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Abstract 

Recent audio-visual voice activity detectors based on 
supervised learning require large amounts of labeled training 
data with manual mouth-region cropping in videos, and the 
performance is sensitive to a mismatch between the training 
and testing noise conditions. This paper introduces contrastive 
self-supervised learning for audio-visual voice activity 
detection as a possible solution to such problems. In addition, 
a novel self-supervised learning framework is proposed to 
improve overall training efficiency and testing performance on 
noise-corrupted datasets, as in real-world scenarios. This 
framework includes a branched audio encoder and a noise-
tolerant loss function to cope with the uncertainty of speech 
and noise feature separation in a self-supervised manner. 
Experimental results, particularly under mismatched noise 
conditions, demonstrate the improved performance compared 
with a self-supervised learning baseline and a supervised 
learning framework. 

Index Terms: audio-visual, voice activity detection, noise-
tolerant, contrastive learning, self-supervised learning 

1. Introduction 

Voice activity detection (VAD) refers to the preprocessing 
task of determining whether a signal contains human speech 
during speech processing, such as in automatic speech 
recognition, speaker verification, and speech coding [1]. 
Conventional approaches are based on energy level detection 
[2], zero-crossing rate [3], periodicity estimation [4], cepstral 
distance [5], and spectral entropy [6] with digital signal 
processing techniques in the time and frequency domains. 
Approaches using statistical models, such as Gaussian mixture 
models and hidden Markov models, have been widely adopted 
to date and studied to improve performance, especially in 
noisy conditions with a low signal-to-noise ratio (SNR) [7–11]. 
Recently, deep learning approaches have been successfully 
applied and have outperformed earlier approaches. They offer 
better modeling capabilities and improved detection with fully 
connected deep neural networks [12, 13], convolutional neural 
networks [14, 15], recurrent neural networks [16], long short-
term memory networks [17], and attention-based neural 
networks [18].  

However, VAD remains a challenging task in noisy real-
world environments, which commonly include highly 
nonstationary noise and various transient interferences. 
Several deep learning approaches cope with this problem by 
using other modalities, such as visual information, which is 
invariant in the acoustic environment, but they inevitably 
require preparatory work of manual mouth-region cropping to 
better learn visual features [19–21]. In addition, they also have 
the drawbacks of a supervised method: large amounts of 

labeled training data are required, and the performance is 
sensitive to a mismatch between the training and testing 
conditions [22, 23]. As potential studies that can overcome 
these drawbacks, contrastive self-supervised learning 
frameworks based on the similarity between acoustic and 
visual representations have been proposed for sound source 
localization, source separation, and active speaker detection in 
recent years [24–28].  

Although the VAD task has traditionally been developed 
and evaluated to be robust to acoustic noise environments, 
recently, neural network models based on self-supervised 
learning are being trained and tested on clean datasets for their 
powerful representations and best results. However, this paper 
deals with contrastive self-supervised learning for audio-visual 
VAD (AV-VAD), which was conducted on a dataset corrupted 
by acoustic noise, as in a real-world scenario. The main 
contributions of this work are summarized as follows: 

 A contrastive self-supervised learning baseline for AV-
VAD is introduced. 

 A novel self-supervised learning framework, which 
includes a branched audio encoder and a noise-tolerant 
loss function, is proposed for overall training efficiency 
and testing performance improvement. 

 Experimental performance comparison between 
supervised, baseline, and proposed learning frameworks, 
which were trained on noise-free or noise-corrupted 
datasets and evaluated in matched or mismatched noise 
conditions, is provided. 

2. Baseline Method 

In videos, images and their corresponding sounds are 
synchronized, and the visible mouth movements and audible 
speech of a speaker in a video are closely correlated with each 
other. Based on this fact, for AV-VAD, we assume that the 
higher the correlation between audio and video embedding 
features, the higher the probability that speech is present. In 
other words, the absence of speech or mouth movements 
means that either or both of audio and video embedding 
features are weak, resulting in a low correlation. 

