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Abstract

Although deep learning has substantially advanced speech
separation in recent years, most existing studies continue to
prioritize separation quality while overlooking computational
efficiency, an essential factor for low-latency speech process-
ing in real-time applications. In this paper, we propose Sep-
Prune, the first structured pruning framework specifically de-
signed to compress deep speech separation models and re-
duce their computational cost. SepPrune begins by analyz-
ing the computational structure of a given model to identify
layers with the highest computational burden. It then intro-
duces a differentiable masking strategy to enable gradient-
driven channel selection. Based on the learned masks, Sep-
Prune prunes redundant channels and fine-tunes the re-
maining parameters to recover performance. Extensive ex-
periments demonstrate that this learnable pruning paradigm
yields substantial advantages for channel pruning in speech
separation models, outperforming existing methods. Notably,
a model pruned with SepPrune can recover 85% of the per-
formance of a pre-trained model (trained over hundreds of
epochs) with only one epoch of fine-tuning, and achieves con-
vergence 36× faster than training from scratch.

Code — https://github.com/itsnotacie/SepPrune

Introduction
Speech separation, the task of isolating individual speakers
from a mixed audio signal, has made remarkable progress
in recent years (Jiang, Han, and Mesgarani 2025; Li, Chen
et al. 2024; Xu, Li et al. 2024; Xiao, Zhang et al. 2025).
However, most speech separation methods have focused
primarily on improving model performance. While these
”performance-first” approaches are effective in controlled,
laboratory settings, they fall short in real-world applica-
tions (Dai, Li et al. 2025; Zhang, Huang et al. 2025; Wu
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et al. 2025; Ma, Huang, and Lin 2025; Liu et al. 2025) that
demand low latency and constrained resource consumption,
such as real-time voice communication (Maryn, Ysenbaert
et al. 2017; Ke, Gong, and Du 2025), embedded auditory
systems (Briere, Valin et al. 2008), etc.

To bridge this efficiency gap, recent efforts (Li, Yang, and
Hu 2022; Zhou, Li et al. 2024; Zhou, Zhao et al. 2025;
Zhang, Gao et al. 2025; Zhou, Yuan et al. 2025; You and
Liu 2024; Lan and Tian 2025) have attempted to develop
lightweight models through manual architectural design.
However, such handcrafted models suffer from two funda-
mental limitations. First, they depend heavily on expert-
driven architectural modifications and require substantial
domain-specific knowledge. Second, and more importantly,
these manual modifications are typically tailored to specific
architectures, limiting their generalizability to other models.
In light of the dual dilemma faced by manually designing ar-
chitectures, this paper explores an alternative, non-invasive
optimization strategy: model pruning.

Although model pruning has been shown to be effective in
compressing vision and language models (Lu, Cheng et al.
2024; Zhou, Yuan et al. 2024; Liu, Meng et al. 2025), strik-
ing a balance between inference speed, memory usage, and
accuracy, to the best of our knowledge, no pruning algorithm
currently exists for end-to-end speech separation models.
Unlike traditional vision (He, Zhang et al. 2016; Liu, Lin
et al. 2021; Simonyan and Zisserman 2014; Li, Yang et al.
2025; Meng, Luo, and Liu 2025; Zhang et al. 2025) or lan-
guage (Zeng, Wang et al. 2025; Xiao et al. 2024; Lou et al.
2025; Liu and Xiao 2025) models, speech separation mod-
els typically consist of three heterogeneous components: an
audio encoder, a deep separation network, and an audio
decoder. The computational complexity across these com-
ponents is highly imbalanced. Consequently, indiscriminate
pruning may damage already lightweight layers, leading to
a collapse in performance.

To address these challenges, we propose SepPrune, the
first structured pruning framework specifically designed for
speech separation models. SepPrune consists of three stages.

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

31861



First, it performs a computational structural analysis on ex-
isting speech separation models to identify the layers that
contribute most significantly to the overall computation.
Next, it introduces a differentiable pruning mechanism us-
ing Gumbel-Softmax and a modified Straight-Through Esti-
mator to build a set of differentiable channel binary masks
to learn which channels should be kept. Finally, SepPrune
keeps the more important channels while removing the less
important channels based on the binary masks, and fine-
tunes the pruned model to recover the performance. Exper-
iments show that SepPrune not only significantly reduces
the number of parameters and FLOPs of models, but also
outperforms the previous state-of-the-art channel pruning
methods (Gao, Zhang et al. 2024; Lin, Ji et al. 2020b) on
the three benchmark datasets of LRS2-2Mix (Li, Yang, and
Hu 2022), Libri2Mix (Cosentino, Pariente et al. 2020) and
EchoSet (Xu, Li et al. 2024). More notably, the pruned
model obtained by SepPrune can recover 86%+ of the per-
formance of the original model trained for 493 epochs with
only 1 epoch of fine-tuning, converging 36× faster than
training from scratch.

