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ABSTRACT

We present a transformer-based architecture for voice separa-
tion of a target speaker from multiple other speakers and am-
bient noise. We achieve this by using two separate neural net-
works: (A) An enrolment network designed to craft speaker-
specific embeddings, exploiting various combinations of au-
dio and visual modalities; and (B) A separation network that
accepts both the noisy signal and enrolment vectors as inputs,
outputting the clean signal of the target speaker. The novel-
ties are: (i) the enrolment vector can be produced from: au-
dio only, audio-visual data (using lip movements), or visual
data alone (using lip movements from silent video); and (ii)
the flexibility in conditioning the separation on multiple posi-
tive and negative enrolment vectors. We compare to previous
methods and obtain superior performance.

Index Terms— Speech separation, speaker embedding

1. INTRODUCTION

Speech and audio processing applications, such as hearing
aids, voice-activated systems, and video conferencing, hinge
on voice separation performance, especially in noisy, multi-
speaker environments. The complexity of separating voices
is accentuated when confronted with diverse acoustic settings,
ambient noise, and overlapping speech.

A notable set of methods represented by [ 3], address
this challenge by conditioning the separation process on
speaker embeddings that are derived from clean, noise-free
audio. These embeddings capture the distinctive vocal char-
acteristics of an individual, and while they have shown signif-
icant promise in controlled environments, their dependency
on such clean audio can hinder their effectiveness in real-
world, noise-rich scenarios where pre-recorded clean audio
of the target speaker is not available.

On the other hand, a subset of methodologies, such as [4—

], harness visual cues, specifically synchronized lip move-
ments, to enhance the voice separation task. These audio-
visual methods, while effective, are not without limitations.
Their optimal performance is often contingent on the unin-
terrupted availability of visual cues from the very recording
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undergoing separation. This becomes a challenge, especially
when visual data is occluded or missing.

In this paper, we present a novel method that marries the
strengths of both audio and visual conditioning paradigms
while efficiently sidestepping their inherent challenges. Our
approach is structured around two distinct phases:

Enrolment Phase: In this phase, we harness auditory and/or
visual information to craft ‘enrolment vectors’. These de-
scriptors enable the separation of a target speaker’s voice in
noisy settings. Although our method can derive these vec-
tors from clean audio (Fig.la), they can equally be crafted
from noisy audio paired with visual cues or visual cues alone
(Fig.1b). Notably, unlike other audio-visual methods, ours
doesn’t mandate sourcing visual cues directly from the in-
tended recording being separated. Furthermore, our approach
uses not just positive examples from the target speaker, but
also negative examples from other speakers, serving as a
contrastive measure. This dual conditioning significantly
improves the separation performance of the model.
Separation Phase: For this stage, we only use auditory data
(Fig.1c). By design, we circumvent the reliance on visual
cues during separation, rendering our system both computa-
tionally efficient and robust against the variability or absence
of visual information, thus addressing the limitation of prior
audio-visual techniques.

In summary, our contributions include: (i) Introducing
speaker-discriminative embeddings using a specialised enrol-
ment network that is amenable to audio, audio-visual, and
uniquely, video-only inputs. (ii) Conditioning voice separa-
tion with both positive and negative enrolment vectors.

2. RELATED WORK

Advances in target speaker separation have predominantly
used two paradigms: multi-modal conditioning, and speaker-
specific embeddings [7]. Several methods represented by [4—

, 8=11], use visual cues, mainly lip movements, to inform
separation. While these methods require these cues through-
out the separation, our separation phase operates entirely
without them, offering a significant advantage.

Turning to speaker-conditioned models, a common ap-
proach is to condition the separation on speaker embeddings
generated from clean speech samples of target speakers [ |-

, 12]. In a similar manner to our video-only (no audio) en-
rolment approach, face images of target speakers have also



pilb] . _
r Speaker Feature Extractor | i Enrolment vectors

[-]

Target audio

| Speaker Feature Extractor |

| Audio Decoder S J

A

1

| Transformer Encoder |

| Transformer Encoder

Skip conection

"+<— Audio Encoder I-
A ]

"
3
2
=
2
o
= o
3 35
o =
c o
3 = 7
T = - 'E
& = )
K] == _ | £
3 _— a
-
5 SFTFT §.| Audio Encoder ‘ ‘ Video Encoder | | e EEer |
: | 5 i
I d o | i
g | prerecorded clean audio : g Pre-recorded Pre-recorded
w : E 1 5
s noisy audio target video

Fig. 1.

gative

=ty
LLLLE

Enrolment vectors

\—A

Positive

Noisy audio ;

