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Abstract. Audio-visual speech separation (AVSS) aims to extract
a target speech signal from a mixed signal by leveraging both audi-
tory and visual (lip movement) cues. However, most existing AVSS
methods exhibit complex architectures and rely on future context,
operating offline, which renders them unsuitable for real-time ap-
plications. Inspired by the pipeline of RTFSNet, we propose a novel
streaming AVSS model, named Swift-Net, which enhances the causal
processing capabilities required for real-time applications. Swift-Net
adopts a lightweight visual feature extraction module and an efficient
fusion module for audio-visual integration. Additionally, Swift-Net
employs Grouped SRUs to integrate historical information across
different feature spaces, thereby improving the utilization efficiency
of historical information. We further propose a causal transforma-
tion template to facilitate the conversion of non-causal AVSS mod-
els into causal counterparts. Experiments on three standard bench-
mark datasets (LRS2, LRS3, and VoxCeleb2) demonstrated that un-
der causal conditions, our proposed Swift-Net exhibited outstanding
performance, highlighting the potential of this method for processing
speech in complex environments.

1 Introduction

With the rapid advancement of speech processing and artificial in-
telligence technologies, audio-only speech separation (AOSS) meth-
ods are facing numerous challenges in the cocktail party scenario
[29]. These challenges are mainly manifested as a significant de-
cline in processing efficiency with an increasing number of speakers,
and insufficient robustness in complex noisy environments [32, 10].
Inspired by the human multisensory information processing mecha-
nism [28], researchers have proposed strategies for integrating visual
information with auditory information. By incorporating visual cues
into the separation network, the robustness and processing efficiency
of speech separation methods can be improved [22, 21]; Such meth-
ods are referred to as audio-visual speech separation (AVSS).

However, most existing AVSS methods are non-causal and require
the entire audio sequence as input, and their complex architectures
incur large Params and MACs, limiting them to offline scenarios due
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to their inability to process streaming data in real-time [24]. There-
fore, developing low-latency causal models for real-time applications
is highly demanded.

In the domain of AOSS, many effective causal methods have
already been proposed [26, 19, 9]. Unfortunately, straightforward
adaptation of these advanced causal AOSS models for AVSS tasks
may not yield optimal results. For example, Zhang et al. [40] trans-
formed a causal Conv-TasNet [26] into a audio-visual causal ver-
sion (Causal AV-ConvTasNet), yet the performance was suboptimal
(see Section 5.3). A natural idea is to construct a causal AVSS sys-
tem by “causalizing” existing high-performance non-causal back-
bone networks—simply replacing non-causal CNNs with causal con-
volutions, replacing bidirectional RNNs with unidirectional ones, us-
ing attention mask in Transformers, or converting global pooling into
frame-wise pooling (see Section 3). To investigate these approaches,
we implemented causal variants of several non-causal AVSS mod-
els [30, 23, 22, 33, 31] under the same training and evaluation pro-
tocol. Our experimental results revealed that such straightforward
causal modifications failed to yield truly lightweight and real-time-
supporting models (see Section 5.3). The primary challenge lies in
designing a lightweight architecture that can effectively leverage his-
torical information, process audio in a causal manner, and efficiently
integrate visual cues.

During this exploration, we did find a non-causal AVSS model,
namely RTFSNet [31], that had potential to be converted to an
efficient causal model since its overall pipeline is simple and
lightweight. However, a straightforward conversion did not lead to
satisfactory results (see Section 5.3). After careful analysis, we found
that the reason lies in its complex architectures of its visual en-
coder, separator, and audio-visual fusion network, all of which are
constructed using complex architectures such as TDANet [20], con-
volutional layers, Transformers [34], and global pooling operations.
These components heavily rely on non-causal structures. When they
are directly modified to operate in a causal manner, they inherit the
same limitations—namely, restricted access to future context and in-
efficient modeling of historical information—which results in a sub-
stantial degradation of performance.

To address the aforementioned issues, we propose a causal AVSS
model, named Swift-Net, building on the RTFSNet’s pipeline [31].
To reduce computational cost, we adopt SRU networks [18] for vi-
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sual feature extraction (LightVid block) and employ a selective at-
tention mechanism (SAF block) to integrate audio-visual features. To
maintain lightweight efficiency while enabling the SRU to better ex-
ploit long-range temporal dependencies from historical information
by focusing on the temporal context within localized feature chan-
nels, we introduce an efficient Grouped SRU mechanism inspired by
grouped convolutional layer [16] in the separation network (FTGS
block). By partitioning feature channels into parallel SRU groups,
the model is able to integrate historical information across different
feature spaces. This design captures temporal and spectral dependen-
cies with fewer parameters and lower inference latency. In summary,
our main contributions are as follows:

• We design a lightweight visual feature extraction module that in-
tegrates convolution with SRUs to effectively capture historical
information.

