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Abstract—This paper proposes a Dual-path Attention-
enhanced Mamba Network (DAMamba) for efficient long-
sequence speech separation. To address Mamba’s limitations in
local detail modelling and channel redundancy, we introduce
three key components: a Multi-Scale Dilated Convolution module
(MSDC) for local feature capture, a Segment-wise Channel
Attention-enhanced Mamba Block (SAEMB) for channel cali-
bration, and a dual-path enhancement architecture for global-
local collaboration. Experiments on LRS2-2Mix and Libri2Mix
show that DAMamba achieves SI-SNRi of 17.5 dB with only 26.9
percent parameters of SepFormer, confirming its efficiency and
superiority.

Index Terms—dual-path, speech separation, state space model,
attention mechanism

I. INTRODUCTION

Speech separation aims to extract independent speaker
sources accurately from mixed speech signals containing mul-
tiple speakers. As a fundamental front-end task in speech
processing, its effectiveness critically influences downstream
applications such as speech recognition and speaker verifica-
tion. Recently, the introduction of deep learning techniques
has propelled rapid advancement in speech separation re-
search, with time-domain speech separation methods achieving
breakthrough progress. The Conv-TasNet proposed by Luo
[1] established the end-to-end time-domain speech separation
paradigm, whose encoder-separation network-decoder three-
level architecture became the foundation for subsequent re-
search. However, traditional CNNs struggle to capture long-
range dependencies in audio signals while preserving local
feature sensitivity, owing to their limited receptive fields. This
limitation can result in inadequate global temporal context
modelling for complex speech mixture [2], [3]. Recurrent Neu-
ral Networks (RNNs), with their sequence modelling capabil-
ity, are theoretically suitable for speech signal processing [4]–
[6]. The DPRNN [4] based on dual-path structure effectively
alleviates the conflict between long-term dependency and com-
putational efficiency through block-wise alternating processing
strategies. However, RNNs still face gradient vanishing or
explosion during training, as well as computational latency
due to sequential processing. With the success of Transformer
in sequence modelling tasks [7]–[9], speech separation models
based on self-attention mechanism, such as SepFormer [10]
and DPTNet [5], MossFormer [11], and MossFormer2 [12]
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achieve excellent performance through explicit computation of
global interactions. However, the computational complexity of
self-attention mechanism grows quadratically with sequence
length, posing severe computational challenges when process-
ing long speech sequences of thousands of frames. Moreover,
existing dual-path studies based on attention mechanisms
[13], [14] suffer from high model complexity and insufficient
parameter lightweight.

To overcome these bottlenecks, novel sequence modelling
techniques based on State Space Models (SSMs) [15] have
emerged. Among them, the Mamba model [16] reduces com-
putational complexity to linear while maintaining modelling
capabilities comparable to Transformer by introducing se-
lective scanning mechanisms, becoming a significant break-
through in long-sequence modelling [17]–[20]. Researchers
have adapted Mamba for speech separation, proposing SP-
Mamba [21], Dual Path Mamba [22], Mamba-TasNet [23],
which show promising results for long sequences. Neverthe-
less, current Mamba models still have limitations in speech
separation applications: First, Speech signals contain multi-
scale temporal structures such as fundamental frequency and
harmonics, where Mamba models may be less sensitive than
convolutional layers in modelling local fine-grained patterns
(such as phonemes, short-term spectral variations); Second,
Existing Mamba models primarily focus on temporal depen-
dency modelling, lacking mechanisms to calibrate importance
differences across feature channels, making them vulnerable
to noise-related redundant channels; Third, within dual-path
frameworks, block-wise processing may lead to insufficient
capture of long-distance associations between block-level fea-
tures.

To address these issues, this paper proposes a Dual-path
Attention-enhanced Mamba Network (DAMamba) based on
the classic encoder-separation network-decoder architecture.
Our main contributions are as follows:

• Multi-scale Gated Dilated Convolution module
(MSDC): Using three parallel gated branches, it syn-
chronously captures high-, medium-, and low-scale local
temporal features, enhancing multiscale representation
while avoiding gradient issues in sequential dilated con-
volutions.

• Segment-wise Channel Attention-enhanced Mamba
Block (SAEMB): This block integrates a Segment-



wise Cumulative Channel Attention (SCCA) module with
Mamba to adaptively weight channel importance via
segment-wise calibration, addressing Mamba’s uniform
channel treatment and improving feature discriminability.