Separation phase using enrolment vectors

The VoiceVector Architecture Overview: There are three networks for two tasks: ‘enrolment vector® generation

networks (a,b); and a speaker separation network (c). In the enrolment phase, network a is used for generating enrolment
vectors from clean audio, while network b accepts other data modalities, including: various combinations of lip-reading, facial
images, or noisy audio paired with visual cues. In b a combination of available modalities is concatenated in time dimension
and passed to a transformer encoder which aggregates the concatenated input. Notably, during training the speaker feature
extractor in network b is trained to mirror the output of network a for separate recordings of the same speaker. In the separation
phase ¢, a U-Net structure augmented with a transformer, processes noisy audio conditioned on a set of positive and negative
enrolment vectors generated from a or b. Leveraging these vectors, the model separates the waveform of the target speaker.

been leveraged for speaker separation [ 1 3]. Previous research
by [14] has used negative vectors for audio separation. In
contrast to their approach, our model can generate the enrol-
ment vectors from noisy audio and dose not require distinct
attention mechanisms for positive and negative vectors.

Attempts at target speaker separation using only au-
dio [15, 16], are challenged by the permutation problem.
While permutation invariant training [ 17, | 8] provides partial
alleviation, the inference stage reintroduces the problem due
to ambiguous channel assignment.

3. METHOD

In this section, we describe our method, named ‘VoiceVec-
tor’, for separating a target speaker from other simultaneous
speakers and ambient noise. When presented with a noisy
speech signal, the aim is to separate the component represent-
ing the distinct acoustic characteristics of a specified speaker,
whilst concurrently filtering components such as competing
voices or ambient noise. Refer to Fig. | for a graphical repre-
sentation of the architecture.

3.1. Architecture

The overall architecture consists of two separate but intercon-
nected networks, one to generate enrolment vectors and the
other tasked with speaker separation.

3.1.1. Speaker enrolment network.

We have devised three distinctive configurations of the enrol-
ment network, each tailored for specific input modalities:

Audio-Only Network (Fig 1(a)): This configuration makes use
of an off-the-shelf speaker feature extractor network named
ECAPA-TDNN [19]. It processes clean audio a. € Rt repre-
sented in the spectrogram format, S(f,7) = STFT(a.), and out-
puts speaker embeddings, S,. € R!%2. Here STFT denotes
the Short-Time Fourier Transform.

Audio-Visual Network (Fig 1(b)): This network generates
speaker embeddings from noisy audio by leveraging asso-

ciated visual elements. This includes video footage capturing
the lip motions and/or still images of the target speaker.
The noisy audio waveforms a € R!s are encoded as £, €
R%a*768 "and concurrently the video stream (lip motion) v €
R3Xte xHXW g encoded as video embeddings E,, € Rtv*512,
Optionally, this can be further enriched by introducing static
face images f € R3*H*W of the target speaker encoded
into image embeddings £y € R'?®. ¢, and ¢, represent the
temporal dimensions of audio and video respectively. These
encodings are passed through separate convolution layers to
have the same channel dimensions and concatenated to form
a joint feature representation:

F(Ea,Ey, Ef) = (Ea; Ey; Ey) € RtattoH1)x768

The aggregated features are passed through a three-layer
transformer encoder. The resulting encoded representation is
then fed into a modified speaker feature extractor, yielding the
final enrolment vectors S, 5 € R192.

Video-Only Network (Fig 1(b)): In this case there is no audio
input. The video encoder processes silent video stream and
outputs visual embeddings £, € R%*>'2_ while the face
encoder transforms still images into face embeddings Ey €
R!'28, The network can utilise either or both embeddings.
When both are used, they are aligned by channel dimensions
and concatenated. This combined data undergoes processing
through three transformer encoder layers, subsequently feed-
ing into the modified speaker feature extractor to produce en-
rolment vectors S, 5 € R192,

Svuf = Speaker Extractor(Trans former([Ey; Ey]))
3.1.2. Speaker separation network.

The second network shown in Fig I(c) is a VoiceFormer-
inspired model [4], consisting of an audio encoder-decoder
and a speaker embedding encoder. This network is fed with
noisy audio waveforms and corresponding multiple posi-
tive and negative enrolment vectors. It utilises a three-layer



Transformer encoder to combine the audio and speaker en-
codings. Attention is increased for features that match the
target speaker (positive embeddings) while downplaying
features from non-target speakers (negative embeddings).
Finally, skip connections between the audio encoder and
decoder help retain both low- and high-level information,
leading to improved performance. The output of this network
is the separated target speaker waveform signals.

