkable im-
provement in the speech separation performance with a variety
of sophisticated network designs [6]–[11]. On the other hand,
the frequency-domain approaches using the complex short-time
Fourier transform (STFT) coefficients are more interpretable
and easier to combine with existing modules, and have shown
competitive performance [8].

Speakers’ identities can be important cues for speech sepa-
ration, which can be characterized by either knowledge-based
or statistical features such as pitch, formant, and i-vector [39],
or deep learning-based speaker embeddings [40]–[44]. The
speaker embedding vectors obtained by deep learning models
have shown to be very effective to classify thousands of speaker
identities [41]–[46]. Recent release of large-scale public datasets
such as VoxCeleb [53] has accelerated the data-driven researches
in speaker recognition [41]–[44] and speaker diarization [45],
[46]. The speaker embedding can be utilized for speech sepa-
ration to further improve the performance. Several approaches
have been proposed for the target speech enhancement, which
extracts the target speaker’s speech from the mixture assum-
ing that the enrollment utterances for the target speaker are
available [12]–[15]. On the other hand, [16] and [17] proposed
the speech separation using the speaker information without
enrollment. [16] extracts the speaker representations from the
mixture signal and uses it as an additional information for
speech separation. Meanwhile, [17] employs a two-stage speech
separation network that takes the separated signals in the past
and the mixture as input. The network is trained to separate the
mixed signals at the final output and at the same time to identify
the speakers from the first stage outputs for the past separated
signals. An audio-visual approach that extracts speaker repre-
sentations from the input and intermediate separation results
along with target speaker’s lip movements was also proposed
in [18]. [19] utilizes speaker identification loss for the separation
results, although speaker information is not directly used in any
part of the separator networks. These methods have successfully
shown that the adoption of speaker information for speech sepa-
ration is effective, but they often require an enrollment process to
obtain target speaker information or huge computational costs.

In this paper, we propose the speaker-conditioned speech
separation which utilizes the speaker representation extracted
from the intermediate separation result obtained at the middle
of the speech separation network. The preliminary result from
the early stage of the speech separation network would be more
suitable for the estimation of speaker identities compared with
input mixture. The blocks in the later stage are affected by
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Fig. 1. Overall structure of the speech separation system with learnable
transformation and repeated separator blocks.

the extracted speaker representation through two conditioning
methods. The first method uses the feature-wise linear modula-
tion (FiLM) [54] to modify the input of each separator block
in the later stage. The second method is to simply add the
speaker embeddings to the signal in the middle of each separator
block in the later stage as in [55] without introducing any
additional parameters for conditioning. The experimental results
on the WSJ0-2mix, WSJ0-3mix [20], [56], and LibriSpeech [57]
datasets showed that the proposed methods improved the speech
separation performances with the moderate number of additional
parameters when applied to the fully-convolutional time-domain
audio separation network (Conv-TasNet) [6] and the succes-
sive downsampling and resampling of multi-resolution features
(SuDoRM-RF) [10]. Although we have applied our approach to
two baseline models, it can be applied to any separation network
with sequential blocks.

The rest of the paper is as follows. We introduce the basic
structure of speech separation models in Section II, and the
proposed speaker-conditioned speech separation models are pre-
sented in Section III. In Section IV, experimental configurations
and the results are given, and the conclusions are made in
Section V.

II. MONAURAL SPEECH SEPARATION MODEL

Letxc ∈ RT1 and y =
∑

c xc ∈ RT1 denote the speech signal
spoken by the c-th speaker among C concurrent speakers and
mixture of them with length T1, respectively. Then, monaural
speech separation can be formulated as the estimation of xc’s
from y, i.e., to find (x̂1, . . . , x̂C) = f(y) where f is an arbi-
trary function which may be represented by neural networks.
The overall architecture of the speech separation system with
learnable transformation in which the masks are estimated by
the separator network composed of repeated blocks is depicted
in Fig. 1. Two examples that can be described with this block
diagram are the Conv-TasNet [6] and the SuDoRM-RF [10],
which have shown remarkable performance for speech separa-
tion. In this paper, we have employed these two models as the
baseline systems to apply the proposed speaker conditioning
methods, although the proposed approach can be adopted to any
separation system with sequential blocks such as [7] and [9].

