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Listen and Look: Audio–Visual Matching
Assisted Speech Source Separation

Rui Lu , Student Member, IEEE, Zhiyao Duan , Member, IEEE, and Changshui Zhang , Fellow, IEEE

Abstract—Source permutation, i.e., assigning separated signal
snippets to wrong sources over time, is a major issue in the state-of-
the-art speaker-independent speech source separation methods. In
addition to auditory cues, humans also leverage visual cues to solve
this problem at cocktail parties: matching lip movements with voice
fluctuations helps humans to better pay attention to the speaker
of interest. In this letter, we propose an audio–visual matching
network to learn the correspondence between voice fluctuations
and lip movements. We then propose a framework to apply this
network to address the source permutation problem and improve
over audio-only speech separation methods. The modular design of
this framework makes it easy to apply the matching network to any
audio-only speech separation method. Experiments on two-talker
mixtures show that the proposed approach significantly improves
the separation quality over the state-of-the-art audio-only method.
This improvement is especially pronounced on mixtures that the
audio-only method fails, in which the speakers often have similar
voice characteristics.

Index Terms—Audio–visual matching, deep learning, speaker-
independent speech source separation.

I. INTRODUCTION

S PEECH separation, also known as the “cocktail-party prob-
lem” [1], has long been a challenging task. Its goal is to

recover clean source signals from mixed utterances. Although
a broad range of methods have been designed [2]–[8], existing
techniques are still far behind human capability.

Most speech separation methods only take the speech signal
into consideration. Traditional methods, such as computational
auditory scene analysis (CASA) [9], [10], nonnegative matrix
factorization [11], [12], and hidden Markov model [13], [14],
are shallow models and lack the ability to learn from large cor-
pora. Since deep learning was introduced to this problem, perfor-
mance of speech separation has been significantly improved [3],
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[4], [6], [8], [15], [16]. Deep methods usually approach the prob-
lem through spectrogram mask estimation. Classification-based
methods [15]–[17] classify time-frequency (TF) bins to distinct
speakers, hence often fail under speaker-independent cases due
to the source permutation problem [3], [7]: source signals may
be well separated at each time frame, but their assignment to
sources are inconsistent over time. In auditory scene analysis and
CASA [9], this is also called sequential grouping or streaming.
To address this problem, recent methods introduce the concept
of clustering to the supervised training paradigm. Among these
methods, deep clustering (DC) [3]–[6] and utterance-level per-
mutation invariant training (uPIT) [8] are the current state of the
art. Their ideas are either to approximate the clustering affinity
matrix [3] or to minimize the separation error [8] by enumerating
permutations at the utterance level. During inference, DC and
uPIT predict the assignments of all TF bins at the utterance level
at once, without the need of frame-by-frame assignment, which
is the major cause of the permutation problem. However, when
vocal characteristics of the speakers are similar, these meth-
ods still suffer from the permutation problem. This is shown in
the experiments in [7] and [8], where the optimal permutation
is applied at the frame level, separation quality can be further
improved.

At a cocktail party, humans employ multiple cues to solve the
permutation problem to pay attention to the speaker of interest.
These cues include the consistency and continuity of timbre,
semantics, and location of the speaker’s voice. While timbre
has been modeled by DC and uPIT, semantic modeling of the
speaker’s voice is difficult in the audio mixture and location cues
are not captured in single-channel audio recordings. However,
in addition to acoustic cues, people also leverage the visual cues
to better attend to the voice of the speaker of interest (e.g., lip
reading). It is thus a natural idea to exploit the audio–visual cor-
respondence between lip movements and speech utterances [18],
[19] to improve speech source separation performance for
machines.

This idea has been explored by nondeep models [20]–[25]:
in [12] and [21], motion information is exploited to indicate
whether speakers are silent; and in [22], [23], and [26], meth-
ods are proposed to model audio–visual data joint distributions.
These nondeep algorithms often fail to learn from large datasets
and the generalization ability is limited. Deep approaches
[27]–[29] have been proposed in recent years to reduce noise by
exploiting the visual information. However, they are mainly de-
signed for speaker-dependent settings and the separation results
are still not satisfactory.

