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Abstract 

Numerous post-processing methods have been proposed to improve coded speech quality and intelligibility. 
However, achieving state-of-the-art enhancement and generalisation across varying distortion levels remains a chal-
lenge. To bridge this gap, we propose a Lightweight Causal-Transformer-based Coded Speech Enhancement (LCT-
CSE) model employing a causal frequency-time-frequency (FTF) transformer block. This block facilitates temporal 
and spectral sequential modelling using transformers, efficiently exploiting global dependency across causal-context 
TF bins while minimising computational overhead. Experimental results indicate that the proposed LCT-CSE model 
outperforms the considered baselines across mainstream lossy audio codecs, including Opus, AMR-WB, EVS and LC3+, 
with less footprint and complexity. To further utilise auxiliary, utterance-level information such as bitrate and other 
general distortion characteristics, building upon the LCT-CSE model, we propose two information incorporation 
methods. One employs one-hot vector representations and feature fusions, referred to as 1-hot vector-based modula-
tion, while the other dynamically switches information-dependent network paths, termed dynamic linear modula-
tion (DLM). These methods can be used to improve performance in bitrate-information utilisation, with negligible 
additional computational overhead. The DLM model even achieves comparable performance to bitrate-specific 
trained (BST) models. We further extend the proposed information incorporation method, DLM, to a generalised 
scenario, tandem coding. Compared to the two practically used approaches, the DLM-based LCT-CSE model consist-
ently exhibits improved generalisability across varying tandem encoding conditions, based on derivative distortion 
information. Specifically, it achieves gains up to 0.74 in PESQ, 7% in STOI, and 0.18 in MOS-SIG under various bitrate 
conditions. This indicates significant potential for further applications where auxiliary information can be utilised.
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coding

1  Introduction
In audio coding, lossless codecs generally require sig-
nificantly higher bitrates compared to lossy codecs [1]. 
Therefore, Lossy speech codecs (e.g., Opus [2]), 3GPP 
Extended Adaptive Multi-Rate WideBand (AMR-WB) 
[3], 3GPP Enhanced Voice Services (EVS) [4], and the 
Bluetooth Low Complexity Communication Codec 
(LC3+) [5] are widely used in speech communication 

applications, despite that they inevitably degrade the 
resulting speech quality due to bandwidth constraints [1]. 
This degradation results in a suboptimal auditory experi-
ence and listener fatigue [6]. The presence of such deg-
radations highlights the need for speech enhancement 
techniques that can alleviate their impact.

1.1 � Overview and related work
Numerous methods were proposed to enhance the dis-
torted, coded speech for improved speech quality and 
listening experience. Several coded speech enhancement 
models leverage codec-internal features from the encod-
ing process, such as quantised features, quantisation 
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gains, and pitch lags as side information to improve 
performance [7–11]. However, the utilisation of these 
features introduces challenges related to flexibility and 
compatibility across different codecs. These specialised 
models also relied on side features [8], which may be 
unreliable or inaccessible when involving tandem coding.

To address this, post-processing-based coded speech 
enhancement methods have been proposed, offering flex-
ibility in applying the same model for different codecs. 
Moreover, these methods do not rely on side information 
from the internals of codecs, making them well-suited 
for tandem coding scenarios where such information 
is unavailable. As illustrated in Fig. 1, the coded speech 
enhancer functions as a post-processing module, obviat-
ing the requirements for codec-internal features. Thereby, 
the backwards compatibility with existing systems is 
maintained while additional complexity and latency asso-
ciated with processing multiple features are mitigated.

A multitude of statistics-based post-processing meth-
ods, such as linear predictive coding (LPC) and pitch 
enhancement filters [12–14], were previously proposed 
to enhance the coded speech at the near-end. Due to 
their statistical nature, these methods provide a moderate 
enhancement to coded speech with minimal complexity 
and delay; however, this inherently restricts the potential 
of enhancement achievable.

Data-driven approaches, particularly deep neural 
network (DNN) models, have demonstrated advanced 
enhancement performance, setting new benchmarks in 
the field [15–18]. These methods predominantly rely on 
convolutional neural networks (CNNs) as encoders and 
decoders to extract local contextual latent features from 
input speech representations, such as cepstral coeffi-
cients, short-time Fourier transform (STFT) spectro-
grams, and modified discrete cosine transform (MDCT) 
coefficients. The mask-based convolutional encoder-
decoder (CED) model in [17] has demonstrated excep-
tional performance on instrumental metrics for the 
AMR-WB codec; it surpasses numerous other data-
driven methods [19]. However, this model leverages con-
text dependency only across a limited number of frames.

To address the limitation of auto-encoder networks 
with CNNs, the convolutional recurrent U-Net speech 
enhancement (CRUSE) architecture employed recurrent 

neural network (RNN) layers as the bottleneck, achiev-
ing significant improvements over previous methods 
and yielding state-of-the-art performance in instrumen-
tal metrics for LC3 and AMR-WB codecs [20]. However, 
the process of flattening frequency and channel dimen-
sions as features within time sequential modelling intro-
duces a quadratic increase in computational complexity 
and parameters, presenting substantial challenges for 
the integration in practical coded speech enhancement 
applications. Alternative architectures, such as trans-
formers, hold considerable potential to further improve 
the enhancement by tackling the limitations of long-term 
dependency and restricted information storage inher-
ent in RNNs. Transformers have demonstrated superior 
performance in the general enhancement tasks [21] and 
other related tasks [22, 23]. However, the computational 
overhead of conventional transformers presents similar 
challenges as CRUSE-based models in the applications of 
practical codecs and edge devices.

Some other approaches endeavoured to hybridise sta-
tistical and data-driven models, aiming to overcome the 
limitation of simple networks to some extent [10, 11]. 
Linear-Adaptive Coding Enhancer (LACE) uses DNNs 
trained by multiple speech features to generate classical 
filter kernels on a per-frame basis for enhancement [10]. 
The non-linear adaptive coding enhancer (NOLACE) fur-
ther mitigates the problem of quality quickly saturating 
when the model size is scaled up [11]. Both methods were 
integrated into the Opus codec due to their outstanding 
performance and low complexity. However, their perfor-
mance strongly relies on the side features from the inter-
nal of the codec, thereby impeding their applications in 
post-processing. Still, other methods concentrate on gen-
erative structures, including auto-regressive models [7] 
and generative adversarial networks (GAN) [19, 24] to 
simulate real speech. However, these models have not yet 
achieved comparable performance in terms of metrics 
[24] and often require considerable complexity compared 
with CNN networks.

Furthermore, for enhancing performance across vary-
ing bitrates, several approaches were proposed. Bitrate-
specific training (BST) trained models separately for 
each bitrate. Due to specialised parameters, this train-
ing certainly contributes to superior performance across 

Fig. 1  The framework of the post-processing coded speech enhancement system is presented. The post-processor operates solely on the coded 
speech from the lossy codec, without accessing intermediate information within the codecs
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bitrates. However, this requires N times the parameters 
of a single generalised model, where N is the number 
of bitrates to be enhanced for the codec. An alterna-
tive method is multi-conditional training (MCT), which 
trains a generalised model using data across all bitrates, 
but neglecting bitrate information [11]. As a result, com-
pared to BST, the MCT may lead to some degradation in 
terms of performance across bitrates. Another commonly 
adopted strategy is lowest bitrate training (LBT), where 
the model is exclusively trained on data from the lowest 
bitrate and applied to all bitrates. This design guarantees 
the optimal performance for the most distorted speech. 
Consequently, it also compromises the quality of other 
data. Thus, both MCT and LBT methods are expected 
to be less effective, especially when the differences across 
distortions are substantial, leading to varied speech qual-
ity degradation. Our previous preliminary work started 
to utilise bitrates by parallel bitrate-dependent layers 
(PBDL), aiming to extract dependency across bitrates 
[20]. However, the PBDL blocks neglect the common 
dependency extraction shared across bitrates.