A. Convolutional Encoder and Decoder

Let U ∈ RL×N be the learnable encoder basis matrix with N
kernels, and x ∈ RT2×L denote the T2 frames of the windowed
input segments with length L, each of which overlaps with the
previous frame by the overlap ratioρ. The encoder transforms the

Fig. 2. Structures of baseline separator blocks: (a) Conv-TasNet,
(b) SuDoRM-RF.

input segments to the latent space as w = HE(xU) ∈ RT2×N

where HE is the optional nonlinearity for the encoder and w
is the encoded latent representation of the mixture input. The
decoder transforms the estimated latent representations for the
separated outputs, ŵc, c = 1, . . . , C, back to the time-domain
waveforms by transposed convolutions. While the decoder for
the Conv-TasNet computes the separated signal segments x̂c as
x̂c = ŵcV ∈ RT2×L with the decoder basis matrix V ∈ RN×L

which is common for all C outputs, that for the SuDoRM-RF
utilizes the estimated latent representations for all C outputs
to reconstruct the separated signal segments for each output as
x̂c = [ŵ1, . . . , ŵC ]Vc ∈ RT2×L, where Vc ∈ R(CN)×L is the
decoder basis matrix dedicated for the source c [58]. The output
signal is then reconstructed by applying the overlap-add method
on the decoded segments.

B. Separator

The encoded representation for the mixture w is first pro-
cessed by convB,1,1 and PReLU for dimension reduction, which
results in w0 = PReLU(convB,1,1(w)) where convN,str,P

represents the convolution operation with N learnable kernel
bases of length P and stride str, and PReLU denotes the
parametric rectified linear unit [59]. w0 is then fed into the
M repeated separator blocks, which have different structures
for two baseline systems as depicted in Fig. 2. In Fig. 2,
dconvN,str,P and gLN represent the depthwise convolution with
N kernel bases of length P and stride str, and the global layer
normalization [6], respectively.

1) Conv-TasNet: The separator network in the Conv-
TasNet [6] consists of M dilated convolution blocks where the
dilation factor for the m-th block is given by 2mod (m−1,Z),
i.e., the dilation factor is reset to 1 for every Z blocks. The
structure of the separator block in the Conv-TasNet is described
in Fig. 2(a). The blocks consist of convH,1,1, PReLU, gLN,
dconvH,1,K , PReLU, gLN, followed by two separate paths with
one-by-one convolution layers. One is the residual path with
convB,1,1 which is summed with the block input to be used as
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the input for the next block. The other is the skip-connection
path with convSc,1,1. The outputs of the skip-connection path
from all blocks are summed up together to be utilized for the
masks estimation.

2) SuDoRM-RF: The separator in the SuDoRM-RF [10]
consists of M identical blocks connected sequentially. The
structure of the SuDoRM-RF separator block has a U-Net-like
architecture adopting successive temporal downsampling and
upsampling operations as described in Fig. 2(b). These down-
sampling and upsampling operations enable the SuDoRM-RF
block to extract information at multiple temporal resolutions and
increase the receptive field, instead of the dilated convolutions in
the Conv-TasNet. Before the downsampling and upsampling, the
input is processed by convH,1,1, gLN, PReLU, and dconvH,1,K .
Then, it is successively downsampled usingdconvH,2,K Q times
and updampled with a nearest neighbor temporal interpolation,
wherein skip connections are made in each temporal resolution.
The output of this U-Net-like structure is summed up with the
input and then processed by gLN, PReLU, convB,1,1, gLN, and
PReLU, before being added to the input of the block to make
the input for the next block or to be used for mask estimation in
the case of the last block.

C. Mask Estimation and Masking

After the separator blocks, the masks mc, c = 1, . . . , C are
estimated so that the representations for the separated signals are
obtained by the element-wise multiplication between the masks
mc’s and the encoded representation of the mixture w, i.e.,
ŵc = w ⊗mc. Various designs for the mask estimation may
be possible [21], but we used a simple one-by-one convolution
layer for each of C sources as in the baseline models [6], [10].
Our mask estimation stage consists of PReLU, convN,1,1, and
sigmoid activation function. In the Conv-TasNet, the outputs of
skip connection paths from all separator blocks are summed
together and used as an input to the mask estimation stage,
while the output from the last block is utilized to estimate
masks in the SuDoRM-RF. The resulting representations for C
separated signals, ŵc’s, are transformed back to the waveform
segments via the transposed convolution decoder described in
Subsection II-A.