2.1. Overall architecture  

The baseline neural network architecture for AV-VAD, 
depicted in Fig. 1, includes an audio encoder consisting of five 
1D convolutional layers and a video encoder consisting of four 
3D convolutional layers with one 3D max-pooling layer. 
Every convolutional layer is followed by batch normalization 
[29] and rectified linear unit activation [30]. Given an input 
video that has monaural sound, the audio encoder maps a log-
compressed Mel spectrogram 𝐴 ∈ ℝ , which has the 
number of frames T and the number of Mel-frequency bins F, 
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into a D-dimensional latent representation 𝐸 ∈ ℝ  for 
every frame of the input audio sequence. In a similar way, the 
video encoder maps a size-scaled video 𝑉 ∈ ℝ , 
which has a height of H pixels, width of W pixels, and C 
channels (e.g., 3 channels for RGB colors), into a D-
dimensional latent representation 𝐸 ∈ ℝ  with 
spatially embedded dimensions 𝐼 𝐽  for every frame of the 
input video sequence. These two latent representations are 
used as an audio embedding vector 𝐸 𝑡  with a frame index 
𝑡 1, . . . , 𝑇   and a video embedding vector 𝐸 𝑡, 𝑖, 𝑗  with 
spatial dimension indexes 𝑖 1, . . . , 𝐼  and 𝑗 1, . . . , 𝐽  to 
exploit the inherent correlation between the audio and visual 
modalities. 

2.2. Cross-modal contrastive learning  

The time-spatial correlation between audio and video 
embedding vectors is calculated with cosine similarity as 
follows: 

 𝐶 𝑡, 𝑖, 𝑗
∙ , ,

‖ ‖∙‖ , , ‖
 , (1) 

where 𝐶  is commonly regarded as the AV attention map 
[24–28], which represents the 𝑖, 𝑗  spatial coordinate of the 
video embedding map for every corresponding audio frame 𝑡. 
To make the model learn fine-grained correlations, we also 
apply the correlation scoring function based on the maximum 
spatial response following common practice in multi-instance 
learning [27]: 

 𝐶 𝑡 𝑚𝑎𝑥
,

𝐶 𝑡, 𝑖, 𝑗  . (2) 

We aim to maximize the correlation between audio and video 
embedding vectors from time-synchronized inputs as the 
probability of speech presence while minimizing their 
correlation from unsynchronized inputs for the absence of 
speech or mouth movements. To achieve this, we treat AV 
synchronized inputs as positive pairs, while unsynchronized 
inputs are treated as negative pairs for the cross-modal 
contrastive loss function as follows [28]: 

ℒ 𝑙𝑜𝑔
,

, ∑ ,
 , (3) 

where 𝐴  denotes 𝑈  other input audio sequences 
augmented by shifting the corresponding audio frames, which 
are unsynchronized with the input video sequence. As shown 
in Fig. 2, the cross-modal contrastive loss encourages intra-
similarity between synchronized inputs of audio and video in 
embedding spaces in a self-supervised manner. 

2.3. Speech presence probability estimation  

We consider the AV correlation score from Eq. (2) to be the 
predicted probability of speech presence in the trained model. 
Each frame is determined to be “speech-present” or “speech-
absent” by using a decision procedure [31] with a threshold 𝜂: 

 
𝑖𝑓 𝐶 𝑡 𝜂   𝑡ℎ𝑒𝑛   𝑡 𝑠𝑝𝑒𝑒𝑐ℎ 𝑝𝑟𝑒𝑠𝑒𝑛𝑡,  
𝑒𝑙𝑠𝑒                                  𝑡 𝑠𝑝𝑒𝑒𝑐ℎ 𝑎𝑏𝑠𝑒𝑛𝑡.

