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Abstract
Audio-Visual Target Speaker Extraction (AVTSE) aims to sep-
arate a target speaker’s voice from a mixed audio signal using
the corresponding visual cues. While most existing AVTSE
methods rely exclusively on frontal-view videos, this limita-
tion restricts their robustness in real-world scenarios where non-
frontal views are prevalent. Such visual perspectives often con-
tain complementary articulatory information that could enhance
speech extraction. In this work, we propose Multi-View Ten-
sor Fusion (MVTF), a novel framework that transforms multi-
view learning into single-view performance gains. During the
training stage, we leverage synchronized multi-perspective lip
videos to learn cross-view correlations through MVTF, where
pairwise outer products explicitly model multiplicative inter-
actions between different views of input lip embeddings. At
the inference stage, the system supports both single-view and
multi-view inputs. Experimental results show that in the single-
view inputs, our framework leverages multi-view knowledge to
achieve significant performance gains, while in the multi-view
mode, it further improves overall performance and enhances the
robustness. Our demo, code and data are available at 1

Index Terms: Audio-Visual Target Speaker Extraction, Ro-
bustness, Multi-View Tensor Fusion

1. Introduction
Target Speaker Extraction (TSE) separates a specific speaker’s
voice from overlapping speech or background noise, making
it essential for hearing aids and speech recognition systems.
Traditional TSE approaches typically rely on auxiliary refer-
ence cues to direct attention toward the target speaker. Audio-
only methods utilize the target speaker’s characteristics from a
pre-recorded speech [1, 2, 3], while visually-guided approaches
usually leverage the synchronized visual information [4, 5, 6]
such as lip movements or auxiliary face, hence enrollment is
not needed. Recently, visual cue based methods become more
popular, as they do not rely on pre-registered information and
remain unaffected by highly noisy acoustic interference. Most
AVTSE systems follow an encoder-fusion-separator-decoder
pipeline. Audio and visual encoders extract embeddings; the
latter are upsampled and fused—typically via concatenation
[7, 8, 9] or advanced strategies [10, 11]—before a separator net-
work estimates a mask or target features, which is decoded into
the target waveform. Common separators include GridNet [12],
CrossNet [13], and DPRNN [14].

However, most existing visual-guided AVTSE systems pre-
dominantly assume the availability of frontal facial views. This

**indicates the corresponding author.
1https://b23ca07a.github.io/MVTF-Gridnet/

assumption is reflected in widely-used datasets such as LRS3
[15] and VoxCeleb2 [16], where speakers are typically captured
from a frontal perspective. Since these datasets lack annota-
tions for head pose variations, it remains unclear whether train-
ing and validation on stable frontal views is more effective than
leveraging multiple distinct perspectives. Moreover, when syn-
chronized multi-view video of a speaker is available, it raises
the question of how to effectively exploit such synchronized in-
formation across different angles to further enhance model per-
formance. Also, the reliance on frontal views significantly lim-
its the practical applicability of AVTSE systems in real-world
scenarios, where speakers naturally rotate their heads or cam-
eras capture non-frontal angles—factors that have been shown
to degrade performance [17].

Previous work generates pose-invariant information [18]
or robust face frontalization[19, 20] for reducing the impact
of head movements. Attempting to correct non-frontal views
rather than learning to leverage it may discard the original
visual information, which results in suboptimal performance
when frontalization fails. Some works in other related fields at-
tempt to identify and process each specific pose separately [21]
or use multiple cameras’ information to enhance performance
[22]. The former is limited by the number of poses, while the
latter requires a fixed multi-camera setup in both training and
testing. To address these limitations, we propose a novel multi-
view learning framework. Instead of treating pose variation as
a problem to be corrected via frontalization, we embrace it as a
source of complementary information. The key insight is that
synchronized multi-view videos inherently contain complemen-
tary articulatory cues—learning such cross-view correlations
directly enhances each individual view’s representation, making
it more robust to pose variations. Our framework learns a view-
invariant and robust visual representation by explicitly model-
ing the multiplicative interactions between different viewing an-
gles during training, rather than relying on the availability of
multiple cameras at test time. Critically, this multi-view train-
ing strengthens the representation for each individual view. This
is because the model learns to extract shared articulatory infor-
mation across perspectives, enriching the feature space for each
view rather than simply averaging or selecting among them.
The model leverages multi-view data during training yet accepts
single-view inputs at test time, making it practical for real-world
single-camera scenarios. When tested on a video of a speaker
freely turning their head, it applies learned cross-view knowl-
edge to compensate for continuous pose changes—a capability
frontalization methods cannot achieve.
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Figure 1: Our proposed MVTF method that extracts the target speakers’ speech using Multi-View lip embeddings. (a)Three views, one
view (copied three times), and two views (one view copied two times) visible situations. (b)overall structure of MVTF-GridNet.