• We propose a lightweight audio-visual fusion module that effi-
ciently integrates auditory features correlated with visual cues
through a selective attention mechanism.

• We design an efficient Grouped SRU module that aggregates
historical information across multiple feature spaces through a
grouping strategy, further improving model efficiency.

Extensive experiments on mainstream datasets LRS2 [1], LRS3
[2], and VoxCeleb2 [7] demonstrated that Swift-Net achieved SOTA
performance. Additionally, we provided a toolkit that modularizes
the conversion of mainstream non-causal AVSS methods into causal
methods. Source code was made available at https://github.com/
JusperLee/Swift-Net.

2 Related Work

2.1 Non-causal AVSS Model

Early research on speech separation and enhancement largely cen-
tered on audio-only processing [36, 8, 26, 3, 15]. Many of these
methods require pre-registered reference utterances to extract the
target speaker, which limits their applicability in open-world sce-
narios. To mitigate these limitations, subsequent studies fused au-
dio with visual cues, giving rise to audio-visual speech separation
(AVSS). However, most AVSS models with decent separation per-
formance have adopted non-causal architectures [38, 21, 22, 1, 11,
23, 33, 30, 31], achieving notable improvements in separation per-
formance by integrating both historical and future information. Re-
searchers have developed a variety of model architectures tackling
the AVSS task, including convolutional neural networks (CNNs),
recurrent neural networks (RNNs), Transformers, and hybrid ones.
Specifically, CNN-based models (e.g., AV-ConvTasNet [38] and
CTCNet [22]) typically utilize time-domain convolutional networks
and incorporate visual lip-reading features to enhance separation per-
formance. However, such methods primarily perform audio-visual
fusion through convolutional operations, resulting in large model
parameter count and high computational complexity. Furthermore,
they rely on future time-step information, making them challeng-
ing to deploy in real-time processing scenarios. RNN-based mod-
els (e.g., AV-DPRNN [33]) leverage deep recurrent structures to
capture long-term dependencies. However, due to their sequential
processing mechanism [18], their computational efficiency is lim-
ited. Transformer-based models, represented by AV-Sepformer [23],
achieve synchronous modeling of modal information through a dual-
path Transformer architecture, which substantially improves sepa-
ration performance. Nonetheless, the computational complexity of

such models scales quadratically along with sequence length, lead-
ing to increased computational burden and model size. Lastly, hybrid
architecture models (e.g., AV-TF-GridNet [30] and RTFS-Net [31])
integrate CNN, Transformer, and RNN modules to balance between
performance and computational complexity, achieving superior sepa-
ration results in offline speech separation tasks. However, these meth-
ods typically rely on global information, thus limiting their applica-
tion in real-time separation scenarios. In this paper, we aim to de-
velop a causal AVSS method capable of operating under streaming
processing conditions.

2.2 Causal Models

In the audio-only streaming domain, several causal architec-
tures—such as Conv-TasNet [26], SkiM [19], and ReSepformer
[9]—have demonstrated impressive real-time separation perfor-
mance. However, when directly applied to the AVSS domain, these
methods reveal critical limitations: since they operate exclusively on
acoustic features, they fail to leverage complementary visual cues;
moreover, under causal constraints, their strict frame-by-frame fu-
sion and limited recurrence hinder the modeling of long-range, cross-
modal temporal dependencies, ultimately degrading robustness in vi-
sually guided scenarios.

In the AVSS domain, compared to non-causal methods, research
on causal methods remains in its early stages. Some researchers [40]
have even attempted to adapt the causal Conv-TasNet [26] to the
AVSS task, but the performance gap compared to non-causal AVSS
methods remains substantial. Therefore, these audio-only causal
methods cannot be directly and effectively transferred to the AVSS
task without significant redesign. Under causal constraints, achieving
efficient cross-modal information fusion while fully leveraging his-
torical temporal dependencies remains a critical challenge in causal
AVSS tasks. In this paper, we propose Swift-Net, which efficiently
integrates historical information by introducing power spectrogram
features and the Grouped SRU network, thereby substantially im-
proving our model’s separation performance.

3 Causal Design Strategies

To ensure that the process of audio-visual separation strictly adheres
to temporal causality, that is, relying solely on current and past in-
formation while completely avoiding any leakage of future informa-
tion, we have specifically redesigned and adjusted the neural network
modules commonly employed in non-causal AVSS methods. In par-
ticular, we have implemented causal convolution, unidirectional re-
current networks, self-attention modules with masking mechanisms,
and segmented causal average pooling, thereby ensuring that all com-
ponents of the overall model comply with causality constraints. We
have also accordingly modified AV-Sepformer [23], CTCNet [22],
AV-DPRNN [33], AV-TF-GridNet [30], and RTFSNet [31], and con-
ducted a systematic comparison with Swift-Net.