• Efficient Collaborative Dual-path Enhancement Ar-
chitecture: It constructs dedicated pathways for local
enhancement and global interaction, enabling unified
modeling of multiscale features, long-term dependencies,
and channel calibration through coordinated optimization
of MSDC, SAEMB, and lightweight inter-block attention.

Experiments on LRS2-2Mix and Libri2Mix datasets show
that the proposed model achieves excellent performance of
SI-SNRi 17.5 dB with only 26.9 percent of SepFormer’s pa-
rameters, significantly outperforming existing baseline models,
confirming the model’s efficiency and superiority.

II. PROPOSED METHOD

A. Overall Architecture

The model follows an end-to-end architecture, as shown in
Fig. 1. The single-channel mixed speech x is mapped to high-
dimensional features hx by the encoder. After block process-
ing, these features enter stacked Enhanced Dual-Path Blocks
(EDPB) for feature modelling, producing target speaker masks
m1,m2. These masks are multiplied with encoder output
features to obtain separated features, which the decoder trans-
forms back to time-domain waveforms ŝi.

1) Encoder: The encoder consists of a 1D convolution with
kernel size 16, stride 8, and 128 output channels, followed by
ReLU activation function. Given mixed speech x ∈ R1×L, it
produces:

hx = ReLU(Conv1D(x)) (1)

2) Separation Network: The core separator consists of R
serial Enhanced Dual-Path Blocks (EDPB). As shown in Fig.
2, each EDPB block contains Intra and Inter paths. Input
features are first segmented into blocks and reshaped. The
Intra path performs local feature enhancement via the Multi-
Scale Dilated Convolution module (MSDC) and Segment-
wise Attention-enhanced Mamba module (SAEMB) to achieve
multiscale feature extraction and structured temporal mod-
elling. The Inter path models global dependencies through
SAEMB, then strengthens inter-block associations via a Block-
level Feature Interaction Attention (SAB) module. Enhanced
features are fused with residual connections.

3) Decoder: After encoding, features pass through the sep-
aration network to output masks mi, i ∈ {1, 2} for each source
(corresponding to two speakers). Masks mi are element-
wise multiplied with encoder output hx, and the decoder
reconstructs the waveform of time-domain signals by applying
transposed convolution to the product:

ŝi = TransposeConv1D(hx ⊙mi) ∈ R1×L (2)

where ⊙ represents element-wise multiplication. The de-
coder’s stride and convolution kernel size are consistent with
the encoder.

B. Multi-Scale Gated Dilated Convolution Module (MSDC)
Speech signals contain rich multiscale temporal structures,

from short-term phonemes to long-term sentences, with sig-
nificant differences in temporal resolution. Traditional CNNs
[1]–[3] often use fixed receptive fields or serial dilated con-
volutions [24] to expand receptive fields, but single layers
struggle to capture multiscale information simultaneously, and
serial structures suffer from long gradient propagation paths.
To address this, we design the Multi-Scale Gated Dilated Con-
volution module (MSDC), as shown in Fig. 2(b). It contains
three parallel branches with dilation rates 1, 2, 4 and kernel
sizes of 3, 5, and 7, respectively. Each branch includes a dilated
convolution for feature extraction and a gated convolution
(using Sigmoid activation)for adaptive selection. The gating
mechanism dynamically adjusts branch importance, enabling
flexible multiscale fusion. Outputs are concatenated and fused
via 1D convolution.

For branch i:
1) Dilated convolution feature extraction:

Xi = DilatedConv1d(X ′
intra-in, k = ki, d = di) (3)

2) Gating weight generation: consistent parameters with
feature extraction convolution:

Gi = σ(DilatedConv1d(X ′
intra-in, k = ki, d = di)) (4)

3) Gated selection output:

Xgi = Xi ⊙Gi (5)

Dilation rates di cover feature extraction from high-
frequency fine-grained to low-frequency coarse-grained fea-
tures. Gated convolution generates weight vectors to weight
the output of filtered high-quality features. Here Xi is the
output of feature extraction convolution for branch i, Gi is
the weight vector generated by gated convolution for branch
i, Xgi is the gated-filtered feature for branch i.