Unlike frame-wise or time-dependent information that 
varies across time-frequency bins, utterance-level infor-
mation refers to overall or average cues shared by all TF 
bins within an entire utterance. The methods to utilise 
this information are therefore often referred to as utter-
ance-level information incorporation. For example, in 
the context of coded speech enhancement in this paper, 
bitrate serves as a useful utterance-level cue. Similarly, in 
dynamic noise suppression, signal-to-noise ratios (SNRs) 
can be leveraged as auxiliary utterance-level informa-
tion. More broadly, in speech enhancement, other pos-
sible distortion measures, such as non-referential metric 
scores may also provide valuable utterance-level signals. 
In general, any useful information that captures the over-
all distortion extent of the entire utterance can help guide 
and improve enhancement performance. Furthermore, 
beyond speech enhancement, the proposed methods and 
architectures for utterance-level information incorpora-
tion can be generally adopted to other related tasks and 
domains, such as utilising speaker information for speech 
recognition or separation.

1.2 � Contributions
In summary, the existing challenges of coded speech 
enhancement are flexibility, sequential modelling tech-
niques, computational overhead, information incorpo-
ration, and model generalisability across distortions. To 
address them, we present the following contributions. We 
first propose a post-processing-based Lightweight Causal 
Transformer-based Coded Speech Enhancement (LCT-
CSE) network, employing causal time and frequency 
transformers to exploit sequential dependency across 

both time and frequency dimensions. These transformers 
are organised in a frequency-time-frequency (FTF) struc-
ture, which facilitates the step-wise extraction of global 
information across all Time-Frequency (TF) bins with a 
causal context. The FTF structure and shared parameters 
also enable the utilisation of advanced but computation-
ally expensive attention layers. With a low footprint and 
reduced complexity, the LCT-CSE model achieves better 
performance compared to baselines. Due to its improved 
performance and minimal resource requirements, the 
LCT-CSE can thus provide a flexible network for various 
practical coded speech enhancement tasks and derivative 
applications.

To better exploit the auxiliary bitrate information 
and further improve the generalisation capability of the 
LCT-CSE model, we propose two information incorpo-
ration methods, 1-hot vector-modulation (1-HVM) and 
dynamic linear modulation (DLM). The 1-HVM block 
applies 1-hot vector representations and feature fusion 
techniques to integrate the bitrate information into the 
primary enhancement networks, while the DLM block 
dynamically adjusts the network paths based on input 
bitrate conditions. Compared to two established MCT 
and LBT baselines, these two methods can be used to 
improve the performance with negligible additional 
computational overheads. BST models are applied as a 
theoretical upper bound to further evaluate the extent 
of information utilisation by the above-discussed gener-
alised methods. Lastly, we further extend the proposed 
utterance-level information incorporation framework to 
a more generalised scenario, tandem coding. As proof of 
concept, distortion information is extracted using non-
referential metrics to drive the generalisability demon-
stration of the DLM method.

The paper is structured as follows: problem formula-
tion is presented in Section 2.1. The proposed LCT-CSE 
model and its comparison to the baseline CRUSE net-
work are described in Section  2.2. In Section  2.3, the 
proposed utterance-level information incorporation 
methods, including DLM and 1-HVM, are explained. 
Experiments on the proposed LCT-CSE network, infor-
mation incorporation methods, and tandem coding are 
carried out while corresponding settings are detailed in 
Section 3. Experimental results are discussed in Section 4 
and the conclusions are presented in Section 6.

2 � Methods
2.1 � Problem formulation
In lossy audio codecs, distortions are introduced into 
speech signals through quantisation or other com-
pression mechanisms during the encoding. The coded 
speech, x̃(n) , represents the underlying original speech, 
x(n), with the lossy-codec-introduced distortions, v(n). 
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The proposed LCT-CSE model aims to obtain x̂(n) , 
an estimation of the original speech x(n) from the dis-
torted x̃(n) . For a better enhancement in naturalness 
and clarity of speech compromised by codec distortions, 
masking-based estimation, which can better preserve 
the signal structure, is applied. The proposed LCT-CSE 
model enhances the signal by predicting a real-valued 
Ideal Ratio Mask (IRM) for magnitude in the compressed 
domain. This can be defined in the STFT domain as:

where X(k,  l) and X(k , l) are the STFT spectrogram of 
x(n) and x̃(n) , respectively. Here, k and l denote the fre-
quency bins and time frames. A small constant γ , with a 
value of 1× 10−8 , is introduced to avoid division by zero 
issues. A widely adopted compression is employed, and 
the compression factor c is empirically set to 0.3 [21, 25], 
to refine the mask estimation for lower-energy speech 
components. In contrast to additive background noises, 
codec-introduced distortions also involve subtractive 
spectral component reduction [26]. Thus, the value range 
of the predicted mask is extended to [0,∞) by using a 
rectified linear unit (ReLU) output layer, instead of being 
limited to [0, 1].

The network input feature, denoted as |X̃(k , l)|c , is the 
spectrogram of the codec-distorted speech, with a com-
pressed value range. Such a representation in the com-
pressed domain biases the network learning towards 

(1)ÎRM(k , l)c =
|X(k , l)|c

|X̃(k , l)|c + γ

relatively low-energy bins, thereby enhancing the detailed 
features, and mitigating the dominance of high-energy 
bins [21]. The predicted signal spectrogram, |X̂(k , l)| , 
can then be obtained by multiplying |X̃(k , l)|c with 
ÎRM(k , l)c , followed by a decompression with a factor of 
1/c. Phase estimation is not considered as its benefit has 
been reported to be negligible [27, 28], which leads to the 
degradation of magnitude estimation due to the magni-
tude-phase compensation mechanism. Considering the 
constrained computational overhead for CSE models, 
the network resources are therefore assigned exclusively 
to magnitude estimation, while the phase of φ(X̃(k , l)) is 
retained.

2.2 � Proposed LCT‑CSE model
The proposed LCT-CSE model utilises a U-Net archi-
tecture, incorporating encoder and decoder blocks to 
exploit local information. A causal transformer-based 
global-feature extractor is employed in the latent space, 
as illustrated in Fig.  2. In the encoder, downsampling is 
performed exclusively along the frequency dimension 
to expand the spectral receptive field, while transposed 
convolutions upsample the features back in the decoder. 
The temporal dimension is preserved throughout the 
network. Latent features are directly transferred from 
the encoder to the decoder by skip connections. Fol-
lowing each encoder and decoder layer, a leaky ReLU is 
deployed.