Causal Convolutional Layers. When the kernel size of a convo-
lution exceeds 1, standard convolution operations inevitably intro-
duce future information when computing the output for the current
frame. By applying causal padding prior to the convolution operation
[12, 27], convolutional layers can be made causal.

Causal RNN Layer. For RNN layers like LSTM [13], SRU [18]
and GRU [6], causal processing is inherently ensured by setting the
network to operate unidirectionally, guaranteeing that only past in-
formation is utilized.
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Causal Attention Layer. The causal attention layer is imple-
mented by introducing an upper triangular mask into the self-
attention mechanism, consistent with approaches adopted in existing
causal large language models [4]. Specifically, we construct an upper
triangular mask matrix where all elements above the main diagonal
are assigned a value of negative infinity. This design ensures that the
attention computation at each timestep depends only on the current
and previous information, thereby strictly adhering to causality con-
straints.

Causal Average Pooling Layer. We propose a segment-based
causal adaptive average pooling method, as shown in Figure 1.
Specifically, let the input sequence be X ∈ R

1×T , where T denotes
the total number of timesteps. We first uniformly divide X along the
temporal axis into N non-overlapping segments, each with length
L = �T/N�. For the n-th output interval (n ∈ {1, 2, . . . , N}), the
corresponding temporal range is [(n− 1)L+ 1, nL]. To satisfy the
causality constraint during the pooling operation, the pooling result
of the n-th segment, yn, depends only on the current and previous
inputs, that is,

yn =
1

nL

nL∑
t=1

xt. (1)

This way, the n-th output captures not only the information within the
current segment but also the historical information from all preceding
segments. Compared with conventional average pooling, this "causal
pooling" strictly ensures that the output does not utilize any future
information, thereby meeting the causality requirements essential for
sequential modeling.

avg avgavg avg

Time(t): 0 1 2 3 4 5 6 7

t=1 t=3 t=5 t=7

input:

Output:

Figure 1. Diagram for segment-based causal adaptive average pooling
layer. For clarity of presentation, we take an input sequence of length T = 8

that is evenly divided into S = 4 segments as an example. Here, avg
denotes the averaging operation. At t = 1, the computation begins when x1

arrives; at t = 3, the computation begins when x3 arrives, and so on.

4 Method

Our proposed causal AVSS model, Swift-Net, consists of an audio
encoder, a video encoder, a separation module, and an audio de-
coder, as illustrated in Figure 2. Specifically, the input comprises a
mixed audio signal Y ∈ R

1×Ta and the corresponding grayscale lip
movement video sequence V ∈ R

1×Tv×H×W , where Ta denotes
the length of the audio sequence, and Tv , H , and W represent the
number, height, and width of video frames, respectively. First, the
audio encoder maps the mixed audio signal to an audio embedding
Ea(0) ∈ R

Ca×T ′
a×F , and the video encoder maps the lip movement

video sequence to a lip embedding Ev ∈ R
Cv×Tv , where Ca and

Cv denote the dimensions of the encoded features, and T ′
a is the cor-

responding encoded temporal lengths, F denotes the number of fre-
quency bins in the spectrogram. Subsequently, a causal audio-visual
separation network generates an estimated mask M ∈ R

Ca×T ′
a×F

for the target speaker based on Ea(0) and Ev . Finally, following

the approach of RTFSNet [31], the audio decoder performs element-
wise multiplication of Ea(0) and M in the complex domain to ob-
tain the audio embedding of the target speaker, Ra ∈ R

Ca×T ′
a×F .

Ra is transformed back to the time-domain waveform by applying
the decoder, thus yielding the separated speech of the target speaker
Ā ∈ R

1×Ta .

4.1 Encoder

For the video encoder Lm(·), we employ the pretrained CTCNet-
Lip [22] model to independently extract visual features Ev of
the target speaker from each lip movement video sequence V ∈
R

1×Tv×H×W :

Ev = Lm(V), Ev ∈ R
Cv×Tv . (2)

For the audio encoder, the input mixed audio signal Y is first
processed by a Short-Time Fourier Transform (STFT) to obtain its
real Yr ∈ R

T ′
a×F and imaginary Yi ∈ R

T ′
a×F spectrograms. Dur-

ing this process, padding is applied to prevent the window function
from accessing future information. We observed that the power spec-
trogram G contains crucial information closely related to auditory
perception, effectively reflecting the power distribution of the signal
[14],

G =
√

Y2
r +Y2

i , G ∈ R
T ′
a×F , (3)

where F and T ′
a denote the frequency and temporal dimensions, re-

spectively. To further enrich the audio representation, G, Yr , and
Yi are stacked along the channel dimension to construct a compos-
ite audio feature Ym ∈ R

3×T ′
a×F = {G||Yr||Yi}, where || de-

notes concatenation along the channel dimension. Thereafter, Ym is
fed into a convolutional layer with normalization and nonlinear acti-
vation to obtain the audio embedding Ea(0), which is subsequently
input to the following audio-visual separation network.

