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Abstract. Audio-visual speech enhancement (AVSE) uses visual cues
to extract a target speaker from acoustically complex mixtures con-
taining multiple interferers and reverberation. We present a system-
level separation—dereverberation framework for this setting. The sub-
mitted AVSEC-4 system consists of a binaural TFGridNet-based sepa-
ration model followed by SGMSE+ dereverberation, while progressive
layer-wise supervision is applied to the separation stage. We additionally
study a binaural-input, monaural-output separation model for complete-
test-set analysis and a SkipConvNet-based configuration for joint opti-
mization. Under the official AVSEC-4 protocol, the submitted system
obtains competitive objective results and a high word-accuracy score
in the subjective listening evaluation. Demo samples are available at
https://helpful-rabanadas-47fa43.netlify.app/.
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1 Introduction

Speech signals in real-world environments are frequently corrupted by interfer-
ing sounds, background noise, and reverberation, posing significant challenges to
human perception and downstream applications such as automatic speech recog-
nition [1]. Separating a target speaker’s speech from such mixtures, known as
the “cocktail party problem” [2], remains a critical yet difficult task. To address
this, blind source separation (BSS) methods have been extensively studied [3-5].
However, they typically require prior knowledge of the number of active speak-
ers and, more critically, lack an intrinsic mechanism to associate the separated
streams with specific speaker identities. Target Speaker Extraction (TSE) offers
a more directed solution by conditioning the extraction process on a reference

* Corresponding author: Ming Li



2 Z. Jin et al.

cue that identifies the target speaker. This enables selective isolation of a target
speaker without constraints on the total number of speakers. Early TSE sys-
tems typically rely on a pre-recorded audio reference [6-9]. However, obtaining
such a sample in advance is often impractical. This key limitation has driven the
exploration of alternative modalities for speaker conditioning.

Consequently, visual cues, particularly lip movements, have been used as a
synchronous auxiliary modality to condition the extraction process, forming the
basis of AVSE systems [10-14]. Pre-trained lip-reading networks have also been
adopted to extract speech-related visual representations and fuse them with
audio for speaker extraction [15-17]. Subsequent studies investigated more elab-
orate fusion strategies for combining visual cues with the mixed audio spectro-
gram [18-20]. Furthermore, neurocognition-inspired fusion methods have been
reported to improve AVSE performance in recent studies [21, 22]. Nevertheless,
the behavior of AVSE systems under complex acoustic conditions, including re-
verberation and diverse interferers, remains an important evaluation issue. This
setting poses a dual challenge: models trained on relatively simple mixtures may
not generalize well to complex acoustic conditions, while training directly on
heavily corrupted data can make it difficult to obtain clean speech estimates.

To address these limitations, we introduce a set of system-level modifica-
tions to the baseline framework established in [23|, with the goal of improving
speech extraction in complex acoustic environments. First, we use a dynamic
data-mixing strategy to generate training mixtures with controlled acoustic diffi-
culty, thereby preparing the data for the subsequent progressive training scheme.
Second, we adopt a two-stage processing pipeline that performs target-speaker
extraction before dereverberation. In the first stage, a progressive loss training
scheme [24] is incorporated into the separation network so that intermediate
layers are supervised with targets of gradually increasing SNR. The submitted
challenge system uses a binaural separation model followed by SGMSE+ derever-
beration. For additional complete-test-set analysis, we compare binaural-output
and monaural-output separation models that both receive binaural mixtures,
and we further examine a SkipConvNet-based jointly trained configuration. The
contribution of this work is therefore positioned as the adaptation and empiri-
cal validation of a separation—dereverberation training recipe for the AVSEC-4
complex AVSE setting, rather than the introduction of a new backbone archi-
tecture. Under the official AVSEC-4 evaluation protocol, the submitted system
obtains competitive scores in Perceptual Evaluation of Speech Quality (PESQ)
[25], Short-Time Objective Intelligibility (STOI) [26], and Scale-Invariant Signal-
to-Distortion Ratio (SI-SDR) [27], and it achieves a high score in the subjective
listening evaluation.