Fig. 2  The architecture of the proposed LCT-CSE model is presented. An efficient frequency-time-frequency (FTF) transformer block serves 
as the bottleneck of the network. Skip connections are implemented by point-wise convolutional layers. The input tensor dimensions for each 
transformer are explicitly delineated to ensure a clear understanding of the network. B represents the batch size, and T, F, and C are the tensor size 
along time, frequency and channel in the bottleneck, respectively
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2.2.1 � FTF transformer block
Sequential modelling was initially proposed to capture 
long-term temporal dependency. Incorporating it into 
general speech enhancement yields significant benefits 
[29]. Additionally, dependency across frequency can 
also be exploited by such a sequential model [21]. It has 
been reported that such spectral modelling may contrib-
ute more strongly to speech enhancement [30]. In con-
trast to additive noises in general speech enhancement, 
codec-introduced distortions, mainly caused by quantisa-
tion, are correlated with the original speech. Therefore, 
spectral modelling may be even more crucial for the CSE 
models.

Thus, we propose a spectral and temporal model-
ling FTF transformer block for codec-introduced dis-
tortions. Each transformer block consists of an RNN 
and a self-attention block for global dependency 
exploitation as shown in Fig.  2. Residual connections 
are enabled, and layer normalisation along the corre-
sponding dimension (T/F) is applied before and after 
each multi-head attention (MHA) and gated recurrent 
units (GRUs) layer. A channel-wise grouping strat-
egy is adopted for all GRUs to reduce the network 
resource requirement. Thus, linear layers are followed 
for the dependency exchange from different feature 
groups. For the time transformer, causal masking is 

implemented, and unidirectional GRUs are deployed 
to ensure causality within the MHA layer. The utilised 
context length is constrained to 1 s due to the trade-off 
between long-term dependency exploitation and com-
putational overhead reduction. In contrast, frequency 
transformers consider the bi-directional context to 
maximally exploit spectral dependency.

A comparison of the sequential modelling in the bot-
tleneck between the baseline CRUSE and the proposed 
LCT-CSE model is presented in Fig. 3. CRUSE employs 
unidirectional GRUs to facilitate temporal modelling, 
where the features are flattened across channel and 
frequency dimensions. Frequencies are then treated as 
features in CRUSE, where sequential information along 
frequency is ignored. Additionally, such flattening 
increases the computational overhead quadratically as 
both computational complexity and number of param-
eters grow with the square of the feature size in GRUs. 
LCT-CSE enables temporal sequential modelling via a 
time transformer, utilising only the channel dimension, 
with parameters shared across frequency. Recent work 
shows spectral sequential characteristics further con-
tribute to efficient dependency exploitation [21]. Thus, 
spectral sequential modelling is further promoted by 
frequency transformers. Similarly, channels are the 
sole features while parameters are shared across time 

Fig. 3  The schematic diagram of the sequential modelling of the baseline CRUSE and proposed LCT-CSE models is presented. Temporal modelling 
in GRUs of the CRUSE network is depicted on the left, while the sequential modelling across time and frequency in transformers of the LCT-CSE 
model is exhibited on the right. Blue and red colours represent temporal and spectral modelling, respectively. The directions of sequential 
modelling are indicated by arrow blocks. The sizes of processed features are labelled on the left and enclosed within parentheses. i is the index 
of the current frame, and n denotes the size of the frequency dimension
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frames, ensuring causality. Context from both direc-
tions across frequency bins is available in the frequency 
transformer.

As presented in Table  1, compared to CRUSE, the 
LCT-CSE requires only about 70% of the computational 
complexity and 2% of the parameters for the bottleneck. 
These results indicate that the shared-parameter mecha-
nism in transformers significantly curtails the resource 
overhead compared to conventional sequential model-
ling. Detailed multiply-accumulate operations (MACs) 
and parameter numbers of each layer are exhibited in the 
Appendix 1.

However, without modelling two-dimensional large-
scale features, another consequent challenge of the LCT-
CSE model arises in ensuring the spectrogram-global 
dependency exploitation across all causal TF bins. To 
address this, an FTF structure, subsequently deploy-
ing FTF transformers, is proposed to explore the global 
information in a step-wise manner. In the first frequency 
transformer, information flows in both directions along 
the frequency dimension, enabling each TF bin to cap-
ture contextual information from other TF bins within 
the same frame. This is followed by a time transformer 
that propagates temporal dependencies with a causal 
context. The second frequency transformer updates the 
spectral dependencies in the current frame, which ena-
bles step-wise incorporation of global latent informa-
tion, thereby efficiently achieving the global dependency 
extraction along the spectrogram.

2.2.2 � Loss function
For the training target, the compressed MSE [31] and 
phase-aware [32] loss terms are adopted, consistent with 
the loss function outlined in our previous work [20]. The 
estimated spectrogram for computing loss components 
is obtained by the backward-forward STFT operations, 
STFT (iSTFT (X̂(k , l))) , to enforce consistency after mag-
nitude modification [33].

The estimation of magnitude often suffers from com-
pensation by phase estimation, when both magnitude 
and complex domain loss components are considered 
[28]. Due to the trade-off between minimising the con-
sequent degradation of such compensation and utilis-
ing phase-aware loss components, the weight of the 
phase-aware component is reduced to 0.1. Moreover, the 

combined loss components are further extended to the 
multi-resolution version of STFT, as follows:

where p denotes the STFT points used in the multi-res-
olution loss. The MSE and phase-aware components are 
formulated as

2.2.3 � Network hyper‑parameters
The hyperparameters of each layer are further detailed in 
Table 2 for potential re-implementations.

2.3 � Utterance‑level information incorporation
To address the performance degradation of existing MCT 
and LBT models, especially when the difference across 
distortions is substantial, we proposed two approaches to 
incorporate the auxiliary information in distortions. One 
of them is based on feature fusions introduced in Sec-
tion 2.3.1 and the other one employs dynamic techniques 
described in Section  2.3.2. The utterance-level auxiliary 
information to be utilised can be bitrate or other distor-
tion measures, such as SNRs.

2.3.1 � 1‑HVM: 1‑hot vector‑based modulation
1-hot vector, a concept derived from categorical data rep-
resentations in machine learning, consists of a group of 
bits where the only permissible combinations are those 
with a single high bit (1) and all others set to low (0). In 
the proposed 1-HVM block, the 1-hot vector is utilised 
to represent utterance information as one of the network 
inputs. Each bit within a 1-hot vector signifies a specific 
information mode. The position of the single high bit (1) 
indicates the mode associated with the currently input 
coded speech.

