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Abstract
We propose Audio-Visual Lightweight ITerative model
(AVLIT), an effective and lightweight neural network that uses
Progressive Learning (PL) to perform audio-visual speech sep-
aration in noisy environments. To this end, we adopt the Asyn-
chronous Fully Recurrent Convolutional Neural Network (A-
FRCNN), which has shown successful results in audio-only
speech separation. Our architecture consists of an audio branch
and a video branch, with iterative A-FRCNN blocks sharing
weights for each modality. We evaluated our model in a con-
trolled environment using the NTCD-TIMIT dataset and in-
the-wild using a synthetic dataset that combines LRS3 and
WHAM!. The experiments demonstrate the superiority of our
model in both settings with respect to various audio-only and
audio-visual baselines. Furthermore, the reduced footprint of
our model makes it suitable for low resource applications.
Index Terms: Speech separation, audio-visual, progressive
learning, lightweight model

1. Introduction
Understanding speech can be difficult when multiple speakers
overlap, known as the cocktail party problem [1]. Speech sepa-
ration has been extensively studied in the past for mixtures con-
taining only clean speech [2, 3]. In realistic environments, back-
ground noise added to the mixture further degrades the speech
intelligibility. The suppression of such noise is accomplished
by speech enhancement methods [4, 5, 6]. Ultimately, the uni-
fication of both, i.e. speech separation in noisy environments,
aims to bridge the gap between computer-based approaches and
human performance under realistic conditions [7].

Traditionally, this problem has been tackled using the
acoustic information alone. However, there is solid evidence
that visual cues improve speech intelligibility and separation
performance [8, 9]. The principle is twofold: first, the visual
information (e.g. lip movements and facial expressions) is usu-
ally not affected by the acoustic environment, and second, it has
been proven that visual information is able to provide additional
speech and speaker related cues [10]. The performance ob-
tained with audio-visual methods surpasses that of audio-only
methods, confirming the advantage of visual cues in adverse
acoustic environments [11, 12].

As the problem settings become closer to a real environ-
ment, there is a need to increase model capacity in favor of
generalization. Large models are trending in various fields in
the research community, and have achieved impressive perfor-
mance at the cost of scaling up to billions of parameters. We ar-
gue that the computational demands outweigh the performance
gains and make it difficult to apply these models in a practi-
cal scenario with limited hardware resources, e.g. resource-

intensive audio transformer models [13]. In contrast, Progres-
sive Learning (PL) [14, 15] aims at decomposing the mapping
between inputs and outputs into multiple steps.

The key aspect of PL is the use of sub-modules with shared
weights and feedback connections used in an iterative fashion.
As a consequence, the sub-modules may be reduced in size with
respect to a network aimed at learning the direct mapping, since
the task is broken down into “simpler” sub-tasks and the same
weights are reused multiple times.

While PL has been used for various uni-modal tasks, such
as image restoration [16], audio-only speech enhancement [14],
or separation [17, 18], the application of PL on a multi-modal
task remains unexplored to the best of our knowledge. To this
end, we adopt the Asynchronous Fully Recurrent Convolutional
Neural Network (A-FRCNN) [17] as the building block for a
new multi-modal architecture. A-FRCNN combines the princi-
ple of PL with neuroscience findings, and reports state-of-the-
art (SOTA) results in audio-only speech separation.

In the experiments, we show the effectiveness of our model,
called Audio-Visual Lightweight ITerative model (AVLIT),
with respect to competing audio-only and audio-visual ap-
proaches. Moreover, we study the impact of various design
choices to find a configuration that provides both separation
quality and computational efficiency.

2. Method
2.1. General framework

The task of speech separation is to extract the individual speech
signals from a mixture of multiple speakers, which may also
contain background noise. The mixture, denoted by x ∈ R1×T ,
is assumed to be additive,

x =
M∑

i=1

si + n, (1)

where the time-domain signals si ∈ R1×T correspond to the
ith speaker, and n ∈ R1×T to the background noise. Thus,
our goal is to obtain the estimations ŝi ∈ R1×T for all i. T
denotes the number of samples, and M the number of speakers.
In the audio-visual case, the inputs vi ∈ RF×H×W denote a
grayscale single-camera video corresponding to the ith speaker,
where F is the total number of frames of spatial dimensions
H ×W . The videos of all speakers are provided as input.

