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Abstract

The goal of this paper is speech separation and en-
hancement in multi-speaker and noisy environments using
a combination of different modalities. Previous works have
shown good performance when conditioning on temporal or
static visual evidence such as synchronised lip movements
or face identity. In this paper, we present a unified frame-
work for multi-modal speech separation and enhancement
based on synchronous or asynchronous cues. To that end
we make the following contributions: (i) we design a mod-
ern Transformer-based architecture tailored to fuse differ-
ent modalities to solve the speech separation task in the raw
waveform domain; (ii) we propose conditioning on the tex-
tual content of a sentence alone or in combination with vi-
sual information; (iii) we demonstrate the robustness of our
model to audio-visual synchronisation offsets; and, (iv) we
obtain state-of-the-art performance on the well-established
benchmark datasets LRS2 and LRS3.

1. Introduction

Humans have the remarkable ability to focus on conver-
sations even in a room full of talking people, a phenomenon
known as the “cocktail party effect” [29]. Our brains carry
out this feat by concentrating their attention to a specific
speaker while filtering out the rest of the stimuli originat-
ing from interfering voices and other environmental noises.
Although this ability manifests to a limited extent through
hearing alone, it is greatly enhanced when simultaneous in-
formation from other modalities is available. For exam-
ple watching a speaker’s lips can significantly help disam-
biguate speech in noise [41], while understanding the nat-
ural language context of a sentence enables the listener to
anticipate the potential next words of the speaker.

In recent years, progress in audio-visual learning has
made it possible for machines to also achieve this ability
and very effectively isolate individual voices out of multi-

Figure 1. We propose VoiceFormer, a framework for multi-modal
speech separation and enhancement, that isolates speech accord-
ing to either the text content of the target speaker’s utterance, their
lip movements or both. Our framework allows conditioning on
cues from multiple modalities, without requiring them to be tem-
porally synchronised or have a common temporal rate. This gives
it multiple advantages, such as robustness to temporal misalign-
ments between the inputs.

speaker mixtures of speech or noisy audio [1, 14, 31]. Solv-
ing this problem enables a great range of practical applica-
tions, such as improving subtitle generation in videos with
noisy audio, developing smart audio-visual hearing aids to
enhance speech conditioned on visual input, or facilitating
teleconferencing in noisy settings such as airports or cars.

Previous works have principally taken two approaches:
either using synchronous cues, most commonly the lip
movements of the target speaker [1, 14]; or using static
(fixed embedding) cues such as the voice [49] or face char-
acteristics [11, 21]. The former has the advantage of using
dynamic evidence that is very strongly correlated to the de-
sired speech output. However, relying on lip movements
has several disadvantages. First they may be momentarily
disrupted – e.g. from visual occlusions – therefore strong
reliance will make the model sensitive to this form of visual
noise; and second, they require synchronisation between
the audio and visual streams. On the other hand, static
cues arising from biometric characteristics of the speaker
are more robust to temporary disruptions, however they are
not dynamically correlated to the speech (so are a weaker
signal) and may be common among different people. For
example it may be increasingly harder to separate speech
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among individuals with similar voice timbre or appearance.
Recent works have attempted to deal with the inadequacy of
conditioning on a single source by either jointly condition-
ing on more than one modality using naive fusion of static
cues with the lip movement [3] or by learning the separation
task jointly with a cross-modal prior [21].

However to-date there is no unified framework for: (i)
conditioning on asynchronous information (such as a delay
between the audio and visual streams); or (ii) for seamlessly
conditioning (and fusing) on multiple sources of informa-
tion or on different types of modalities; or (iii) for using a
large temporal context so that predictions can be made us-
ing a language model.

Our first contribution is to enable conditioning on asyn-
chronous visual (lip) streams. Most previous work relies
on costly pre-processing steps to synchronise the audio and
video streams, and their performance deteriorates in real
world situations where out of sync data is a regular occur-
rence due to transmission delays, jitter or technical issues.
We show that in our work there are no detrimental effects
with timing delays of 5 frames (200 ms) or more. Further-
more, the audio and visual streams do not even have to have
the same temporal sampling rate.