In this letter, we continue the idea of leveraging visual in-
formation for speech separation. Specifically, we design a neu-
ral network to learn speaker-independent audio–visual match-
ing and use this matching to address the source permutation
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Fig. 1. Proposed audio–visual speech separation framework: The audio–visual matching model integrates both motion (optical flow) and appearance (gray
image) information of the lip region to correct spectrogram masks predicted by the audio-only separation model for better separation. As shown in the figure,
the permutation problem primarily exists in the beginning quarter time frames of the masks predicted by the audio-only model, and the proposed audio–visual
matching network can correct this problem by assigning the predicted masks to the correct speakers.

problem. We carry out experiments on two-speaker mixtures
of a publicly available audio–visual dataset to verify the ef-
fectiveness of our method. As shown in Fig. 1, the proposed
audio–visual matching model successfully corrects the permu-
tation problems in the masks predicted by the audio-only sep-
aration model. Our contributions in this letter are threefold:
First, we explicitly solve the permutation problem with a deep
audio–visual matching network. Second, the proposed approach
is especially effective when the performance of audio-only sepa-
ration is poor. Third, the training procedure of the audio–visual
matching model is independent of the audio-only separation
model, allowing it to be combined with any mask-estimation-
based audio-only separation methods (e.g., [3]–[8]) under the
proposed framework.

II. METHOD

As shown in Fig. 1, we employ DC [3], [4] as the “audio-
only separation model” of our system and the state-of-the-art
baseline. Input to the DC model is the log-amplitude spectro-
gram of the input mixture Xlog ∈ RF×T . Training procedure
of the DC model is to approximate the affinity matrix of the
ideal binary mask (IBM) Y ∈ RF×T ×2 [3], where Y f,t,1 = 1 if
speaker 1 dominates the TF bin, and Y f,t,1 = 0 otherwise. With
the predicted mask Ŷ ∈ RF×T ×2 from the DC model and the
linear-amplitude spectrogram X ∈ RF×T , we can calculate sim-
ilarities between the separated audio and visual streams with
our proposed “audio–visual matching model,” then use these
similarities to correct masks predicted by the audio-only model.

A. Audio–Visual Matching Model

The proposed audio-visual matching network aims to learn
a shared embedding space [18] where audio and visual frames
belonging to the same speaker have higher similarities.

Audio Network: As shown in Fig. 2, given the mixture spec-
trogram X ∈ RF×T (upper left) and a mask Y or Ŷ ∈ RF×T ×2

(upper right), we can recover the source spectrograms X(i) =
X · Y(i) or X̂(i) = X · Ŷ(i) for i = 1, 2. We feed its t th frame (of
size RF ) to the audio network (layers f c1, f c2, f c3 with output
sizes of 256, 128, and D, and with rectified linear unit (ReLU)
nonlinearity) to get an embedding at or ât ∈ RD (t = 1, . . . , T ).

Fig. 2. Audio–visual matching network: Audio and visual streams are en-
coded as framewise embeddings, we compute inner products of temporally
aligned audio and visual embeddings as similarity measure. Every five audio
frames correspond to one video frame. All convolution kernels have a size
of 3 × 3.

Visual Network: We adopt two visual geometry group
(VGG)-style [18], [30]–[33] convolutional neural networks
(CNNs) with the same structure but untied weights (conv1 1 −
conv2 2) for early stages of gray image and optical flow
inputs. As shown in Fig. 2, N consecutive stacked gray
images (H × W × N ) and optical flow data (H × W ×
2) of lip regions form the two input branches at each
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frame. Outputs of the layers conv2 2 from both streams are
concatenated to go through layers conv3 and conv4. All CNN
layers use 3 × 3 filters with a stride of 1, followed by batch
normalization [34] and ReLU nonlinearity. There are max-
pooling layers with a kernel size of 2 and stride of 2 after
conv1 2, conv2 2, conv3, and conv4. Such a “separate-merge
strategy” [35], [36] works best in our task. “fc-in” is a fully
connected layer with an output size of 128 and ReLU nonlin-
earity. The feedforward part of our visual network executes on
each visual frame separately to capture local invariant features
of lip regions [37]. We add a single layer of bidirectional long
short-term memory (BLSTM) with a hidden size of 256 on top
of the feedforward network to model the contextual informa-
tion. Outputs of the BLSTM are fed to another fully connected
layer “fc-out” with ReLU to get the visual embedding vectors
vt ∈ RD . As the video frame rate is one-fifth of the audio frame
rate, here t = 1, . . . , �T/5�.