 (4) 

3. Proposed Method 

The baseline method predicts the probability of speech 
presence from the model trained on the inherent relationship 
between the audio and visual modalities by solving a self-
supervised task based on AV synchronization that depends on 
the simultaneous occurrence of audio and video embedding 
features. This means that the baseline method cannot extract 
good embedding features that are generally helpful for AV-
VAD tasks under continuous noise conditions, and that 
training on noisy datasets causes significant performance 
degradation. VAD tasks have been traditionally studied and 
evaluated in acoustic noise environments. To cope with this 
problem, we propose an audio encoder branched into two 
convolutional layers to extract speech and noise embedding 
features separately and a loss function to solve the uncertainty 
of speech and noise feature separation in a self-supervised 
manner. 

3.1. Branched audio encoder 

The neural network architecture proposed to cope with noisy 
input conditions is depicted in Fig. 3. The main difference 
compared with the baseline neural network architecture is that 
the last convolutional layer of the audio encoder branches into 
two convolutional layers to allow for extracting speech and 
noise embedding features individually from a noisy input 
audio sequence. We configure this branched audio encoder to 
have the same number of parameters as the baseline neural 
network architecture for fair comparison and evaluation. The 
proposed audio encoder encourages the extraction of a D-
dimensional speech embedding vector 𝐸 𝑡  and a D-
dimensional noise embedding vector 𝐸 𝑡  separately as a 
speech separation task. 

Figure 1: Baseline neural network architecture. 

Figure 2: Training pair sampling scheme with positive and 
negative pairs illustrated. 
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3.2. Noise-tolerant contrastive learning  

The key idea for training a robust model that can cope with a 
noise-corrupted dataset depends on solving the uncertainty of 
speech and noise feature separation by the branched audio 
encoder in a self-supervised manner. To achieve this, we first 
use the correlation scoring function between noise and video 
embedding vectors from time-synchronized inputs as an 
additional negative pair for the cross-modal contrastive 
learning (Eq. (3)). In the same form as Eqs. (1) and (2), 
correlation scoring functions between speech, noise, and video 
embedding vectors can be written using cosine similarity and 
the maximum spatial response as follows: 

𝐶 𝑡 𝑚𝑎𝑥
,

∙ , ,

‖ ‖∙‖ , , ‖
 ,  (5) 

𝐶 𝑡 𝑚𝑎𝑥
,

∙ , ,

‖ ‖∙‖ , , ‖
 ,  (6) 

where 𝐶 𝑡  denotes the correlation score between speech 
and video embedding vectors and 𝐶 𝑡  denotes the 
correlation score between noise and video embedding vectors, 
for every corresponding time step 𝑡 . Then, the proposed 
contrastive loss function is defined as 

ℒ

   𝑙𝑜𝑔
,

, ∑ , ,
 , (7) 

where the correlation between noise and video embedding 
vectors from time-synchronized inputs are encouraged to be 
minimized, under the assumption that noise is less correlated 
to key visual information, such as mouth movement. We next 
apply a dissimilar loss function to enable the branched audio 
encoder to reliably distinguish and extract speech and noise 
embedding features: 

ℒ  𝑙𝑜𝑔
∙

‖ ‖∙‖ ‖

 .                 (8) 

The proposed dissimilar loss function encourages the 
minimization of the inter-similarity between the speech and 
noise embedding features extracted from noisy inputs in a self-
supervised manner based on speech and noise having different 
energy distributions over the frequency range [32, 33]. Third, 
we jointly train the model using two proposed loss functions 

as multi-objective optimization [34]. The noise-tolerant loss 
function is defined as follows: 

ℒ ℒ ℒ  . (9) 

For the AV-VAD decision procedure in the proposed 
method, 𝐶  is used instead of 𝐶  in Eq. (4). 