Our second contribution is to enable enhancement by
conditioning on textual input. This new functionality al-
lows speech to be enhanced without requiring biometric in-
formation or even a visual stream. It is applicable where the
textual content of the speech is known in advance, e.g. from
a prepared speech or lyrics of a song, or where Automatic
Speech Recognition (ASR) or lip reading [5,10] can be used
to transcribe what is said, even imprecisely, and then subse-
quently used to isolate the speaker from background noise.
Textual conditioning is asynchronous, as only the order of
words (or more precisely the phonemes) is required, but not
their precise temporal alignment.

Both of these contributions are facilitated by a new
Transformer-based speech separation and enhancement net-
work, where we use the positional encoding of the Trans-
former to record the timestamp (of the audio and visual
samples) or the ordering (of the words in the text) of the
conditioning signal. The network operates directly on the
waveform level, without requiring spectrograms as an in-
termediate step of the audio processing. It uses a U-
Net [12, 38] architecture to encode noisy audio and then
decode it into clean speech, with the Transformer as the
network’s bottleneck, where the conditioning information
can be visual and/or text. The Transformer also enables
modelling a longer temporal context (e.g. compared to an
LSTM) allowing the network to explicitly model structure
in natural language. By having the ability to anticipate what
follows a certain sequence of words the model can then bet-
ter approximate the target speech output.

In summary, we make the following contributions: First

we design a modern multi-modal speech enhancement ar-
chitecture, VoiceFormer, that uses a Transformer-based bot-
tleneck to fuse heterogeneous modality streams, mean-
ing that it can simultaneously condition on multiple non-
aligned modalities. Second, we introduce text-conditioned
speech enhancement as a novel multi-modal task and show
that our proposed architecture is well designed to handle
it. Third, we demonstrate that our trained models are ro-
bust to audio-visual synchronisation offsets. Fourth, we ex-
hibit state-of-the art performance, surpassing other audio-
only and audio-visual baselines in the tasks of speaker sep-
aration and speech enhancement.

2. Related work
Our work is related to a large body of previous works

which ranges from traditional audio-based speech enhance-
ment to methods for multi-modal speech and sound-source
separation.

Audio-based speech separation and enhancement.
Speech enhancement is a well studied problem with long
history in audio processing. Audio-only methods are by
design person-agnostic; they often work well for enhance-
ment, retaining speech and filtering out background noise,
but struggle with speaker separation. Recent methods aim
to tackle this by solving the label permutation problem – as-
signing audio sources to their corresponding speakers in the
audio [23, 48, 54]. Wang et al. [50] proposed a method to
localize individual speakers and train an enhancement net-
work on spatial as well as spectral features. Lou et al. [28]
introduced a deep learning framework for speech separa-
tion that addresses label permutation and does not require
knowledge of the number of speakers. Yu et al. [54] de-
vised a deep learning training criterion for solving the label
permutation problem. Chen et al. [8] perform separation
based on clustering of the audio sources in the embedding
space. Defossez et al. [12] recently proposed the Denoiser,
a real-time speech enhancement network that is trained end-
to-end on raw waveforms.

Multi-modal methods based on static cues. Vari-
ous recent methods attempt to solve the audio separation
problem based on external cues that contain information
about the sound source. Examples of such methods are
works that perform identity-specific speech separation us-
ing voice [49], or face [11] identity embeddings. Related
works that also fall in this category are various audio-visual
methods for separating the sounds of musical instruments
based on stationary appearance cues [15, 19, 20, 33, 39, 45,
46, 53, 57].

Multi-modal methods based on dynamic cues. An-
other family of methods solve the source separation task
based on dynamic cues that exhibit some variation over
time. Such cues are more commonly contained in a syn-
chronised visual stream, therefore these methods are in their
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Figure 2. Overview of the proposed multi-modal speech enhancement with transformers (mmset) architecture. it consists of a u-net style
encoder-decoder for the audio stream, with the bottleneck layers conditioned on a transformer that can ingest textual and visual modalities.
the u-net encoder ingests the raw audio waveform of the target speaker with noise (background or other speakers), and produces a sequence
of audio embeddings. the multi-layer transformer conditions on the audio embeddings, the phoneme sequence extracted from the text
being spoken, and/or the visual embeddings from the video of the target speaker. the u-net decoder inputs the sequence of refined audio
embeddings from the output of the transformer, and produces the clean audio waveform of the target speaker (with the noise removed). in
both training and inference the conditioning can include video or text or both.

