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Abstract
Recently, with the advent of deep learning, there has been sig-
nificant progress in the processing of speech mixtures. In par-
ticular, the use of neural networks has enabled target speech
extraction, which extracts speech signal of a target speaker
from a speech mixture by utilizing auxiliary clue representing
the characteristics of the target speaker. For example, audio
clues derived from an auxiliary utterance spoken by the target
speaker have been used to characterize the target speaker. Audio
clues should capture the fine-grained characteristic of the target
speaker’s voice (e.g., pitch). Alternatively, visual clues derived
from a video of the target speaker’s face speaking in the mixture
have also been investigated. Visual clues should mainly cap-
ture the phonetic information derived from lip movements. In
this paper, we propose a novel target speech extraction scheme
that combines audio and visual clues about the target speaker to
take advantage of the information provided by both modalities.
We introduce an attention mechanism that emphasizes the most
informative speaker clue at every time frame. Experiments on
mixture of two speakers demonstrated that our proposed method
using audio-visual speaker clues significantly improved the ex-
traction performance compared with the conventional methods
using either audio or visual speaker clues.
Index Terms: target speech extraction, speaker-aware mask es-
timation network, audio-visual speaker clues

1. Introduction
The recent development of deep learning has led to the active in-
vestigation of neural network-based single channel source sep-
aration approaches for the enhancement of speech signals cor-
rupted by overlapping speakers. Most such studies focus on
blind source separation (BSS) approaches such as deep cluster-
ing [1] or permutation invariant training [2], which separates an
observed speech mixture into each of its sources without any
prior information (i.e., by utilizing only the observed speech
mixture). BSS approaches can work in a fully blind fashion,
but they generally suffer from a global permutation ambiguity
issue, i.e. the mapping between the speakers in the mixture and
the outputs is arbitrary. To address this ambiguity issue, re-
cent studies have also investigated target speech extraction ap-
proaches [3–8], which extract only a speech signal from a target
speaker from an observed speech mixture by utilizing additional
clues characterizing the target speaker. By utilizing the clue of
the target speaker, the target speech extraction scheme does not
suffer from the global permutation ambiguity issue by its na-
ture, i.e., possible to track a specific speaker’s voice across ut-
terances. Moreover, it has the potential to achieve better speech
quality than the BSS scheme by exploiting the additional infor-
mation in the extraction stage [4, 6].

Target speech extraction research has focused on exploit-
ing either audio [3–5] or visual speaker clues [6–8]. Both
approaches have provided promising results as regards target
speech extraction, and are shown to have different merits and

demerits. Previous studies using audio speaker clues, e.g.,
SpeakerBeam [3, 4], assume that only the audio stream (for in-
put mixture and speaker clue) is available to extract the target
speaker, and the speaker clue, i.e., the target speaker’s voice,
can be prerecorded. [3–5] used a prerecorded utterance spoken
by the target speaker as the speaker clue, to adapt the network
behavior so that it extracted the target speaker from the ob-
served speech mixture. An audio-based clue should capture the
fine-grained characteristics of the target speaker’s voice (e.g.,
pitch, timbre, etc.). It has been confirmed that with audio clues,
the extraction performance degrades when the speakers in the
mixture have similar voice characteristics to those of the target
speaker [4].

On the other hand, previous studies using visual speaker
clues, e.g., [6–8], assume that audio stream (for input mixture)
and visual stream (for speaker clue) are available for extract-
ing the target speaker. As the speaker clue, [6–8] utilized the
cropped face region of a video recording of the target speaker
in the mixture. A visual-based clue should mainly capture pho-
netic information from the target speaker’s lip movement and
may help us better handle mixtures that contain the voices with
similar characteristics [6]. However, the quality of the visual
clue could be affected by the target speaker’s behavior at every
time instant and in practice could suffer from face movement or
occlusions, unlike the audio clue whose quality does not change
once it has been prerecorded.

In this paper, to take advantage of both audio and visual
speaker clues, and to increase robustness against the lack or cor-
ruption of either clue, we propose a novel target speech extrac-
tion scheme using multiple (audio-visual) speaker clues, which
we call multimodal (audio-visual) SpeakerBeam. In contrast
to the conventional scheme using a single modality as a clue
of the target speaker, the proposed scheme exploits both au-
dio and visual modalities for speaker clues. Motivated by the
success of the attention-based audio-visual fusion in automatic
speech recognition [9] and video description [10] tasks, this pa-
per proposes an attention mechanism that integrates the audio
and visual speaker clues. With the proposed attention scheme,
we are able to exploit more informative speaker clue for the
target speech extraction at every time frame. In addition, we
propose a multitask learning-based training procedure [11] that
simultaneously considers the extraction loss using audio-visual,
audio-only, and visual-only speaker clues. It enables the pro-
posed extraction system for audio-visual speaker clues to work
even when either audio or visual speaker clues are unavailable.