2.2. A-FRCNN block

The A-FRCNN block [17] extends the U-Net [19] architecture
by introducing two modifications. First, connections between
adjacent levels are added to fuse features at different resolu-
tions. Second, a delayed global fusion integrates the features
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(A) Folded view of AVLIT. (B) Unfolded view of AVLIT with NA = 4, NV = 2, and P = {2}.

Figure 1: Diagram of the proposed network architecture. The iterations are represented in folded view (A) and unfolded view (B).

from all resolutions at the end. The hyperparameters of the
block are a depth of S stages and C channels per stage, as de-
scribed in [17]. It uses B input channels, which may be B ̸= C.

2.3. AVLIT

Our model consists of an audio branch and a video branch, each
having A-FRCNN blocks used iteratively with shared weights.

Audio branch: A representation of the time-domain audio
mixture is obtained with a 1D convolutional layer in the encoder
to obtain the features fA ∈ RC×T ′

from x ∈ R1×T (T ′ ≤ T ).
Then, an A-FRCNN block is applied iteratively NA times. The
input features fA are added at every iteration using a skip con-
nection from the audio encoder to the input of the next block,
as in Fig. 1. Let ϕ(·) denote the A-FRCNN block, R(i) the
output of the block at step i, the iterative audio block operations
are formulated as

R(i+ 1) = ϕ(R(i) + fA), i = 0, . . . , NA − 1, (2)

with R(0) = 0. The output of the last block, namely R(NA) =

f ′A ∈ RC×T ′
, is used as mask for the input fA. The re-

sult fA ⊙ f ′A is decoded into M channels using a 1D trans-
posed convolution. Thus, we obtain the speech estimations
{ŝ1, ..., ŝM} ∈ R1×T .

Video branch: Frame-level embeddings for all speakers
fV ∈ RM×C′×F are obtained from vi using the latent repre-
sentation with dimension C′ of a pre-trained single-frame au-
toencoder. Then, an A-FRCNN block is applied iteratively NV

times. Finally, fV is fixed to match fA by applying 1 × 1 con-
volutions to the channels and nearest neighbor interpolation to
the temporal dimension, obtaining f ′V ∈ RC×T ′

(without infor-
mation loss since F ≪ T ′).

Modality fusion: The features f ′V processed by the video
branch are injected directly at specific positions within the iter-
ation of the audio branch, as it can be seen in Fig. 1 (B). These
positions are defined by a set P , with elements in the interval
[0, . . . , NA − 1]. With this modification, the iterative process
from Eq. (2) becomes

R(i+ 1) =

{
ϕ(R(i) + fA + f ′V ), i ∈ P

ϕ(R(i) + fA), i /∈ P,
(3)

for i = 0, . . . , NA − 1 and R(0) = 0. The operation to com-
bine fA and f ′V is addition. We found no significant perfor-
mance differences between addition, product or concatenation.

Complexity analysis: Let N = NA +NV . The time com-
plexity is O(N), since the operations increase linearly with the
total number of blocks, as per Fig.1 (B). However, the space
complexity is O(1), because the parameters are shared within
each branch for any choice of NA and NV , as per Fig.1 (A).

3. Experimental settings
3.1. Datasets

We use NTCD-TIMIT for a controlled environment and LRS3+
WHAM! for data in the wild. Both datasets are pre-processed
to use the lip region of the video recordings as done in [20].

NTCD-TIMIT [21] was proposed for noise-robust audio-
visual speech recognition for a single speaker. We generate
mixtures of 2 speakers plus noise by selecting an additional
speaker randomly from the same set without overlap in speaker
identity or utterance content. The SNR is 0 dB for clean speech
and uniformly sampled in the range [−5, 20] dB for the noise.
The data splits have 39, 8 and 9 speakers, with 5 hours for train-
ing, 1 hour for validation, and 1 hour for testing, respectively.

LRS3 [22] + WHAM! [7] combines the audio-visual data
from LRS3 and the noise data from WHAM!. We generated
synthetic mixtures containing 2 speakers plus noise. The SNR
is uniformly sampled in [−5, 5] dB for clean speech and [−6, 3]
dB for noise, following the mixing procedure originally de-
scribed in WHAM!. We obtained 28 hours for training, 3 hours
for validation, and 2 hours for testing.

3.2. Evaluation

We evaluate our method with respect to the separation quality
and the computational efficiency.