Figure  4 presents the network structure of the 1-hot 
vector-based gating block, where auxiliary informa-
tion is introduced by the 1-hot vector with the dimen-
sion of N, representing the number of total information 
classes. A linear layer is applied to transform the dimen-
sion, N, to Cout to match the output feature dimension 
of the encoder layer. Broadcasting is then performed to 
align the information-dependent tensor with the feature 
dimensions of the data, facilitating the following modula-
tion. These mapping and broadcasting operations effec-
tively preserve the causality inherent in the model. Due 

(2)Lmulti_res =
∑

p∈{25,26,...,212}

(
0.1Lp, MSE + 0.9Lp, phase_aware

)

(3)

Lp, MSE =
1

KL

K∑

k=1

L∑

l=1

(∣∣Xp(k , l)
∣∣c −

∣∣∣X̂p(k , l)
∣∣∣
c)2

(4)Lp, phase_aware =
1

KL

K∑

k=1

L∑

l=1

(∣∣Xp(k , l)
∣∣cejφX

−

∣∣∣X̂p(k , l)
∣∣∣
c
ejφ

X̂

)2

Table 1  Bottleneck comparison of CRUSE and LCT-CSE in terms 
of computational overhead

Computational overhead of the 
bottleneck

CRUSE LCT-CSE

MACs/s 327.72 M 227.90 M

Parameter numbers 5.56 M 0.104 M
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Table 2  Detailed hyper-parameters in the proposed LCT-CSE network

Blocks Layers Parameters

Encoder Convolutional layer 1 Input and output channels: (1, 16);

Kernel size: [2,3]; stride: [1,2]

Convolutional layer 2 Input and output channels: (16, 32);

Kernel size: [2,3]; stride: [1,2]

Convolutional layer 3 Input and output channels: (32, 64);

Kernel size: [2,3]; stride: [1,2]

Each frequency transformer Grouped GRUs Input size: 64/4; hidden size: 64/4;

Bidirectional: True

Multi-head attention Embedding dimension: 64;

Number of heads: 4

Layer normalisation Embedding dimension: 64

Linear layer Input features:128; output features:64

Time transformer Grouped GRUs Input size: 64/4; hidden size: 64/4;

Bidirectional: false

Multi-head attention Embedding dimension: 64;

Number of heads: 4

Each layer normalisation Embedding dimension: 64

Linear layer Input features:64; output features:64

Skip connections Skip connection 1 Input and output channels: (64, 64);

Kernel size: [1,1] groups: 64

Skip connection 2 Input and output channels: (32, 32);

Kernel size: [1,1] groups: 32

Skip connection 3 Input and output channels: (16, 16);

Kernel size: [1,1] groups: 16

Decoder Deconvolutional layer 1 Input and output channels: (64, 32);

Kernel size: [2,3]; stride: [1,2]

Deconvolutional layer 2 Input and output channels: (32, 16);

Kernel size: [2,3]; stride: [1,2]

Deconvolutional layer 3 Input and output channels: (16, 1);

Kernel size: [2,3]; stride: [1,2]

Each activation Leaky ReLU Negative slope:0.03; inplace: true

Output layer ReLU –

Fig. 4  Structure of the 1-HVM convolutional block is presented. Affine transformation is represented by multiplication and addition with two 
independent tensors to be modulated. The tensor sizes at each stage are indicated, where N represents the number of information classes
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to the negligible additional computational overhead that 
1-HVM blocks introduce, they are employed to replace 
all three encoding layers for thorough incorporation.

2.3.2 � DLM: dynamic linear modulation
However, utterance-level information provides only 
global extent information and lacks the detailed, fine-
grained information typically found in other common 
embedding fusion tasks. Thus, dimension transforma-
tion and feature broadcasting for utterance-level features 
are necessary to align utterance-level features for fusion, 
which inevitably diminishes the efficiency and effective-
ness of information integration. An alternative approach 
is to introduce the dynamic mechanism into the specific 
part of the network. Specifically, the employed infor-
mation-dependent layers can be dynamically activated 
based on the input characteristics, such as the bitrate or 
other distortion extents.

A dynamic PBDL block was presented in our previ-
ous preliminary work. Therefore, we further propose a 
dynamic linear modulation (DLM) block and conduct 
a systematic evaluation against other baseline methods. 
The DLM block is integrated into the encoder, replac-
ing the convolutional layers of the LCT-CSE model. The 
network structure of the DLM convolutional block is 
illustrated in Fig.  5. Unlike the PBDL block in [20], an 
additional convolutional layer of the primary encoder is 
retained to extract common latent representations for 
all data. Additionally, input features are directed into 
one information-dependent layer under the regulation 
of an information-controlled mode switch. The informa-
tion-dependent part estimates both the scaling and bias 
matrix for the following linear modulation. The scaling 

matrix highlights or diminishes the relative importance 
of features, and the bias matrix further corrects distribu-
tion shifts and introduces flexibility in feature transfor-
mation. Thereby, these two operations jointly facilitate 
the comprehensive incorporation of the bitrate-related 
dependency and common dependency, whereas the latter 
is ignored in [20].

The information is incorporated into the model as a 
switch to control dynamic layers, rather than a feature to 
be fused. Therefore, the utterance-level characteristic of 
information is effectively addressed by avoiding dimen-
sion transformation and feature broadcasting. Further-
more, the proposed DLM enables T-F bin-wise scaling 
and bias modulation, contributing to capturing more 
fine-grained variations compared to broadcasting in 
fusion methods.

More importantly, the model footprint increase can be 
quite small, as the DLM blocks are configured only for 
the first two convolutional layers in the encoder, where 
parameters are relatively few. More specifically, N × 3.21 
K additional parameters are required for information-
dependent layers, where N is the number of information 
classes to be considered. In terms of computational com-
plexity, 12.8 M additional MACs/s are introduced by the 
information-dependent path, which is negligible com-
pared to the overall computational complexity.

3 � Experiments
We conduct three experiments on the CSE models, 
dynamic information incorporation methods, and tan-
dem coding enhancement. In the first experiment, we 
benchmark the proposed LCT-CSE model against sev-
eral representative and commercially deployed baseline 

Fig. 5  Structure of the DLM convolutional block. Solid lines indicate common paths while information-dependent paths are illustrated by black 
dashed lines. The output features of the convolutional layer from the common path are modulated linearly through a scaling and bias matrix 
from the information-dependent path. An utterance-level information-based mode switch controls which information-dependent layer is used. 
During training, common layers are trained on data across all bitrates, but information-dependent layers are only trained on data corresponding 
to their respective auxiliary information or distortion range. The tensor sizes at each stage are indicated, where B represents the batch dimension
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networks, based on the four most widely used lossy 
codecs. The enhancement performance evaluation in 
metrics, along with the computational complexity and 
model size analysis, is carried out. Based on the bitrate 
information utilisation, the proposed DLM block is sys-
tematically appraised with the fusion-based incorpora-
tion method, against the benchmark MCT, LBT and 
BST-based generalised methods. The extent of bitrate 
utilisation and the inter-bitrate generalisability for all 
methods are reviewed based on the results. Moreover, 
the performance and generalisability of the proposed 
information incorporation methods across distortion 
extents are highlighted through the last experiment on 
tandem coding enhancement. All experiments share the 
training dataset, setups and metrics as presented in Sec-
tions 3.1 and 3.2, but use different models and baselines 
for evaluation, elaborated in Section 3.3.

3.1 � Experimental setup
The wideband English clean speech dataset from the 
Deep Noise Suppression (DNS) Challenge 3 is used for 
all experiments [34]. We employ the official speech syn-
thesiser in [34] provided by the DNS3 challenge to gener-
ate clean speech segments of 5 s in duration, which serve 
as the training ground truth. These clean audio signals 
are then encoded and decoded using various codecs at 
various bitrates to produce the corresponding coded 
speech datasets. The total durations of the training, vali-
dation, and test sets are 140 h, 1 h, and 1 h, respectively. 
The speakers and sentences of both the validation and 
test sets are unseen from the training data, ensuring fair 
evaluation. For each epoch, we randomly select 9000 
instances for training, with each instance containing 
speech signals encoded from the same speech segment 
at various bitrates. All training signals are then pooled 
together and shuffled, meaning that signals from the 
same instance are not constrained to appear in the same 
batch. The STFT is obtained after applying a square-root 
Hann window of 512 samples with 50% overlap. Due to 
the real-time constraints for CSE models, no look-ahead 
is used in any of the experiments, leading to a 32-ms 
algorithm latency introduced by frame-based SFTF. The 
Adam optimiser with β of (0.9, 0.99) is used for training. 
The batch size is set to 8, and the learning rate is 5× 10−4

.