In summary, our main contributions are as follows:

• We introduce SepPrune, the first pruning framework tai-
lored specifically for deep speech separation models.
SepPrune performs structural computational analysis on
the target model to determine the layers with the highest
computational cost. Furthermore, SepPrune introduces
binary differentiable channel masks to select an optimal
substructure. Based on the obtained masks, SepPrune
performs channel pruning and fine-tunes the remaining
weights to recover performance.

• Extensive experiments demonstrate that SepPrune
outperforms existing channel pruning methods on
three benchmark datasets (Libri2Mix, LRS2-2Mix
and EchoSet) and various backbones (A-FRCNN-12,
TDANet, SuDoRM-RF1.0x). It significantly reduces the
complexity of the model while only causing minimal per-
formance loss. Further experiments demonstrate its fast
convergence and practical speedup effect.

Related Works
Model Pruning. Model pruning is a widely used technique
to compress pre-trained models by eliminating redundant
parts, which can be roughly divided into three categories:
weight pruning (Bai, Wang et al. 2022; Chen, Xiang et al.
2023; Hoang and Liu 2023; Liu, Chen et al. 2022; Sun, Liu
et al. 2023; Wang, Li, and Sun 2023; Wang, Qin et al. 2021;
Yang, Zhen et al. 2025; Yao, Li, and Xiao 2024), channel
pruning (Guo, Wang et al. 2020; He, Zhang, and Sun 2017;
Ling, Wang, and Liu 2024; Li, Kadav et al. 2016; Liu, Mu
et al. 2019; Ma, Fang, and Wang 2023; Zhuang, Tan et al.
2018) and layer pruning (Chen and Zhao 2018; Li, Lu et al.
2024; Lu, Yang et al. 2022; Lu, Zhu et al. 2024; Lu, Cheng
et al. 2024; Tang, Lu, and Xuan 2023; Wu, Zhu et al. 2023).
Specifically, in weight pruning, the unimportant weights are
set to zero to reduce the total number of parameters. Al-
though this method can achieve an extremely high compres-
sion rate, it depends on specialized hardware (Han, Liu et al.

2016; Park, Li et al. 2016) for real speed-ups, so its infer-
ence speed gains in real-world deployments are often mod-
est. In contrast, both channel pruning and layer pruning can
achieve inference acceleration on standard computing de-
vices. However, layer pruning removes the whole layer at
once, which can severely impair model performance. Con-
sequently, this paper focuses on channel pruning. It targets
the channel dimension of layers, removing less important
channels to reduce model size, while striving to preserve the
model’s structure and performance.

Speech Separation. The purpose of speech separation
is to separate a single speech signal from a speech mix-
ture. These methods can be roughly divided into two cate-
gories: time domain and time-frequency domain. Time do-
main methods directly utilize the original audio signal to
achieve separation. For example, Conv-TasNet (Luo and
Mesgarani 2019) employs a linear encoder to create speech
waveform representations optimized for speaker separation,
with a linear decoder converting them back. A temporal
convolutional network with stacked 1D dilated convolu-
tional blocks is used to recognize masks and effectively
capture long-term dependencies. DPT-Net (Chen, Mao, and
Liu 2020) introduces direct context-awareness in speech se-
quence modeling through an improved transformer that in-
tegrates recurrent neural networks into the original trans-
former. In contrast, time-frequency domain methods need
to first convert the audio signal into a spectrogram repre-
sentation using Short-Time Fourier Transform (STFT) to
achieve separation. For instance, TF-GridNet (Wang, Cor-
nell et al. 2023) employs stacked multi-path blocks contain-
ing intraframe spectral, sub-band temporal, and full-band
self-attention modules to jointly exploit local and global
spectro-temporal information for separation. BSRNN (Luo
and Yu 2023) explictly splits the spectrogram of the mix-
ture into subbands and perform interleaved band-level and
sequence-level modeling. While significant advances have
been achieved in speech separation performance, current re-
search mainly focuses on laboratory benchmarks while over-
looking critical deployment requirements in practical sys-
tems, particularly the need for low-latency processing and
computationally efficient operation.