III. SPEECH SEPARATION USING SPEAKER EMBEDDING FROM

PRELIMINARY SEPARATION

A. Overall Structure of the Proposed Method

Assuming that any prior knowledge on the speakers such as
enrollment utterances is not available, we propose to use the
speaker embedding vectors extracted from the separation results
of the X-th block of the separator network with M = X +R
sequentially connected blocks to facilitate the speech separation
in the later R blocks. The overall structure of the proposed
speaker-conditioned speech separation model is illustrated in
Fig. 3. Letwm,m = 1, . . . , X denote the output of them-th sep-
arator block, whilew0 is the input to the first separator block. The
preliminary separation results from theX-th block, x̂X

1 , . . . , x̂X
C ,

Fig. 3. Overall structure of the proposed speaker-conditioned speech separa-
tion model.

are obtained fromwX by estimating and applying masks (Mask-
ing2) and decoding the masked signals (Decoder2). Then, the
speaker embedding extraction network takes them as inputs to
produce C speaker embedding vectors ŝ1, . . . , ŝC ∈ RD. Each
of the remaining R separator blocks, denoted as “Cond. block”
in Fig. 3, processesC different latent representations in them-th
block output, wm

c , using networks with shared parameters con-
ditioned on C different speaker embedding vectors. As for the
first speaker-conditioned separator block, the same latent vector
is fed into C networks, i.e., wX

c = wX , c = 1, . . . , C. All the C
outputs of the last layer,wM

c ’s, are used for the mask estimation,
and the masked signals are fed into the decoder dedicated to each
of the C outputs as in the SuDoRM-RF. Various conditioning
methods have been proposed [22], [23], [54], among which
we have used two simple and widely-used ones to verify the
effectiveness of incorporating speaker information extracted
from the preliminary separation results into speech separation.
The detailed design for the speaker-conditioned separator blocks
are described in the next subsection.

B. Speaker-Conditioned Separator Blocks

1) Separator Blocks With Speaker Conditioning Using
Feature-Wise Linear Modulation: FiLM [54] is a general-
purpose conditioning method for neural networks and has shown
to be effective in the visual reasoning. It applies a feature-wise
affine transformation for which scale and offset parameters
are determined by conditioning variables. The structure of the
speaker-conditioned separator block using FiLM is shown in
Fig. 4. As shown in Fig. 4(a), the FiLM-based speaker condi-
tioning modifies the input to the ordinary separator block in the
Conv-TasNet or the SuDoRM-RF by applying separate affine
transformation to the input featurewm

c for which the parameters
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Fig. 4. The structure of (a) the speaker-conditioned separator block and (b)
speaker-conditioning block using FiLM.

are determined by the speaker embedding vector ŝc. Fig. 4(b)
shows the structure inside the FiLM-based speaker-conditioning
block, which consists of convU,1,1, mean and variance normal-
ization (MVN), FiLM, PReLU, convB,1,1, and residual connec-
tion, i.e.,

w̃m−1
c = wm−1

c + convB,1,1 (PReLU(
FiLM

(
MVN

(
convU,1,1

(
wm−1

c

))
; ŝc
)))

. (1)

where w̃m
c is the modified input to the m-th separator block

and U is typically set to be smaller than B. For the u-th feature
map, the FiLM operator in (1) calculates [FiLM(zm−1

c ; ŝc)]
u =

γm,u
c zm−1,u

c + βm,u
c where zm−1,u

c is the u-th feature map of
the input zm−1

c , and γm,u
c = gm,u(̂sc) and βm,u

c = hm,u(̂sc) are
the scale and offset parameters estimated by the neural networks
gm,u and hm,u from ŝc. We used a single fully-connected (FC)
layer for each of gm,u and hm,u.

2) Separator Blocks With Speaker Conditioning Using Sum-
mation: Although FiLM effectively incorporates the speaker
information into the separation process, it becomes computa-
tionally demanding and more parameters are introduced for
large R. As an alternative, we use a summation-based speaker-
conditioning method, which is similar to the positional encoding
in [55]. The structures of the speaker-conditioned separator
blocks using summation are shown in Fig. 5 for the Conv-
TasNet and the SuDoRM-RF, respectively. By setting D = H ,
the speaker embedding vector ŝc ∈ RD can be just summed
up with the signals in the middle of the separator block for
all frames, i.e., gLN(PReLU(convH,1,1(w

m
c ))) ∈ RT2×H for

Conv-TasNet and PReLU(gLN(convH,1,1(w
m
c ))) ∈ RT2×H

for SuDoRM-RF. As the separator blocks with summation-based
conditioning differ from the ordinary separator blocks only by
the summation process at the middle of the blocks, additional
parameters are not required. It is noted that the conditioning can
be applied at different scales in the SuDoRM-RF architecture
in a similar way to [23], but we have applied it before the
downsampling.