2. Conventional target speech extraction
2.1. Framework

In this paper, we employ a mask-based approach [12] to extract
the target speaker from an observed speech mixture. The speech
signal of the target speaker s, i.e., X̂s, is extracted by applying
the time-frequency mask Ms ∈ RT×F to the observed speech
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(a) Single speaker clue (b) Multiple speaker clues

Figure 1: Overview of speaker-aware mask estimation network.

mixture Y ∈ CT×F in the short-time Fourier transform (STFT)
domain, as follows:

X̂s = Ms �Y, (1)

where� denotes an element-wise product, and T and F denote
the number of time frames and frequency bins, respectively.

In the target speech extraction setup, we assume that an
additional speaker clue Cs is available when extracting the
speech signal of the target speaker from the mixture. The time-
frequency mask of the target speaker Ms is estimated by the
speaker-aware mask estimation network, as follows:

Ms = DNN(|Y|,Cs), (2)

where DNN(·) is the non-linear transformation of a deep neu-
ral network (DNN), and |Y| denotes the amplitude spectrum
coefficients of Y.

Figure 1-(a) shows a schematic diagram of a typical net-
work architecture for speech extraction, which consists of a
speaker clue extraction network (SCnet) and a mask estimation
network that exploits speaker clues through an integration mod-
ule. Given the speaker clue Cs as an input, the SCnet generates
an intermediate representation of the speaker clue Zs. The in-
tegration module of the mask estimation network combines this
representation Zs with an intermediate feature of the observed
speech mixture ZM = {zM

t ; t = 1, 2, · · · , T} derived from the
bottom layers of the mask estimation network. The output of the
integration module Is = {ist; t = 1, 2, · · · , T} corresponds
to an intermediate representation of the target speaker, which
makes it possible to predict the target speaker’s time-frequency
mask Ms with the top layers of the mask estimation network.
By integrating the additional speaker clue in the mask estima-
tion network, the network behavior can be adapted for the ex-
traction of the target speaker.

We can consider several ways to perform the above in-
tegration procedure. For example, [4] adopted element-wise
product-based integration, such as Is = ZM � Zs. In con-
trast, [6, 7] adopted concatenation-based integration, such as
Is = [ZM,Zs], where [·] represents concatenation over the fea-
ture dimension. In the following, to be consistent with our pre-
vious work [4], we adopt element-wise product-based integra-
tion.

2.2. Speech extraction based on audio speaker clue

For an audio speaker clue [3–5], the additional information con-
sists of a sequence of STFT-based amplitude spectrum features
CA
s ∈ RT

A×F derived from a prerecorded utterance spoken by

the target speaker, where TA is the number of time frames for
the audio speaker clue.

Given the audio speaker clue CA
s as an input, the integrated

features iAst ∈ R1×H are computed as follows:

zA
s = Avg(SCnetA(CA

s )), (3)

iAst = zM
t � zA

s (t = 1, 2, · · · , T ), (4)

where zA
s ∈ R1×H represents the extracted features for the au-

dio clue, SCnetA(·) is the feature extraction network for the au-
dio clue, Avg(·) is the average operation over the time axis, and
H is the output dimension of SCnetA(·). Avg(SCnetA(·)) cor-
responds to a sequence summary network [13] that extracts the
speech characteristics directly from the input utterance.

Note that with audio speaker clues, SCnetA(·) maps the se-
quence of amplitude spectrum coefficients CA

s to a vector as
shown in Eq. (3). The audio clue is thus time-invariant.

2.3. Speech extraction based on visual speaker clue

When using a visual speaker clue [6–8], the additional infor-
mation consists of video-based features CV

s ∈ RT
V×D derived

from the cropped face region of the target speaker. Follow-
ing [6], this paper adopted face embedding features extracted
with a pre-trained face recognition model, i.e., Facenet [14],
as the video-based features. Here, TV is the number of time
frames for the visual speaker clue, and D is the dimension of
face embeddings.

Given the visual speaker clue CV
s as an input, the integrated

features iVst ∈ R1×H are computed as follows:

ZV
s = SCnetV(CV

s ), (5)

iVst = zM
t � zV

st (t = 1, 2, · · · , T ), (6)

where ZV
s = {zV

st; t = 1, 2, · · · , TV} is the extracted feature
for the visual clue, and SCnetV(·) is the feature extraction net-
work for the visual clue.