Separation quality: Instrumental evaluation metrics such
as Perceptual Evaluation of Speech Quality (PESQ) [28], Ex-
tended Short-Time Objective Intelligibility (ESTOI) [29], and
Scale-Invariant Signal-to-Distortion Ratio (SI-SDRi) [30] are
used to respectively measure the speech quality, intelligibility,
and overall distortions of the speech estimations.

Computational efficiency: The efficiency is compared us-
ing Multiply-Accumulate operations (MACs), number of pa-
rameters, inference times on CPU and GPU, and memory foot-
print during training and inference (computed with the ptflops
package1). Inference time is measured with 2s of audio at 16
kHz sampling rate and averaged over 100 trials on the CPU and
GPU models specified in Sec. 3.3.

3.3. Implementation details

The hyperparameters used in the architecture and experimental
settings are detailed below:

Audio encoder/decoder: The audio encoder and decoder
employ a 1D convolution and a 1D transposed convolution, re-
spectively. The kernel size is set to K = 40 (2.5 ms) with a
stride of 20 (1.25 ms), and C = 512 output channels.

Video encoder: The video encoder takes the video frames
of the cropped lip region, resized to 64×64 px, and generates

1https://github.com/sovrasov/flops-counter.
pytorch
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Table 1: Comparison with baseline models on NTCD-TIMIT and LRS3+WHAM! datasets. We report instrumental audio quality and
intelligibility metrics for each dataset using mixtures of 2 speakers plus noise.

Inputs NTCD-TIMIT LRS3+WHAM!
Model A V PESQ ↑ ESTOI ↑ SI-SDRi ↑ PESQ ↑ ESTOI ↑ SI-SDRi ↑
Unprocessed – – 1.19 0.33 – 1.05 0.34 –
ConvTasNet [3] ✓ × 1.35 0.38 8.76 1.24 0.51 9.66
DPRNN [23] ✓ × 1.32 0.39 9.31 1.40 0.45 10.93
A-FRCNN-2 [17] ✓ × 1.22 0.21 5.94 1.18 0.46 6.48
A-FRCNN-4 [17] ✓ × 1.24 0.26 6.61 1.23 0.46 7.32
A-FRCNN-8 [17] ✓ × 1.30 0.31 6.92 1.25 0.49 9.21
AVConvTasNet [24] ✓ ✓ 1.33 0.40 9.02 1.29 0.60 6.21
LAVSE [25] ✓ ✓ 1.31 0.37 6.22 1.24 0.50 5.59
L2L [26] ✓ ✓ 1.23 0.26 3.36 1.16 0.51 7.60
VisualVoice [27] ✓ ✓ 1.45 0.43 10.04 1.48 0.63 11.87
AVLIT-2 (Ours) ✓ ✓ 1.36 0.40 9.05 1.30 0.55 9.10
AVLIT-4 (Ours) ✓ ✓ 1.38 0.42 10.15 1.41 0.62 10.99
AVLIT-8 (Ours) ✓ ✓ 1.43 0.45 11.00 1.52 0.68 12.42

frame-level embeddings using a 4-layer convolutional autoen-
coder (AE) with bottleneck of size C′ = 1024. Each layer
performs a 2D convolution with kernel size 2 and stride 2, fol-
lowed by a LeakyReLU activation with slope 0.3. The AE is
trained for each dataset by minimizing the mean squared error
between the input frame and its reconstruction. The encoder is
used in our model with frozen weights.

Audio branch: The audio block uses CA = 512, BA =
128 and SA = 5. As a result, it has 4.9 M parameters. The
number of blocks of the audio branch is set to NA = [2, 4, 8]
and we denote our model as AVLIT-NA.

Video branch: The video block has a reduced size since
F ≪ T ′, i.e. the video features have a significantly lower rate
than the audio features. The block uses CV = 128, BV = 128
and SV = 5, resulting in 0.35 M parameters. We found no
practical differences in speech separation quality when the size
is reduced, while it makes the model significantly lighter. The
number of blocks of the video branch is set to NV = NA/2,
which we found to work well experimentally.

Training procedure: All models were trained for 100
epochs on 4-second utterances for NTCD-TIMIT and 2-second
utterances for LRS3 + WHAM! at 16 kHz sampling rate. We
used a batch size of 16, AdamW optimizer [31] with a learning
rate of 1 × 10−3, weight decay of 1 × 10−1, and a step learn-
ing rate schedule with a factor of 1/3 applied every 25 epochs.
The training objective is the negative SI-SDR [30]. The speaker
assignment in audio-visual models preserves the order of the vi-
sual inputs, while audio-only models use permutation invariant
training [32].

