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A robust and language agnostic Voice Activity Detection (VAD) is crucial for Digital Entertainment
Content (DEC). Primary examples of DEC include movies and TV series. Some ways in which VAD systems
are used for DEC creation include augmenting subtitle creation, subtitle drift detection and correction,
and audio diarisation. Majority of the previous work on VAD focuses on scenarios that: (a) have minimal
background noise, and (b) where the audio content is delivered in English language. However, movies and
TV shows can: (a) have substantial amounts of non-voice background signal (e.g. musical score and envi-
ronmental sounds), and (b) are released worldwide in a variety of languages. This makes most of the pre-
vious standard VAD approaches not readily applicable for DEC related applications. Furthermore, there
does not exist a comprehensive analysis of Deep Neural Network’s (DNN) performance for the task of
VAD applied to DEC. In this work, we present a thorough survey on DNN based VADs on DEC data in terms
of their accuracy, Area Under Curve (AUC), noise sensitivity, and language agnostic behaviour. For our
analysis we use 1100 proprietary DEC videos spanning 450 h of content in 9 languages and 5 + genres,
making our study the largest of its kind ever published. The key findings of our analysis are: (a) even high
quality timed-text or subtitle 2 files contain significant levels of label-noise (up to 15%). Despite high label
noise, deep networks are robust and are able to retain high AUCs (� 0.94). (b) Using larger labelled dataset
can substantially increase neural VAD model’s True Positive Rate (TPR) with up to 1.3% and 18% relative
improvement over current state-of-the-art methods in Hebbar et al. (2019) and Chaudhuri et al. (2018)
respectively. This effect is more pronounced in noisy environments such as music and environmental
sounds. This insight is particularly instructive while prioritizing domain specific labelled data acquisition
versus exploring model structure and complexity. (c) Currently available sequence based neural models
show similar levels of competence in terms of their language agnostic behaviour for VAD at high Signal-
to-Noise Ratios (SNRs) and for clean speech, (d) Deep models exhibit varied performance across different
SNRs with CLDNN (Zazo et al., 2016) being the most robust, and (e) models with comparatively larger num-
ber of parameters (�2 M) are less robust to input noise as opposed to models having smaller number of
parameters (� 0.5 M).

� 2022 Published by Elsevier B.V.
1. Introduction

An automated system that detects human speech or voice activ-
ity within an audio segment has multiple uses in digital entertain-
ment domain. Such a system can be deployed to: a) aid subtitle
creation by automating the identification of time boundaries asso-
ciated with dialogues [4], b) improve subtitle quality by detecting
sync issues between audio and subtitles 3, and c) improve accessi-
bility of content by identifying segments of audio that do not have
subtitle coverage, or by identifying the non-voice segments that
may need an audio description. Such a Voice Activity Detection
(VAD) system can be further enhanced to aid caption 4 and subtitle
creation by detecting background noises [5–7], music and singing
voice detection [8,9], speaker differentiation [10–12], emotion recog-
nition [13–18], clean speech identification [19–22], and identifying
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high density audio segments. Traditionally VAD systems are also
foundational for speaker recognition and ASR systems.

A generic VAD for DEC is a hard problem for multiple reasons.
First, DEC voice segments typically coexist with various noises like
embedded foreground or background music, title track, and multi-
ple contextual background noises like traffic noises, gun shots,
crowd buzz, door closing, motors, air conditioning, etc. Second,
being an artistic medium, presence of atypical speech patterns like
whispering, shouting, singing and electronic voices are more
prevalent in DEC than other conversational speech problems.
Third, and most importantly, majority of previous work in VAD is
focused on English language. Any useful VAD system for DEC needs
to scale for multiple languages, locales and genres. This makes
most of the previous standard VAD approaches not readily applica-
ble for DEC related applications. Furthermore, there does not exist
a comprehensive analysis of DNN performance for the task of VAD
when applied to DEC at scale.