4.2 The Separation Module

The overall framework comprises three core components: a
lightweight video processing block (LightVid block), an efficient au-
dio block (FTGS block), and a selective attention audio-visual fusion
block (SAF block). First, visual features Ev generated by the video
encoder feed into the LightVid block to obtain enhanced visual em-
beddings Ēv . Simultaneously, audio features Ea(0) are processed by
the FTGS block to generate refined audio embeddings Ea(1). Sub-
sequently, features from both modalities {Ēv ∈ R

Cv×Tv ,Ea(1) ∈
R

Ca×T ′
a×F } flow into the SAF block to produce a joint audio-visual

representation Eav ∈ R
Ca×T ′

a×F . Next, Eav is fed into a deep net-
work composed of N − 1 stacked Efficient FTGS blocks, where
each FTGS block shares parameters to further integrate and refine
the joint representation, ultimately yielding iteratively optimized fea-
tures Ea(N) ∈ R

Ca×T ′
a×F . This cascaded structure, combined with

the parameter sharing mechanism, significantly enhances the compu-
tational efficiency and effectively reduces the model size, enabling
the separator to achieve real-time, low-latency inference while main-
taining superior separation performance.

4.2.1 The LightVid block

Most of the current mainstream AVSS models employ complex vi-
sual encoders involving delicate usage of deep convolutional neu-
ral networks or Transformer [34] architectures, often entailing con-
siderable computational cost. To address this issue, we propose a
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Figure 3. The structural diagram of LightVid block. Here, cv denote the
number of channels of the visual features, and Tv represents the number of

frames of the visual features.

lightweight video processing module, termed LightVid block (see
Figure 3), which serves as an efficient causal visual feature extractor
capable of extracting both local spatial information and long-range
temporal dynamics from lip-reading video sequences with low la-
tency.

Specifically, the LightVid block combines depthwise separable
convolutional layers with linear recurrent units to efficiently process
input visual feature sequence. For each frame, given the lip region
features {Ev,i ∈ R

Cv | i ∈ [1, Tv]}, a 1× 1 convolutional layer fol-
lowed by layer-normalization is first applied to independently model
Ev,i along the channel dimension, resulting in the processed fea-
tures Êv ∈ R

Cv×Tv . This operation effectively preserves the local
semantic information of lip movements and provides a foundation
for subsequent temporal modeling. Afterwards, another 1 × 1 con-
volution is used to project Êv to a lower-dimensional space, yielding
Ẽv ∈ R

Ch×Tv , where Ch < Cv , so as to reduce the number of
feature channels and improve computational efficiency. Next, a uni-
directional SRU is leveraged to model the temporal dependencies
and dynamic variations of lip movements across consecutive frames
based on Ẽv . Finally, a 1 × 1 convolution projects the SRU out-
puts back to the original feature dimension, and a residual connection
from the block input is incorporated. The final output is the enhanced
visual feature representation Ēv ∈ R

Cv×Tv .

4.2.2 The FTGS block

Some existing time-frequency domain AVSS methods [31, 30] em-
ploy two RNNs to model the audio signal in the temporal and fre-
quency dimensions, respectively. As a result, their computational
complexity is approximately twice that of time-domain AVSS meth-
ods [21, 22], often leading to significant inference latency, making
it challenging to meet real-time processing requirements. To address
this issue, we propose an efficient Frequency-Time Grouped SRU
block (FTGS block). In the FTGS block, the channels of audio fea-
tures are divided into multiple groups, each of which is indepen-

dently modeled by lightweight recurrent units with fewer parame-
ters. The outputs of all groups are subsequently concatenated along
the channel dimension. The grouping strategy decomposes the over-
all modeling task into several parallelizable sub-tasks, thereby sub-
stantially reducing computational overhead.

Figure 4 shows a structural diagram of the FTGS block. Let the au-
ditory feature representation input to the FTGS block be denoted as
Ea(i) ∈ R

Ca×T ′
a×F . First, a 1 × 1 two-dimensional convolution is

applied to Ea(i) for downsampling, resulting in A0 ∈ R
Ca×T ′

a
2

×F
2 .

Subsequently, following a strategy similar to TF-GridNet [37], we
first unfold A0 along the frequency dimension using a kernel size

of 8 and a stride of 1 to obtain A′
0 ∈ R

8Ca×T ′
a
2

×F ′
, where F′

is the resulting unfolded frequency dimension. It then gets divided
into G groups along the channel dimension, denoted as A′

0 =

[A′(1)
0 ;A′(2)

0 ; · · · ;A′(G)
0 ], where A′(g)

0 ∈ R
C∗

a×T ′
a
2

×F ′
and C∗

a =
8Ca/G is the number of channels of each group. For each group
A′(g)

0 and at each frame t, the features corresponding to different
frequencies are treated as a sequence along the frequency axis. A
bidirectional SRU is employed to capture frequency correlations as:

X̃
(g)
c,:,t = BiSRU

(
A′(g)

0 [c, t, :]
) ∀c = 1, . . . , C∗

a , t = 1, . . . ,
T ′
a

2
.