majority audio-visual. For example, utilising visual features
has proven to be very beneficial in separating speakers in
audio clips where the corresponding video is accessible. In-
deed, recent works [1, 4, 14, 16, 17] conditioned deep learn-
ing frameworks on the lip movements of target speakers in
order to isolate their voice among multiple other speech
signals. Wu et al. [51] presented an audio-visual speech
separation network which operates in the time-domain (raw
waveforms) instead of frequency-domain, while Sadeghi et
al.solved the task by employing audio-visual VAEs [40].
Owens et al. [31] use spatio-temporal video features for
separating on-screen from off-screen speech. In a simi-
lar line of work, recent methods have proposed using mo-
tion cues in videos [18, 32, 56] in order to separate musical
instruments belonging to the same class, thus overcoming
the limitations of static appearance features. A few recent
works investigated combining static and dynamic cues to
improve speech separation. For example Gao et al. [21]
investigated training an audio-viusual speaker separation
network jointly with voice-face embeddings that provide a
prior to aid the separation process. Another proposed direc-
tion [3,22] is conditioning a separation network on both lip-
movements and an embedding of the target speaker’s voice
to improve robustness to visual occlusions. However none
of those works propose a unified framework for condition-
ing on multiple non-aligned dynamic sources of informa-
tion.

Multi-modal fusion. Our method is more broadly re-
lated to works that fuse different modalities to solve multi-
modal tasks, such as audio-visual fusion using Transform-
ers [24, 30] for audio-visual event detection [26, 27, 44] or
audio-visual synchronization [7], video-text fusion for vi-

sual grounding [52, 55] and visual keyword spotting [36].

3. Method
In this section we describe our proposed method for

multi-modal speech enhancement which we call the Voice-
Former. Given a noisy speech signal, the goal is to sepa-
rate a target speech component corresponding to other in-
put modalities (text or video), and to filter out the rest of the
signal (other speakers or background noise). An overview
of the architecture is shown in Figure 2. We use a U-Net
style audio encoder-decoder (similar to [12]), with a multi-
modal Transformer in its bottleneck, where the noisy audio
is fused with the conditioning inputs (video and text). The
rest of this section describes the individual components and
the training of the model. We refer the reader to the project
webpage for full architectural details.

3.1. Architecture

Audio, Visual, and Text representations.
The model has three input streams: one ingesting an au-

dio waveform a ∈ RTa , one the corresponding video in-
put v ∈ R3×Tv×H×W , and one a textual representation
s = (s1, s2 · · · , sns) of the sentence being uttered. Sim-
ilar to [13], we extract a representation of the noisy audio,
A ∈ Rta×c, directly from the input waveform a using the
encoder part of a U-Net, which consists of 1D convolution
layers. We also use a spatiotermporal CNN [1] to obtain vi-
sual representations, V ∈ Rtv×c. The textual representation
is obtained using the phonimizer library [6] with espeak-
ng as its backend; the words in the input sentence are first
mapped to a phonetic sequence of length tq based on the
International Phonetic Alphabet, and are then mapped to a
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sequence of learnable embedding vectors Q ∈ Rtq×c.
Transformer bottleneck. In order to inform the model

of the temporal order of its inputs, i.e. signal timestamps
for the video/audio features and phoneme ordering for the
text, we add positional encodings, PE{a,v,q} ∈ Rt{a,v,q}×c.
PEa and PEv are implemented as sinusoidal vectors and
PEq as learnable embedding vectors. Moreover, in or-
der to allow the model to distinguish which signal comes
from which modality, we also add modality encodings,
ME{a,v,q} ∈ Rc, which are three learnable vectors, one
for each modality type. In summary, the order and modality
aware uni-modal representations are calculated as

A = A+ PEa +MEa, (1)

V = V + PEv +MEv, (2)

Q = Q+ PEq +MEq, (3)

These are concatenated along the temporal dimension

Z = (A;V ;Q) ∈ R(ta+tv+tq)×c (4)

and the resulting feature vector is processed with a Trans-
former encoder with N layers and h heads:

Y = TRANSFORMER-ENCODER(Z).