Efficient Speech Separation. In real-world applications,
speech separation models need to not only pursue separation
quality, but also consider the computational efficiency for
real-time processing. To this end, TDANet (Li, Yang, and
Hu 2022) proposes an efficient lightweight architecture us-
ing top-down attention, achieving competitive performance
with lower computational costs. Li et al. (Li and Luo 2024)
introduce a dynamic neural network that trains a large model
with dynamic depth and width during the training phase
and selects a subnetwork from it with arbitrary depth and
width during the inference phase. Recently, Tiger (Xu, Li
et al. 2024) utilizes prior knowledge to divide frequency
bands and compresses fre-quency information. We employ
a multi-scale selective attention module to extract contex-
tual features, while introducing a full-frequency-frame at-
tention module to capture both temporal and frequency con-
textual information. Although these efficient speech separa-
tion methods have achieved promising results, their reliance
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on novel lightweight architecture designs leaves the critical
challenge of compressing existing high-parameter models
largely unaddressed.

Preliminary
Speech separation aims to extract individual speech signals
of different speakers from a mixture, which can be formu-
lated as:

x =
C∑
1

si + ϵ. (1)

si ∈ R1×T and x ∈ R1×T denote the waveform of speaker
i and a multi-speaker audio signal with the length T , respec-
tively. ϵ ∈ R1×T denotes the noise signal and C denotes the
number of speakers.

For speech separation tasks, most current state-of-the-art
models (Hu, Li et al. 2021; Li, Yang, and Hu 2022; Tzinis,
Wang, and Smaragdis 2020; Xu, Li et al. 2024) use a three-
stage modular design of “an audio encoder → a separation
network → an audio decoder”. Specifically, the audio en-
coder converts the mixed audio signal into a mixture audio
representation. Subsequently, the separation network utilizes
a deep neural network to produce a set of speaker-specific
masks. Each target speech representation is then obtained by
element-wise multiplying the mixture audio representation
with its corresponding mask. Finally, the target waveform is
reconstructed using the target speech representation through
an audio decoder.

Method
Channel Pruning for Speech Separation Models
This paper aims to slim a pre-trained speech separation
model by pruning its channels. Given a L-layer pre-trained
model, channel pruning aims to find a set of binary masks

ML×1 = {m1,m2, · · · ,mL}, (2)

where each mask ml ∈ {0, 1}Cl corresponds to the l-th layer
and Cl is its number of channels. The objective is to mark
each channel for removal (0) or retention (1) so as to re-
duce model complexity while maintaining its performance.
To obtain the mask, a common paradigm in prior work is to
minimize the loss L after pruning, which can be formulated
as:

min
Θ,M

E(x)

[
L
(
f(x,Θ,M

)]
, (3)

where Θ and x represent the pre-training weights and input
dataset respectively. However, the direct joint optimization
of discrete masks and continuous weights is neither com-
putationally tractable nor easy to converge. To this end, we
decouple the joint optimization by first optimizing the masks
and then fine-tuning the weights.

min
Θ︸︷︷︸

Weight Learning

min
M

E(x)

[
L
(
f(x,Θ,M

)]
︸ ︷︷ ︸

Mask Learning

. (4)

Although this objective formulated by Eq. (4) may seem
simple to implement, it still has two challenges that make
it difficult to work in practice:

• Masks are discrete variables and difficult to optimize us-
ing gradient descent;

• The number of mask combinations explodes, making op-
timization extremely difficult.

To address this, we introduce SepPrune, which makes the
masks optimizable and decouples their selection from the
subsequent weight fine-tuning.

Channel Pruning via Differentiable Masks
In this subsection, we delve into our SepPrune. As illustrated
in Fig. 1, our method consists of three core stages:

• Structural Computational Analysis: Identify the layer
contributing most to the overall computation.

• Mask Learning with Gumbel-Softmax: Learn a binary
channel mask via Gumbel-Softmax to select a substruc-
ture that minimizes task loss.

• Channel Pruning and Weight Refinement: Perform
channel pruning based on the obtained mask and fine-
tune the remaining weights to recover performance.