3.2. Training

Training objectives: For the Speaker Enrolment Network given
a dataset D of tuples (a, v, ), the network uses pre-recorded
noisy audio waveforms a € R%«, conditioned on lip motions
alone v € R¥>*tXHXW 'face images alone f € R3*HXW or
a combination of both, to predict an enrolment vector S, €
R'92, The objective is to minimize the L1 discrepancy be-
tween the predicted S, and the speaker embedding S, of
the target speaker generated by the audio-only network shown
(Fig 1(a)). Crucially S, is generated from a distinct record-
ing of the target speaker. Lenrolment = E(q,v, £)eD|Sa. —Spll1-
For the Speaker Separation Network, given a dataset D
of tuples (an,, Sp, at), the network conditions the noisy au-
dio mixture a,, on the predicted enrolment vectors .S;, and
aims to align the predicted audio a; with the clean target
waveforms a;, formalized using the L1 loss: Lsparae =
]E(am,sp,at)eD”at —ahr
Training stages: The training is structured in a step-by-step
process. Initially, as shown in Fig 1(a), clean audio is used to
create target enrolment vectors. Next, as shown in Fig 1(b),
the enrolment network is trained using knowledge distillation,
such that it aligns its outputs with the speaker feature extractor
model in Fig 1(a). This network is further enhanced by train-
ing it with a mix of noisy audio with corresponding visual ele-
ments or just visual information. The video-only version capi-
talizes on either the lip motion of the speaker or by integrating
static full-face images of the speaker in tandem with the cor-
responding video clips. The subsequent step involves train-
ing the separation network, represented in Fig 1(c). Here, we
use noisy audio that includes the voices of the target speaker,
other speakers, and background noise. This audio is paired
with a random combination of both positive and negative en-
rolment vectors that serve as conditioning signals, helping
to emphasize the desired voice while suppressing others in
the mix. Finally, we implemented an end-to-end fine-tuning
phase, refining both the enrolment and separation networks.

3.3. Implementation details

The model is trained using Pytorch. Video data underwent
facial cropping to the mouth region of the speaker with a uni-
form 25 FPS. Audio was monophonized via channel averag-
ing and resampled to 16kHz.

The enrolment network employs a visual backbone from [
integrating a VTP network with transformer units over a hy-
brid 3D/2D residual CNN. Face embeddings are produced via
an off-the-shelf library based on the VGG-Face model [21].

The audio encoder uses a sequence of 1D CNN layers, pro-
cessing audio waveforms directly. The Transformer com-
prises 3 layers and 8 attention heads, with a model dimen-
sion of 532. We use 768-dimensional embeddings across
modalities throughout, ensuring alignment with post-audio
encoding channel dimensions. The transformer’s intermedi-
ate outputs within this network are channelled into an adapted
ECAPA-TDNN model [19]. Note that, unlike the traditional
ECAPA-TDNN that consumes spectrograms, our modified
version leverages features from the transformer’s output.

For the speaker separation network, the architecture drew
insights from the design in [4], but adapted to accommodate
enrolment vectors as opposed to video or text. This module
integrates an audio encoder-decoder with a dedicated encoder
for enrolment vectors. The model ingests a varying number
of positive and negative enrolment vectors, always ensuring at
least one positive enrolment vector during training. A three-
layer Transformer bottleneck fuse encoded noisy audio and
enrolment vectors, attending to relevant audio features based
on the positive and negative embeddings.

Each enrolment vector is derived from a 4-second audio
sample, processed using the enrolment network depicted in
Fig 1(b). During training, the separation network was ex-
posed to a varied number of positive and negative vectors.

4. EXPERIMENTS

4.1. Synthetic sequences

Consistent with previous research [5, 8], we train and test
our models using synthetic noisy samples, formed by com-
bining waveforms from two separate speakers. For a diverse
training set, we mix speech from multiple speakers and back-
ground noise from the DNS dataset, including traffic, wind,
and other general noises. These 4-second audio mixtures
are randomly cropped from extended tracks and undergo
augmentations like speed, pitch, and decibel adjustments to
mimic varied acoustic scenarios. It is worth highlighting that
despite our model’s training and evaluation on synthesized
audio mixtures, it remains adept at managing authentic noisy
sequences, given the small domain gap between synthetic and
real-world audio samples.

4.2. Datasets, training and evaluation protocol

Data. Our evaluation uses two well-known datasets: LRS3 [22]
and Librispeech [23]. LRS3 derived from public TEDx
videos, boasts a vast array of audio-visual clips covering di-
verse speaking styles and subjects. Traditionally favoured
for lip reading and speech recognition, its comprehensive na-
ture aligns perfectly with our objectives. Librispeech, a vast
audio-only dataset sourced from public-domain audiobooks,
is meticulously segmented, proving invaluable for tasks like
automatic speech recognition and speaker identification.
Both the LRS3 and Librispeech datasets cover a diverse
range of speakers of varying genders, accents, and speech
patterns, offering a rich and varied testing environment. Cru-



cially, the speakers in the test sets are not encountered dur-
ing training. Synthetic test samples were crafted by randomly
mixing two distinct speakers from the evaluation subsets of
LRS3 and Librispeech, with the addition of ambient noise.
Evaluation metrics. We use three standard metrics: (i)
Signal-to-Distortion Ratio (SDR) to quantitatively measure
the quality of the separated output; (ii) Short-Time Objective
Intelligibility (STOI) quantifies signal intelligibility; and (iii)
the Perceptual Evaluation of Speech Quality (PESQ) offers a
perceptual score reflecting the listener’s perception. Together,
these metrics offer a comprehensive evaluation of our method
and allow comparison with existing benchmarks.