Fig. 5. The structures of the speaker-conditioned separator block using sum-
mation for (a) Conv-TasNet and, (b) SuDoRM-RF.

C. Speaker Embedding Extraction

1) Network Design: Any speaker embedding extraction net-
work can be used to provide speaker information to the later
blocks of the separator network. To prove the validity of the
proposed speaker-conditioned speech separation, we used a
simplified version of the residual network [60] used in [43]
with 4 residual blocks for the main part of the experiments.
Each of the C signals from the preliminary separation, x̂X

c ,
is processed by the network with shared parameters shown
in Fig. 6 to produce the speaker embedding vector ŝc. The
magnitudes of the STFT coefficients for x̂X

c are normalized
over the frequency axis to have zero mean and unit variance,
and processed by a 2D convolution layer followed by batch
normalization (BN) [61], rectified linear unit (ReLU) activation
and a max pooling layer, in which conva,(b1,b2),(c1,c2) represents
the 2D convolution operation with a learnable kernel bases
of size (c1, c2) and stride (b1, b2), and maxpool(b1,b2),(c1,c2)
denotes the 2D max pooling operation with size (c1, c2) and
stride (b1, b2) applied to each of the feature map. Then, it is
processed by 4 residual blocks, denoted as ResBlock(n) in
Fig. 6(a) with n = 4, 8, 16, 32. Each residual block consists of
two 2D convolution layers with the residual connection as shown
in Fig. 6(b), where all convolution layers in the network are fol-
lowed by BN and ReLU activation and the squeeze and excitation
network (SENet) [62] is added after the second BN as in [43].
The output of the last residual block is aggregated by the average
pooling for spectral aggregation and the self-attentive pooling
(SAP) [41] for temporal aggregation, followed by two FC layers.
The first FC layer produces the speaker embedding vectors,
and the second converts them into logit vectors for speaker
identification. It is noted that the second FC layer and the speaker
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Fig. 6. The structures of (a) the speaker embedding extraction network used for
the experiments with the WSJ0 dataset and (b) ResBlock(n). The dimensions in
parentheses in (a) represent the numbers of channels, frequency bins, and frames
of the output tensor, respectively.

identification loss are used only for the pre-training of the
speaker embedding extraction network and discarded afterward.
Fig. 6(a) also shows the specific dimensions of the tensors in the
implemented speaker embedding extraction network. For the
speech separation experiments on the LibriSpeech dataset [57],
we used a larger network composed of 8 residual blocks with
n = 8, 8, 16, 16, 32, 32, 64, 64 to accommodate 921 speakers in
the train-clean-360 subset of the LibriSpeech database. These
two configurations of speaker embedding extraction network
having 0.04 M and 0.22 M parameters were good enough for
the experiments in this paper, but more complicated network
architectures can be used in cases where a higher number of
speakers should be considered.

2) Speaker Embedding Augmentation: To extract more ro-
bust speaker embedding, we divided each of x̂X

1 , . . . , x̂X
C into P

equal-length and equally-spaced smaller segments and averaged
their P embedding vectors for each source. This is similar
to the techniques called the test-time augmentation (TTA) in
the speaker verification [53], which is reported to improve the
robustness of the produced speaker embedding.

IV. EXPERIMENTAL RESULTS

A. Dataset

We used the WSJ0-2mix and WSJ0-3mix datasets as in many
papers [5]–[10], [13]–[17], which was generated from the LDC
WSJ0 corpus [63] with the script in [56]. The utterances were
randomly selected from si_tr_s for the training and validation
sets, and from si_dt_05 and si_et_05 for the evaluation set. Each
utterance downsampled to 8 kHz sampling rate was normalized