4. Experiments 

4.1. Supervised learning 

The proposed method is based on self-supervised learning 
with completely arbitrary unlabeled data that are not related to 
the problem of distinguishing speech segments from 
background noise. To compare the performance with the 
supervised learning method, the baseline neural network 
architecture was used with a simple modification for the 
supervised learning settings. By adding a supervised loss 
component instead of the cross-modal contrastive loss 
function (Eq. (3)), the baseline neural network architecture can 
be converted to an architecture that can work as supervised 
learning: 

ℒ  ∑ 𝑦 𝑡 𝐶 𝑡  ,             (10) 

where 𝑦 𝑡 ∈ 0, 1  is the label. We assigned 1 to an input 
audio frame containing speech and 0 to a frame containing 
silence or only noise. The label was produced by applying a 
common VAD [9] to corresponding clean speech data and the 
ground truth for the evaluation was produced in the same way. 

4.2. Datasets 

The supervised model, the baseline model, and the proposed 
model were trained and evaluated on the GRID AV sentence 
corpus [35], which consists of time-synchronized AV 
recordings of 1000 sentences spoken by each of 34 speakers 
(18 males and 16 females). To verify the performance 
degradation by training on a noise-corrupted dataset, 
background noise provided by the 4th CHiME challenge [36] 
was randomly selected and mixed into audio recordings of the 

Figure 3: Proposed neural network architecture. Figure 4: Speech presence probability estimation from 
swwm5a.mpg (GRID). (Top) with visualized speech 
occurrence (gray boxes); (Center and Bottom) mixed with 
BGD_150203_010_CAF.CH3.wav (CHiME4) at a SNR of 
-5 dB and heat map visualization of audio-visual attention 
maps for input video frames. 
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GRID corpus with SNRs from -5 to 20 dB. The CHiME4 
noises were recorded using a tablet device at four different 
locations: bus, cafeteria, pedestrian area, and street junction. 
In a similar manner, to evaluate the performance under 
mismatched noise conditions, 10 non-visualized noises of the 
East Anglia dataset [37] were randomly mixed into all the 
testing audio recordings with SNRs from -5 to 20 dB in 5-dB 
steps. The East Anglia dataset provides environmental noise 
collected from 10 different locations: bar, beach, bus, car, 
football match, launderette, lecture, office, rail station, and 
street. Moreover, for the evaluation in matched noise 
conditions, the CHiME4 noises were mixed again into all the 
testing audio recordings with SNRs from -5 to 20 dB in 5-dB 
steps. 

4.3. Setting 

The recordings of each speaker of the GRID corpus were 
partitioned into training, validation, and testing sets in the ratio 
6:2:2. The validation set was used to identify the right set of 
hyperparameters for each model and each experimental 
condition empirically. For the input audio sequence, all audio 
recordings were resampled with a 16-kHz sampling rate and a 
128-dimensional log-compressed Mel spectrogram [38] was 
computed by the short-time Fourier transform [39] with a 
window size of 1280 samples (80 ms) and hop length of 640 
samples (40 ms). For the input video sequence, all video 
recordings were converted to 25 frames per second (40 ms) 
with a resolution of 𝐻 𝑊 224 224  pixels. The 
dimensions of spatial and feature embedding 𝐼 𝐽 𝐷 were 
56 56 128 . The number of unsynchronized audio 
sequences 𝑈  was set at 30 and augmented by shifting the 
corresponding frames of the input audio sequence in the range 
of ±640 ms at each iteration for the negative pairs. All models 
were trained by an Adam optimizer [40] with gradient clipping 
[41] for 70 epochs to observe loss convergence. The learning 
rate was initialized at 1e-3 and halved every 10 epochs, and 
the batch size was set to 1 [42]. 