4.3. Results

In this section, we evaluate our proposed method. We first as-
sess the separation performance under various combinations
of positive and negative embeddings. Next, we evaluate the
model based on enrolment vectors from diverse modalities.
We conclude by benchmarking against the state-of-the-art in
speaker separation and speech enhancement tasks.

Positive and negative embeddings. The positive vectors are
crafted from distinct recordings of the target speaker, ensur-
ing they are different from the immediate audio being sep-
arated. On the other hand, the negative vectors are sourced
from different recordings of the non-target speaker present in
the mixed audio. Table | illustrates the effectiveness of in-
troducing both positive and negative enrolment vectors. The
results confirm that increasing the number of enrolment vec-
tors enhances the model’s separation accuracy.

Table 1. Speaker Separation performance with a var-
ied number of enrolment vectors. Results on the LRS3 test
set, as the numbers of P positive and N negative enrolment
vectors are varied. It is evident that increasing the number
of positive and negative enrolment vectors enhances perfor-
mance. Higher score is better.

1P — ON
SDR? 13.8

1IP— 1IN 3P—2N
14.0 14.4

3P —3N
14.5

Modalities comparison. Table 2 illustrates our model’s effec-
tiveness in the interplay between audio and visual modalities.
When operated solely on clean audio, the model stands ro-
bust, but the introduction of visual cues, specifically lip mo-
tions, to the clean audio offers a marginal advantage. The
model stands resilient in cases where we do not have access
to any clean audio from the target speaker and the positive
vectors are generated from a combination of noisy audio and
visual cues. Interestingly, the reliance solely on lip motions,
yields impressive results, highlighting the importance of vi-
sual cues. Furthermore, incorporating the facial data ampli-
fies performance. This harmony between auditory and visual
data shows the strength of our multi-modal approach in sce-
narios where one of the modalities might not be available.

Table 2. Speaker Separation: Enrolment Vectors Across
Modalities. Symbols v and X indicate the modality’s pres-
ence or absence in the enrolment network. A stands for audio
and V for visual cues. We assess speaker separation using
enrolment vectors generated from various modality combina-
tions in the synthetic LRS3 test set. Using 3 positive and 2
negative vectors. Higher is better.

Modality A V SDRT STOIT PESQT
Clean audio-only VX 144 91 2.52
Clean audio + lip motions v v/ 145 91 2.55

Noisy audio only /X 63 58 1.82

Noisy audio + lip motions v v 13.7 88 245
Lip motions only Xv 111 77 2.25
Lip motions + face images X v 12.0 80 2.35
Face images only Xv 108 79 2.20

State-of-the-Art Comparison. Table 3 compares the perfor-
mance of our approach in speaker separation with preceding
methods. For benchmarking, we consider the speech separa-
tion conditioned on speaker embeddings from [1] and a selec-
tion of recent audio-visual approaches [4, 8,24]. VoiceVector
consistently surpasses or performs on par with earlier meth-
ods. It is worth highlighting that, unlike the other audio-visual
methods, our model does not access visual cues during sepa-
ration, nor has it encountered synchronised visual cues from
the mixture undergoing separation.

Table 3. Comparison to the state-of-the-art on speaker
separation. Evaluation on the synthetic LRS3 and Lib-
rispeech test sets. Our best model outperforms the previous
work. A stands for audio and V for visual cues. v/ and X in-
dicate the presence or absence of the modality respectively.
1Our model has not been trained on Librispeech, demonstrat-
ing generalisation across datasets. Higher is better.

Model AV  Testset SDRT STOIT PESQ?T
Conversation [8] v/ v/ LRS3 11.5 87 2.18
VisualVoice [24] « ¢ LRS3 11.9 90 2.46
VoiceFormer [4] v/ v/ LRS3 144 92 2.42
Ours (VoiceVector) v v/ LRS3 145 91 2.52
VoiceFilter [1] v/ X Librispeech 12.6 - —
Ours (VoiceVector)! v X Librispeech 13.1 89 2.12

5. DISCUSSION

In summary, we introduce a two-phase approach to voice sep-
aration that leverages combinations of auditory and visual
data to generate enrolment vectors, followed by a separation
phase that exclusively relies on auditory data. This strategy
ensures robustness against visual data variability in compari-
son to previous audio-visual separation approaches. The use
of both positive and negative vectors exemplifies a nuanced
angle to the separation task while improving performance.
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