Audio–Visual Similarity: We compute similarities of tem-
porally aligned audio and visual embeddings by inner prod-
uct: similarities between speakeri ’s audio frame and visual
frames of both speakers at time t are s+

i t = 〈ai t , vi�t/5�〉 and
s−

i t = 〈ai t , v j�t/5�〉 (s+
i t , s−

i t ∈ R and i �= j). Similarities obtained
by the predicted masks are denoted as ŝ+

i t , ŝ−
i t (i = 1, 2). We ex-

ploit the relative similarity of audio and visual streams [18],
[19], [33], [38] by applying the triplet loss for training and set
m = 1 empirically

L = 1

2T

T∑

t=1

2∑

i=1

max{s−
i t − s+

i t + m, 0}. (1)

B. Mask Correction With Audio–Visual Matching

During the test phase, we first predict masks Ŷ ∈ RF×T ×2

with DC and then compute the audio–visual similarity scores
ŝ+

1t , ŝ−
1t , ŝ+

2t , ŝ−
2t . A binary sequence { Ît }T

t=1 to decide whether
we permute masks predicted by the audio-only model can be
obtained by the following equation:

Ît = 1{ŝ+
1t + ŝ+

2t > ŝ−
1t + ŝ−

2t } (2)

where 1{·} is the indicator function. Ît = 1 indicates that
Ŷ(1)

t , Ŷ(2)
t ∈ RF are in the right order. Otherwise, the permu-

tation problem exists and we swap Ŷ(1)
t , Ŷ(2)

t to correct the pre-
dictions. Fig. 3(b) is the sequence predicted by the proposed
audio–visual network. Original { Ît }T

t=1 can be noisy and we ap-
ply a median filter to smooth the results in Fig. 3(c). After we
obtain the corrected masks as shown in Fig. 1, we apply the
phase of the mixture and use inverse short-time Fourier trans-
form (STFT) to obtain the time-domain signals [3], [4], [7].

III. EXPERIMENTS

A. Dataset and Setup

We perform experiments on the two-speaker mixtures of the
WSJ0 [3] and GRID [39] datasets and report results in terms of
delta signal-to-distortion ratio (�SDR), signal-to-artifacts ratio
(SAR), and signal-to-interference ratio (SIR) [40].

WSJ0 Dataset: WSJ0 is an audio-only dataset [3], [5], [7]. We
follow [3] to generate a training set of 30 h, a validation set of
10 h, and a test set of 5 h. We implement the DC model [3] and

Fig. 3. Permutation indicator sequences for correcting permutation problems
in DC separation. (a) Optimal sequence derived from the IBM. (b) Sequence
predicted by the audio–visual matching network. (c) Sequence predicted by the
audio–visual matching network followed by median filtering.

achieve similar performance (overall �SDR = 9.7) with other
state of the arts when exploiting a similar network structure.
This dataset is used to pretrain the audio-only model in some
experiments.

GRID Dataset: The GRID [39] dataset contains 34 speak-
ers and each of them has 1000 frontal face video recordings.
Each video has a duration of 3 s at 25 FPS and resolution of
720 × 576 pixels. The corpus has a much smaller vocabulary
(51 words) compared to WSJ0. We randomly select three males
and three females to construct a validation set of 2.5 h and an-
other three males and three females for a test set of 2.5 h. The
rest of the speakers form the training set of 30 h.

GRID-Extreme Dataset: We select the same testing speakers
used in the GRID dataset, and create a corpus of 1.5 h mixtures
that the DC model fail to operate properly. This dataset is to show
the benefits of the proposed audio–visual separation method in
challenging situations.