In this paper, we provide a comprehensive empirical analysis of
various deep neural models [23,24] for the task of VAD when
applied to DEC. We use timed-text specification guidelines to cre-
ate a training dataset from 1100 proprietary DEC videos spanning 9
languages and 5 + genres. This dataset consists of �450 h of con-
tent, making our study the largest scale analysis of this problem
ever published. We divide the videos into 800 ms non-
overlapping clips and label them into speech and non-speech audio
based on their corresponding timed-text information5.

On this dataset, we train several deep neural VAD models such
as, the Gated Recurrent Unit (GRU) [25,26], the Temporal Convolu-
tion Network (TCN) [27], the Convolutional and Self Attention
(STNET) [28] transformer encoder based network [29] and the
VGG net based Time Distributed CNN (CNNTD) [1] respectively
using spectrogram based features. We also train raw audio wave-
form based CLDNN [3]. Similarly, we train shallow neural models
using Mel Frequency Cepstrum Coefficients (MFCCs) [30], Spectral
Contrast [31] and Fluctograms [32] as features.

We test the performance of the models on several public and
proprietary datasets. First, we analyze the AUCs, precisions, recalls
and F-scores on a proprietary human annotated DEC test set. Sec-
ond, we compare the TPRs on the publicly available AVA [2] data-
set. Third, we examine the language agnostic characteristics on the
publicly available MUSAN-librivox [33] dataset and a proprietary
DEC language test set respectively and finally, we evaluate the
input noise sensitivities of various models. The key findings of
our work are summarized below:

1. GRU based models results in 1.3% relative improvement in TPR
over current state-of-the-art CNNTD model [1] on two of three
subsets of the publicly available AVA [2] dataset.

2. GRU, CNN and Self-Attention based models utilizing the
sequence information in spectrograms and audio waveforms
outperform the fully connected feed-froward neural models
using MFCCs, Fluctogram and Spectral Contrast features. They
show 8.8% relative improvement in AUC on our proprietary
human annotated DEC test set.

3. Sequence based neural models result in similar levels of compe-
tence in terms of their language agnostic behaviour for clean
speech and speech with high SNRs.

4. SNR acts as differentiator between sequence based deep learn-
ing models. CNNTD outperforms other models in terms of recall
in noisy environments at high SNRs (10 and 5). However,
CLDNN which is an amalgamation of CNN and Long-short term
memory (LSTM) architecture, is the most robust model for
5 See x 3.1 for the practical imperatives behind choosing this temporal resolution
and for information on the training and test sets.
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medium SNRs (0 and �5) as it learns noise independent fea-
tures from raw audio waveform, as outlined in [3]. Practically,
such low SNRs are not observed during dialogues in DEC as they
hamper the listening experience.

5. CNN based architectures with large number of parameters such
as STNET and TCN are least robust to perturbations in the input.

This paper is divided into the following sections. Section 2 pre-
sents a brief overview of the previous efforts for VAD, both in sta-
tistical and neural domains. Section 3 presents various datasets
and feature representations used and outlines various neural mod-
els for VAD. Section 4 presents the training pipeline, comprehen-
sive empirical evaluation of various neural models on human
validated datasets (in-house as well as public), multi-lingual (for
languages inside and outside training sets) and speech mixed with
noisy datasets. Finally, Section 5 presents the conclusion and
future directions.
2. Related Works

The development of VAD systems has been an active area of
research for several decades. An early example of a frame-based
VAD system involved two Gaussian Mixture Models (GMMs), one
trained on speech frames and the other on non-speech frames, to
predict the per-frame likelihood of speech, followed by a Hidden
Markov Model (HMM) that penalizes transitions between speech
and non-speech states to give temporal continuity to the predic-
tion [34]. WebRTC VAD [35] is an example of GMM based VAD
model with input features as log energies of six frequency bands
between 80 Hz and 4000 Hz. It uses fixed point operations and is
optimized for real-time use in web transmission. Other early
VAD approaches includes energy threshold methods [36,37], meth-
ods based on zero crossing rates [38], auto-regressive models [39],
formant based methods [40], maximum margin based unsuper-
vised VAD [41], combination of multiple acoustic models via like-
lihood ratio weighting [42], and higher order statistics of speech
such as kurtosis [43]. A better approach is to learn a classifier using
time and frequency domain audio features such as mean, variance,
higher order moments, coefficient of variation, percentiles of the
probability distribution of the audio signal and Mel-frequency cep-
stral coefficients (MFCCs) [44] as input [45,46] to a GMM, maxent,
Support Vector Machines (SVM) [47] Random Forest (RF), neural
networks [48–52], deep belief networks [53] and Conditional Ran-
dom Field (CRF) [54,55]. In a similar approach, Benatan et al. [56]
used cross covariance scores of MFCCs and trained a RF as VAD
for DEC and presented a large jump in Equal Error Rate (EER) on
4 movies.