using ITU-T Recommendation P. 56 [64] to have the same
active speech level, and then mixed with another utterance at
a random signal-to-noise ratio (SNR) between 0 and 5 dB. The
length of the mixture was fit to the shorter utterance among
two or three concurrent speeches. In most of the papers, the
mixed utterances for training are generated once and divided
into sequential segments of 4 s. Instead, we dynamically created
different mixtures for each epoch of the training in a similar way
to [24]–[26]. In each epoch, 4-second-long segments at arbitrary
positions from randomly selected utterances were used to form
22.2 hours of 20 000 training mixtures. 5000 mixture utterances
were generated and divided into 4-second-long segments to
form 10 hours of validation set, while 3000 utterances were
selected as the evaluation set with various lengths using the
script in [56]. Additionally, to verify the performance of the
proposed method for a larger dataset with more speakers, we
performed experiments with the LibriSpeech corpus [57], in
which the train-clean-360 subset contains utterances spoken by
921 speakers in contrast to the si_tr_s of the WSJ0 database
consisting of speeches from 101 speakers. The training, val-
idation, and evaluation sets were generated in a similar way
to those for the WSJ0 dataset. During training, 22.2 hours of
20 000 new mixtures were generated using the utterances from
the train-clean-360 subset at every epoch, and 5000 mixtures
(7 hours) of the validation set and 3000 mixtures (4.3 hours) of
the evaluation set were constructed using the sentences from the
dev-clean and test-clean subsets, respectively.

As for the speaker embedding extraction network, a 4-second-
long segment from each of 12 776 utterances in si_tr_s or each
of 104 014 utterances in train-clean-360 was utilized for every
training epoch in the experiments with the WSJ0 dataset or the
LibriSpeech corpus, respectively. We also made a list of 1500
positive (same speakers) and 1500 negative (different speakers)
trial pairs for each dataset to evaluate the speaker verification
performance of speaker embedding extraction networks.

B. Loss Functions and Performance Measure

We used the SISNR [52] improvement (SISNRi) averaged for
C sources as a performance measure for speech separation. The
SISNR for the original signal xc and the estimated signal x̂c is
defined by

SISNR (xc, x̂c) = 10log10
‖αxc‖2

‖αxc − x̂c‖2
(2)

where α = 〈xc, x̂c〉/‖xc‖2. The basic loss function to train the
speech separation network was also the negative of the average
SISNR with utterance-level PIT [4] (uPIT), which is defined as

LSISNR

(
{xc}Cc=1 , {x̂c}Cc=1

)

= min
φ∈π

(
− 1

C

C∑
c=1

SISNR
(
xφ(c), x̂c

))
(3)

where π is a set of all possible source permutation, and φ(c) is
the c-th value in a permutation φ. To ensure that the preliminary
separation results from the X-th layer, which are used to extract
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speaker embeddings, are meaningful, the final loss function L
included the SISNR losses with uPIT for both the last layer
output and the X-th layer output, i.e.,

L = LSISNR

(
{xc}Cc=1 ,

{
x̂M
c

}C
c=1

)
+ λLSISNR

(
{xc}Cc=1 ,

{
x̂X
c

}C
c=1

)
(4)

where λ is a weight for uPIT-SISNR loss for preliminary sepa-
ration. We used λ = 1 in our experiments.

For speaker embedding extraction network, we used the
normalized cosine softmax loss with additive margin (Cos-
Face) [65], which showed decent performance in speaker veri-
fication [43]. It is defined by

LCosface = − 1

E

E∑
i=1

log
eσ(cos θvi,i−m)

eσ(cos θvi,i−m) +
∑

j �=v e
σ(cos θj,i)

(5)

where σ is a fixed scale factor to prevent gradient from getting
too small, m is the cosine margin, cos θj,i is the dot product
between the i-th normalized speaker embedding ŝi and the j-th
normalized speaker vector Wj from the weight matrix W in
FC1 of Fig. 6(a), E is the number of utterances in a minibatch,
and vi is the speaker label for the i-th input utterance. To measure
the performance of the speaker embedding extraction network,
we evaluated the equal error rate (EER) for speaker verification
tasks in each dataset.

C. Implementation Details

We pre-trained the speaker embedding extraction network
for speaker identification task using CosFace loss function
mentioned in the previous subsection and fixed the model pa-
rameters afterwards. The two-dimensional input to the speaker
embedding extraction network was the magnitude spectrogram
composed of 256-point STFT coefficients which were computed
with the frame shift of 10 ms and 25-ms-long square-root Hann
window. The Adam optimizer [66] was utilized in the training
with the initial learning rate 1e−3 which decayed by 5% for every
10 epochs. The networks were trained for 500 epochs with the
batch size of 200. The trained model for the WSJ0 dataset with
0.04 M parameters showed the EER of 4.13% in the verification
task, while the model for the Librispeech with 0.22 M parameters
exhibited 6.12% of the EER.