Structural Computational Analysis. Different from tra-
ditional convolutional neural networks (Simonyan and Zis-
serman 2014; He, Zhang et al. 2016) and transformers(Liu,
Lin et al. 2021; Touvron, Lavril et al. 2023; Achiam, Adler
et al. 2023), speech separation models usually consists of
a set of an audio encoder, a deep separation network and
an audio decoder. In speech separation models, the param-
eter distribution and computational complexity of different
modules are often highly unbalanced. If we do not iden-
tify the “heavyweight” layers first and blindly prune all
modules uniformly, we are likely to weaken the already
lightweight layers or over-prune the key layers, resulting in
a significant performance degradation. Therefore, we first
perform structural computational analysis to these models.
In this paper, we mainly use the TDANet (Li, Yang, and
Hu 2022), A-FRCNN (Hu, Li et al. 2021) and SudoRM-
RF (Tzinis, Wang, and Smaragdis 2020) to conduct experi-
ments. Specifically, given a pre-trained model f(Θ), we use
the widely-used protocols, i.e., number of parameters (de-
noted as Params) and required Float Points Operations (de-
noted as FLOPs), to evaluate model size and computational
requirement. To ensure the reproducibility of the results, we
uniformly utilize the ptflops to perform precise statistics on
Params and FLOPs. As shown in Table 1, we find that the
separation network accounts for more than 82% of the total
parameters and 76% of the FLOPs of these speech separa-
tion models. It can be seen that the separation network is the
module with the greatest pruning benefit, so in this paper we
mainly perform channel pruning on this module to minimize
the computational overhead.

Mask Learning with Gumbel-Softmax. After locating
the parts with the most parameters, our next goal is to find
the channels that need to be pruned (masked) by optimiz-
ing Eq. (4). As we mentioned in the previous paragraph,
the objective formulated by Eq. (4) faces two critical chal-
lenges. First, the exhaustive search space for binary masks
can be prohibitively large even at low pruning ratios. For in-
stance, masking a layer with 128 channels at 25% sparsity
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Figure 1: The overall pipeline of the proposed SepPrune.

Model Total Params Total FLOPs Params of the SM FLOPs of the SM SM Parameter Ratio SM FLOPs Ratio

A-FRCNN-12 5.13 M 28.58 GMac 4.22 M 26.56 GMac 82.31% 92.94%
A-FRCNN-16 5.13 M 37.44 GMac 4.22 M 35.42 GMac 82.31% 94.59%

SuDoRM-RF1.0x 2.72 M 4.65 GMac 2.35 M 3.57 GMac 86.50% 76.86%
TDANet 2.35 M 4.77 GMac 2.29 M 4.59 GMac 97.44% 96.22%

TDANet Large 2.35 M 9.20 GMac 2.29 M 9.09 GMac 97.44% 98.84%

Table 1: Statistics of the number of parameters and FLOPs of different models. SM denotes the separation network.

requires evaluating C32
128 possible solutions, making it diffi-

cult to use strategies such as evolutionary algorithms (Lin,
Ji et al. 2020a) or reinforcement learning (Wang and Kin-
dratenko 2024). It is worth noting that some layers of the
speech separation model have 512 or more channels, and
more than one layer needs to be masked, which means that
the search space is actually much larger than C32

128. Besides,
while gradient-based optimization would be ideal for this
high-dimensional search space, the discrete nature of binary
masks (0/1) fundamentally blocks gradient flow. To over-
come both of these challenges, we introduce the Gumbel-
Softmax (Fang, Li et al. 2024; Fang, Yin et al. 2024; Gum-
bel 1954; Jang, Gu, and Poole 2016) technique to convert
discrete masks into differentiable “soft” probability distri-
butions, allowing us to efficiently explore the exponential
mask space using gradient descent.

Specifically, let Fi ∈ RB×Ci×Hi denote the feature rep-
resentation of layer i, where Ci is the number of channels,
B is the batch size and Hi represents the feature length. To
prune redundant channels, we assign a learnable importance
score αi ∈ RCi for each layer, where each scalar ai,j rep-
resents the importance score of the j-th channel. Then we
apply the Gumbel-Softmax technique to the weights αi:

πi =
exp ((log (αi) + gi) /τ)∑
j exp ((log (αj) + gj) /τ)

, (5)

where gi = - log(- log(U)) is the random noise drawn from
the Gumbel distribution, with U ∼ Uniform(0, 1) and τ is
a temperature term. Subsequently, we further utilize the im-
proved Straight-Through Estimator (Bengio, Léonard, and
Courville 2013) to binarize πi to mi ∈ {0, 1}Ci . In the back-
ward propagation phase, we preserve the identity mapping
of gradients while bounding their magnitudes within the in-
terval [-1, 1] to mitigate the risk of the gradient explosion.{

mi =
sign(πi−ϵ)+1

2 FP,
▽πi

= Clip(πi,−1, 1) = max
(
−1,min(1, πi)