These approaches suffer from two major problems. First, mod-
els involving HMM cannot learn long range dependencies because
of Markov property and a small discrete state space. Recent studies
confirm that the use of features spanning a longer duration
improves the performance as they can encode contextual informa-
tion more accurately [57]. Second, the performance of these meth-
ods degrade when background noise with spectral characteristics
similar to speech is present [58].

Recently, there has been tremendous progress in deep learning
for sequences, especially for VAD in DEC. Mateju et al. [59] used a
deep neural network trained on noise augmented dataset along
with smoothing of the output for speech activity detection in
movies. Jang et al. [60] used a 2 layered DNN with MFCC as the
input feature for VAD in movies. Zhang et al. [61] used boosted
deep neural network bDNN that generated multiple predictions
from different contexts of a single frame by only one DNN and then
aggregated the predictions for a better prediction of the frame.
Hwang [62] used ensemble of DNNs. Kang et al. [63] used Multi
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Task Learning (MTL) with DNN to estimate clean features from
noisy features as well as VAD probabilities.

Recurrent Neural Network (RNN) variants such as Long Short
Term Memory (LSTMs) [64], Gated Recurrent Units (GRUs) [25]
and Convolution Neural Network (CNN) variant such as Temporal
Convolution Networks (TCNs) have been used for sequence learn-
ing task such as voice activity detection [26,65]. Eyben et al. [26]
used LSTMs with RASTA-PLP as the input features for VAD in
movies. Similarly, several deep recurrent architectures have been
used to create VAD systems [66–69] with various feature sets as
input. For instance, Sainath et al., [70] and Zazo et al., [65] used
raw audio waveform along with a hybrid CNN-LSTM model
(CLDNN) for VAD. Both use raw audio waveform as input and show
that the network can achieve performance similar to the network
trained using MFCCs. Moreover, they show noise robustness of
using CNN based backbone in CLDNN. Ferroni et al., [71] used a
multiple features such as Wavelet Coefficient, RASTA-PLP and
MFCCs for VAD in multi-room domestic scenarios. Tong et al.,
[58] studied the robustness of deep learning methods (LSTMs
and CNNs) under varying noise conditions on Aurora 4 database.
They also proposed a noise-aware training (NAT) to improve
robustness to input noise. They show that through NAT, LSTM
based VAD results in noise robust AUCs. To actualize noise aware-
ness, the network is fed with noisy speech features (log-mel spec-
trogram) augmented with extra estimated information about
current environmental conditions. Thomas et al., [72] used CNN
for creating VAD system with inputs as 2D spectrogram and log-
mel features. On a similar problem, Eyben et al., [26] use RASTA-
PLP [73] features as input to LSTM [64] and show substantial
improvements over statistical methods for VAD when tested on
DEC. Their model is trained on TIMIT [74] and Buckeye [75] corpora
mixed with synthetic noise. Recently, Hebbar et al. [1] proposed a
noise robust CNN based Time Distributed (CNNTD) VAD model
with VGGish CNN backbone [76]. This model was developed to
analyze movie contents. They developed a Subtitle Aligned Movie
(SAM) corpus consisting of limited 23 h of movie audio and trained
CNNTDmodel on it. They showed considerable improvements over
SVM baseline of Lehnar et al. [31] using in-domain data. Similarly,
Lee et al. [28] proposed a noise robust model consisting of spectral
and temporal attention mechanisms known as STNET. They used
TIMIT corpus [77] augmented with 8 types of noise samples from
NOISEX-92 dataset [78] to train the model. Finally, they demon-
strated significant improvements over DNN and LSTM based VAD
models under noisy conditions.