For the speech separation network, we implemented the base-
line models, i.e., Conv-TasNet and SuDoRM-RF, using Tensor-
flow. The waveform input mixtures were directly used as inputs
after appropriate zero-padding. The separation networks were
trained for 150 epochs using Adam optimizer with the initial
learning rate 1e−3. The learning rate was reduced to half if the
cost function did not reduce for 3 consecutive epochs, and early
stopping was applied when there was no improvement over 10
consecutive epochs. We applied the gradient clipping with the
maximum L2-norm of 5. The hyperparameters and their values
used in our experiments are summarized in Table I, while the
values for M , X , and R varied in the experiments. Except
the Conv-TasNet with the original configuration to verify our

TABLE I
LIST OF HYPERPARAMETERS WITH THE VALUES USED IN THE EXPERIMENTS. L

AND K HAD DIFFERENT VALUES FOR (A) CONV-TASNET, AND

(B) SUDORM-RF

implementation, we have used the decoder of the SuDoRM-
RF [58] for all experiments which showed better performance.
Specifically, the original Conv-TasNet with the SuDoRM-RF
decoder resulted in the SISNRi of 16.1 dB without dynamic
mixing, while that with the original decoder showed the SISNRi
of 15.4 dB.

D. Experimental Results

1) Speech Separation Performance and Complexity: Table II
shows the comparison of the speech separation performance,
model size, and average forward-pass time for various configu-
rations of the proposed speech separation network described in
Fig. 3. The average forward-pass time was measured by passing
4-second-long segments using a single NVIDIA RTX-2080 Ti
GPU with the batch size of 1. We have tested two speaker con-
ditioning methods, the FiLM-based (FiLM-sc) and summation-
based speaker-conditioning (Sum-sc), with different configu-
rations of X and R. Since the last R blocks are conditioned
on the speaker information extracted from the first X blocks,
R = 0 corresponds to the conventional speech separation with-
out speaker conditioning. We have tested various values ofR but
included only the cases with R = 8 and 16 that resulted in the
best performance. Our implementation of the baseline methods
showed slightly better performances than those reported in [6]
and [10], which are specified in the parentheses in Table II,
and the performances were further improved with the dedicated
decoder and the dynamic mixing strategy [24]–[26] which gen-
erated new mixtures for each epoch of training. In addition to the
models reported in the papers, we have tested the SuDoRM-RF
models with more number of separation blocks which exhibited
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TABLE II
SPEECH SEPARATION PERFORMANCES, MODEL SIZES, AND AVERAGE FORWARD-PASS TIMES FOR VARIOUS CONFIGURATIONS OF SPEAKER CONDITIONING

EVALUATED ON THE WSJ0-2MIX DATASET. R = 0 CORRESPONDS TO CONVENTIONAL SPEECH SEPARATION WITHOUT SPEAKER CONDITIONING. THE VALUES IN

THE PARENTHESIS ARE THE SCORES REPORTED IN THE LITERATURE

higher SISNRi with larger model sizes, as introduced in [10] as
the scalability of the SuDoRM-RF.

In all configurations, the proposed speech separation network
showed consistent improvement on the separation performance.
When the Conv-TasNet was used as the baseline separation
model, Sum-sc with R = 8 showed the best SISNRi of 18.2 dB,
which was 1.7 dB higher than the baseline model. Similar
results were observed for the SuDoRM-RF with M = 16, for
which the FiLM-sc exhibited a slightly better performance than
Sum-sc with more number of parameters and slower processing
time. For the SuDoRM-RF models with M = 24, both FiLM-sc
and Sum-sc exhibited better performances when X = 8 and
R = 16 than when X = 16 and R = 8, unlike the case for the
Conv-TasNet with M = 24. The Sum-sc with R = 16 showed
the highest SISNRi of 18.7 dB, which was 1.4 dB higher than the
performance without speaker conditioning, using only 0.34 M
of additional parameters and 13 ms of the forward-pass time. It
is noted that the number of additional parameters for the Sum-sc
was fixed to 0.34 M regardless of R and 11.3 to 18.3 ms of
the additional inference time was required mainly for the mask
estimation, decoding, and speaker embedding extraction. As for
the FiLM-sc, additional number of parameters and processing
time were needed for the scale and offset parameter computation
and application, which were dependent on R. The SuDoRM-RF
model with M = 40 using Sum-sc with R = 24 demonstrated
19.9 dB of SISNRi, 1.1 dB higher than the model without speaker
conditioning, using the same 0.34 M of additional parameters.
We can see that the SuDoRM-RF provided a trade-off between
the performance and the model complexity depending on the
choice of M , and the proposed speaker conditioning methods
could enhance the performance of it in every case.