4.4. Quantitative results 

The area under the receiver operating characteristic curve 
(AUROC) [43] was used as a metric for quantitative 
performance evaluation of AV-VAD. The experimental results 
for each experimental condition are summarized in Table 1. 
Among the experimental results, the proposed method with the 
branched audio encoder and noise-tolerant contrastive learning 
significantly outperformed the baseline method: the relative 
improvements were 1.71%, 14.84%, and 15.33% for each 

experimental condition. Particularly, in the case that CHiME4 
noise was added into training datasets, the average AUROC 
by the baseline method significantly deteriorated by 10.57% 
from 82.45% to 73.73% in mismatched noise conditions (East 
Anglia), while the average AUROC of the proposed method 
improved by 0.97% from 83.86% to 84.67% under the same 
mismatched noise conditions. This result demonstrates that the 
baseline method is highly vulnerable to noisy training datasets 
and easily overfitted to noise, resulting in performance 
degradation. Meanwhile, the proposed method could 
distinguish and isolate noise features in a self-supervised 
manner both for clean and synthetic noise datasets. In 
performance comparison with the supervised method (Eq. 
(10)) in matched noise conditions (CHiME4), the supervised 
method outperformed both the baseline and proposed methods, 
which are based on self-supervised learning. However, the 
proposed method could produce better results at lower SNRs 
(-5 to 5 dB) in mismatched noise conditions, resulting in a 
higher average AUROC: the relative improvements were 
6.97% and 1.68% from training on noise-free and noise-
corrupted datasets, respectively. 

Figure 4 illustrates an example of performance 
improvement by the proposed method compared with the 
baseline method under matched noise conditions. The 
proposed method improved overall accuracy for predicting the 
presence of speech in both speech-present and speech-absent 
segments. The method also produced better AV correlations, 
as can be seen in the heat map visualization of the learned AV 
attention map. 

5. Conclusions 

This paper proposed a new noise-tolerant self-supervised 
learning framework for AV-VAD on noise-corrupted training 
datasets that approximate real-world scenarios. The proposed 
learning framework includes an audio encoder branched to 
extract speech and noise embedding features individually and 
a loss function to solve the uncertainty of speech and noise 
feature separation in a self-supervised manner based on the 
facts that speech and noise have different energy distributions 
over the frequency range and that noise tends to be less 
correlated to key visual information, such as mouth movement. 
Among the experimental results, including matched and 
mismatched noise conditions, the proposed learning 
framework significantly outperformed a baseline learning 
framework by up to 15.33% for the average AUROC. It also 
produced better results, by up to 6.97%, for mismatched noise 
conditions, compared with a supervised learning framework. 

Table 1: Area under the receiver operating characteristic curve for each evaluation condition with the 
GRID dataset. The best results are highlighted in bold, and the second-best results are underlined. 

Pre-training Evaluation 20 dB 15 dB 10 dB 5 dB 0 dB -5 dB Average  Baseline Supervis.

Supervised none East Anglia 91.92% 88.61% 83.66% 76.91% 68.32% 60.92% 78.39%

Baseline none East Anglia 84.64% 84.45% 83.33% 83.34% 80.60% 78.32% 82.45%

Proposed none East Anglia 86.62% 86.43% 86.32% 83.56% 81.84% 78.36% 83.86% 1.71% 6.97%

Supervised CHiME4 East Anglia 95.98% 94.20% 90.62% 82.25% 72.30% 64.27% 83.27%

Baseline CHiME4 East Anglia 76.31% 74.32% 73.40% 72.97% 72.78% 72.59% 73.73%

Proposed CHiME4 East Anglia 87.83% 87.77% 87.57% 85.20% 81.51% 78.14% 84.67% 14.84% 1.68%

Supervised CHiME4 CHiME4 97.98% 97.76% 97.32% 96.57% 94.45% 89.42% 95.58%

Baseline CHiME4 CHiME4 77.10% 76.98% 76.57% 75.11% 73.52% 73.07% 75.39%

Proposed CHiME4 CHiME4 87.92% 87.73% 87.47% 86.90% 86.35% 85.32% 86.95% 15.33% -

METHOD

Noise Condition
: matched / mismatched Signal-to-Noise Ratio

Relative
Improvement
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