We observed most of the work in previous literature have pre-
sented analysis with a limited size corpora and feature sets for
training and evaluation of the models. Therefore, in this work,
we compare several architectures with various input feature repre-
sentations such as linear and mel magnitude spectrograms, Instan-
taneous Frequencies (IF), Spectral Variances, Fluctograms and
MFCCs on several large-scale in-domain DEC corpora. Details of
these models and feature sets are mentioned in the Section 3.6.
3. Comparative Analysis Setup

In this section, we provide details of the proprietary and pub-
licly available datasets used in this work for generating speech
and non-speech labels. Further, we describe our feature represen-
tation and outline the various models used.
6 https://en.wikipedia.org/wiki/List_of_Amazon_original_programming
7 https://partnerhelp.netflixstudios.com/hc/en-us/articles/215758617-Timed-Text-
tyle-Guide-General-Requirements.
3.1. Datasets

Domain specific DEC datasets tend to result in better VAD mod-
els for DEC compared to the models trained on non-DEC focused
datasets [1]. However, most of the publicly available VAD datasets
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are not DEC focused. The few that exists, are either of limited size
or do not contain substantial background noise and embedded
music characteristics. We therefore use our proprietary DEC videos
curated from Amazon Originals 6 to create large-scale labelled VAD
dataset focused on DEC containing a vast variety of embedded music
and background noises. The details of these proprietary datasets are
summarized below:

DEC-1100: This dataset comprises 1100 proprietary videos of
movies and TV shows along with their high quality timed-text files
amounting to 450 h of content in 9 languages and 5 + genres
(Action, Comedy, Documentary, Drama, Animation etc.). The data-
set is curated from Amazon Originals TV shows and movies for
whom the subtitles are curated throughmultiple iterations of care-
ful time stamps matching with the audio and hence we assume it
to be of high quality. This dataset is used to train various models.
Table 1 presents the language distribution of the dataset. All the
datasets described henceforth are used in model testing.

DEC-test: This proprietary dataset comprises 40 h of content,
which is manually labelled as speech or no-speech after process-
ing. This dataset is derived from 33 movies which are not a part
of DEC-1100 dataset.

DEC-language: This proprietary dataset comprises 28 h of the
human labelled content curated from 23 movies and TV shows
spanning 6 languages. The movies are not a part of DEC-1100 data-
set. The audio language set comprises of English (en), German (de),
Japanese (ja), Hindi (hi), Spanish (es) and Tamil (ta). This dataset is
used to test language agnostic behavior.

Besides these three proprietary datasets, we also use the follow-
ing publicly available datasets:

AVA: It [2] is a human labelled dataset of speech activity in
movies that comprises 36 h of content curated from 192 YouTube
movies. The dataset consists of 0.3–10 s clips with one of the 4
labels per clip namely, No-Speech, Clean Speech, Speech + Music
and Speech + Noise. The clip distribution is defined in the Table 2.

MUSAN: The corpus [33] consists of 20 h of clean speech from
the Librivox dataset, 40 h of speech from US government hearings,
42 h of music from various sources and 6 h of various noises from
Freesound and Sound Bible database. We use Librivox part of
MUSAN for our experiment due to its multilingual nature. The
dataset contains languages which are part of training set as well
as not in train set. Hence, this dataset is used to evaluate language
agnostic characteristics of the models. Moreover, this dataset is
also used to test the input noise sensitivity of models, by addition
of several noise clips sampled from Audioset [80] at various SNRs.

3.2. Dataset Creation Process Of DEC-1100

Fig. 1 describes the industry standard timed-text creation
guidelines 7. We used these specifications to create a labelled data-
set from DEC-1100 videos as follows:

1. We extracted the audio clip from the given video file and sam-
pled it at 32 kHz.

2. We removed the time duration associated with captions (de-
scription of non-speech elements such as sound effects, rele-
vant musical cues and other relevant audio information) from
the audio clip using the timed-text/subtitle file.