Table III shows the performance and model size compari-
son with recently proposed single channel speech separation
models with or without speaker embedding vectors. We marked
asteroid (*) for the results with our implementation using dy-
namic mixing and dagger (†) for the systems utilizing test
speaker’s enrollment utterance for target speech separation. In
general, utilization of the speaker information extracted by a

TABLE III
PERFORMANCE AND COMPLEXITY COMPARISON WITH RECENT SINGLE

CHANNEL SPEECH SEPARATION METHODS FOR THE WSJ0-2MIX DATASET. (*:
RESULTS FOR OUR IMPLEMENTATION WITH DYNAMIC MIXING AND DEDICATED

DECODER, †: SYSTEMS USING TEST SPEAKER’S ENROLLMENT UTTERANCES.)

dedicated sub-network was shown to be effective. Among the
systems using the speaker embedding vectors, the proposed
method applying FiLM-sc or Sum-sc to the Conv-TasNet or the
SuDoRM-RF model showed competitive or better performance
than the existing systems using small number of network pa-
rameters although the proposed method does not require any
pre-enrollment of the target speakers. Only the Wavesplit [16],
which applies the FiLM speaker conditioning methods in a
different way using the speaker embedding centroids obtained
from mixture inputs, reported higher SISNRi with consider-
ably more number of parameters, which amounts to 42.5 M
according to [67] and 83.5 M according to the implementa-
tions in [68]. It is noted that the proposed speaker-conditioned
speech separation can be applied to any sophisticated separation
network [9], [16] with repeated sequential blocks, which may
lead to better performance. From the experiments, we can see
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TABLE IV
SISNR IMPROVEMENTS AND MODEL SIZES OF THE BASELINE AND PROPOSED

METHODS WITH M = 24 FOR THE WSJ0-3MIX DATASET. THE VALUE IN THE

PARENTHESIS IS THE SCORE REPORTED IN THE LITERATURE USING ORIGINAL

DECODER WITHOUT DYNAMIC MIXING

TABLE V
SISNR IMPROVEMENTS AND MODEL SIZES OF THE BASELINE AND PROPOSED

METHODS WITH M = 24 FOR THE LIBRISPEECH CORPUS

that the proposed speaker-conditioned speech separation could
enhance the performance of speech separation with a moderate
number of parameters for all the tested configurations, resulting
in competitive performance with recently proposed methods.

We have also conducted additional experiments with different
datasets, the WSJ0-3mix [56] and LibriSpeech [57]. In these ex-
periments, we have tested only the models with M = 24 and the
values of R that resulted in the best performance for the WSJ0-
2mix. Table IV shows the SISNRi’s to separate three speakers
in the WSJ0-3mix dataset. Our implementation with dynamic
mixing showed 1.1 dB higher SISNRi than what is reported in [6]
for the Conv-TasNet, and the proposed approach with Sum-sc
improved the performance by 0.7 dB for the Conv-TasNet and
0.8 dB for the SuDoRM-RF. The experimental results with the
mixtures from the LibriSpeech corpus is summarized in Table V.
In this experiment for a larger database with considerably more
speakers, the SISNRi for the Conv-TasNet was improved by
0.5 dB using the proposed method with FiLM-sc, while that
for the SuDoRM-RF was enhanced by 1.2 dB employing the
proposed method with Sum-sc. These results demonstrated that
the proposed approach could enhance the performance of more
complex separation tasks in which more speakers were consid-
ered or three concurrent speeches might be present.