Hardware configuration: All experiments were conducted
on a server with Intel(R) Xeon(R) Silver 4210 CPU @ 2.20 GHz
and 8 × GeForce RTX 2080 Ti 11GB.

Official code: The Pytorch implementation of the model is
available2. The A-FRCNN block is adopted from its original
implementation3. This project is MIT Licensed.

4. Results
4.1. Comparison with existing models

We select ConvTasNet [3], DualPathRNN (DPRNN) [23], and
A-FRCNN [17] as audio-only baselines and AVConvTasNet
[24], LAVSE [25], Looking to Listen (L2L) [26], and Visu-
alVoice [27] as audio-visual baselines. All models are trained
with our settings using the official code when available, or the

2https://github.com/hmartelb/avlit
3https://cslikai.cn/project/AFRCNN

implementation from the Asteroid 4 otherwise. The separation
quality results are shown in Table 1 and computational effi-
ciency results in Table 2.

Separation quality: In Table 1, we observe that AVLIT-8
is the best performing model overall for both datasets, provid-
ing consistent improvements over the baseline methods. The
margin is larger in LRS3+WHAM!, which contains more chal-
lenging conditions but also has more training data than NTCD-
TIMIT. AVLIT-8 outperforms VisualVoice, the best audio-
visual baseline, by rougly 1 dB and 0.5 dB SI-SDRi in the
two datasets, respectively. AVLIT-8 and AVLIT-4 also yield
better performance than DPRNN, the best audio-only baseline.
Finally, AVLIT achieves improvements of over 3 dB SI-SDRi
w.r.t. the A-FRCNN models of equivalent size, showing that
the video modality is integrated effectively in our architecture.

Computational efficiency: In Table 2, it can be observed
that the model complexity of AVLIT is reduced significantly
w.r.t. other audio-visual models. MACs increase linearly and
the number of parameters are constant in AVLIT as a conse-
quence of its iterative design. In both metrics AVLIT outper-
forms AVConvTasNet, the audio-visual baseline with the least
complexity, and it is comparable to audio-only models. In ad-
dition, AVLIT runs faster inference and has a smaller mem-
ory footprint than VisualVoice and DPRNN, which are the best
performing baselines in terms of audio quality. The memory
footprint is comparable to running audio-only models, requiring
just 23.97 MB, which is 4.87 times less than any other audio-
visual baseline (L2L requires 116.83 MB). For reference, Vi-
sualVoice requires 313.74 MB (13.08 times AVLIT) and needs
1.98 s to run inference on CPU (4.12 times slower than AVLIT-
8). While DPRNN requires only 14.61 MB, the recurrent na-
ture of the model makes its inference time significantly slower,
with 4.68 s on CPU (9.75 times slower than AVLIT-8). In sum-
mary, the computational efficiency metrics show that our model
is lightweight and that it excels at inference.

4.2. Ablation study

We select LRS3 + WHAM! to conduct an ablation study of our
model. We investigate the fusion position, the capacity of each
branch, the effect of the number of iterations of the video branch
(NV ), and the role of different video features. The number of
audio blocks is set to NA = 4 in this section.

Fusion position: In Eq. (3), we introduced the set of po-
sitions P at which the video features are combined with the
audio features. The results for different choices of P are shown

4https://github.com/asteroid-team/asteroid
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Table 2: Comparison with baseline models in terms of computational efficiency. We report model complexity, inference times on both
CPU and GPU, and total memory allocated during training and inference. An asterisk (*) denotes overhead due to one or more visual
frontends, although not accounted here. All numbers are obtained with audios of length 2s at 16kHz sampling rate and batch size of 1.

Inputs Model complexity Inference time Memory footprint
Model A V MACs (G) ↓ Params (M) ↓ CPU (s) ↓ GPU (s) ↓ Train (MB) ↓ Inference (MB) ↓
ConvTasNet [3] ✓ × 28.03 3.50 0.14 0.02 2172.66 20.23
DPRNN [23] ✓ × 168.77 2.62 4.68 0.46 7484.10 14.61
A-FRCNN-2 [17] ✓ × 10.31 5.14 0.10 0.03 847.24 21.55
A-FRCNN-4 [17] ✓ × 18.96 5.14 0.18 0.04 1535.25 21.55
A-FRCNN-8 [17] ✓ × 36.27 5.14 0.38 0.06 2909.77 21.55
AVConvTasNet [24] ✓ ✓ 43.57 * 16.45 0.43 0.07 2474.98 * 117.05
LAVSE [25] ✓ ✓ 206.51 32.89 0.55 0.05 2386.82 178.61
L2L [26] ✓ ✓ 93.58 * 17.40 0.57 0.04 834.68 * 116.83
VisualVoice [27] ✓ ✓ 19.70 * 77.75 1.98 0.20 5346.52 * 313.74
AVLIT-2 (Ours) ✓ ✓ 10.37 5.75 0.11 0.04 881.92 23.97
AVLIT-4 (Ours) ✓ ✓ 19.03 5.75 0.20 0.05 1570.98 23.97
AVLIT-8 (Ours) ✓ ✓ 36.35 5.75 0.48 0.08 2949.11 23.97