3.2 � Metrics
Instrumental metrics for evaluation include two widely 
used referential metrics: wideband Perceptual Evalu-
ation of Speech Quality (PESQ) [35] and Short-Term 
Objective Intelligibility (STOI) [36]. Originally, PESQ 
was designed to evaluate voice transmission quality 
and codec distortions in various telecommunications 

systems. Consequently, it is a well-suited metric for eval-
uating our coded speech enhancement models. In addi-
tion to speech quality evaluation, the STOI metric is used 
to evaluate speech intelligibility, especially crucial for the 
evaluation of severely distorted speech.

As a further supplement, the Deep Noise Suppres-
sion Mean Opinion Score (DNS-MOS, P.835) [37] was 
included for the evaluation. DNS-MOS, being a non-
referential metric, broadens the scope for quality evalu-
ation in complex real-world scenarios. More specifically, 
the MOS of speech quality (MOS-SIG) is well-suited for 
the CSE evaluation, as coding artefacts degrade the clar-
ity and naturalness more than general background noise. 
Its high sensitivity to artefacts makes MOS-SIG a more 
suitable choice. The other two, background noise quality 
(BAK) and overall quality (OVL), focus on background 
noise suppression and holistic quality, and thereby are 
not used for evaluation.

3.3 � Experimental framework and baselines
3.3.1 � Experiments in the proposed LCT‑CSE network
The proposed LCT-CSE network is evaluated based on 
four codecs: Opus, AMR-WB, EVS, and LC3+, broadly 
encompassing the most commonly used lossy audio 
codecs. Except bitrates, all other codec parameters are 
set to their default modes for fair comparison with base-
lines. Only lower bitrates are considered to align more 
closely with real-world applications that need CSE net-
works. LBT is applied to the CED model for precise 
re-implementation and fair comparison. MCT is con-
sistently employed for all networks except CED, without 
considering the bitrate information. The bitrates and ver-
sions used of codecs in the experiments are detailed as 
follows: 

1.	 Opus (v1.5): 6, 9, 12, and 16 kbps
2.	 AMR-WB (v7.0.0): 6.65, 8.85, 12.65, 14.25, and 

15.85 kbps
3.	 EVS (v12.11.0): 5.9, 7.2, 8, 9.6, 13.2, and 16.4 kbps
4.	 LC3+ (v1.6.3): 16 and 24 kbps

CED and CRUSE, two general-purpose networks not 
tailored to any specific codec, are employed as base-
lines for all codecs. Moreover, NOLACE, a state-of-the-
art codec-specific network that incorporates internal 
codec features, is utilised for the evaluation of the Opus 
codec. Although such a comparison with other purely 
post-processing models might be deemed unfair due to 
its reliance on additional information, the evaluation is 
nonetheless valuable, as it has been commercially inte-
grated into the Opus codec. Detailed implementations 
are provided as follows: 
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1.	 CED: the CED network proposed in [17] was demon-
strated to be state-of-the-art in instrumental metrics, 
outperforming other prevalent methods in [19], and 
it is re-implemented according to the hyperparam-
eters and settings in the original paper. The imple-
mented CED network follows the LBT strategy, con-
sistent with the original approach.

2.	 CRUSE: the CRUSE network serve as the state-of-
the-art baseline across LC3+ and AMR-WB codecs 
in [20]. MCT is adopted for training.

3.	 NOLACE: the evaluation data, enhanced by the NOL-
ACE network, is generated using the official package 
from [11].

3.3.2 � Experiments in information incorporation based 
on bitrates

The LCT-CSE architecture is used for all baselines and 
dynamic information incorporation methods. To evalu-
ate bitrate information utilisation, the Opus codec is 
applied. Two widely used, established baselines, MCT 
and LBT models, generalise the models through training 
strategies. The proposed 1-HVM and DLM methods are 
further compared to the previously proposed PBDL base-
line. To evaluate the extent of bitrate dependency exploi-
tation, the specialised BST model is also adopted as an 
ideal upper bound of the above-generalised models.

3.3.3 � Extension to more generalised distortion: tandem 
coding

Tandem coding refers to the process where speech 
signals are re-encoded after previous encoding and 
decoding steps. In practical transmission and telecom-
munication systems, this process is often encountered 
when a codec (or codecs) is applied at different process-
ing stages. Multiple coding amplifies distortions in coded 
speech signals. Therefore, a well-performing generalised 
model becomes increasingly critical for efficient speech 
enhancement across varying distortions. We conducted 
this experiment to evaluate the generalisability of the 
proposed DLM-based LCT-CSE model on speech that 
is tandem-coded at different bitrates. MCT and LBT-
based LCT-CSE models are employed as baselines. Nota-
bly, we use the models trained in Section 3.3.2 based on 
the Opus codec for this experiment. The models are not 

retained with tandem coding data, thereby presenting a 
realistic application.

Instead of bitrate information to drive the mode, we 
assume, here, that a rough distortion level in the input 
can be provided by an auxiliary dynamic quality assess-
ment module. This indicates the information-controlled 
mode in the dynamic module. For simplicity, these dis-
tortion-driven modes are assigned based on the average 
MOS-SIG scores of the signal groups that are encoded 
twice at different bitrates. More specifically, modes from 
1 to 4 determine which information-dependent path 
is used in the DLM-based LCT-CSE model trained on 
data with four different bitrates in 3.3.2. The employed 
modes for the proposed DLM-based LCT-CSE model 
are detailed in Table 3, where lower values of the mode 
indicate that the dynamic network path for more severe 
distortions is activated. It is worth noting that the experi-
ments were conducted under the condition that the 
bitrates of both encodings were unknown. Opus is used 
for both the first and second codecs in the experiments.

4 � Experimental results
4.1 � Experiments in the proposed LCT‑CSE network
In Table 4, the evaluation results, including the mean and 
standard deviation of the considered metrics, of the pro-
posed LCT-CSE network are presented and compared 
with other baseline networks based on the Opus codec. 
The best performing scores are highlighted in bold. Their 
MACs per second and parameter numbers, the measures 
of computational complexity and model size, are reported. 
Compared to the CNN-based CED network, with similar 
model sizes but significantly more MACs, the LCT-CSE 
network exhibits superior performance. The improvements 
are consistent across all bitrates and metrics, with more 
pronounced effects for lower bitrate data. On 6 kbps data, 
the proposed method achieves notable improvements over 
CED, with average gains of 0.87 in PESQ, 10.6% in STOI, 
and 0.49 in MOS-SIG. Additionally, LCT achieves per-
formance on par with, or slightly better than, the CRUSE 
network, while having a substantially smaller footprint 
and only 59% of the complexity. In summary, the proposed 
LCT-CSE network yields state-of-the-art performance for 
post-processing-based coded speech enhancement. As a 
result, it can be utilised as a foundational network for vari-
ous CSE-related applications and further optimisations.