2. Methods
2.1. Overview

As shown in Fig1, we propose a robust AVTSE system that
utilizes multi-view visual data in training to achieve superior
performance during the inference even with a single (typically
frontal) view testing video. Based on the TF-GridNet backbone
[12], our model introduces a Multi-View Tensor Fusion mod-
ule. The mixed audio is encoded by the Short-Time Fourier
Transform (STFT), while lip encoders [23] process each video
view. The MVTF module employs Long Short-Term Memory
networks (LSTMs) [24] and a tensor outer product to fuse multi-
view embeddings into a view-invariant representation. This is
combined with audio features for the GridBlock to reconstruct
the target speaker’s spectrogram, which is then converted to a
waveform through iSTFT.

2.2. Audio Processing Backbone

We adopt TF-GridNet [12] as our audio separation backbone
due to its strong performance in spectral mapping. The mixture
audio signal X ∈ RB×N×M (where B is the batch size, N
is the number of waveform samples, and M is the number of
microphones which defaults to 1) is first normalized by its stan-
dard deviation across channels and time to ensure stable train-
ing: X̃ = X/σ(X). A Short-Time Fourier Transform (STFT)
encoder then projects the normalized waveform into a complex-
valued spectrogram: Cmix = STFT(X) ∈ CB×M×Ta×F

where Ta and F represents the number of time frames and
frequency bins, respectively. The real and imaginary compo-
nents of Cmix are concatenated to form the input feature map
A ∈ RB×2∗M×Ta×F for the subsequent network.

2.3. Multi-View Feature Extraction

The multi-view video input V ∈ RB×V ×Tv (where B is the
same batch size as the audio signal, V is the number of views
and Tv is the number of video frames) is processed separately.
For each view Vi ∈ RB×Tv , we employ a pre-trained lip-
reading network [23] to extract spatio-temporal features from
the lip ROI sequence Vv . Prior to feature extraction, an affine
transformation is applied to align each ROI to a mean face tem-
plate. The resulted embedding Lv ∈ RB×Tv×D (D = 512
here) provides a high-dimensional representation of the lip mo-
tion.

A critical challenge is the temporal misalignment be-

tween audio frames (Ta) and video frames (Tv). To ad-
dress this, we apply linear interpolation to upsample the vi-
sual sequence to match the audio temporal resolution: L̃v =
Interpolate(Lv, size = Ta) ∈ RB×Ta×D . This ensures that
each audio frame has a corresponding visual feature vector.
Finally, we project the visual features into a common sub-
space shared with audio features using a 1D convolution layer:
Hv = Conv1D(L̃v) ∈ RB×Ta×F .

2.4. Multi-View Tensor Fusion Module

This module is designed to integrate information from multi-
ple views even when some are missing during inference. In
the event of missing perspectives during inference, our method
replicates the available views to compensate for the absent ones.
The features Hv are fed into a shared, single-layer LSTM to
capture temporal dependencies within each view’s sequence:

Ov = LSTM(Hv) (1)

We use the output sequence Ov ∈ RB×Ta×F for further fusion.
We consider the lip embedding from different perspectives as
multi-view but also shares a lot of similarity. Directly integrat-
ing multi-view inputs may introduce noise that degrades train-
ing. Inspired by the idea of the tensor fusion network [25] and
the idea of fusing imperfect modality [26], we design the Multi-
View Tensor Fusion Module to fuse the lip embedding of dif-
ferent views to suppress noise and enhance the performance of
single view properly. To model rich multiplicative interactions
between views—which additive concatenation is incapable of
capturing—we compute pairwise outer products of the LSTM-
processed features. First, we augment each feature vector with
a constant 1 to incorporate bias terms. After constant 1 is ap-
pended, unimodal and bimodal interactions are all captured as
described in [25]