2 Methodology

2.1 Overall Model Architecture

Our architecture builds upon TFGridNet [5], a time-frequency-domain separa-
tion network based on GridBlock modules. Its extension to audio-visual tasks,
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Fig. 1: The proposed model architecture, which includes visual feature extractors
(for lip and expression), an audio-visual fusion module, the TFGridNet-based
separation network and a dereverberation module.
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AV-GridNet [28], showed that visual cues can be incorporated into this frame-
work. Following this direction, recent work has further simplified the fusion pro-
cess by combining audio and visual features before separation [23]. In addition
to lip movements, we explore facial expression representations as an auxiliary
visual cue, following the multi-enrollment setting considered in [29]. Motivated
by these studies, we construct a multi-cue audio-visual fusion network.
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Fig. 2: Progressive training. In this work, K is set to 6. E; represents the inter-
mediate estimate output by the k-th separation module layer. Mixture; denotes
the intermediate target assigned to the k-th layer. The intermediate targets are
generated by increasing the SNR in fixed 5 dB steps from the initial mixture to-
ward the final reverberant target speech. Target refers to the reverberant target
speaker speech used as the final separation target.

The proposed model, illustrated in Figure 1, follows an encode-fuse-separate
paradigm. First, multi-modal features are extracted in parallel. The audio stream
is transformed into a time-frequency representation via the Short-Time Fourier
Transform (STFT), which serves as the acoustic input. For the visual stream, we
use two types of cues. Lip movement features are encoded from consecutive video
frames using a pre-trained lip-reading network [15]. Facial expression features are
extracted using an expression estimation model [30] and are used as an additional
visual representation. These visual features are temporally interpolated to match
the audio feature rate. Subsequently, the audio spectrogram and the two visual
feature maps are concatenated along the channel dimension at each time step.
The fused feature map serves as the input to the core separation module. We
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adopt the TFGridNet [5] architecture, which is built upon a series of GridBlocks.
Each GridBlock performs interleaved intra-band and cross-band modeling in the
time-frequency domain to capture local spectral structures and long-range tem-
poral dependencies. The integrated visual cues provide target-speaker-related
guidance for selecting time-frequency components associated with the visible
speaker.

2.2 Separation Before Dereverberation and Progressive Training

Previous research indicates that the reverberation characteristics of training data
can influence model performance [31]. When anechoic clean speech is set as the
training target for reverberant mixtures, the acoustic mismatch may increase
optimization difficulty and degrade extraction quality. Conversely, using rever-
berant speech as the target can ease the separation task but leaves residual
reverberation in the output [31]. Motivated by this trade-off, we adopt a two-
stage paradigm, namely separation before dereverberation, to decouple the two
objectives. This decoupling allows the separation stage to focus on isolating the
target speaker’s reverberant speech, while the subsequent dereverberation stage
removes residual reverberation from the separated signal.

To stabilize the optimization of the separation network under challenging
acoustic conditions, we adopt a progressive loss training strategy [24]. We con-
struct each training sample by mixing the reverberant target speech with in-
terfering speech at a random Signal-to-Noise Ratio (SNR), uniformly sampled
between -18 dB and 6 dB. From this original mixture, we generate a sequence
of K — 1 intermediate targets with gradually increasing SNR. The SNR of ad-
jacent intermediate targets is separated by a fixed step of 5 dB, and the last
target is the reverberant target speech itself. This design forms a curriculum
from heavily interfered mixtures to the final reverberant target. As illustrated
in Figure 2, each GridBlock is followed by a dedicated Deconv2d layer that
produces an intermediate waveform estimate for training supervision. A scale-
invariant signal-to-distortion ratio (SI-SDR) loss [27] is computed between each
estimate and its assigned intermediate target. The total separation loss is the
mean of all K layer-wise losses, which is defined as:

1 K
£total = E ; £(k)

where K = 6 denotes the number of GridBlocks, £*) represents the loss at the
k-th layer, and Liota denotes the total loss of the separation model. This pro-
gressive curriculum provides layer-wise supervision and encourages the network
to move from coarse interference suppression to finer target-speech estimation
in deeper layers.