in Table 3. In this comparison, Early fusion has a positive ef-
fect on the outcome, consistent with a previous study [33]. We
hypothesize that the audio-visual fusion of low-level features is
more effective and that Early and All better respect the regular
structure of the iterative network.

Table 3: Study of the fusion position.

Fusion pos. P PESQ ↑ ESTOI ↑ SI-SDRi ↑
Early {0} 1.41 0.62 10.99
Middle {2} 1.30 0.56 9.15
Late {3} 1.29 0.55 8.88
All {0, 1, 2, 3} 1.32 0.58 9.76

Branch capacity: We investigate the effect of decreasing
CA and CV , aiming to find more efficient choices without sacri-
ficing separation quality. We use the original values of B = 128
as lower bound and C = 512 as upper bound. The results are
shown in Table 4. There is degradation by reducing the value of
CA, but the differences are minimal when reducing CV . This
suggests that CA = 512 and CV = 128 provide a good com-
promise between separation quality and efficiency. We hypoth-
esize that audio needs more capacity than video because this
task requires audio outputs, while the video is used as side in-
formation.

Table 4: Study of the branch capacity, changing the number of
channels for each modality.

CA CV Params (M) ↓ PESQ ↑ ESTOI ↑ SI-SDRi ↑
128 128 1.01 1.28 0.55 8.99
256 128 2.00 1.35 0.59 10.19
512 128 5.75 1.41 0.62 10.99
512 256 6.68 1.41 0.62 11.00
512 512 10.30 1.41 0.62 11.02

Length of the video branch: The number of audio itera-
tions, NA is fixed to 4 and NV takes the values [0, 1, 2, 4]. The
results are shown in Table 5. Although performance differences
are slight, we observe that NV = 2 obtained the best results.
Thus, NV = NA/2, as per Sec. 3.3, is reasonable.

Table 5: Study of the length of the visual branch.

NV PESQ ↑ ESTOI ↑ SI-SDRi ↑
0 1.38 0.61 10.67
1 1.39 0.62 10.85
2 1.41 0.62 10.99
4 1.40 0.62 10.88

Video features: We compare embeddings from different
video encoders. FaRL [34] is recent SOTA in face represen-

tation learning. We compute face embeddings of each speaker
from the original raw videos. AE reconstructs single frames
from the cropped lip regions. Similarly, LipReadingTCN [35],
a successful lip reading model, is used to compute embeddings
of linguistic context. We train AVLIT-4 replacing only the video
encoder. The results shown in Table 6. In terms of separa-
tion quality, LipReadingTCN yields the best results followed
by AE with minor differences. Considering efficiency, however,
LipReadingTCN is significantly more expensive than AE since
they have 32M and 5.5k parameters, respectively. To make
our model lightweight without sacrificing separation quality, we
find AE to be a sensible choice.

Table 6: Comparison between different video encoders.

Video encoder Params (M) ↓ PESQ ↑ ESTOI ↑ SI-SDRi ↑
FaRL [34] 87 1.40 0.61 10.76
AE [25] 0.005 1.41 0.62 10.99
LipReadingTCN [35] 32 1.42 0.62 11.05

5. Conclusion

In this paper, we proposed an iterative model for audio-visual
speech separation that uses PL in audio and video branches. Its
design is based on the A-FRCNN block, which we have used
for both modalities to keep a unified architecture.

The resulting model, called AVLIT, outperformed existing
baselines in terms of audio quality and computational efficiency.
We investigated the impact of various design choices to achieve
a good compromise in both aspects.

As for the limitations of our work, the behavior of AVLIT in
reverberant environments is unknown. Also, the speakers must
be visible in the video frame since we assume no occlusions.
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