Ô = [O,1] ∈ RB×Ta×(F+1) (2)

The fused representation for a pair of views (i, j) is computed
as:

Fi,j = Ôi ⊗ Ôj (3)

where ⊗ denotes the outer product applied along the feature
dimension for each aligned time step independently, resulting
in Fi,j ∈ RB×Ta×(F+1)×(F+1), which captures multiplicative
interactions between the two view embeddings.



Table 1: Performance of MVTF-GridNet with single-view input and other fusion strategies on the MEAD dataset. “Training” denotes
the lip embedding strategy used during training. For MVTF-GridNet, “Random” selects 3 distinct views out of 7 per batch; “Repeat”
selects 1 view and repeats it three times; “Front” uses only frontal view repeated. For GridNet, “Random” selects 1 out of 7 views per
batch. Simple Addition and Attention Fusion are trained with the “Random” strategy.

Testing View

ID. Model Training Metric Front Top Down Left30 Left60 Right30 Right60 AVG(7)

- Mixture – SI-SDR -0.191

1 MVTF-GridNet Random (random 3 out of 7 views) SI-SDR 15.836 15.196 15.784 15.839 15.792 15.822 15.758 15.718
2 MVTF-GridNet Repeat (random 1 out of 7 views)*3 SI-SDR 15.133 14.878 15.202 15.108 15.138 15.146 15.109 15.102
3 MVTF-GridNet Front *3 SI-SDR 14.930 10.230 14.841 14.778 14.456 14.761 14.723 14.102
4 GridNet Random (random 1 out of 7 views) SI-SDR 15.259 14.765 15.048 15.055 15.107 15.214 15.175 15.089
5 GridNet Front SI-SDR 13.290 7.731 11.159 13.622 13.321 13.810 13.914 12.406
- MVTF-GridNet Random (random 3 out of 7 views) SDR† 10.784 10.646 10.865 10.873 10.971 10.801 10.740 10.811
- PIAVE[18] – SDR† 11.773 8.923 8.514 8.583 6.118 8.387 4.935 8.176

6 Projected Addition Random SI-SDR 14.733 14.191 14.764 14.629 14.588 14.711 14.523 14.591
7 Attention Fusion Random SI-SDR 13.938 13.931 13.937 13.940 13.937 13.938 13.936 13.938

† Although we adopt the same dataset, data splits, mixture generation, and SNR range as PIAVE [18], utterance-level splits may differ. Furthermore, PIAVE is pre-trained on
LRS3 and fine-tuned on MEAD, while our models are trained from scratch. Thus, results are indicative rather than strictly comparable.

The pairwise tensors Fi,j are flattened and projected back
to the original dimension F using a LayerNorm and a linear
layer to maintain tractability.

F̃i,j = Linear(LayerNorm(Flatten(Fi,j))) (4)

The final fused visual context Vfused is obtained by averaging
the contributions from all available view pairs:

Vfused =
1

|P|
∑

(i,j)∈P

F̃i,j ∈ RB×Ta×F (5)

where P is the set of all pairs of available views (The interaction
between one view and itself is allowed so that we can use multi-
view information to train and use only one view to infer). In our
experiments, |P| was set to 3 which means we have 3 available
views and pairwise interactions produce 3 results, This tensor
is unsqueezed to RB×1×Ta×F to be combined with the audio
features. Due to the rotation symmetry of the MVTF module,
the order of inputs has no effect on the results. The advantage
of the symmetry is that the camera positions in the test environ-
ment do not need to be the same as those in training and can be
freely matched.

3. Experimental Setup
3.1. Dataset

We conduct our experiments on the MEAD [27] dataset, a
multi-view audio-visual emotional dataset. To isolate the im-
pact of view variation from emotional variance, we exclusively
use videos with neutral emotion for all speakers. The dataset
provides synchronized audio and video from 7 different camera
angles (front, top, down, left 30°, right 30°, left 60°, right 60°).
For each mixture, the target speaker and an interfering speaker
are randomly selected from different speakers in the dataset. All
mixtures are a mix of two speakers.