The reverberant speech output from the first stage is then fed into the second,
dereverberation stage. In the cascaded version of the system, we use a pre-trained
dereverberation model [32] to reduce residual reverberation and obtain the fi-
nal speech estimate. Specifically, we use SGMSE+ [32], a score-based generative
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diffusion model that operates on the complex-valued STFT domain. This rep-
resentation allows the model to process both magnitude and phase information.
The model iteratively refines the speech estimate through a generative diffusion
process and uses 30 diffusion steps during inference in our setting. Since this
module is used as a post-processing component in the cascaded system, the sep-
arated speech can be dereverberated without changing the separation backbone.

2.3 Joint Training of the Separation-Dereverberation Pipeline

The cascaded system described above uses SGMSE+ as a post-processing mod-
ule. However, the iterative denoising process of diffusion-based models introduces
additional computational cost during training and inference. This makes efficient
end-to-end joint optimization with the separation network challenging.

To enable efficient joint optimization, we further explore an integrated train-
ing strategy. For this setting, the diffusion-based dereverberation model is re-
placed with SkipConvNet [33], a discriminative network with a stacked convo-
lutional architecture. Its deterministic forward pass makes it more suitable for
gradient-based joint training with the separation network. We then jointly train
the separation module and the SkipConvNet-based dereverberation module. The
total loss is defined as:

'Cjoint = ﬁseparate + Edereverb

where Lgeparate 1S the progressive separation loss defined in Section 2.2, and
Ldereverb 1S the mean squared error (MSE) loss on the magnitude spectrogram
used to train SkipConvNet. Since the two losses are defined in different domains,
this formulation should be interpreted as an empirical joint-training objective
rather than a theoretically derived optimum. Training both modules jointly from
scratch can lead to unstable convergence in our preliminary experiments. To
improve training stability while still allowing adaptation between modules, we
initialize the dereverberation module with pre-trained weights and then jointly
train the full network.

3 Experimental setup

3.1 Datasets

To benchmark the AVSE system under realistic conditions, the 4th COG-MHEAR
AVSEC ° released a dataset featuring complex acoustic environments. Distinct
from clean datasets such as LRS3 [34] and VoxCeleb2 [35], AVSEC-4 intro-
duces several key complexities, including reverberation simulated using real room
impulse responses, overlapping speech from two or more speakers, and non-
stationary music noise as background interference.

The dataset is split into training (34,524 utterances, 113 hours), development
(3,306 utterances, 8.6 hours), and test (3,180 utterances, 8.3 hours) sets. From

® https://challenge.cogmhear.org/
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the test set, 1,500 utterances are designated for objective leaderboard evaluation,
while the remaining 1,680 are reserved for subjective listening tests. The test
set is simulated to reflect real conference room acoustics, with variability in
room dimensions and source-receiver distances. The overall SNR spans from -18
dB to 6.55 dB, encompassing a wide range of challenging but realistic acoustic
conditions.

3.2 Implementation Details

During training, we dynamically generate mixtures for each epoch. The target
binaural speech is mixed with interfering speakers and noise with the SNR, uni-
formly sampled between -18 dB and 6 dB. Both the generated mixture audio and
the corresponding target-speaker video (at 25 fps) are then randomly cropped
into 3-second segments.

The model is optimized using the Adam optimizer with an initial learning
rate of 0.001. We employ a learning rate scheduler that halves the rate if the
validation loss does not decrease for 3 consecutive epochs. Training is terminated
early if no improvement is observed for 10 consecutive epochs to mitigate the
risk of overfitting. The SI-SDR [27] is used as the training objective for the
separation network. Due to memory constraints, training is conducted with a
batch size of 2.

To further optimize the model, we explored an enhanced training strategy.
Under this refined strategy, we extended the patience periods for the learning
rate scheduler and early stopping to 15 and 30 epochs, respectively. This provides
the model more time to converge stably. Furthermore, we introduce a multi-stage
loss formulation. Once the learning rate decays to one-tenth of its initial value,
we incorporate a supplementary STFT loss [36] to form a composite objective.
The STFT loss imposes explicit spectral-domain constraints and is used to com-
plement the SI-SDR objective. As discussed in Section 4, the complete-test-set
analysis isolates the separation stage and compares two models that both take
binaural mixtures as input but differ in their output-channel configuration. The
subsequent ablation systems retain the same binaural input and produce monau-
ral outputs, because the official clean reference available for the complete test
set is monaural.