Preprocessing and Setup: All audio recordings are downsam-
pled to 8 kHz for STFT with a window size of 32 and 8 ms hop
size [3], [5] (F = 129 in Section II-A). Linear-amplitude spec-
trogram (X ) and log-amplitude spectrogram (X log) are fed into
the “audio–visual” and “audio-only” networks, respectively. Lip
regions are detected with the Dlib library [41] as 80 × 120
patches (H = 80, W = 120). The stack of three consecutive
gray images (N = 3) achieves the best performance. We set
D = 128 as the dimension of the audio–visual embedding space
to reduce the dimensionality of the outputs from both modal-
ities. We follow [4] to exploit the optimal structure for DC: 4
BLSTM layers with 300 hidden units for each layer. All models
are trained by Adam [42] with a learning rate of λ = 0.001;
we stop training if the validation loss does not decrease for five
consecutive epochs.

B. Results on GRID Dataset

We show the separation results in Table I. “GRID” means
that the DC model is trained on GRID dataset, whereas
“GRID + WSJ0” means that the DC model is pretrained on
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TABLE I
COMPARISON OF THE SEPARATION QUALITY ON THE GRID DATASET WITH DIFFERENT MODELS

Fig. 4. Improvement on �SDR of different settings of the proposed approach
against the state-of-the-art DC baseline.

WSJ0 and fine-tuned on GRID. Superscript “AV” shows results
by our proposed audio–visual method and “�” shows results
of the optimal permutation: For each time frame t , we select
the permutation that shows the highest correlation between Yt

(IBM) and the audio-only predicted mask Ŷt . Subscripts 35 and
115 indicate the lengths of median filters (in audio time frames),
which are chosen empirically.

It is clear that the proposed method improves the separation
quality by a large margin on the GRID dataset. We achieve an
improvement of 0.75 dB on the overall �SDR with GRIDAV

35
over the audio-only DC model. The improvement is only the
same gender mixtures: 2.17 dB for F–F and 0.57 dB for M–M.
This is because in same-gender mixtures, vocal characteristics of
the two speakers are similar, which is difficult for “audio-only”
separation methods to decide the belongings of audio frames
along the temporal axis. When visual cues are introduced,
we can better trace the speakers given visual information of the
lip regions, thus relieving the source permutation problem. We
also observe that median filtering consistently improves the per-
formance, suggesting that audio–visual matching in individual
frames can be noisy while considering contextual information
stabilizes the result.

When the DC model is pretrained on the WSJ0 dataset, it
already achieves a high overall �SDR of 9.83 dB, thanks to
the rich vocabulary. This makes the improvement of our pro-
posed audio–visual approach (9.88 dB) limited. Even the upper
bound (GRID + WSJ0)� (10.04 dB) is only 0.21 dB higher.

TABLE II
�SDR ON GRID-EXTREME DATASET OF DIFFERENT MODELS

Numbers in parentheses show the number of mixtures in each setting.

Nevertheless, the proposed method still matters in cases when
the “audio-only” method fails. In Fig. 4, we can see that as the
performance of the DC model degrades, the improvement due
to the audio–visual model is more pronounced, reaching 4.6 dB
improvement on �SDR when the DC model’s performance is
−2.5 dB.

C. Results on GRID-Extreme Dataset

Table II shows the separation quality on GRID-Extreme
dataset in terms of �SDR. We get overall improvements of
1.65 and 1.68 dB compared to the DC model under both cases.
These results indicate that when the “audio-only” model fails to
separate speech mixtures properly, the proposed “audio–visual”
approach still maintains stable performance.

IV. CONCLUSION

In this letter, we proposed an audio–visual approach to
speaker-independent speech source separation. It uses an audio–
visual matching network to learn the correspondence between
voice fluctuations and lip movements of human speech, and
then applies this matching to correct source permutation prob-
lems encountered in audio-only separation. The modular design
of this approach allows the matching network to work with any
audio-only separation methods. Experiments showed significant
improvements on separation quality over the state of the art of
audio-only speech source separation.
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