A total of 10,000, 1,000, and 1,000 audio mixtures were
generated for training, validation, and testing, respectively, en-
suring that there are no overlap between the training, validation
and testing partitions at either the utterance or speaker level.
Their clean utterances are mixed at a random Signal-to-Noise
Ratio (SNR) between -10 dB and 10 dB. All audio signals are
resampled to 16 kHz. The video frames are processed at 25
frames-per-second(FPS).

In real-life scenarios, the head posture is constantly chang-
ing, so it is difficult to obtain stable single-view information. In
order to verify the robustness of the model under real-life head
posture changes, we construct a test set from the same 1,000
test mixtures by injecting feature segments from alternate view-
points (e.g., 30° left) into frontal view sequences to test model’s
robustness, while keeping the corresponding audio mixtures un-
changed. The inserted segments varied in length from 20% to
40% of the total sequence and were placed randomly between
the 30% and 80% positions of the timeline.

3.2. Implementation Details

The proposed model was implemented using the PyTorch
framework. The Adam [28] optimizer was employed for train-
ing with an initial learning rate of 1e-3. A reduction-based
learning rate scheduler was utilized, which halved the learning
rate if no performance improvement on the validation set was
observed for three consecutive epochs. Training was terminated
early if no improvement occurred for ten consecutive epochs.
To ensure training stability, gradient clipping was applied, con-
straining the L2-norm of the gradients to a maximum value of
1. The models were trained for a maximum of 100 epochs and
optimized using a Scale-Invariant Signal-to-Distortion ratio (SI-
SDR) [29] loss.

3.3. Baseline and Ablation Studies

To comprehensively evaluate the proposed MVTF module, we
construct a hierarchical set of baselines and ablations. All mod-
els share the same TF-GridNet backbone, optimization settings,
and evaluation protocol. The comparisons span two dimen-
sions: the presence of the MVTF module and the input strategy
during training, as detailed below.

We first establish two MVTF-free baselines: GridNet
(Front), trained solely on frontal views, and GridNet (Random),
trained on random single views per batch to isolate the effect
of viewpoint diversity. Next, to assess the contribution of the
MVTF module itself, we train MVTF-GridNet under three in-
put strategies: Random (three distinct and random views out
of seven views per batch), Repeat (one random view out of
seven views per batch and repeat it three times), and Front 3
(only frontal view repeated). Finally, to validate the effective-
ness and necessity of the proposed MVTF module, we com-
pare MVTF against two alternative fusion strategies under the



same multi-view training setup: Projected Addition (element-
wise summation after linear projection, capturing only additive
interactions) and Attention Fusion (crossattention with random
QKV assignment, offering flexibility but potential instability).

All models are evaluated on the MEAD test set with single-
view inputs. For MVTF-GridNet, the singleview inputs are re-
peated 3 times to meet the number of input channels. Results
are summarized in Table 1

4. Results and Discussion
The performance of all systems was quantitatively evaluated us-
ing Scale-Invariant Signal-to-Distortion Ratio (SI-SDR) [29],
Perceptual Evaluation of Speech Quality (PESQ) [30] and the
Short-Term Objective Intelligibility (STOI) [31].

4.1. Multi-View Training Enhancement for Single-View
Testing

As shown in Table1, MVTF-GridNet trained on random multi-
view data achieves the best average SI-SDR of 15.718 dB, out-
performing its frontal-only counterpart by 1.616 dB. The gain
is especially significant under challenging views such as the
top view, demonstrating the method’s effectiveness in handling
non-frontal perspectives. The performance gap between Ran-
dom (ID 1) and Repeat (ID 2) or Front (ID 3) strategies imply
that exposure to diverse viewpoints during training is critical for
generalization. This is also confirmed by the fact that all mod-
els trained with random viewpoints perform better than those
trained with only frontal faces. Interestingly, GridNet trained
only on frontal views (ID 5) performs worse on frontal than on
some profile views (Right30/60),may be attributed to the pre-
trained visual encoder’s inherent robustness to certain angles.
However, MVTF-GridNet exhibits superior robustness.