)
BP,

(6)
where ϵ is a hyperparameter used to control the masking
(pruning) ratio. Leveraging the mask mi and the feature
representation Fi, we can obtain the masked feature F̂i =
mi ⊙ Fi. For simplicity, we omit αi and use A to represent
the set of learned weight αi. Then A is derived by optimiz-
ing Eq. (7) using gradient descent.

min
A

E(x)

[
L
(
f(x,Θ,A

)]
, A ← A− ηA

∂L
∂A

. (7)

Finally, we can obtain theM based on A.
Channel Pruning and Weight Refinement. After ob-

taining the set of binary channel masks M, we perform
channel pruning by retaining the channels indexed mi,j = 1
and removing those with mi,j = 0. The pruned model is
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fine-tuned to recover performance degradation caused by
channel removal. Let Θ̂ denote the parameters of the pruned
model, initialized from the surviving weights of the original
model. The optimization objective is:

min
Θ̂

E(x)

[
L
(
f(x, Θ̂

)]
, Θ̂← Θ̂− ηΘ̂∇Θ̂L. (8)

Experiments
Model and Dataset
We report the performance of SepPrune on LRS2-2Mix (Li,
Yang, and Hu 2022), Libri2Mix (Cosentino, Pariente et al.
2020) and EchoSet (Xu, Li et al. 2024). All of these datasets
are at a sampling rate of 16 kHz. We describe the datasets
used in detail below. As for models, we utilize TDANet (Li,
Yang, and Hu 2022), A-FRCNN (Hu, Li et al. 2021) and
SudoRM-RF (Tzinis, Wang, and Smaragdis 2020) to con-
duct experiments. These models are widely-used in the
speech separation community (Li, Chen et al. 2024; Xu, Li
et al. 2024).

Training and Evaluation
As for training the original models, to make a fair compari-
son with previous speech separation methods, we trained all
models for 500 epochs in line with (Xu, Li et al. 2024). It is
worth noting that our pruning method does not actually re-
quire this step. Since there is no pre-trained model directly
available, we train the model ourselves. The batch size is
set to 1 at the utterance level. We use the Adam optimizer
with an initial learning rate of 0.001 and negative SI-SDR
as the training loss (Le Roux, Wisdom et al. 2019). Besides,
SDRi and SI-SDRi (Vincent, Gribonval, and Févotte 2006)
are used for evaluation, with higher values indicating better
performance. Once the best model has not been found for
15 consecutive epochs, we adjust the learning rate to half
of the previous one. In addition, if the best model has not
been found for 30 consecutive epochs, we stop the training
early. As for mask learning, we set the initial learning rate
to 0.1 and train all masks for 500 iterations. Since training
the speech separation model is very expensive, in order to
minimize the cost of mask learning, we only use 500 itera-
tions. We verify the effects of different iterations in the ab-
lation experiment section . Without specific instructions, we
default to setting ϵ = 0.7. In addition, the hyperparameters
used for fine-tuning the pruned model are consistent with
the model training. The Params and FLOPs are calculated
for one second of audio at 16 kHZ. For all experiments, we
used 8×NVIDIA V100 and 4×NVIDIA A100 for training
and testing.

Comparisons with State-of-The-Art Methods
To evaluate the effectiveness of SepPrune, we compare our
method with existing channel pruning methods (Random,
Hrank (Lin, Ji et al. 2020b) and UDSP (Gao, Zhang et al.
2024)) on three benchmark datasets, including Libri2Mix,
LRS2-2Mix, and EchoSet. Since these methods do not ex-
periment on speech separation models, we reproduce them
ourselves. As shown in Table 2, we report the performance

in terms of SDRi and SI-SDRi (in dB), along with the num-
ber of parameters (Params) and FLOPs after pruning. Across
all datasets and model structures (TDANet (Li, Yang, and
Hu 2022), A-FRCNN-12 (Hu, Li et al. 2021) and SuDoRM-
RF1.0x (Tzinis, Wang, and Smaragdis 2020)), SepPrune
consistently achieves superior performance under the same
pruning ratio. For example, on LRS2-2Mix dataset with the
A-FRCNN-12 model, SepPrune not only outperforms all
other pruning methods, but also achieves an SDRi of 12.59
dB and an SI-SDRi of 12.25 dB, both of which exceed
the performance of the original model (10.90 dB and 10.50
dB, respectively). Besides, on the most challenging EchoSet
dataset, SepPrune outperforms all baseline pruning strate-
gies, yielding the highest SDRi and SI-SDRi in all cases.
In summary, these results demonstrate its effectiveness and
strong generalization ability.