4 Results and Analysis

The objective results on the official 1,500-utterance leaderboard subset are sum-
marized in Table 1. Because the submissions use different channel settings, the
table groups monaural and binaural systems separately. The submitted system
combines the same binaural separation model evaluated in the second row of Ta-
ble 2 with SGMSE+ dereverberation. Among the reported binaural submissions,
it obtains the highest PESQ, STOI, and SI-SDR scores, with values of 2.16, 0.82,
and -17.47 dB, respectively. Table 1 reports the final separation—dereverberation
output on a subset of the test data, whereas Tables 2 and 3 use the complete
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Table 1: Official AVSEC-4 leaderboard results on the 1,500-utterance objective-
evaluation subset. Results are grouped by channel setting, and bold values in-
dicate the best score within each group. The submitted system (ours) uses the
same binaural separation model evaluated in Table 2, followed by SGMSE-+
dereverberation.

System [PESQ[STOI[SI-SDR
Monaural submissions

Noisy mixture 1.29 | 0.51 | -25.94

Team-OPTIMAL| 1.37 | 0.48 | -21.44

USTC _Entryl 1.35 | 0.52 | -23.96

GU-ENU 1.35 | 0.52 | -23.93
Rahma Team 1.30 | 0.55 | -24.72
TeamKCW 1.58 | 0.60 | -21.77
SND_VD 1.72 | 0.64 | -21.96
BioASP 1.71 | 0.67 | -20.41
CITISIN 2.29 |0.78 (-17.15

Binaural submissions
Noisy mixture 1.31 | 0.55 | -24.28

R-testl 1.64 | 0.66 | -19.26
SUSTechAlILab | 1.95 | 0.67 | -18.75
ours 2.16 | 0.82|-17.47

Table 2: Separation-only comparison on the complete test set. Both separation
models take the binaural mixture as input and differ only in their output-channel
configuration; no dereverberation module is used. For the binaural mixture and
binaural separation output, each channel is evaluated separately against the
same official monaural target, and the two channel-wise scores are averaged. The
monaural separation output is evaluated directly against the monaural target.

System PESQ | STOI | SI-SDR
Binaural mixture (avg.) 1.08 | 0.51 | -25.52
Binaural separation output (avg.) | 1.42 0.78 | -18.09
Monaural separation output 1.42 0.78 -18.22
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test set and serve different analytical purposes. Their absolute metric values are
therefore not directly comparable.

A formal subjective listening test was conducted by the challenge organizers.
The subjective evaluation included both monaural and binaural listening tests,
each using the same set of video clips. Each participant evaluated 126 clips,
consisting of 120 test samples and 6 validation questions. The final word accu-
racy for each system was computed according to the official evaluation protocol.
The results are depicted in Figure 3; the letters on the horizontal axis denote
anonymized challenge entries, and our binaural submission is labeled “U”. Our
system achieved a word accuracy of 85.23% in the binaural subjective evalu-
ation. This result indicates that the proposed system can improve perceived
intelligibility under the AVSEC-4 subjective evaluation setting. However, since
statistical confidence intervals are not provided in the official figure, we avoid
making claims about statistical significance among systems.

Table 2 isolates the separation stage on the complete test set and is intended
to justify the output-channel setting used in the subsequent ablation study. Both
separation models take the same binaural mixture as input. The binaural-output
model is identical to the separation stage of the submitted system in Table 1,
but Table 2 excludes SGMSE+ dereverberation. Because the official clean refer-
ence for the complete test set is monaural, each channel of the binaural mixture
and binaural separation output is evaluated independently against the same
monaural target, after which the two scores are averaged. The monaural-output
separation model is evaluated directly against the monaural target. Under this
protocol, the two separation models obtain the same PESQ and STOI values at
the reported precision, while their SI-SDR scores differ by 0.13 dB. These results
show that the two output configurations yield similar objective scores under the
adopted monaural-reference protocol; they do not establish general equivalence
between binaural and monaural processing or evaluate binaural spatial fidelity.
We therefore use the binaural-input, monaural-output separation model in the
following ablation experiments so that all system outputs can be evaluated di-
rectly against the official monaural clean reference. It is noticable that, since
Table 1 uses a different test subset and includes SGMSE-+ post-processing, its
absolute scores should not be compared directly with those in Table 2.