Table 2: Robustness to mixed frontal/non-frontal views. Models
(ID 1, 4, 5) correspond to MVTF-GridNet (Random), GridNet
(Random), and GridNet (Front) from Table1, respectively.

Model SI-SDR PESQ STOI

MVTF-GridNet (ID 1) 15.834 2.887 0.915
GridNet-Random (ID 4) 15.179 2.778 0.902
GridNet-Front (ID 5) 10.425 2.470 0.851

When evaluated on mixed-view sequences simulating head
rotations (Table 2), MVTF-GridNet (ID 1) maintains sta-
ble performance, while GridNet (ID 4,5) shows degrada-
tion—especially ID 5. This indicates that MVTF effectively
learns cross-view correlations, improving stability over naive
multi-view or single-view training.

4.2. Performance for Multi-View Conditions during Infer-
ence

Table 3 demonstrates the inference performance of typical
multi-view combinations in real-world settings, underscoring
the robustness and adaptability of our method. All configu-
rations consistently achieve high performance, with SI-SDR
around 15.85 dB, PESQ near 2.90, and STOI consistently above
0.915. This consistency indicates that the model performs reli-
ably across various angle arrangements without dependence on
a specific configuration. Such flexibility is particularly bene-
ficial in practical scenarios where multiple cameras are fixed
while the target speaker moves.

Table 3: Performance of typical multi-view input combinations.
The test model is ID 1 of table 1. The test set is the same 1,000
test mixtures by using the corresponding view combination .

Combination SI-SDR PESQ STOI

Front&Left30&Right30 15.857 2.898 0.915
Front&Left60&Right60 15.854 2.898 0.916
Front&Right30&Right30 15.834 2.892 0.915
Front&Right60&Right60 15.835 2.894 0.915
Front&Left30&Right60 15.851 2.899 0.916

4.3. Comparison of Fusion Strategies and Model Complex-
ity

Table 4: Model parameter count and computational cost (4-
second mixture input).

Model Params
(M)

FLOPs
(G)

SI-SDR
(dB)

GridNet (Single-View) 7.235 470.750 15.089
MVTF-GridNet (Ours) 7.561 471.824 15.718
Projected Addition 7.274 470.934 14.591
Attention Fusion 7.269 470.921 13.938

We compare MVTF with Projected Addition and Attention
Fusion under identical settings (ID 6–7). MVTF achieves the
highest SI-SDR among the three. Both alternatives underper-
form relative to the random single-view GridNet baseline: Pro-
jected Addition fails to capture nonlinear interactions, while At-
tention Fusion suffers from unstable cross-attention due to ran-
dom QKV assignment. This highlights the challenge of fusing
multi-view information without introducing noise. In contrast,
MVTF explicitly models multiplicative interactions via outer
products, enabling more effective fusion. MVTF-GridNet adds
only marginal parameters and FLOPs over the single-view base-
line (Table 4), yet yields substantial gains—striking an excellent
trade-off between complexity and performance.

4.4. Comparison with previous works on the MEAD
dataset

We further compare with PIAVE [18], a recent AVTSE model
that generates pose-invariant frontal faces. As shown in Ta-
ble 1, our MVTF-GridNet achieves an average SDR of 10.81 dB
across seven views, outperforming PIAVE’s 8.18 dB. This gap
underscores the effectiveness and stability of our explicit multi-
view fusion mechanism combined with the TF-GridNet[12]
backbone for target speaker extraction under varying view-
points.

5. Conclusion
This paper presents MVTF, a novel Multi-View Tensor Fusion
framework for AVTSE. By explicitly modeling multiplicative
interactions across different viewpoints, our method captures
complementary articulatory information from multi-view lip
videos during training, enabling robust performance with both
multi-view and single-view inputs at test time. Experimental
results on the MEAD dataset demonstrate that MVTF outper-
forms frontal-only and naive multi-view baselines, particularly
on challenging non-frontal views. The framework’s flexible in-
put configuration makes it well-suited for real-world scenarios
with varying camera angles.
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