Separation Effciency
In the previous section, we have verified the effectiveness
of SepPrune. To further demonstrate the efficiency of Sep-
Prune, we measure the time and display memory overhead
required for the pruned model during training and inference.
Specifically, we perform the backward process (training)
and forward process (inference) 1, 000 times on one second
of audio at a sampling rate of 16 kHz, and then take the
average to represent the training and inference speeds. We
report the GPU time and GPU display memory usage during
training and inference, respectively. We utilize a single card
when calculating GPU (NVIDIA A100) time. As shown in
Table 3, SepPrune not only brings effective training accel-
eration, but also significantly saves GPU memory during
training (up to 50.2%). Besides, SepPrune achieves actual
inference time acceleration, accelerating A-FRCNN-12 by
1.09 times, TDANet by 1.08 times, and SuDoRM-RF1.0x
by 1.13 times. Notably, the limited GPU display memory
savings observed during inference stem from the fact that,
in speech-separation models, the pruned parts themselves
occupy only a small fraction of the total memory footprint.
Besides, the models are already lean (2-5M parameters). For
such models, fixed overheads (I/O, framework calls) consti-
tute a large portion of inference time, diminishing the returns
from pruning channels. In addition, the RNN architecture in
speech separation models imposes a strict serial processing
flow: the computation for the current frame is dependent on
the hidden state from the previous one. The overall speed
is thus bottlenecked by this un-parallelizable loop. In sum-
mary, SepPrune provides a practical solution for model ac-
celeration.

SepPrune Enables Fast Convergence
To further evaluate the efficiency of SepPrune in actual
pruning scenarios, we design two experiments to fine-tune
pruned models with only 1 epoch on the LRS2-2Mix dataset.
These experiments are designed with the expectation that
pruned models will recover most of their performance with
minimal fine-tuning in real deployments. Specifically, we
prune three typical speech separation models (TDANet, A-
FRCNN-12 and SuDoRM-RF1.0x) and fine-tune them for 1
epoch on the LRS2-2Mix dataset, and then compare them
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Model Method
LRS2-2Mix Libri2Mix EchoSet

Params FLOPs SDRi SI-SDRi Params FLOPs SDRi SI-SDRi Params FLOPs SDRi SI-SDRi

A-FRCNN-12

- 5.13 28.58 10.90 10.50 5.13 28.58 15.54 15.03 5.13 28.58 8.56 7.66
Random 3.06 16.52 12.03 11.68 3.09 16.76 15.03 14.78 3.08 16.57 7.41 6.26
Hrank 3.06 16.52 12.45 12.11 3.09 16.76 15.32 15.00 3.08 16.57 8.01 6.99
UDSP 3.06 16.52 12.49 12.08 3.09 16.76 15.23 14.94 3.08 16.57 7.93 6.94

SepPrune 3.06 16.52 12.59 12.25 3.09 16.76 15.60 15.10 3.08 16.57 8.12 7.13

TDANet

- 2.35 4.77 12.74 12.45 2.35 4.77 13.42 12.92 2.35 4.77 8.78 7.93
Random 1.92 4.33 11.91 11.52 1.67 4.07 13.02 12.08 1.64 4.04 7.51 6.49
Hrank 1.92 4.33 12.33 12.01 1.67 4.07 13.23 12.46 1.64 4.04 7.69 6.67
UDSP 1.92 4.33 12.46 12.26 1.67 4.07 13.56 12.79 1.64 4.04 7.99 7.03

SepPrune 1.92 4.33 12.72 12.41 1.67 4.07 13.70 13.21 1.64 4.04 8.52 7.62

SuDoRM-RF1.0x

- 2.72 4.65 11.43 11.10 2.72 4.65 13.52 12.99 2.72 4.65 7.82 6.77
Random 1.54 2.91 9.53 9.06 0.98 2.09 12.14 11.82 1.11 2.28 6.52 5.74
Hrank 1.54 2.91 10.29 9.89 0.98 2.09 12.36 12.01 1.11 2.28 6.85 5.89
UDSP 1.54 2.91 10.12 9.67 0.98 2.09 12.31 12.04 1.11 2.28 7.04 5.98

SepPrune 1.54 2.91 10.37 9.98 0.98 2.09 12.79 12.24 1.11 2.28 7.29 6.07

Table 2: Performance comparison with existing pruning methods on Libri2Mix, LRS2-2Mix and EchoSet. “-” indicates the
original model. Bold denotes the best performance and underline is the second-best. SDRi and SI-SDRi are recorded in dB.