Table 3  Distortion-driven mode assignments for the proposed DLM method

 1 st Codec bitrate [kbps] 6 6 9 6 6 12 16 9 9 9 12 16 12 12 16 16

2nd Codec bitrate [kbps] 6 9 6 12 16 6 6 9 12 16 9 9 12 16 12 16

Average MOS-SIG 1.83 2.56 2.62 2.67 2.70 2.76 2.79 3.29 3.34 3.36 3.38 3.40 3.44 3.46 3.48 3.50

Modes 1 2 3 4
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Despite lacking several codec-internal features, the 
proposed LCT-CSE model still attains comparable MOS-
SIG results compared to the NOLACE network. Given 
that the naturalness of enhanced speech signal is strongly 
correlated to these features, the MOS-SIG results indi-
cate the representational learning capability of the LCT-
CSE network. Moreover, consistent improvements in 
PESQ and STOI of LCT-CSE are observed. Notably, 
LCT-CSE achieves these results with only about 8% of 
the model size and a marginal increase in complexity.

Consistent evaluation results are also reported for 
other AMR-WB, EVS, and LC3+ codecs. The detailed 
mean and standard deviations of metric scores are pre-
sented in the Appendix 1.

4.2 � Information incorporation based on bitrates
The experimental results of this experiment are presented 
in Table  5. The best-performing mean and standard 
deviation of metric scores are highlighted in bold. The 
second-best scores are indicated with an underline. Gen-
eralised MCT baseline exhibits varying performance deg-
radations compared to the specialised BST models. The 
degradation is relatively pronounced at 6 kbps, but negli-
gible at other bitrates. One potential cause could be that 
the network learning in the MCT model is distracted by 
relatively well-preserved high-bitrate data, resulting in a 
robustness decline for severely distorted speech signals. 
As anticipated, the LBT baseline shows the same level of 
performance as BST at the lowest bitrate, whereas suffer-
ing severe degradation at higher bitrates.

In contrast to these two practically employed base-
lines, dynamic bitrate-informed methods report varying 
levels of improvement, especially at the lowest bitrate 
of 6 kbps. In general, the DLM model yields comparable 
performance across metrics and bitrates relative to the 
specialised BST models, demonstrating that the bitrate 
information is better utilised. However, note that other 
than LBT, all benchmark methods may, for practical pur-
poses, be considered on par in terms of performance in 
this evaluation. Therefore, this method is further evalu-
ated in the following experiment using the tandem codec.

4.3 � Extension to more generalised distortion: tandem 
coding

In Fig.  6, the evaluation results of the proposed DLM-
based model for tandem coding enhancement are pre-
sented and compared with MCT and LBT baselines. The 
average metric scores indicate that tandem coding results 
in more severe distortions compared to a single codec in 
the above experiments. The LBT-based model shows the 
expected performance deterioration when the distortion 
is relatively mild. This is a result of its training mecha-
nism and is consistent with the single-codec CSE experi-
ments. MCT does not experience such degradation; 
however, it exhibits significant performance drops in a 
few data groups, up to 0.55 in PESQ, 7% in STOI and 0.18 
in MOS-SIG in comparison to the DLM-based model. 
These groups share a common trait: they are heavily com-
pressed by the previous (the first) codec. In contrast, the 
DLM-based LCT-CSE model consistently demonstrates 

Table 4  Evaluation results of CSE networks in instrumental metrics on the DNS3 challenge dataset

CED: the convolutional encoder-decode model

NOLACE: the non-linear adaptive coding enhancer

CRUSE: the convolutional recurrent U-Net speech enhancement model

Proposed LCT-CSE: lightweight causal-transformer-based coded speech enhancement model

Bitrates kbps Metrics Noisy CED NOLACE CRUSE LCT-CSE

MACs/s – 904.5 M 310 M 573.9 M 338.5 M

Params – 0.15 M 1.8 M 5.67 M 0.14 M

6 PESQ 1.33 (± 0.12) 1.41 (± 0.14) 1.82 (± 0.19) 2.23 (± 0.26) 2.28 (± 0.27)
STOI (%) 75.5 (± 3.8) 78.5 (± 3.3) 86.4 (± 2.2) 88.5 (± 2.0) 89.1 (± 2.0)
MOS-SIG 2.74 (±  0.43) 2.88 (± 0.31) 3.37 (± 0.18) 3.28 (± 0.18) 3.37 (± 0.16)

9 PESQ 2.84 (± 0.42) 3.03 (± 0.38) 3.19 (± 0.31) 3.64 (± 0.22) 3.64 (± 0.23)
STOI (%) 94.3 (± 1.1) 94.4 (± 1.1) 94.5 (± 1.1) 95.5 (± 1.0) 95.7 (± 1.0)
MOS-SIG 3.44 (± 0.17) 3.41 (± 0.16) 3.57 (± 0.13) 3.54 (± 0.13) 3.56 (± 0.12)

12 PESQ 3.60 (± 0.46) 3.64 (± 0.36) 3.82 (± 0.29) 4.04 (± 0.15) 4.05 (± 0.15)
STOI (%) 97.3 (± 0.6) 96.9 (± 0.7) 97.0 (± 0.7) 97.4 (± 0.6) 97.6 (± 0.6)
MOS-SIG 3.53 (± 0.14) 3.48 (± 0.14) 3.60 (± 0.11) 3.58 (± 0.12) 3.60 (± 0.11)

16 PESQ 3.95 (± 0.41) 3.91 (± 0.33) 4.14 (± 0.25) 4.22 (± 0.13) 4.23 (±0.17)
STOI (%) 98.5 (± 0.4) 97.9 (± 0.4) 98.3 (± 0.4) 98.5 (± 0.4) 98.7 (± 0.4)
MOS-SIG 3.57 (± 0.12) 3.51 (± 0.13) 3.60 (± 0.11) 3.60 (± 0.11) 3.61 (± 0.11)
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superior performance across all encoding conditions. 
These results highlight the generalisation capability of 
the proposed dynamic DLM-based model, with the mode 
decided based on auxiliary distortion information that is 
derived by a non-referential metric.

To further demonstrate the generalisation ability of the 
proposed DLM-based model, we conduct two perceptual 
evaluations using the MUltiple Stimuli with Hidden Ref-
erence and Anchor (MUSHRA) framework [38].

Test A focuses on severely distorted speech signals, 
specifically those subjected to 6 kbps encoding dur-
ing either the first or second coding stage. Test B evalu-
ates relatively mildly distorted speech, drawn from the 
remaining nine bitrate pairs. Each test comprises six 
groups of randomly selected samples. A total of nine lis-
teners (normal hearing, of average age) participated in 
both tests.

As illustrated at the top of Fig. 7, all three models yield 
substantial improvements in perceptual listening qual-
ity over coded speech on test A. Compared to the LBT 
and DLM models, the MCT model exhibits performance 
degradation consistent with the instrumental metric 
evaluation results. Results on test B further confirm that 
speech enhancement remains effective even under higher 
bitrate conditions. The LBT model underperforms rela-
tive to the MCT and DLM models, again in line with pre-
vious metric-based findings. Notably, across all bitrate 
conditions, the DLM model consistently achieves the 

best performance, highlighting its strong generalisation 
capability.