The Transformer bottleneck fuses the three inputs together,
allowing for full cross-attention between all modality com-
binations. In particular, the textual and video evidence is
attended upon and used to extract only the relevant parts of
the embedded audio. We note that neither explicit align-
ment nor common frame-rates between the different signals
are required. The output of the Transformer correspond-
ing to its audio input, Y1:ta , contains the representation of
the separated/enhanced audio (the outputs corresponding to
video and text are discarded).

U-Net Decoder. The enhanced audio representation is
decoded into a waveform âc with the decoder part of the U-
Net, which is comprised of a stack of transposed 1D convo-
lutions, including shortcut connections from the audio en-
coder. The resulting output âc is an enhanced waveform
containing only the speech corresponding to the visual and
text input.

3.2. Training objective

Given a training dataset D of tuples (a, v, s, ac) of noisy
audio waveforms and corresponding video, text and clean
target waveforms, we train the model using an L1 loss be-
tween the predicted enhanced and the target clean wave-
forms:

L = E(a,v,s,ac)∈D ∥ac − âc∥1 (5)

4. Experiments
4.1. Synthetic sequences

Following previous work [1, 14] we train and evaluate
our models by creating synthetic noisy samples by adding

the waveforms of two separate clips and requiring the model
to reconstruct the individual waveforms in the output, af-
ter conditioning on the corresponding video/text input. In
particular, one of the clips always contains clean speech of
a single speaker, while the interfering audio might be ei-
ther speech from another speaker in the speaker separation
experiments, or a noise audio clip, simulating background
noise for the speech enhancement experiments. Note that
although we train and evaluate the model on synthetic au-
dio mixtures it is applicable to real noisy sequences as the
domain gap between synthetic and real samples is small.

4.2. Datasets, training & evaluation protocol

Data. We obtain audio-visual speech samples from the
LRS2 [9] and LRS3 [2] lip reading datasets. LRS2 con-
tains broadcast footage from British television while LRS3
has been created from TED and TEDx clips downloaded
from YouTube. Both datasets contain audio-visual tracks
of tightly cropped talking heads, engaging in continuous
speech. All tracks are accompanied by text transcriptions
of the utterances that are well aligned to the video and au-
dio, which have also been automatically synchronised. On
examining the datasets we determined that some of the sam-
ples include two speakers while others included background
noise such as clapping, bird chiming, music or crowd laugh-
ter. These samples were removed from the dataset such that
every sample contains speech from only one speaker with-
out other background noise. A combinations of diarization
and background noise detection methods were employed to
detect and remove the noisy samples. As a result, 57 hours
of out of 197 hours was retained from the LRS2, and 439
hours out of 440 hours was kept from LRS3.

Moreover, for obtaining noise for our denoising exper-
iments we follow [12] and use a subset of the DNS [35]
dataset, which contains approximately 181 hours of noise
audio from a wide variety of events. These samples were
used as background noise to construct synthetic noisy audio
wavefroms during training and evaluation.

Training sequences. Approximately 23,000 samples
from the LRS2 dataset and over 100,000 samples from the
LRS3 dataset were used at training time. The samples were
mixed together randomly at each training pass leading to
the generation of numerous new and unseen examples. The
speech signals are mixed together in sequences of 4 sec-
onds for the version of the model trained on audio and video
input. The starting point of each sequence was randomly
chosen as a data augmentation method. The length of the
sequences for the models that have text as their input are
dictated by the number of words in the text that correspond
to the associated audio and videos, ranging between 1 to
6 seconds. The samples with similar length were batched
together at training time to avoid padding the sequences
with zeros whenever possible. Each audio track was inde-
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pendently normalised before mixing them together to create
synthetic mixtures or feeding them into the network.

Evaluation sequences. We evaluate on synthetic mix-
tures of two speakers, or a mixture of one speaker and a
noise sample. To distinguish between these two related
tasks we refer to the first one as speaker separation and the
second as denoising.