As it was reported that the additional uPIT-SISNR losses
for the intermediate outputs improved the separation perfor-
mance [27], we performed an ablation study to see if the per-
formance improvement came from the speaker conditioning or
the inclusion of the uPIT-SISNR loss for the intermediate out-
puts. Table VI shows the SISNR improvements for the baseline
methods with the uPIT-SISNR loss at the final output, the system
using the same loss function with the proposed method in (4)
but without speaker conditioning, and the proposed methods

TABLE VI
SISNR IMPROVEMENTS AND MODEL SIZES FOR THE UPIT-SISNR LOSS AT

THE FINAL OUTPUT (BASELINE), THE LOSS IN (4) WITHOUT SPEAKER

CONDITIONING, AND THE LOSS IN (4) WITH FILM AND SUM SPEAKER

CONDITIONING EVALUATED FOR THE WSJ0-2MIX DATASET

with FiLM-sc and Sum-sc. As can be seen in the table, the
inclusion of the uPIT-SISNR loss for the intermediate outputs
improved the performance of the speech separation by 1.0 dB
for the Conv-TasNet and 0.5 dB for the SuDoRM-RF, and the
speaker conditioning further improved the SISNR by 0.7 dB for
the Conv-TasNet and 0.9 dB for the SuDoRM-RF.

2) Effect of Speaker Conditioning According to Difficulty
of Separation: To investigate the effect of speaker-conditioned
speech separation in more detail, we divided the evaluation
set for the WSJ0-2mix dataset into 5 groups according to the
SISNRi scores obtained by the baseline separation model and
compared the SISNRi scores for the baseline model and its
speaker-conditioned counterpart. We used the Conv-TasNet and
the SuDoRM-RF with M = 24, R = 0 as the baseline models,
and the models using FiLM-sc with R = 8 for the Conv-TasNet
and Sum-sc with R = 16 for the SuDoRM-RF as the proposed
speaker-conditioned ones. The 5 groups correspond to the ranges
of the SISNRi for the baseline model: (−∞, 5), [5, 10), [10, 15),
[15, 20), and [20,∞). The histograms of the SISNRi for the
baseline and the proposed methods for those groups and the
whole evaluation set are shown in Fig. 7, while the average
SISNRi improvements and the number of improved and de-
graded samples are summarized in Table VII. It is noted that
we have omitted the samples with SISNRi higher than 25 dB
in the figures. As we can see in Table VII, most of the samples
were concentrated in [15, 20) dB, and the average SISNRi was
improved in all intervals. While the average improvements were
more prominent in the lower SISNRi regions, more number of
degraded samples were observed in those regions. It may imply
that the speaker identity is very helpful for the speech separation
of the mixtures that are hard to separate, but the preliminary
separation results for these samples are also poor and there-
fore inappropriate speaker embedding vectors are occasionally
produced degrading the performance. It is noted that we used
speaker embedding extraction networks with 0.04 M parameters
shown in Fig. 6, which resulted in 4.13% of the equal error
rate for the test data mentioned in subsection IV-A, but more
advanced speaker recognition network can be utilized to cope
with more complicated examples.
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Fig. 7. SISNRi distributions depending on the SISNRi for the baseline speech separation model on the WSJ0-2mix dataset: (−∞, 5), [5, 10), [10, 15), [15, 20),
[20,∞), and the whole range. (a)-(f) are for the Conv-TasNet, and (g)-(l) are for the SuDoRM-RF.

TABLE VII
THE PERFORMANCE IMPROVEMENT AND THE NUMBER OF IMPROVED/DEGRADED SAMPLES FOR THE WSJ0-2MIX DATASET DEPENDING ON THE SISNRI FOR THE

BASELINE MODELS: (−∞, 5), [5, 10), [10, 15), [15, 20), [20,∞), AND THE WHOLE RANGE

V. CONCLUSION

In this article, we propose speech separation systems utilizing
speaker embeddings extracted from the preliminary separation
results. For the speech separation systems consisting of repeated
blocks, the proposed method extracts the speaker information
from the early stages of the speech separation networks and

then incorporates it into the later stages of the speech separation
by means of two speaker conditioning methods without any
pre-enrollment. Specifically, we take the Conv-TasNet and the
SuDoRM-RF as baseline speech separation systems, for which
the separation results from the early stages of the networks
are utilized to extract speaker embedding vectors. The later
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blocks of the speech separation are modified to accommodate
the speaker information in the form of an affine transformation
or a simple summation. Experimental results on the WSJ0-2mix,
WSJ0-3mix, and LibriSpeech datasets showed that the proposed
method improved the speech separation performance of the
Conv-TasNet and the SuDoRM-RF with a moderate number of
additional parameters, and outperformed most of the speaker-
informed source separation methods with reasonable numbers
of parameters although the proposed method does not require
any pre-enrollment of the target speakers. The proposed method
can be applied to any speech separation networks with sequential
repeated blocks, and the speaker extraction sub-network can also
be replaced by more sophisticated one if needed.
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