4.4 � Audio samples
Audio samples reflecting the trends discussed above can 
be accessed at https://​aspire.​ugent.​be/​demos/​EURAS​
IP202​5HZ/. These samples allow for a better appreciation 
of the performance and generalisability improvements by 
the proposed methods. Audio samples used in MUSHRA 
tests are also available for possible broader reproducibil-
ity and accessibility.

5 � Discussion
The proposed LCT-CSE model leverages the FTF 
transformers to jointly capture temporal and spectral 
dependencies, yielding state-of-the-art performance in 
instrumental metrics for post-processing-based coded 
speech enhancement. In comparison to the baseline 
CRUSE model, LCT-CSE reduces both the footprint and 
computational complexity by approximately 97 and 41%, 
respectively. Notably, LCT-CSE even attains performance 
on par with NOLACE—the current state-of-the-art 
codec-specific model—while using 8% of its model size 
and incurring only a marginal increase in computational 
overhead.

Moreover, by incorporating auxiliary bitrate informa-
tion, the proposed DLM approach achieves performance 

Table 5  Evaluation results of information incorporation methods based on bitrates

MCT: model with multi-conditional training

LBT: model with lowest bitrate training

BST: model with bitrate-specific training

PBDL: model with parallel bitrate-dependent layers

1-HVM: model with 1-hot vector-modulation

DLM: model with dynamic linear modulation

Bitrates 
[kbps]

Metrics Generalised models BST

Baselines Dynamic methods

MCT LBT PBDL 1-HVM DLM

6 PESQ 2.28 (± 0.27) 2.36 (± 0.27) 2.31 (± 0.26) 2.30 (± 0.27) 2.33 (± 0.27) 2.36 (± 0.27)
STOI (%) 89.1 (± 2.0) 89.6 (± 2.0) 89.2 (± 2.0) 89.3 (± 2.0) 89.4 (± 2.0) 89.6 (± 2.0)
MOS-SIG 3.37 (± 0.16) 3.38 (± 0.16) 3.36 (± 0.17) 3.36 (± 0.17) 3.38 (± 0.16) 3.38 (± 0.16)

9 PESQ 3.64 (± 0.23) 3.25 (± 0.26) 3.65 (± 0.22) 3.65 (± 0.22) 3.66 (± 0.21) 3.66 (± 0.22)
STOI (%) 95.7 (± 1.0) 93.6 (± 1.3) 95.8 (± 1.0) 95.8 (± 1.0) 95.8 (± 1.0) 95.8 (± 1.0)

MOS-SIG 3.56 (± 0.12) 3.44 (± 0.15) 3.56 (± 0.12) 3.56 (± 0.12) 3.57 (± 0.12) 3.57 (± 0.12)
12 PESQ 4.05 (± 0.15) 3.35 (± 0.26) 4.06 (± 0.16) 4.06 (± 0.16) 4.06 (± 0.18) 4.06 (± 0.15)

STOI (%) 97.6 (± 0.6) 94.1 (± 1.1) 97.7 (± 0.6) 97.7 (± 0.6) 97.7 (± 0.6) 97.7 (± 0.6)

MOS-SIG 3.60 (± 0.11) 3.46 (± 0.15) 3.60 (± 0.11) 3.60 (± 0.11) 3.60 (± 0.11) 3.60 (± 0.11)

16 PESQ 4.23 (± 0.17) 3.39 (± 0.27) 4.24 (± 0.13) 4.24 (± 0.13) 4.25 (± 0.13) 4.23 (± 0.15)

STOI (%) 98.7 (± 1.7) 94.2 (± 1.1) 98.7 (± 0.4) 98.7 (± 0.4) 98.7 (± 0.4) 98.7 (± 0.4)

MOS-SIG 3.61 (± 0.11) 3.47 (± 0.15) 3.61 (± 0.11) 3.61 (± 0.11) 3.61 (± 0.11) 3.60 (± 0.11)

https://aspire.ugent.be/demos/EURASIP2025HZ/
https://aspire.ugent.be/demos/EURASIP2025HZ/
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comparable to that of the specialised BST model in 
instrumental metrics, underscoring its effectiveness in 
utilising this information. The extension experiment in 
a generalised scenario conclusively demonstrates the 
improved generalisability of the DLM-based model 
across varying tandem encoding conditions. Specifically, 
it outperforms the MCT model by up to 0.55 in PESQ, 
7% in STOI, and 0.18 in MOS-SIG, and surpasses the 
LBT model by up to 0.74 in PESQ, 4% in STOI, and 0.14 
in MOS-SIG.

6 � Conclusion
We propose an LCT-CSE architecture for coded speech 
enhancement, employing the FTF-structured transform-
ers as the bottleneck. The causal time and frequency 
transformers enable temporal and spectral modelling, 
respectively. They further exploit the global dependency 
across causal context TF bins in a step-wise manner. 
LCT-CSE exhibits state-of-the-art performance while 
minimising both model size and computational complex-
ity. Moreover, as a post-processing approach that does 

Fig. 6  Evaluation results of the proposed DLM-based model in tandem coding speech enhancement are presented. Average metric scores 
of speech groups distorted by tandem codecs and two used bitrates [kbps] information are labelled below the corresponding boxes on the X axis. 
The height of boxes represents the mean scores enhanced by models, and standard deviations are shown by bars on boxes
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not require access to internal codec information, the 
LCT-CSE architecture is generally applicable to a variety 
of codecs.

Additionally, we propose 1-HVM and DLM, two 
bitrate incorporation methods, which utilise auxiliary 
bitrate information to approach the performance of 
specialised BST models with negligible extra compu-
tational overhead. The DLM-based model exhibits best 
performance consistently across all bitrate conditions 
compared to MCT and LBT baselines, highlighting its 
generalisability in tandem encoding scenarios. Beyond 
coded speech enhancement, the proposed DLM 
methods can be generally adopted to other tasks and 
domains that benefit from available or derivable utter-
ance-level information, such as utilising estimated 
SNRs for dynamic speech enhancement or incorporat-
ing speaker information for target speech extraction 
and recognition.

Appendix 1
This appendix is presented for detailed computational 
overhead presentation and broader evaluations of the 
proposed methods across more commercially used 
lossy codecs.

Table 6  Detailed layer-wise MACs and parameter numbers of the 
proposed LCT-CSE model are presented

Blocks Layers Parameters MACs/s

Encoder Convolutional layer 1 112 888.8 K

Convolutional layer 2 3.10 K 11.93 M

Convolutional layer 3 12.35 K 22.97 M

Each Frequency Trans-
former

Grouped bi-directional 
GRUs

13.04 K 25.96 M

Multi-head attention 16.64 K 38.68 M

Each layer normalisa-
tion

128 119.0 K

Linear layer 8.26 K 15.36 M

Fig. 7  MUSHRA evaluation results of test A (top) and test B (bottom). Test A evaluates heavily distorted speech (6 kbps in one coding stage), 
while Test B covers milder distortions from other bitrate combinations. Each blue dot indicates the mean score for a condition, while the vertical 
error bars denote the standard deviation. The results of both tests align with the metric evaluations, with the DLM model consistently 
demonstrating the best enhancement performance across bitrate conditions
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Blocks Layers Parameters MACs/s