3. We divided the remaining audio clip into speech and non-
speech segments according to the time duration present in
the subtitle. Each speech segment can range from 800 ms to 7
s in length as per subtitle guidelines, however there is no such
constraint for non-speech segment.
S



Table 1
DEC-1100 video distribution by language, where the language code is identified using ISO-639 [79] (639–1) nomenclature.

Language Code en de hi ja ko fr te ta es

% 68 1 13 13 2 1 1 1 1

Table 2
Original clip distribution of AVA dataset.

Clean speech Speech with Music Speech with Noise Non Speech Total

6,431 5,311 10,506 17,624 39,872

Fig. 1. Industry standard timed-text creation guidelines followed by human annotators. A timed-text file contains both speech and non-speech segments. The minimum
duration of a speech segment is 5/6 s or �833 ms. While creating a timed-text file, the annotators may use a leeway of 200 ms and 500 ms at start and end of speech segment
respectively to match the speed of speech and shot synchronization.

Table 3
Datasets used and the number of 800 ms clips.

Primary Dataset
Name

Secondary Dataset
Name

Non-
Speech

Speech

DEC DEC-1100 1,200,000 1,200,000
DEC DEC-test 32,585 21,282

DEC-language German 4,861 4,861
English 5,632 5,632
Spanish 11,044 11,044
Hindi 9,268 9,268

Japanese 5,234 5,234
Tamil 858 858

MUSAN-librivox Arabic 871 871
Chinese 2,640 2,640
Danish 817 817
Dutch 5,991 5,991
English 57,318 57,318
French 3,811 3,811
German 12,671 12,671
Hebrew 2,618 2,618

Hungarian 825 825
Italian 6,443 6,443

Japanese 1,375 1,375
Latin 345 345
Polish 1,522 1,522

Portuguese 3,474 3,474
Russian 3,901 3,901
Spanish 4,944 4,944
Tagalog 1,971 210,000
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4.
We divided each of the speech and non-speech segments into
non-overlapping 800 ms (ms) clips.

5. Each 800 ms clip in speech segment was labelled as 1 and clip in
non-speech segment was labelled as 0.

We chose the value of 800 ms for two reasons. First, a human
speech block in a timed-text file persists on the screen for a mini-

mum duration between 5=6th of a second to one second [81] asrec-
ommended by several industry standard guidelines8. These
guidelines are based on the studies conducted on the reading speed
of viewers. Second, disambiguation of a clip below 500 ms into
speech and non-speech is difficult for human evaluators based on
our manual inspection of clips.

We used the above procedure to divide the clips in other data-
sets into non-overlapping 800 ms clips. The datasets used in the
paper with the number of 800 ms clips are described in the Table 3.
We padded the clips by trailing zeros where the original clip dura-
tion was less than 800 ms. In our experiments, DEC-1100 is used to
train the models whereas, DEC-test, DEC-language, AVA, MUSAN-
librivox, FSDKaggle2019 and FMA_small are used for final valida-
tion of the models.

While AVA, MUSAN-librivox are human annotated, DEC-test is
not. We needed a human annotated dataset for DEC for a fair eval-
uation. The following section outlines the labelling procedure used
to tag the DEC-test dataset.

3.3. Human Labelling

The DEC-test dataset initially consisted of 53,867 clips (32,585
non-speech and 21,282 speech as annotated by timed-text files)
as mentioned in the Table 3. We used a human labelling experi-
ment to quantify the noise associated with timed-text annotations
and generate a gold standard dataset for testing various models.

The 800 ms clips from DEC-test were manually annotated into
one of the three categories, (a) human speech present, (b) human
speech absent and (c) don’t know. The instructions to human
8 https://bbc.github.io/subtitle-guidelines.
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annotators were:

1. Listen to each 800 ms clip.
2. Tag the non speech human sounds such as laughing, crying,

grunts, humming etc. as ‘human speech absent’.
3. Tag the decipherable human speech such as human singing as

‘human speech present’.
4. Discard human voice in the clip when present for a small dura-

tion such as �100 ms and tag the clip as ‘human speech absent’.
5. In case of disambiguation, tag the clip as ‘don’t know’.