We created separate test sets from LRS2 and LRS3 with
2515 and 3229 samples from each dataset respectively.
These test sets were used to evaluate the aforementioned
tasks, comparing our model with baselines and for perform-
ing model ablations and robustness tests. The samples in all
the test sets contain noisy audio, video and text. The dura-
tion of the samples vary as they are cropped based on the
length of the corresponding text. The text samples are 9
words long and do not necessarily form a sentence. We in-
clude qualitative examples on real sequences on the project
webpage.

Evaluation metrics. For evaluating our methods and
baselines we use standard speech enhancement metrics, in-
cluding Signal-to-Distortion-Ratio (SDR) [34, 47], a com-
mon blind source separation criterion, measuring the ratio
between the energy of the target signal and of the errors
contained in the separated output, Short-Time Objective In-
telligibility (STOI) [43], which measures the intelligibility
of the signal, and the Perceptual Evaluation of Speech Qual-
ity (PESQ) [37], that rates the overall perception quality of
the output signal.

4.3. Implementation details

Our network is implemented and trained in Pytorch. The
faces in the video recordings are cropped and resembled
into 25 FPS. The audio input is converted into mono by
taking the mean of both channels and resampled to have a
rate of 16kHz, and the signals are up sampled by 3.2 times
before feeding into the network. The audio output of the
model is down-sampled by the same ratio. For the audio
U-Net we use the Denoiser implementation of [12] without
any changes to the architecture. For the visual backbone
we follow [36] and use a 3D/2D residual CNN [42], pre-
trained on word-level lip reading task. To speed up training,
the backbone is frozen and visual features are pre-extracted
and saved on a hard drive. For the Transformer encoder we
use N = 3 layers and h = 8 heads, with a model size 532.
The embedding dimensions across all the modalities is set
to 768 to match the channel dimension of the audio features
from the output of the U-Net encoder layer.

We obtain models that condition on a single modality
(e.g. only video or only text), by simply not including the
corresponding input in Eq. 4.

Training started with a network that includes an LSTM
on synchronised audio and corresponding visual sequences
as a pre-training stage for the Transformer model. For train-

ing the transformer the learning rate was set to 5 · 10−5. In
all cases the Adam optimizer was used with weight decay of
0.0001, batch size of 64 and the learning rate was reduced
linearly after each epoch on plateau. The models are trained
on the LRS2 and LRS3 datasets separately starting with the
LRS2 mixtures. The training curriculum for the speech en-
hancement models started with mixtures of 2 speakers be-
fore training on one speaker and background noise. When
experimenting with more than two transformer layers, all
the trainable parameters in the model are frozen apart from
the additional encoder layers, which helped to stabilize and
accelerate the training.

4.4. Results

In this section we give a detailed evaluation of the pro-
posed method, including robustness analyses, ablations and
comparison to baselines. We first compare the performance
of our models when they are conditioned on different input
modality combinations; we then perform robustness tests in
settings where parts of the modalities are missing as well as
when there is a misalignment between video and audio; we
finally compare to the state-of-the-art on the speaker sepa-
ration and speech enhancement tasks.

Modalities comparison. In order to assess the effect of
using different modalities as conditioning input, we com-
pare models using only video (A+V), only text (A+T) or
both (A+V+T) in Table 1. We observe that the text-only
model successfully separates the speakers, obtaining rea-
sonable performance. This result is evidence that (a) in-
deed text can be used to separate speech in cocktail party
scenarios, and (b) that our proposed architecture is flexible
enough to capture information from different conditioning
sources without any changes and can successfully solve the
novel text-conditioned speaker separation task without any
help from other modalities. Observing the performance of
the video-conditioned models shows that video obtains a
stronger performance than text. This is an interesting find-
ing, suggesting that lip movements are stronger cues for the
separation task, presumably because they carry more in-
formation than the language content of the utterance (e.g.
speaker mood, accent etc). We refer to the project webpage
for qualitative separation results using the different models.