This procedure enhances the model’s ability to capture inter-
frequency coupling relationships. The outputs of all G groups are
then concatenated along the channel dimension to restore the origi-
nal number of channels, yielding

Ã0 = Concat
(
X̃(1), X̃(2), . . . , X̃(G)

)
.

After upsampling the feature map along the frequency dimension to
the original resolution via a transposed convolution, a residual con-
nection is then applied via element-wise addition with A0 to obtain
Af ∈ R

Ca×T ′
a×F .

In contrast to frequency modeling, temporal modeling employs
unidirectional grouped SRUs to ensure a causal structure, enhanc-
ing the integration of information from historical feature spaces and
thereby improving separation performance. The output is denoted as
At. Next, a causal self-attention mechanism is applied to At to fur-
ther improve the audio feature representation, resulting in Aatt. Fi-
nally, a reconstruction strategy similar to TDANet [20] is adopted to
recover the time-frequency resolution, generating the next-level fea-
ture Ea(i+ 1).

In our FTGS Block architecture, we adopt grouped SRU units
(Grouped SRUs) based on a grouping strategy. Compared to the stan-
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Figure 4. The structural diagram of FTGS block. Bi-GSRU denotes the Bidirectional Grouped SRU. UNi-GSRU denotes the Unidirectional Grouped SRU.

dard SRU [18], Grouped SRU significantly reduces both parame-
ter count and computational complexity. Specifically, let the input
feature dimension be Din and the hidden state dimension be Dhid.
The main parameters of a standard SRU come from the input-to-
hidden transformation (e.g., a weight matrix of size Din × kDhid) as
well as the hidden-to-hidden connections (e.g., parameters of size
Dhid × lDhid). Ignoring bias terms, the total parameter count can
be approximated as PSRU ≈ c1DinDhid + c2D

2
hid, where c1 and c2

are constants related to the internal structure of the SRU. Similarly,
the primary computation cost CSRU, measured in MACs, is domi-
nated by matrix multiplications and has a similar structure, CSRU ∝
DinDhid + D2

hid. For Grouped SRU, we partition both the input and
hidden dimensions into G groups, with the subspace dimensions of
each group being Din/G and Dhid/G, respectively, and run a separate
sub-SRU independently in each group. The parameter count for a sin-
gle sub-SRU is c1(Din/G)(Dhid/G)+ c2(Dhid/G)2, yielding a total

parameter count of PGSRU = G × Psub-SRU ≈ c1DinDhid
G

+
c2D

2
hid

G
.

Thus, both the total parameter count and computation cost are re-
duced approximately by a factor of 1/G:

PGSRU

PSRU
≈ CGSRU

CSRU
≈ 1

G
. (4)

This result clearly indicates that, as the group number G increases,
the storage and computational costs of the model decrease inversely.

4.2.3 The SAF block

C
on

v 
1D

Figure 5. The structural diagram of SAF block. The yellow line and the
purple line represent the flow of visual features and audio features

respectively. φ represents nearest neighbor interpolation. ρ represents the
flattening of the last dimension of the tensor.

Effective fusion of audio-visual features is crucial for AVSS per-
formance, yet existing methods typically rely on complex fusion
strategies that are computationally intensive. To address this, we pro-
pose a streamlined SAF block (see Figure 5) that adaptively inte-
grates visual cues into audio features with high efficiency. Specif-
ically, inspired by the IIANet [21], the SAF block implements a
channel-wise selective attention strategy. First, the visual features
Ēv extracted by the LightVid block are passed through a 1 × 1
convolution, yielding features of shape Ēv,d ∈ R

2Cv×Tv . Subse-
quently, Ēv,d is equally divided along the channel dimension into
γ ∈ R

Cv×Tv (scaling factor) and β ∈ R
Cv×Tv (bias term), which

are used for subsequent scaling and shifting operations on the au-
dio features, respectively. Considering potential differences in tem-
poral scale or frame rate between visual and audio features, nearest-
neighbor interpolation is utilized to align γ and β along the temporal
axis to match the time steps of the audio features, T ′

a. Following this
alignment, the audio features Ea(1) ∈ R

Ca×T ′
a×F are modulated in

a channel-wise manner as follows:

Eav = Ea(1)� γ + β, (5)

where � denotes element-wise multiplication. The resulting fused
feature map Eav ∈ R

Ca×T ′
a×F incorporates both audio and visual

information at each time step, thereby enabling a more effective em-
phasis on the target speaker’s speech representations.