Time Transformer Grouped unidirectional 
GRUs

6.52 K 12.96 M

Multi-head attention 16.64 K 45.80 M

Each layer normalisa-
tion

128 119.0 K

Linear layer 4.16 K 7.74 M

Skip Connections Skip connection 1 32 254.0 K

Skip connection 2 64 246.0 K

Skip connection 3 128 238.0 K

Decoder Deconvolutional 
layer 1

12.32 K 47.35 M

Deconvolutional 
layer 2

309 K 24.51 M

Deconvolutional 
layer 3

97 K 1.57 M

It is worth noting that the 1-s-long causal context is used in the attention layer 
of the time transformer due to the trade-off between long-term dependency 
exploitation and computational overhead

Table 7  The proposed LCT-CSE network benchmarks against the 
two post-processing-based networks, CED and CRUSE

Codecs Bitrates 
[kbps]

Metrics Noisy CED CRUSE LCT-CSE

MACs/s - 904.5 M 573.9 M 338.5 M

Params - 0.15 M 5.67 M 0.14 M

AMR-WB 6.65 PESQ 2.52 
(± 0.31)

2.78 
(± 0.31)

3.39 
(± 0.26)

3.40 (± 0.26)

STOI (%) 93.7 
(± 1.3)

93.8 
(± 1.3)

94.9 
(± 1.2)

95.4 (± 1.2)

MOS-SIG 3.41 
(± 0.17)

3.40 
(± 0.17)

3.53 
(± 0.13)

3.56 (± 0.12)

8.85 PESQ 2.97 
(± 0.38)

3.23 
(± 0.33)

3.76 
(± 0.21)

3.75 (± 0.23)

STOI (%) 95.9 
(± 1.0)

95.9 
(± 1.0)

96.5 
(± 0.9)

96.9 (± 0.9)

MOS-SIG 3.49 
(± 0.15)

3.48 
(± 0.15)

3.57 
(± 0.12)

3.59 (± 0.11)

12.65 PESQ 3.46 
(± 0.39)

3.65 
(± 0.32)

4.04 
(± 0.16)

4.02 (± 0.19)

STOI (%) 97.6 
(± 0.7)

97.4 
(± 0.7)

97.8 
(± 0.7)

98.1 (± 0.7)

MOS-SIG 3.56 
(± 0.13)

3.55 
(± 0.13)

3.59 
(± 0.12)

3.60 (± 0.11)

14.25 PESQ 3.56 
(± 0.38)

3.73 
(± 0.31)

4.10 
(± 0.15)

4.08 (± 0.16)

STOI (%) 98.0 
(± 0.6)

97.8 
(± 0.6)

98.1 
(± 0.6)

98.3 (± 0.6)

MOS-SIG 3.56 
(± 0.13)

3.56 
(± 0.13)

3.60 
(± 0.11)

3.61 (± 0.11)

15.85 PESQ 3.63 
(± 0.39)

3.79 
(± 0.30)

4.13 
(± 0.14)

4.12 (± 0.18)

STOI (%) 98.2 
(± 0.6)

98.0 
(± 0.6)

98.3 
(± 0.5)

98.5 (± 0.6)

MOS-SIG 3.58 
(± 0.12)

3.57 
(± 0.12)

3.60 
(± 0.11)

3.61 (± 0.11)

Codecs Bitrates 
[kbps]

Metrics Noisy CED CRUSE LCT-CSE

MACs/s - 904.5 M 573.9 M 338.5 M

Params - 0.15 M 5.67 M 0.14 M

EVS 5.9 PESQ 2.71 
(± 0.31)

2.84 
(± 0.30)

3.11 
(± 0.30)

3.12 (±0.30)

STOI (%) 93.6 
(± 1.6)

93.9 
(± 1.6)

94.7 
(± 1.5)

95.1 (± 1.5)

MOS-SIG 3.46 
(± 0.14)

3.41 
(± 0.16)

3.47 
(± 0.14)

3.51 (± 0.12)

7.2 PESQ 3.05 
(±0.32)

3.16 
(± 0.33)

3.54 
(± 0.25)

3.50 (± 0.28)

STOI (%) 94.3 
(± 1.3)

94.4 
(± 1.3)

95.5 
(± 1.2)

95.8 (± 1.2)

MOS-SIG 3.51 
(± 0.14)

3.47 
(± 0.15)

3.56 
(± 0.13)

3.59 (± 0.11)

8 PESQ 3.19 
(± 0.31)

3.28 
(± 0.31)

3.63 
(± 0.25)

3.59 (± 0.26)

STOI (%) 95.0 
(± 1.2)

95.0 
(± 1.3)

95.9 
(± 1.2)

96.2 (± 1.2)

MOS-SIG 3.53 
(± 0.13)

3.48 
(± 0.14)

3.57 
(± 0.13)

3.59 (± 0.11)

9.6 PESQ 3.43 
(± 0.31)

3.48 
(± 0.31)

3.79 
(± 0.22)

3.77 (± 0.22)

STOI (%) 95.6 
(± 1.1)

95.5 
(± 1.2)

96.5 
(± 1.0)

96.8 (± 1.0)

MOS-SIG 3.54 
(± 0.13)

3.50 
(± 0.14)

3.57 
(± 0.12)

3.59 (± 0.11)

13.2 PESQ 3.70 
(± 0.26)

3.78 
(± 0.25)

3.97 
(± 0.18)

3.94 (± 0.20)

STOI (%) 96.8 
(± 0.9)

96.7 
(± 1.0)

97.4 
(± 0.9)

97.5 (± 0.9)

MOS-SIG 3.57 
(± 0.12)

3.53 
(± 0.13)

3.60 
(± 0.11)

3.61 (± 0.11)

16.4 PESQ 3.99 
(± 0.27)

4.02 
(± 0.24)

4.17 
(± 0.15)

4.16 (± 0.16)

STOI (%) 97.8 
(± 0.7)

97.5 
(± 0.8)

98.1 
(± 0.6)

98.2 (± 0.6)

MOS-SIG 3.58 
(± 0.12)

3.54 
(± 0.13)

3.61 
(± 0.11)

3.62 (± 0.11)

LC3+ 16 PESQ 3.14 
(± 0.44)

3.50 
(± 0.33)

3.97 
(± 0.15)

4.00 (± 0.15)

STOI (%) 95.2 
(± 0.9)

95.5 
(± 0.8)

96.4 
(± 0.6)

96.8 (± 0.6)

MOS-SIG 3.51 
(± 0.14)

3.54 
(± 0.13)

3.59 
(± 0.12)

3.60 (± 0.11)

24 PESQ 4.00 
(± 0.26)

4.18 
(± 0.15)

4.28 
(± 0.15)

4.30 (± 0.10)

STOI (%) 98.3 
(± 0.4)

98.4 
(± 0.4)

98.7 
(± 0.3)

98.8 (± 0.3)

MOS-SIG 3.60 
(±0.11)

3.60 
(± 0.11)

3.62 
(± 0.10)

3.63 (± 0.10)

The evaluation results using instrumental metrics on AMR-WB, EVS, and LC3+ 
Codecs are presented here. The best performing scores are highlighted in 
bold. As exhibited, the LCT-CSE achieves performance comparable to or better 
than the CRUSE baseline across varying bitrates and codecs, with only a fraction 
of the computational complexity and significantly less footprint

 a CED: the convolutional encoder-decode model

 b CRUSE: the convolutional recurrent U-Net speech enhancement model

 c Proposed LCT-CSE: lightweight causal-transformer-based coded speech 
enhancement model
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