Note that, in contrast to the audio speaker clue, the visual
speaker clue is used as time-variant clue as in Eq. (5). As a
common situation in the audio-visual processing, there exists a
gap in the number of frames per second (fps) between audio and
visual streams; e.g., video is at 25 fps (40 ms) while audio is at
50 fps (20 ms). It is necessary that every video frame of the
input sequence corresponds to the audio frames. In this paper,
we aligned them by repeating a video frame for several audio
frames, e.g., Z̃V = {zV

s,1, z
V
s,1, z

V
s,2, z

V
s,2, · · · }

3. Proposed multimodal SpeakerBeam
3.1. Attention-based fusion of audio-visual speaker clues

In the proposed method, we assume that the multiple speaker
clues (i.e., audio and visual) are available when extracting the
signal of the target speaker from the observed speech mixture.
To utilize the advantages of both types of speaker clue, this pa-
per proposes an attention-based fusion mechanism to integrate
the audio and visual speaker clues. The role of the attention
mechanism is to emphasize (i.e., softly select) more informa-
tive speaker clues for the extraction of the target speaker, at ev-
ery time frame of the mixture.

Figure 1-(b) is a schematic diagram of the proposed net-
work architecture, which extends the feature extraction process
of the speaker clues by adding the attention-based fusion mech-
anism. Given multiple speaker clues, i.e., CA

s for audio clue
and CV

s for visual clue, the feature extraction modules trans-
form them into intermediate feature sequences zA

s and ZV
s , re-

spectively, as described in Eqs. (3) and (5). Then, the attention
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mechanism combines these speaker clues zA
s and ZV

s into the in-
termediate feature sequences for the audio-visual speaker clue
ZAV
s = {zAV

st ; t = 1, 2, · · · , T}. Finally, the network generates
time-frequency masks MAV

s based on the audio-visual speaker
clue ZAV

s in a similar way as described in Section 2.1.
Given both the audio and visual speaker clues CA

s and CV
s

as an input, the integrated features iAV
st ∈ R1×H based on the

audio-visual speaker clue are computed as follows:

zAV
st =

∑
ψ∈{A,V}

aψstz
ψ
st︸ ︷︷ ︸

Attention

(t = 1, 2, · · · , T ), (7)

ist = zM
t � zAV

st (t = 1, 2, · · · , T ), (8)

where {aψst}ψ∈{A,V} are the attention weights at time step t for
the target speaker s.

We adopt the additive attention mechanism proposed in
[15] to compute the attention weights. The attention weights
{aψst}ψ∈{A,V} are computed from the intermediate feature of
the mixture zM

t and the speaker clues {zψst}ψ∈{A,V} as follows:

eψst = w tanh(WzM
t +Vzψst + b), (9)

aψst =
exp(εeψ)∑

ψ∈{A,V} exp(εe
ψ)
, (10)

where w,W,V,b are trainable weight and bias parameters,
and ε is a sharpening factor [15]. Here, for the audio speaker
clues, we used the time-invariant (global) clue for all of the time
frames, i.e., zA

st = zA
s (t = 1, 2, · · · , T ).

3.2. Multitask learning-based training procedure

We assume that a set of input and target features {Y,CA
i ,C

V
i ,

Xi}Ii=1 is available for training the model, where Xi ∈ CT×F
is the target speech signal of the i-th speaker in the mixture, and
I denotes the number of speakers in the mixture.

We propose using multitask learning (MTL) to enable the
proposed audio-visual extraction system to work even when
either audio or speaker clue is unavailable. The multitask
learning-based objective function LMTL considers three situa-
tions, namely 1) audio-visual clues are available, 2) only audio
clues are available, and 3) only visual clues are available, as
follows:

LMTL = αLAV + βLA + γLV, (11)

Lψ =
1

I

I∑
i=1

l(Mψ
i � |Y|, |Xi|), (12)

where ψ ∈ {AV,A,V}, a set of parameters {α, β, γ} are mul-
titask weights, and l(A,B) = 1

TF
‖A − B‖2 is the mean

squared error (MSE) criterion. Here, MAV
i , MA

i , and MV
i in-

dicate the time-frequency masks estimated based on the inter-
mediate features ZAV

i , zA
i , and ZV

i in Eqs. (3), (5), and (7), re-
spectively. Note that when audio or visual clues are used alone,
i.e., ψ = {A} or ψ = {V}, the attention weight for that clue
aψst becomes 1 (see Eq. (10)).