Cross-modal attention. To assess the effectiveness of
our design for cross-modal attention through a concate-
nation of the modalities, we examine the attention in the
transformer bottleneck. The attention maps in Figure 3 re-
veal the correspondence between the audio tokens and the
other modalities. attend to the features in the correspond-
ing modalities. This indicates that the model is able to im-
plicitly learn the audio-visual and audio-text alignments and
confirms our intuition that it does not require manual align-
ment or common temporal rates.
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LRS2 LRS3
Model SDR↑ STOI↑ PESQ↑ SDR↑ STOI↑ PESQ↑
A+T 13.1 89.7 2.16 14.1 91.4 2.37
A+V 14.1 91.3 2.36 15.5 93.4 2.62
A+V+T 14.2 91.7 2.41 15.5 93.5 2.63

Table 1. Speaker separation performance using different
modalities. We compare VoiceFormer models conditioning on
different modality combinations. We observe that the text-only
model (A+T) performs reasonably well for this task, although the
performance is lower compared to when conditioning on lip move-
ments from the visual stream. The full A+V+T model that condi-
tions on both text and video obtains only a slight improvement
over the A+V model. ↑ denotes higher is better

Figure 3. Attention map visualisations of the first Transformer
layer. The visualisations show the average score of the atten-
tion heads in the first multi-head attention layer of the transformer.
Brighter colours indicate higher scores and brighter pixels on the
same row indicate correspondence between modalities. Left: au-
dio and video correlation; and Right: audio and text correlation.
Higher scores are given to the audio token and its corresponding
token in the other modality at each timestep. This indicates that
the model is able to elegantly fuses the mixed/noisy audio stream
with the conditioning vectors from different modalities, without
the need for explicit alignment between the signals, or requiring
them to be operating at the same temporal rate.

Architecture component contribution. To analyse the
contribution of our architecture components on the perfor-
mance of the model, we examine various architecture con-
figurations. The results are shown in Table 2

Robustness to missing information. As can be seen
from the experiments presented so far, although text can
be sufficient for performing speech separation, it provides
a very limited performance boost when strong visual ev-
idence (i.e. clear, unoccluded lip movements) is already
available. However, we emphasise that adding text in this
setting improves the robustness of the model against miss-
ing information. We therefore conduct further experiments
where we evaluate the same models, but artificially limit the
amount of information from one of the sources. For simu-
lating missing video information we mask out (by zeroing)
the visual features for a percentage of video frames. We

Model input SDR↑ STOI↑ PESQ↑
LSTM (A+V) [4] S 9.25 84.0 1.91
UNet + LSTM (A+V) W 12.8 89.9 2.17
UNet + Transformer (A+V) W 14.1 91.3 2.36

Table 2. Performance based on various architecture configura-
tions. We observe that the UNet module, which digests audio as a
raw waveform, improves the SDR by 3.55dB in comparison to the
spectrograms based baseline model [4]. Replacing the LSTM with
a transformer bottleneck further increases the SDR by 1.3dB. Note
that the UNet removes the necessity to calculate spectrograms and
predict phase, while the transformer offers robustness to audio vi-
sual misalignment. ↑ denotes higher is better. S indicates the audio
input is in mel-spectrogram form and W indicates raw waveform
is used.

show the results of this experiments in Figure 4a. It is clear
that the A+T+V model that conditions on text in addition to
video is much more robust to distortions in the video input.

Similarly, for simulating missing text information, we re-
move a variable number of words from the text input. The
performance against the number of removed words is shown
in Figure 4b. We make two observations. First, the perfor-
mance of the A+T model sharply deteriorates when an in-
creasing number of words are removed from the text input.
This indicates that the model relies on the text input to per-
form the separation of the whole utterance, rather than for
just disambiguation between two separated streams. Sec-
ond, that the A+V+T model is, as expected, very robust to
the missing text information.

Robustness to inconsistent modalities. To further
probe into our models and gain a better understanding of
them, we perform a series of experiments where we replace
the conditioning video or text input with input from a differ-
ent, irrelevant video clip. The results are shown in Table 3.
We observe that the models that condition on a single source
(A+T, A+V) completely fail when presented with wrong in-
puts. This is expected as the visual/textual evidence in those
cases is not consistent with any speech components con-
tained in the audio. From the similar analysis on the A+V+T
model we observe that, although the model performs a lot
worse when supplied with inconsistent video, but consistent
text, input, it does not completely fail (e.g.obtains 5.1 SDR).
On the other hand, the performance drops only marginally
when the model is presented with inconsistent text but con-
sistent video input.