Model Type
Train Inference

GPU Time GPU Memory Speed Up Memory Savings GPU Time GPU Memory Speed Up Memory Savings

A-FRCNN-12
Original Model 160.67ms 3714MB

1.04× 38.50%
104.23ms 642MB

1.09× 2.20%Pruned Model 155.14ms 2284MB 95.38ms 628MB

TDANet Original Model 435.75ms 5130MB 1.06× 22.14% 223.59ms 640MB 1.08× 0.01%Pruned Model 409.56ms 3994MB 207.52ms 639MB

SuDoRM-RF1.0x
Original Model 157.43ms 4084MB

1.04× 50.20%
89.87ms 612MB

1.13× 1.60%Pruned Model 150.97ms 2034MB 79.25ms 602MB

Table 3: Efficiency comparisons of the original model and pruned model. Experiments are conducted on the LRS2-2Mix dataset.

with the original unpruned models and retrained models
(train from scratch) of the same size as the pruned models.

As shown in Table 4, the original models take 493 epochs
(TDANet), 136 epochs (A-FRCNN-12), and 86 epochs
(SuDoRM-RF1.0x) to complete training, while SepPrune
only fine-tune for 1 epoch and restore the performance of
most models to more than 85%, fully demonstrating the effi-
ciency of SepPrune in the training stage. Besides, we further
explore whether it is more efficient to do a small amount
of fine-tuning on the pruned model or to train a model of
the same size from scratch under the same parameter bud-
get. As shown in Table 5, the performance of the randomly
initialized small model after 1 epoch of training is far be-
hind the effect of fine-tuning the pruned model for 1 epoch.
Training a model of the same size as the pruned model di-
rectly from scratch to achieve the same effect as fine-tuning
the pruned model for 1 epochs requires dozens of epochs
(36 for TDANet and 31 for A-FRCNN-12), which fully
demonstrates the huge efficiency advantage of SepPrune.
The performance recovery effect of SuDoRM-RF1.0x is sig-
nificantly inferior to that of the other two models. We believe
that this is mainly due to the fact that a large number of struc-
tures of the model are removed during the pruning process,
making it difficult to quickly rebuild the model performance
with only 1 epoch of fine-tuning. Despite this, its perfor-
mance is still better than a randomly initialized model of the
same size trained from scratch for 1 epoch, which shows that
even if a large amount of structure is pruned, the retained
pre-trained weights can still bring better initial performance

than training from scratch with very limited epochs. In sum-
mary, SepPrune can not only effectively restore model per-
formance, but also significantly reduce costs by dozens of
times of training acceleration.

Ablation Study
We adopt the TDANet and A-FRCNN-12 trained on the
LRS2-2Mix dataset in the ablation studies. The training con-
figuration of ablation experiments is same as before.

Which optimization method is better: joint optimiza-
tion of weights and masks, or step-by-step optimization?
To verify whether optimizing masks and weights step by
step is better than joint optimization, we use the masks
obtained by joint optimization and separate optimization
for channel pruning respectively. As shown in Table 6,
the model obtained by step-by-step optimization achieves
higher separation performance than the jointly-optimized
one, improving SDRi by 0.54 dB and SI-SDRi by 0.72 dB.
We believe that this is because step-by-step optimization fo-
cuses on mask search first, making the preserved structure
fit the task more accurately.

The effect of mask learning with different numbers
of iterations. For cost-saving reasons, we only perform
500 iterations of mask learning. Here, we conduct an ab-
lation experiment with different iterations to evaluate the
influence of the number of mask learning iterations on the
final pruning effect. Specifically, we set the iteration to
{300, 500, 700, 900, 1100} for experiments. As shown in
Table 7, different numbers of mask learning iterations do
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Model
Fine-tuning 1 Epoch Well-trained Model Performance Recovery Rate

SDRi SI-SDRi SDRi SI-SDRi Training Epochs SDRi SI-SDRi

TDANet 11.17 10.81 12.74 12.45 493 87.68% 86.83%
A-FRCNN-12 9.43 8.94 10.90 10.50 136 86.51% 85.14%

SuDoRM-RF1.0x 5.18 4.06 11.43 11.10 86 45.32% 36.58%

Table 4: Performance recovery after pruning with only 1 epoch of fine-tuning on the LRS2-2Mix dataset. “Fine-tuning 1 Epoch”
denotes the pruned model with 1 epoch fine-tuning. “Well-trained Model” denotes the pre-trained original model.