4. Experiments
We compared our proposed extraction method using multiple
speaker clues (SpeakerBeam-AV, SpeakerBeam-AV-MTL) with
two conventional extraction methods using a single speaker
clue (Baseline-A [4], Baseline-V [6, 7]). SpeakerBeam-AV

and SpeakerBeam-AV-MTL correspond to the proposed method
with both audio and visual clues, where we set the multitask
weights at {α = 1.0, β = 0.0, γ = 0.0} and {α = 0.8, β =
0.1, γ = 0.1}, respectively. Baseline-A and Baseline-V1 cor-
respond to the conventional method with audio or visual clues,
respectively. Note that Baseline-A can be regarded as {α =
0.0, β = 1.0, γ = 0.0} and Baseline-V as {α = 0.0, β =
0.0, γ = 1.0}.

4.1. Experimental conditions

4.1.1. Data

To evaluate the effectiveness of our proposed method, we cre-
ated a simulation dataset of speech mixtures based on the Lip
Reading Sentences 3 (LRS3-TED) audio-visual corpus [16].
Our dataset consisted of two-speaker mixtures generated by
mixing utterances at a signal-to-noise ratio (SNR) between 0
and 5 dB, in a similar way to that employed with the widely-
used WSJ0-2mix corpus [1]. Moreover, we also downsampled
speech to 8 kHz to reduce the computational and memory costs.

The training set consisted of 50000 mixtures from 500
speakers. The development set consisted of 10000 mixtures
from 300 speakers. The speakers used for the training and de-
velopment sets were randomly selected from the pre-train and
train-val sets in the LRS3-TED corpus. The test set consisted
of 5000 mixtures from 295 speakers based on the test set in the
LRS3-TED corpus. The number “295” corresponds to the num-
ber of speakers who have more than two utterances in the test
set of the LRS3-TED corpus.

For the visual speaker clues, we used the video data corre-
sponding to each speaker in the mixture. For the audio speaker
clue, we randomly selected an utterance of the same speaker in
the database that was not used to generate the speech mixture.

4.1.2. Settings

As the audio features, we used amplitude spectrograms com-
puted using an STFT with a 64 ms window length and 20 ms
window shift. As the visual features, we used Facenet-based
features, which are extracted for every video frame (at 25 fps,
i.e., 40 ms shift) using the software and pre-trained model pro-
vided in the GitHub repository [17].

For all the experiments, we used a 3-layer BLSTM net-
work with 512 units. Each BLSTM layer was followed by a
linear projection layer with 512 units to combine the forward
and backward LSTM outputs. We employed one fully con-
nected layer to output an amplitude mask estimated with a sig-
moid activation function. For the integration layer, we adopted
element-wise product-based integration2. The integration layer
was inserted after the first BLSTM layer.

For the feature extraction network of the audio clue (i.e.,
SCnetA(·) in Eq. (3)), we used a network with 2 fully connected
layers with 200 units and ReLU activations, followed by 1 linear
output layer with 512 units. On the other hand, for the feature
extraction network of the visual clue (i.e., SCnetV(·) in Eq. (5)),
we used a network with 3 convolution layers with 256 channels
(filter=7x1,5x1,5x1, shift=1x1,1x1,1x1), where spatial convo-
lutions were performed over the temporal axis inspired by [6],

1When compared with [6, 7], Baseline-V employed a simpler net-
work architecture, e.g., without a phase recovery framework. However,
it allows a fair comparison with Baseline-A, while maintaining the fun-
damental characteristics needed to evaluate the effectiveness of the pro-
posed multimodal (audio-visual) speaker clues.

2In our preliminary experiment, we observed that element-wise
product-based integration and concatenation-based integration worked
comparably well for both audio and visual clues.
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Table 1: SDR (dB) for evaluated methods with audio-only,
visual-only, and audio-visual speaker clues.

Method Diff Same All

Mixture 0.5 0.5 0.5

Baseline-A 9.8 6.8 8.3
Baseline-V 9.4 7.1 8.3

SpeakerBeam-AV 10.7 9.1 9.9

Figure 2: Histograms of SDR improvements.

followed by 1 linear output layer with 512 units. We adopted
ReLU activation and batch normalization [18] for every convo-
lution layer. We set the dimension of the attention inner product
(i.e., the dimension of w in Eq. (9)) at 200, and the sharpening
factor ε at 2.

We adopted the Adam algorithm [19] for optimization with
an initial learning rate of 0.0001 and used gradient clipping [20].
We stopped the training procedure after 200 epochs.