To sum up our analysis of the behaviour of VoiceFormer,
we conclude that the A+V+T model provides good robust-
ness to disruptions in the video inputs, which comes with
virtually no risk; even if for some reason the textual input
provided is missing or inconsistent with the video (e.g. if we
use noisy ASR approximations), the model still performs on
par with the video-only model.
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(a) Robustness to missing video information. Conditioning on
text in combination with video clearly improves the robustness to
missing video information (e.g. due to occlusions), compared to
only using video.
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(b) Robustness to missing text information. The performance of
the text-only conditioned model quickly deteriorates when words
are removed from the text input. This demonstrates that the sepa-
ration is indeed reliant on the text content throughout the utterance,
and not just for disambiguation between two separated signals. As
expected, combining video and text provides robustness to missing
text input.

Figure 4. Experiments with missing information.

Bottleneck ablation and robustness to AV misalign-
ment. To assess our choice of the Transformer encoder in
the U-Net bottleneck we conduct an experiment replacing
the Transformer by an 2 layer LSTM (similar to the archi-
tecture used by [12]), where the audio and video features
are concatenated in the channel dimension.

We argue that using a Transformer to fuse the different
modalities offers the advantage of not requiring synchro-
nised input streams (e.g. video and audio). To verify this
hypothesis, we experiment with artificially shifting the au-
dio input by a random offset within the range from -200 to
200 ms. We train and evaluate both the LSTM and Trans-
former models under those conditions. The results of this
comparison are shown in Figure 5. It is clear that the per-
formance of the LSTM baseline steeply deteriorates when
the audio and video inputs are not properly synchronised.
VoiceFormer on the other hand is very robust to synchroni-
sation issues, retaining high SDR scores (> 12), even when
the two modalities are offset by up to 200ms.

Comparison to the state-of-the-art. We report our
method’s performance on speaker separation and compare

Modality Text Video SDR↑ STOI↑ PESQ↑
A+T ✓ ✗ 13.1 89.7 2.16
A+T ↶ ✗ 1.18 60.5 1.53

A+V ✗ ✓ 14.1 91.3 2.36
A+V ✗ ↶ -1.51 51.9 1.39

A+V+T ✓ ✓ 14.2 91.7 2.41
A+V+T ✓ ↶ 5.11 70.5 1.69
A+V+T ✓ ✗ 10.9 83.6 2.12
A+V+T ↶ ✓ 14.1 91.3 2.36
A+V+T ✗ ✓ 14.1 91.2 2.34

Table 3. Missing or inconsistent modalities. ✓ indicates that the
correct signal for the corresponding modality is in input, ↶ that
the input for this modality is supplied from a different sentence
or video, and ✗ that this input is not provided. The results are
reported for the speaker separation task on the LRS2 test set. We
observe that the models that use a single modality completely fail
to solve the task when the conditioning input is wrong. On the
other hand the A+V+T model that uses both video and text is fully
robust to inconsistent text inputs, and can even partially recover
from inconsistent video inputs. ↑ denotes higher is better

5 4 3 2 1 0 1 2 3 4 5
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Figure 5. Robustness to audio-visual misalignment. We com-
pare our proposed model with a baseline using an LSTM bot-
tleneck in the audio-visual speaker separation setting. It is clear
that while the LSTM baseline struggles when the video and audio
streams are misaligned, VoiceFormer is robust to synchronisation
offsets. A five frame offset corresponds to 200 ms.

it to previous methods in Table 4. As baselines we use the
state-of-the art speech enhancement method of [12] (audio-
only), as well as the recently proposed audio-visual meth-
ods [1, 4, 21]. It is clear that VoiceFormer outperforms the
previous works on all metrics, obtaining state-of-the-art per-
formance in the (comparable) audio-visual setting A+V.