This tagging was performed in two phases. Fig. 2 presents the
two phases used to label the DEC-test dataset:



Fig. 2. Human labelling experiment pipeline. Phase 1 tagging was performed by a single annotator per clip. Phase 2 tagging involved estimation of inter-labeller agreement.
Here, each clip was tagged by 5 labellers. Finally, we combine the output from two phases to obtain DEC–human-annotated dataset.

Table 4
Inter-labeller agreement.

Non-speech Speech Don’t know No-agreement

8,972 4,495 2,553 2,000

Table 5
Clip distribution for DEC–human-annotated dataset after discarding ‘No-agreement’
clips.

Non-Speech Speech Don’t know

27,549 17,924 6,394

Table 6
The confusion matrix between the labels obtained from human annotators and
timed-text file across 37,488 samples.

Annotations Labels from Subtitles

Human
Speech

No Human
Speech

Labels from Human
Annotators

Human
Speech

12,975 (92%) 1,103 (8%)

No Human
Speech

4,204 (21%) 15,325 (79%)

Don’t Know 1,592 2,249
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Phase-1: In the first phase, we tagged 35,867 of 53,867 clips
(20,893 non-speech and 14,974 speech as annotated by timed-
text guidelines) where, each clip was annotated by one labeller.
Following the labelling, we obtained 18,577 non-speech, 13,429
speech and 3,861 don’t know clips. Following a similar procedure,
the DEC-language dataset was also tagged by human annotators
and its number of clips in the Table 3 are post discarding ‘don’t
know’ clips.

Phase-2: In the second phase, we computed the inter-labeller
consistency. We tagged the remaining 18,000 clips (11,692 non-
speech and 6,308 speech as annotated by timed-text guidelines),
where each clip was tagged by 5 labellers. The inter-labeller exper-
iment is described below.

3.4. Inter-Labeller Agreement

To verify the labelling procedure, we calculated the inter-
labeller agreement. We asked 5 labellers to tag 18,000 clips from
DEC-test dataset into the three categories mentioned. We catego-
rized the clip as ‘No-agreement’, if none of the three labels
achieved a majority and considered the rest of them to be in agree-
ment. Table 4 presents the distribution of clips for the inter-
labeller agreement experiment. We observe that 10.5% (2 K/18 K)
of the clips had no agreement.

We added the clips from the two phases to generate the DEC–
human-annotated dataset. We discarded the 2 K clips where the
labellers were in disagreement. The resulting distribution of the
800 ms clips for DEC–human-annotated dataset is defined in the
Table 5. For all our experiments, we do not use the clips with labels
as ‘don’t know’.

3.5. Label Noise Estimation In DEC-1100

We used a random subset of 37,448 (19,529 non-speech, 14,078
speech and 3,841 don’t know) clips from DEC–human-annotated
dataset (post discarding the No-agreement clips) to approximate
the label noise present in DEC-1100 dataset labelled using timed-
text information. The results of a comparison between the labels
obtained through human labelling experiment described above
and timed-text files are summarized in the Table 6. We observe
120
that the amount of noise in speech segments is 8%, while in non-
speech segments it is 22%. This label noise was mainly because
of the three reasons: (a) Drift between the audio and text in
timed-text files because of labelling errors or file format conver-
sion issues, (b) Human subjectivity within timed-text specifica-
tions to incorporate artistic intent or scene changes and (c)
Unvoiced segments within the speech segment of a subtitle block
as mentioned in the Fig. 1 which may contain silence, music or
sounds other than speech.

3.6. Overview of Neural Architectures and Feature Representations

Spectrogram representation of an audio signal is a sequence
through which we can capture long term dependencies in the sig-
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nal. These dependencies enables us to differentiate between
speech and other sounds. Spectrogram representation of the audio
have been shown to outperform other feature representations such
as MFCCs, Spectral Contrast etc. [82–84]. Hence, we compare neu-
ral architectures that use a time sequence as their input particu-
larly, GRU [26], TCN [27], STNET [28] and CNNTD [1] models.