4.3 Masking and Decoder

Consistent with RTFSNet [31], we adopt a complex-domain mask-
ing strategy for audio feature reconstruction, modified to oper-
ate causally. Specifically, given the refined feature Ea(N) ∈
R

Ca×T×F , we generate a mask M ∈ R
Ca×T×F using a con-

volutional module with PReLU nonlinearity. Subsequently, the au-
dio mixture embedding Ea ∈ R

Ca×T×F and the generated mask
M are each decomposed into their real and imaginary parts, i.e.,
Ea(0) = Er+jEi and M = Mr+jMi, where Er,Ei,Mr,Mi ∈
R

Ca×T×F . Next, we perform feature fusion using the rules of com-
plex multiplication: Rr = Er � Mr − Ei � Mi and Ri =
Er �Mi + Ei �Mr , where � denotes element-wise (Hadamard)
multiplication, resulting in the separated feature Ra = Rr + jRi.
Operations in the complex domain allow richer preservation of phase
information in speech signals, thereby improving separation perfor-
mance.

After obtaining the separated feature Ra ∈ C
Ca×T×F , we em-

ploy a single-layer causal transposed two-dimensional convolution to
map it to a two-channel real-valued tensor, where the output channels
are set to 2, corresponding to the real and imaginary parts respec-
tively. Finally, the output of the convolution is restored to the time
domain by inverse short-time Fourier transform (iSTFT), yielding
the separated waveform Ā ∈ R

1×Ta , thereby achieving high-quality
reconstruction of the target speaker’s speech.

5 Experiments

5.1 Datasets

In our experiments, we employed three publicly available audio-
visual mixture benchmark datasets: LRS2-2Mix [1], LRS3-2Mix [2],
and VoxCeleb2-2Mix [7]. To ensure consistency with existing re-
search, we followed the same data pre-processing pipeline [22, 31].
For video processing, all video samples were normalized to 25
frames per second (FPS). Subsequently, utilizing a face detection net-
work [39], we extracted the lip region of the target speaker from each
frame and uniformly cropped it to grayscale images of size 96× 96.
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Table 1. Separation quality and computational efficiency comparison of different causal models across multiple datasets. All models are implemented with
causal design strategies to ensure causality.

Model LRS2-2Mix LRS3-2Mix VoxCeleb2-2Mix Params MACs Time
SI-SNRi SDRi SI-SNRi SDRi SI-SNRi SDRi (M) (G) (ms)

AV-ConvTasNet 9.8 10.3 12.5 12.8 6.9 8.2 11.0 15.0 16.1
AV-Sepformer 10.6 11.1 13.4 13.7 6.9 8.3 39.7 226.5 60.0

CTCNet 8.0 8.8 9.4 10.2 2.5 4.7 6.8 150.1 162.8
AV-DPRNN 10.2 10.7 11.9 12.3 7.8 9.0 1.3 4.5 5.8

AV-TF-GridNet 12.7 13.1 14.3 14.8 5.8 7.7 6.2 213.8 567.8
RTFSNet 12.4 12.8 14.0 14.4 8.4 10.7 0.6 49.8 178.8

Swift-Net-6 13.4 13.6 14.8 15.1 10.8 11.9 0.5 20.6 89.7
Swift-Net-9 13.6 13.8 15.4 15.8 11.4 12.4 0.5 28.6 130.7
Swift-Net-12 13.9 14.1 16.0 16.3 11.8 12.6 0.5 36.6 172.1

Regarding audio processing, the sampling rate of all speech samples
was set to 16 kHz. To synchronize with the video data, we extracted
2-second mixed audio segments from each sample, corresponding to
50 frames of video.

5.2 Implementation Details

In the FTGS block, we set different numbers of repeated iterations
N ∈ {6, 9, 12}, and denoted the corresponding models as Swift-
Net-{6, 9, 12}. Except for the number of repetitions, all other hyper-
parameters were kept consistent across configurations. In the audio
encoder of Swift-Net, we utilized STFT/iSTFT with window length
256 under Hann window function, and hop size 128, to segment the
audio signal and obtain a 129-dimensional spectral representation
for each frame. For the LightVid block, the hidden size of the SRU
was set to 64. Within the FTGS block, downsampling and upsam-
pling operations were performed once along both the temporal and
frequency dimensions at a factor of 2. In the F domain, the FTGS
block employed a bidirectional Grouped SRU with a hidden size of
32, whereas in the T domain, a unidirectional Grouped SRU with a
hidden size of 64 was used. Moreover, the number of heads in the
causal self-attention mechanism was set to 4.