Comparison on speech enhancement (denoising). For
completeness, we also assess our model’s performance on
the denoising task. We show the results in Table 5. Our
proposed models perform on par with the state-of-the art
Denoiser model [12]. We note that this is expected as the
speech enhancement task is easier than speaker separation
and can be solved by using only the audio modality. In-
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LRS2 LRS3
Model V T SDR STOI PESQ SDR STOI PESQ

Noisy input ✗ ✗ 0.2 66.6 1.17 1.3 69.7 1.3

Denoiser [12] ✗ ✗ 0.2 66.6 1.17 1.3 69.7 1.3
AVObjects [4] ✓ ✗ 8.86 83.9 1.94 9.72 85.1 2.02
Conversation [1] ✓ ✗ 9.25 84.0 1.91 10.15 86.5 2.08
VisualVoice [21]† ✓ ✗ 10.8 88.4 2.16 11.7 90.0 2.41
Ours A+V ✓ ✗ 14.1 91.3 2.36 15.5 93.4 2.62

Lee et al. [25]◦ ✓ ✗ 10.01 88.0 0.94 9.78 85.0 0.710
Ours A+V ◦ ✓ ✗ 12.71 92.0 2.06 14.74 94.0 2.42

Ours A+V+T ✓ ✓ 14.2 91.7 2.41 15.5 93.5 2.63

Table 4. Comparison to the state-of-the-art on the speaker sep-
aration task. We evaluate our best models on the synthetic LRS2
and LRS3 test sets. The V and T columns denote which modal-
ities are used for conditioning by each model. A+V+T indicates
our full model and A+V for a version conditioning only on video
and not on text. Our A+V model clearly outperforms the previous
work on all the measures, obtaining state-of-the-art performance
in this setting. We note that the state-of-the-art speech enhance-
ment model of [12] cannot deal with mixture of different speakers
and outputs the mixed signal, even after we attempted to fine-tune
it on this task. †not fine-tuned on the synthetic two-speaker LRS2
training set. ◦ The comparison is on a different test set published
by Lee et al. [25]. Higher is better for all metrics.

deed the high numbers obtained on all metrics indicate that
the performance in this setting is potentially saturated. This
experiment was included to demonstrate that denoising can
also be well handled by the proposed method. We leave
stress-testing of our models on more challenging enhance-
ment settings to future work.

Model SDR↑ STOI↑ PESQ↑
Denoiser [12] 16.49 88.4 2.44

Ours A+V 16.13 88.9 2.49
Ours A+T 15.8 88.4 2.38
Ours A+V+T 16.0 88.8 2.42

Table 5. Model performance and comparisons on the speech
enhancement (denoising) task. Results are reported on the LRS2
test set. All our models obtain good performance, matching
the state-of-the-art audio-only [13] denoising method. ↑ denotes
higher is better

Qualitative examples. We strongly encourage the
reader to refer to the project webpage for multiple examples
of speaker separation and denoising on real videos, which
cover many of the above scenarios. We demonstrate that our
model can perform speech separation in challenging real
world scenarios.

5. Discussion

5.1. Limitations

The main limitation of the proposed method is the strong
assumption that the textual content of the target spoken ut-
terance is available as input to the model during inference.
As we have argued in the introduction there are many prac-
tical uses where this is a valid assumption (e.g. a prepared
conference speech or song lyrics). In our qualitative ex-
amples we also show that it is possible to use related tech-
nologies such as ASR to obtain approximate transcriptions
which can be use in our method for target speaker separa-
tion.

5.2. Societal impact

The development of strong multi-modal speech enhance-
ment models opens up exciting opportunities for useful ap-
plications, as noted in the introduction. The new method
can be used without requiring synchronisation while achiev-
ing improved performance. It also provides the opportunity
for novel applications, for example it can use subtitles in
films to suppress all background music. However there are
possible malign uses of providing a new method to isolate
a speaker from others in terms of surveillance. In the novel
setting that we consider in this paper however, the natural
language content is presumed to be already known (or can
be obtained beforehand through other means). We there-
fore argue that this concern does not apply in our setting
and that overall the potential benefits from benevolent uses
(e.g. medical applications and smart hearing aids) outweigh
the limited risks.

5.3. Conclusion

We have presented a multi-modal speech enhancement
method that can condition on multiple non-aligned modal-
ities. We also introduced text-conditioned speech enhance-
ment as a new task and showed how our proposed archi-
tecture can efficiently solve it. Our trained models demon-
strated state-of-the art performance in a variety of settings
as well as robustness to synchronisation issues and missing
information. In future work we will consider extending our
framework by adding new types of embeddings to condition
on modalities such as (i) a particular person (expanding on
previous work in [21])(ii) the language spoken (e.g. to pick
a French speaker out of English ones).
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