4) Feature concatenation and fusion: Concatenate gated-
filtered features Xg1, Xg2, Xg3 from three branches along the
channel dimension, then compress the channel number to C
through 1 × 1 convolution, achieving lightweight fusion and
dimension unification of multiscale features, outputting fused
feature Xms ∈ RB×C×L:

Xms = Conv1D(Concat(Xg1, Xg2, Xg3)) (6)

The core advantages of the MSDC module are: First, the
differentiated parameter design of the three branches precisely
matches the temporal characteristics of high, medium, and
low-frequency components of speech, achieving comprehen-
sive coverage of multiscale features; Second, introducing the
gating mechanism as a core innovation dynamically adjusts
feature weights through per-branch gating units, strengthening
effective information and suppressing noise redundancy, solv-
ing the problem of insufficient feature discriminability caused
by average fusion in traditional multiscale convolutions; Third,
targeted enhancement of intra-block local multiscale features
provides high-quality input for subsequent long-term depen-
dency modelling and channel calibration.



Fig. 1: Overall architecture of the proposed DAMamba model.

Fig. 2: Separator workflow diagram showing the dual-path processing within each Enhanced Dual-Path Block (EDPB). The
input features are processed through intra-path for local feature enhancement and inter-path for global dependency modelling.

C. Segment-wise Attention-Enhanced Mamba Module

While Mamba can efficiently model long-term dependen-
cies, it treats feature channel dimensions equally, making it
difficult to distinguish importance differences between differ-
ent channels, potentially leading to interference from redun-
dant channel information such as noise-related channels on
effective feature representation [25]. Squeeze-and-excitation
mechanisms [26] typically use two fully connected layers to
model all channel relationships, which may lead to computa-
tional inefficiency and fine-grained information loss. Inspired
by SpinalNet [27], we propose the Segment-wise Cumulative
Channel Attention module (SCCA), achieving fine-grained
calibration through segments of channel dimensions.

1) SSM Block module: achieves global context modelling
of sequence data through parallel processing of forward and
reverse sequence scans. This module includes linear projection
layers, convolution, SiLU activation function, the selective
state space model (SSM), and sequence flip operations.

As shown in Fig. 2(c), input passes through a linear

projection, then undergoes feature processing and weighting
separately. The feature processing branch processes forward
and reverse scans in parallel; their outputs are weighted
separately, the reverse sequence is flipped back to the original
sequence order, and both are averaged and fused.

Forward processing:

y+ = SSM(SiLU(Conv(Linear(x)))) (7)

Reverse processing:

y− = SSM(SiLU(Conv(Flip(Linear(x))))) (8)

Weight:

a = SiLU(Linear(x)) (9)

Weighted average fusion output:

y = Linear
(
a⊗ y+ + a⊗ Flip(y−)

2

)
(10)



2) SCCA module: As shown in Fig. 2(f), for input Z ∈
RB×L×D, where B is batch size, L is sequence length, and
D is channel number (feature dimension), SCCA module’s
core idea is hierarchical processing and cumulative interaction.
The process is as follows: First, after aggregating spatial
information through global average pooling of input Z, uni-
formly segment along the channel dimension into G segments,
obtaining z = [z1, z2, . . . , zG], each segment length D

G .
Segment-wise cumulative interaction: First segment input

z1 passes through fully connected layer f1 to get output s1;
concatenate previous segment output with current segment
original features as input to corresponding fully connected
layer, subsequent segments follow similarly:

s1 = f1(z1), sg = fg(Concat[sg−1; zg]), g = 2, 3, . . . , G
(11)

Feature fusion and activation: Concatenate all segment
outputs s = [s1, s2, . . . , sG], after ReLU nonlinear activation,
restore to original dimension D through symmetric fully
connected layer, finally generate channel attention weights
a ∈ RB×1×D through Sigmoid. Element-wise multiply at-
tention weights a with original input features Z, achieving
channel-level feature calibration:

Z̃ = Z ⊙ a (12)

This design achieves hierarchical flow and cumulative in-
teraction of channel information. Compared to standard SE’s
two-layer bottleneck structure, it can establish richer nonlinear
channel dependencies while avoiding information loss from
excessive compression. Mamba’s temporal dependency mod-
elling provides feature inputs rich in temporal information
for channel calibration, while SCCA’s channel filtering can
strengthen the effectiveness of Mamba output features, form-
ing dual-dimensional feature enhancement in both temporal
and channel dimensions, enabling the model to have selectivity
in both spatial and channel dimensions, thereby improving
model performance. This module addresses Mamba’s indis-
criminate treatment of channels through channel-level opti-
mization of Mamba output features, providing more discrim-
inative input for subsequent dual-path feature enhancement.