For training, we employed an early stopping strategy with a max-
imum number of 500 epochs. All experiments were conducted on
8 NVIDIA H800 GPUs with batch size 8. The optimizer used was
AdamW [25] with weight decay 1 × 10−1 and initial learning rate
1 × 10−3. If the validation loss did not reach a new low for 5 con-
secutive epochs, the learning rate was halved. The loss function was
defined as the scale-invariant signal-to-noise ratio (SI-SNR) [17] be-
tween the predicted and target speech signals.

To comprehensively evaluate model performance, we assessed
both separation quality and computational efficiency. The separation
quality was measured using signal-to-distortion ratio improvement
(SDRi) [35] and SI-SNR improvement (SI-SNRi) [17]. For model
complexity and computational efficiency, we reported the number of
parameters (Params, in millions), the number of multiply-accumulate
operations (MACs, in billions), and end-to-end inference time (in
milliseconds). All computational cost metrics were evaluated on an
NVIDIA 2080 GPU, using 2-second audio segments for speech sep-
aration, to ensure fair comparisons across different methods.

5.3 Comparison with Existing Methods

We conducted a systematic evaluation of Swift-Net on three datasets
and compared it with various mainstream AVSS models. Results
are shown in Table 1. To ensure fairness, all comparison methods
were adapted to their causal versions following the causal strat-
egy described in Section 3, and the open-source codes of each

model were available2. Moreover, all compared models were trained
within the same training framework and evaluated using consis-
tent performance metrics. Across all datasets, it was noteworthy
that Swift-Net-6, as the fastest inference variant, achieved an SI-
SNRi of 13.4 dB, outperforming existing SOTA causal methods such
as causal AV-TF-GridNet. In addition, Swift-Net-6 reduced the pa-
rameter count by 11.8 times and the computational cost by 10.3
times compared with causal AV-TF-GridNet. Furthermore, our high-
performance variant, Swift-Net-12, achieved over 1 dB improvement
in performance relative to causal AV-TF-GridNet. These results col-
lectively demonstrated that Swift-Net offered significant advantages
for causal speech separation tasks.

In addition, we further conducted a comparative analysis of the
separation performance of RTFSNet [31], AV-TF-GridNet [30], and
Swift-Net in real-world multi-speaker scenarios. Specifically, we col-
lected four distinct multi-speaker video samples from the YouTube
platform. To facilitate intuitive comparison of the separated speech
results, we developed an interactive demo website3 allowing users to
listen and compare the outputs. Subjective listening evaluations in-
dicated that, compared to RTFSNet and AV-TF-GridNet, Swift-Net
produces speech signals that were clearer, more natural, effectively
suppressing background interference.

5.4 Ablation Studies

We conducted ablation studies on the LRS2-2Mix dataset based on
Swift-Net-6 to analyze the effectiveness of key modules and design
strategies in Swift-Net, thereby verifying the rationality of the pro-
posed method.

Different Visual Feature Extraction Modules. We replaced the
LightVid block visual-feature encoder with those from ConvTasNet
and RTFSNet while keeping every other component of the streaming
AVSS pipeline identical in order to quantify its module-level ben-
efits. As shown in Table 2, this lean design requires only 67.27 K
parameters and 3.39 M MACs – over 4× reduction relative to Con-
vTasNet and RTFSNet. Remarkably, despite its minimal complexity,
LightVid block still delivers a slight performance edge, confirming
that a structurally simple encoder can unite efficiency and effective-
ness in real-time causal AVSS.

Number of the Grouped SRUs. To investigate the effect of the
number of Grouped SRUs on the model, we tested using {1, 2, 4, 8}
Grouped SRUs within the FTGS block. The experimental results in
Table 3 indicated that, in terms of separation performance, using two
Grouped SRUs achieved similar performance to the ungrouped set-
ting (i.e., group number being one). However, in terms of model effi-

2 https://github.com/JusperLee/Swift-Net
3 https://cslikai.cn/Swift-Net/
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Table 2. Results of using different visual feature extraction modules. The
parameters and MACs represent those used only during the visual feature

extraction process.

Video block SI-SNRi SDRi Params (K) MACs (M)

ConvTasNet 13.05 13.37 265.73 13.34
RTFSNet 13.15 13.45 284.55 7.63

LightVid block
(ours) 13.34 13.64 67.27 3.39

ciency, models with Grouped SRUs demonstrated significant advan-
tages: they reduced the number of parameters by approximately 15%,
and decreased the computational cost by approximately 19%. In ad-
dition, grouping enabled parallel processing of channels along both
time and frequency dimensions, enabling more effective utilization
of historical information and more efficient capture of long-term tem-
poral dependencies. This mechanism substantially improved overall
model efficiency, which is crucial for real-time applications.

Table 3. Results of using different group sizes. Parameters and MACs
indicate the entire network structure.