Model
Fine-tuning 1 Epoch Training 1 Epoch Comparable Performance

Training Acceleration
SDRi SI-SDRi SDRi SI-SDRi SDRi SI-SDRi Training Epochs

TDANet 11.17 10.81 4.31 2.80 11.13 10.75 36 36×
A-FRCNN-12 9.43 8.94 3.43 1.76 9.60 9.17 31 31×

SuDoRM-RF1.0x 5.18 4.06 4.43 2.96 5.03 3.85 2 2×

Table 5: Comparison of fine-tuning a pruned model and training a model of the same size from scratch. “Fine-tuning 1 Epoch”
denotes the pruned model with 1 epoch fine-tuning. “Training 1 Epoch” means training a model of the same size as the pruned
model from scratch for 1 epochs. “Comparable Performance” denotes training a model from scratch with the same size as the
pruned model achieves performance comparable to fine-tuning the pruned model for 1 epoch.

Method SDRi SI-SDRi

Joint Optimization 12.05 11.53
Step-by-step Optimization 12.59 12.25

Table 6: Importance of optimizing masks and weights in
steps. Experiments are conducted using A-FRCNN-12 on
the LRS2-2Mix dataset.

Iteration Params FLOPs SDRi SI-SDRi

300 1.91 M 4.32 GMac 12.74 12.43
500 1.92 M 4.33 GMac 12.72 12.41
700 1.92 M 4.33 GMac 12.68 12.40
900 1.92 M 4.33 GMac 12.73 12.42

1100 1.90 M 4.31 GMac 12.71 12.41

Table 7: Pruned models obtained by mask learning with dif-
ferent numbers of iterations. Experiments are conducted us-
ing TDANet on the LRS2-2Mix dataset.

not affect the final performance or compression rate, so we
set it to 500 by default in this paper to minimize the training
cost while ensuring the pruning effect.

The influence of the value of ϵ. In this paper, ϵ is a hy-
perparameter used to control the pruning ratio. Therefore,
we set ϵ = {0.5, 0.6, 0.7, 0.8, 0.9} to conduct experiments.
As shown in Table 8, changing the value of ϵ can effectively
adjust the model complexity and performance. In this study,
when ϵ = 0.7, the model achieves a good balance between
computational complexity and performance. Therefore, ϵ is
set to 0.7 by default.

Conclusion
In this paper, we have presented SepPrune, the first prun-
ing framework tailored specifically for deep speech separa-

ϵ Params FLOPs SDRi SI-SDRi

0.5 3.69 M 20.25 GMac 12.52 12.19
0.6 3.42 M 18.55 GMac 12.58 12.23
0.7 3.06 M 16.52 GMac 12.59 12.25
0.8 2.94 M 15.73 GMac 12.35 12.03
0.9 2.71 M 14.49 GMac 12.07 11.75

Table 8: Pruning models obtained with different ϵ. Exper-
iments are conducted using A-FRCNN-12 on the LRS2-
2Mix dataset.

tion models. SepPrune first performs a structural calculation
analysis on existing models to determine the layers with the
highest computational cost. Subsequently, SepPrune intro-
duces differentiable masks to perform gradient-driven chan-
nel mask search and implements channel pruning based on
the obtained masks. Experiments demonstrate that SepPrune
outperforms the existing channel pruning methods. Besides,
SepPrune can recover more than 85% of the performance
of the original model with just 1 epoch of fine-tuning and
converge much faster than training a model of the same
size from scratch. Finally, SepPrune offers a novel prun-
ing paradigm for the design of lightweight speech separation
models on devices with limited resources.

Limitations. Although this paper verifies the universality
and effectiveness of SepPrune on multiple mainstream mod-
els (Li, Yang, and Hu 2022; Hu, Li et al. 2021; Tzinis, Wang,
and Smaragdis 2020), we have not yet conducted evaluations
on the latest state-of-the-art models, such as Tiger (Xu, Li
et al. 2024) and SPMamba (Li, Chen et al. 2024). In the
future, we will work on conducting experiments on more
representative models to further verify the applicability and
generalization ability of SepPrune. Furthermore, we will
delve into the reasons for the poor speedup performance on
certain model architectures.

31867



References
Achiam, J.; Adler, S.; et al. 2023. Gpt-4 technical report.
arXiv preprint arXiv:2303.08774.
Bai, Y.; Wang, H.; et al. 2022. Dual lottery ticket hypothesis.
arXiv preprint arXiv:2203.04248.
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