D. Block-level Feature Interaction Attention Module

To further enhance global context modelling, we intro-
duce a single-head standard self-attention module (SAB) af-
ter SAEMB. Its Query, Key, and Value are derived from
SAEMB’s output H ∈ R(B×K)×S×D of the Segment-wise
Attention-enhanced Mamba module (where S is the number
of blocks, D is the feature dimension), specifically calculated
as:

Attention(Q,K, V ) = softmax
(
QKT

√
dk

)
V (13)

where dk is the dimension of Q/K, reducing computational
overhead through dimension reduction.

SAB and Mamba form an implicit-explicit complementary
pair: Mamba excels at processing continuous patterns, while
self-attention explicitly models inter-block associations, partic-
ularly effective for capturing discrete yet semantically related
fragment relationships.

III. EXPERIMENTS

A. Experimental Setup and Parameters

Experiments were conducted on an NVIDIA RTX 4090
GPU. We used the Adam [28] optimizer with an initial learning
rate of 1.5 × 10−4and a cosine annealing scheduler with
warm restarts. Training lasted 200 epochs with a batch size
of 1. Gradient clipping was applied with a threshold of 5.
The loss function was negative Scale-Invariant Signal-to-Noise
Ratio (SI-SNR), combined with utterance-level Permutation
Invariant Training (uPIT). Early stopping was employed based
on validation performance.

For fair comparison with other baseline models, key hyper-
parameter configurations are as follows: encoder convolution
kernel size 16, stride 8, output channels D set to 128; block
size K (length of a single block) in dual-path processing is
250; number of stacked Enhanced Dual-Path Blocks (EDPB)
in separator R is 8; core Mamba-related parameters: SSM
hidden state dimension 16, expansion factor 2, 1D convolution
kernel size dconv = 4. To mitigate overfitting, the dropout rate
for attention and fully connected layers was set to 0.1.

1) Evaluation Metrics: This paper uses widely accepted
objective evaluation metrics in speech separation field, in-
cluding Scale-Invariant Signal-to-Noise Ratio (SI-SNR) [29],
Signal-to-Distortion Ratio (SDR) [30], and their correspond-
ing improvements (SI-SNRi, SDRi [31]), with higher scores
indicating better separated signal quality. Additionally, the
number of parameters (Parameters) and Multiply-Accumulate
Operations (MACs) measure model complexity, with lower
values indicating a more efficient model. The SI-SNR for a
target signal s and its estimate ŝ is defined as:

SI-SNR(s, ŝ) = 10 log10

(
∥starget∥2

∥ŝ− starget∥2

)
(14)

starget =
⟨ŝ, s⟩
∥s∥2

s (15)

where ⟨·, ·⟩ denotes the inner product.
The SI-SNR improvement (SI-SNRi) is computed as the

difference between the SI-SNR of the separated signal and
that of the mixed signal:

SI-SNRi = SI-SNR(s, ŝ)− SI-SNR(s, smix) (16)

Similarly, the SDR and its improvement are defined as:

SDR(s, ŝ) = 10 log10

(
∥s∥2

∥s− ŝ∥2

)
(17)

SDRi = SDR(s, ŝ)− SDR(s, smix) (18)

where ∥·∥2 represents L2 norm, starget is the true target signal,
enoise is residual noise, ŝ is the model’s estimated output signal,
smix is the original mixed signal.



TABLE I: Separation performance comparison on LRS2-2Mix and Libri2Mix datasets

Model LRS2-2Mix Libri2Mix Params (M) MACs (G/s)
SI-SNRi (dB) SDRi (dB) SI-SNRi (dB) SDRi (dB)

BLSTM-TasNet [29] 6.1 6.8 7.9 8.7 23.6 43.0
SuDoRM-RF 1.0x [2] 11.0 11.4 13.5 14.0 2.7 4.6
SuDoRM-RF 2.5x [2] 11.3 11.7 14.0 14.4 6.4 10.1
Conv-TasNet [1] 10.6 11.0 12.2 12.7 5.6 10.2
DPRNN [4] 12.7 13.0 16.1 16.6 2.7 85.3
DPTNet [5] 13.3 13.6 16.7 17.1 2.7 102.5
SepFormer [10] 13.5 13.8 16.5 17.0 26.0 86.9
TDANet [34] 13.2 13.5 17.4 17.9 2.3 4.7
S4M [36] 15.3 15.5 16.9 17.4 3.6 38.7
Ours 15.7 16.1 17.5 17.8 7.0 56.4

2) Datasets: Experiments were conducted on two standard
speech separation datasets.