Table 3 reports the ablation study on the complete test set. All ablation
systems retain the binaural mixture as input and use the monaural-output con-
figuration validated in Table 2; their outputs are therefore evaluated directly
against the official monaural clean reference. The “Separation only” row is the
same monaural separation output reported in Table 2. The binaural mixture is
included only as the unprocessed input reference, and its score is obtained by
evaluating the two channels independently against the same monaural target
and averaging the resulting values.

Among the non-joint SGMSE-+-based configurations, applying dereverber-
ation before separation yields lower scores than the separation-based systems.
This result is consistent with the possibility that processing the mixture before
target-speaker extraction alters information useful for the subsequent separation
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Fig. 3: Subjective evaluation results reported by the AVSEC-4 challenge orga-
nizers. The x-axis labels denote anonymized challenge entries. Our binaural sub-
mission is represented by “U”.

Table 3: Ablation results on the complete test set. All ablation systems take
the binaural mixture as input, produce monaural outputs, and are evaluated
directly against the official monaural clean reference. The binaural mixture row
is an unprocessed input reference obtained by averaging the two channel-wise
scores, as in Table 2. Non-joint cascaded systems use SGMSE+, whereas the
jointly trained system uses SkipConvNet.

System PESQ | STOI | SI-SDR
Binaural mixture (avg.) 1.08 | 0.51 | -25.52
SGMSE+ before separation 1.35 | 0.69 | -23.71
Separation only 1.42 | 0.78 | -18.22
Separation before SGMSE+ 144 | 0.81 | -18.71
Separation only (joint model) 1.44 | 0.79 | -18.07
Separation before SkipConvNet (joint) | 1.69 | 0.83 | -17.66
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stage, although the present experiments do not directly establish the underlying
mechanism. Applying SGMSE+ after separation improves PESQ and STOI over
the separation-only model, while its SI-SDR is slightly lower. Thus, under the
tested configuration, the post-processing stage benefits the perceptual-quality
and intelligibility-related metrics but does not improve the waveform-level dis-
tortion metric.

The jointly trained SkipConvNet-based configuration obtains the highest val-
ues in Table 3. The “Separation only (joint model)” row evaluates the interme-
diate separation output of this jointly trained system before SkipConvNet pro-
cessing. However, the jointly trained system differs from the cascaded SGMSE+-
based system in both the dereverberation architecture and the optimization
strategy. Consequently, the observed gain cannot be attributed exclusively to
joint training. Moreover, a jointly trained “dereverberation before separation”
configuration is not available. The conclusions are therefore restricted to the
reported systems rather than a complete factorial comparison of module order,
dereverberation architecture, and training strategy.

5 Conclusion

In conclusion, we present a system-level AVSE framework that combines binaural
audio-visual separation, progressive loss training, and dereverberation for com-
plex acoustic environments. The submitted AVSEC-4 system uses a binaural sep-
aration model followed by SGMSE+ and achieves competitive objective results
together with a high word-accuracy score in the subjective listening evaluation.
On the complete test set, the binaural-output and monaural-output separation
models yield similar objective scores under the adopted monaural-reference pro-
tocol, which supports the use of monaural outputs for the subsequent controlled
analysis while retaining binaural mixtures as input. Among the tested non-joint
configurations, applying SGMSE+ after separation improves PESQ and STOI
relative to separation alone. The jointly trained SkipConvNet-based system ob-
tains the highest reported values, although its difference from the SGMSE--
based cascade cannot be attributed solely to joint optimization because the
dereverberation architecture also changes. The current study is therefore pri-
marily a system-level integration and validation; additional visual-cue ablations,
complexity measurements, and matched dereverberation comparisons would be
required to establish broader conclusions.
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