Number SI-SNRi SDRi Params (M) MACs (G)

1 13.56 13.82 0.63 25.57
2 13.34 13.64 0.53 20.68
4 12.85 13.16 0.47 18.23
8 12.51 12.86 0.44 17.01

Comparison of Different RNN Types in Group Modules. We
conducted a comparative analysis on how different recurrent units
in the group module affect model performance. In all experiments,
the number of groups was set to 2. The default SRU was respec-
tively replaced with GRU [5], LSTM [13], and vanilla RNN, and the
results were reported in Table 4. Experimental results showed that
the SRU unit achieved the best performance on the separation task.
Other more complex RNN structures such as GRU and LSTM led to
a decrease in SI-SNRi of more than 0.4 dB. Furthermore, the model
based on SRU maintained a parameter count of only 0.53M, indicat-
ing an optimal balance between performance and efficiency. Thus,
adopting SRU in the group module effectively enhanced separation
performance while maintaining low computational and storage costs.

Table 4. Results of using different types of RNNs based on grouping.

RNN Type SI-SNRi SDRi Params (M) MACs (G)

GRU 13.21 13.50 0.55 22.02
LSTM 12.92 13.24 0.59 24.11
RNN 12.12 12.50 0.44 17.83

SRU (ours) 13.34 13.64 0.53 20.68

Comparison of Different Fusion Module Designs. We con-
ducted a systematic comparison of various design strategies for the
audio-visual fusion module to evaluate their specific impact on sep-
aration performance. In Swift-Net, the default strategy adopted a se-
lective attention-based fusion mechanism. For comprehensive analy-
sis, we compared this approach with the following three alternatives:
(1) Concatenation Fusion: the aligned visual features were concate-
nated with audio features along the channel dimension, followed by
convolutional layers for fusion; (2) Addition Fusion: visual and au-
dio features were directly added element-wise; (3) Cross-Attention
Fusion: the fusion was implemented through a cross-attention mech-
anism.

As shown in Table 5, the selective attention-based fusion achieved

the best separation performance, indicating that other schemes failed
to fully utilize the visual information. It was noteworthy that although
the cross-attention fusion theoretically possessed stronger modeling
capability, its actual performance was significantly inferior to ours.
Moreover, its parameter count exceeded 26.38M, and computational
complexity reached 27.24G MACs, which was not suitable for real-
time applications. By contrast, our method maintained almost the
same parameter size and computational complexity as the direct ad-
dition and cascaded convolutional fusion methods; specifically, the
parameter count was constrained to approximately 0.53M, and the
computation was below 0.1G MACs.

Table 5. Results of using different fusion strategies.

Fusion Strategy SI-SNRi SDRi Params (M) MACs (G)

Concatenation 12.85 13.15 0.72 27.09
Addition 12.73 12.97 0.64 20.69

Cross-attention 13.10 13.40 26.38 27.24
SAF (ours) 13.34 13.64 0.53 20.68

Effect of Incorporating Power Spectrogram Features. We sys-
tematically evaluated the impact of introducing audio power spec-
trogram features on audio separation performance across three mod-
els: RTFSNet, AV-TF-GridNet, and Swift-Net. As shown in Table 6,
in Swift-Net (with 0.53M parameters and an increase of less than
0.1G MACs), the inclusion of power spectrogram features raised the
SI-SNRi from 13.1 to 13.3. Furthermore, introducing power spec-
trogram features resulted in negligible increases in model param-
eters and incurred minimal MACs overhead, making it a low-cost
enhancement. We conjectured that power spectrogram features pro-
vided key speech-presence cues, thereby improving audio-visual fu-
sion and separation performance.

Table 6. Results with (upper) and without (lower) power spectrogram
modeling on the LRS2-2Mix dataset.

Method SI-SNRi SDRi Params (M) MACs (G)

RTFSNet 12.8
12.4

13.1
12.8

0.64
0.63

49.89
49.81

AV-TF-GridNet 13.0
12.7

13.4
13.1

6.26
6.25

213.96
213.88

Swift-Net-6 13.3
13.1

13.6
13.4

0.53
0.52

20.68
20.60

6 Conclusions

This work proposes a novel causal AVSS model, Swift-Net, to ad-
dress the limitations of non-causal models in real-time scenarios. To
overcome this challenge, our model incorporates three key innova-
tions. First, we design a lightweight visual feature extraction mod-
ule combining convolution with SRU to effectively capture temporal
dependencies from historical visual contexts. Second, we propose a
lightweight audio-visual fusion module utilizing a selective attention
mechanism to efficiently integrate auditory features correlated with
visual cues. Third, we develop an efficient Grouped SRU module
that aggregates historical information across multiple feature sub-
spaces through a grouping strategy, significantly enhancing model
efficiency. Swift-Net achieved the best separation performance on the
public datasets LRS2, LRS3, and VoxCeleb2, with fewer parameters
and lower computational cost.
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