LRS2-2Mix [32]: Mixed speech dataset generated based
on open-source dataset LRS2 [33]. Each mixture is 2 seconds
long with a 16 kHz sampling rate and SNR between -5 dB
and 5 dB. The training, validation, and test sets contain 20,000,
5,000, and 3,000 samples, respectively.

Libri2Mix [35]: Two-speaker mixed dataset derived from
LibriSpeech corpus, this paper uses train-100 subset of training
set. With a sampling rate 8kHz, its training, validation, and test
sets contain 13,900, 3,000, and 3,000 samples, respectively.

B. Comparative Experiments

Table I shows the performance comparison of the pro-
posed model against baseline models on the LRS2-2Mix and
Libri2Mix datasets.

On the LRS2-2Mix dataset, the proposed model achieves
SI-SNRi of 15.7 dB and SDRi of 16.1 dB, surpassing tra-
ditional models, including CNN-based Conv-TasNet, RNN-
based DPRNN, Transformer-based SepFormer, while also out-
performing SSM-based S4M (SI-SNRi improvement of 0.4
dB).

On the Libri2Mix dataset, the proposed model achieves
SI-SNRi of 17.5 dB and SDRi of 17.8 dB, significantly
outperforming all compared models, with parameter count (7.0
M) only 26.9% of SepFormer (26.0 M), MACs (56.4 G/s)
much lower than DPRNN (85.3 G/s) and DPTNet (102.5 G/s),
proving the proposed model has higher computational effi-
ciency while ensuring separation performance. The proposed
model demonstrates stronger robustness in noise environments
through multi-scale feature extraction and structured channel
calibration, validating the effectiveness of the dual-path atten-
tion enhancement architecture.

C. Ablation Studies

To validate the contribution of each core module, ablation
experiments were conducted on the Libri2Mix dataset. Using
the complete Dual path Mamba model as a baseline, key
components were sequentially removed or replaced. Results
are shown in Table II:

TABLE II: Component ablation study on Libri2Mix dataset

MSDC SCCA SAB SI-SNRi (dB) SDRi (dB)

✓ — — 16.9 17.3
✓ ✓ — 17.3 17.6
✓ — ✓ 17.1 17.4
— ✓ — 16.4 16.9
— ✓ ✓ 16.9 17.3
— — ✓ 16.1 16.6
✓ ✓ ✓ 17.5 17.8

Removing MSDC causes an SI-SNRi drop of 0.6 dB,
confirming the importance of multiscale feature capture. Re-
moving SCCA causes a drop of 0.4 dB, validating the
effectiveness of fine-grained channel calibration. Removing
SAB causes a drop of 0.2 dB, indicating the complementary
role of explicit inter-block association modeling to Mamba’s
implicit modelling. Removal of any module causes certain
performance degradation, indicating the importance of each
module’s design and collaborative operation.

IV. CONCLUSION

This paper proposes an efficient Dual-Path Attention-
Enhanced Mamba Network (DAMamba) for long-sequence
speech separation. Through the collaborative design of
the Multi-Scale Dilated Convolution module, the Segment-
wise Channel Attention-Enhanced Mamba Block, the model
achieves unified modelling of multiscale temporal struc-
tures, long-range dependencies, and channel discriminability
of speech signals. Experimental results demonstrate that the
proposed model achieves leading separation performance on
both LRS2-2Mix and Libri2Mix datasets while maintaining
low model complexity. Ablation studies validate the effec-
tiveness of each innovative module. Compared to existing
methods, DAMamba achieves higher separation performance
with only 26.9 percent of SepFormer’s parameters, confirming
its superiority in efficient speech separation tasks.

Future work will explore more flexible multiscale feature
fusion strategies and extend the model to scenarios with
more speakers and real-time processing applications, further
enhancing its practical value.
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