We evaluated the results in terms of the signal-to-distortion
ratio (SDR) computed with the BSS Eval toolbox [21]. All the
experimental results were obtained by averaging the extraction
performance of both speakers in the mixture.

4.2. Experimental results

4.2.1. Evaluation: Single clue vs. Multiple clues

Table 1 shows the SDR scores of unprocessed mixture, base-
lines, and the proposed SpeakerBeam-AV. “Diff” and “Same”
denote the scores for mixtures of different genders and the same
gender, respectively. “All” denotes the scores averaged over all
mixtures.

From Table 1, we confirmed that the conventional Baseline-
A (audio clue) and Baseline-V (visual clue) performed compa-
rably in this experimental setup. Moreover, the gender-based
results showed that Baseline-A worked slightly better with dif-
ferent genders, while Baseline-V worked slightly better for the
same gender.

The proposed SpeakerBeam-AV (audio-visual clues) suc-
cessfully outperformed the conventional Baseline-A and
Baseline-V, which use a single speaker clue. Specifically, we
confirmed that SpeakerBeam-AV significantly improved the ex-
traction performance for the same gender.

4.2.2. Analysis of performance improvement

We investigated the performance improvement of the proposed
method in more detail. Figure 2 shows histograms of the
SDR improvement for Baseline-A (audio), Baseline-V (visual),
and SpeakerBeam-AV (audio-visual), where each histogram bin
represents a 2.5 dB interval and the vertical axis shows the (nor-
malized) count of evaluated mixtures in each bin.

Focusing on the histogram bins below 2.5 dB, which indi-

Table 2: SDR (dB) for proposed methods without and with mul-
titask learning.

Weights Clues
Method {α, β, γ} AV A V

SpeakerBeam-AV {1.0, 0.0, 0.0} 9.9 6.7 1.1
SpeakerBeam-AV-MTL {0.8, 0.1, 0.1} 9.9 8.6 9.0

cate poor extraction performance (e.g., the system extracted the
speech signal of the interfering speaker, not the target speaker),
we can observe that the proposed SpeakerBeam-AV using mul-
tiple speaker clues significantly reduced the number of the utter-
ances with such lower SDR scores (i.e., reduced the rate of the
extraction failure) compared with the conventional Baseline-A
and Baseline-V using single speaker clues. This indicates the
more stable and robust behavior of the proposed SpeakerBeam-
AV.

4.2.3. Evaluation of multitask learning effect

Table 2 shows SDR scores, averaged over all mixtures (i.e.,
“All” in Table 1), obtained with the proposed systems trained on
single-task (SpeakerBeam-AV) and multitask (SpeakerBeam-
AV-MTL) objectives. “Weights” denotes the multitask weights
in Eq. (11). “Clues” denotes the speaker clue used in the extrac-
tion stage; audio (A), visual (V), and audio-visual (AV) clues.

We confirm that the performance of SpeakerBeam-AV de-
graded when using single speaker clues (especially, Clues = V).
On the other hand, SpeakerBeam-AV-MTL could achieve better
performance than Baseline-A and Baseline-V (see Table 1) even
in such a situation, while maintaining the performance with
both audio and visual clues (Clues = AV). This result demon-
strates that the multitask objective is effective in enabling the
proposed audio-visual extraction system to work even when ei-
ther the audio or visual speaker clue is unavailable. In addi-
tion, the result suggests that the use of multiple speaker clues in
the training stage is effective in improving the extraction perfor-
mance of the system using a single speaker clue in the extraction
stage.

5. Conclusion
This paper proposed a novel target speech extraction scheme
that uses multiple (audio-visual) speaker clues. We introduced
an attention-based mechanism to integrate the audio and vi-
sual clues and the multitask learning-based training procedure.
The experimental results showed that our proposed multimodal
SpeakerBeam using audio-visual clues significantly improved
the extraction performance compared with that of conventional
baselines using a single audio or visual clue. In addition, we
observed that the proposed multitask learning scheme could im-
prove the performance of the proposed audio-visual extraction
system when either the audio or visual speaker clue was un-
available.

In this paper, we evaluated our proposed method in a con-
trolled setup, where good quality audio and visual clues were
both always available for all of the mixtures. Future work will
include a more detailed investigation of the effectiveness of the
attention-based mechanism in dealing with more informative
speaker clues for every time frame, in a more challenging (re-
alistic) setup, e.g., 1) when the audio speaker clues are noisy or
short, or 2) when some of the visual clues are missing because
of face movement or occlusion. In addition, we plan to conduct
an evaluation using a larger dataset and investigate network ar-
chitectures with more representation power.
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