For the deep sequence based architectures considered, we com-
pute log linear, log mel magnitude spectrogram (log mel-STFT) and
Instantaneous Frequencies (IF) [85] as features. We use a 25 ms
window (window length corresponding to 800 samples) and
10 ms (480 samples) hop length, which results in a F � T dimen-
sional signal for each 800 ms clip sampled at 32 kHz (signal length
of 25600 samples). Here, F ¼ 401 is the number of frequency bins
for the linear log magnitude STFT and IF. The value of F is calcu-
lated as 1þ bwindow length

2 c. The value of F for log mel-STFT varies
with the models considered. T ¼ 54 is the number of time bins cal-
culated as dsignallengthhop length e. For our experimentation, we consider, first

128 frequency components out of 401 corresponding to 0–
10 kHz frequency range. We also compare shallow neural models
using one dimensional features such as MFCCs, Fluctogram, Spec-
tral Contrast and phase information (phase difference, Instanta-
neous Frequencies) etc. Finally, we also compare CLDNN [3]
model which uses raw waveform as input. All our models use
cross-entropy as the loss function. We trained all our models using
python-based PyTorch API 9. We now describe various neural archi-
tectures and input feature representations used in them.

1. TCN: Chang et al. [27] proposed a 36 layered causal dilated
gated residual CNN for VAD followed by two fully connected (FC)
layers with 128 neurons in each. The input to the network is
F ¼ 80 dimensional log-mel STFT with T ¼ 54 time bins. The net-
work consists of 2.8 M parameters.

2. GRU: LSTMs and GRUs have been used for VAD. Following
Eyben et al. [26] we use a 2 layered GRU model followed by 2 FC
layers. We did not use RASTA-PLP feature representation and
replaced the LSTM in [26] with GRU. We compare following three
feature sets for the GRU:

2a. GRU-MS: F ¼ 96 dimensional log-mel STFT with T ¼ 54 time
bins. The model consists of 550 K parameters.

2b. GRU-S: F ¼ 128dimensional log STFT with T ¼ 54 time bins.
The model consists of 600 K parameters.

2c. GRU-SF: We use two feature maps, a) F ¼ 128 dimensional
log STFT with T ¼ 54 time bins and b) F ¼ 128 dimensional reas-
signed frequency or Instantaneous frequencies (IF) [85] with
T ¼ 54 time bins as input to the model. We use additional informa-
tion in terms of phase following the work of Longbiao et al. and Iain
et al., [86,87] where, they proposed the use of IF and other phase
related features to improve VAD. The IFs were calculated using
the Eq. 1.

x̂ ¼ x� I
Sdh
Sh

� �
; ð1Þ

where, I denotes the imaginary part of the matrix, Sh is the complex
STFT calculated using hannwindow and Sdh is the complex STFT cal-
culated using the derivative of hann window. The two features are
passed through two GRU models (each containing 2 GRU layers).
The output of the GRUs are concatenated and then passed through
2 FC layers. This model has 1.2 M parameters.

3. CNNTD: Proposed in [1], the CNNTD model uses the convolu-
tion blocks of the VGG net [76] type architecture with 3 convolu-
tional blocks containing 2 convolutional layers each, followed by
a time distributed (TD) layer and 2 FC layers. We compare three
feature sets for this model:

3a. CNNTD-MS: F ¼ 96 dimensional log-mel STFT with T ¼ 54
9 https://pytorch.org/ 10 https://github.com/wiseman/py-webrtcvad
121
time bins. The model has 500 K parameters.
3b. CNNTD-S: F ¼ 128 dimensional log STFT with T ¼ 54 time

bins. The model has 550 K parameters.
3c. CNNTD-SF: Similar to GRU-SF we used log STFT and IF as the

input to the model. Instead of passing them through two models as
in GRU-SF, we concatenate the two feature maps and pass them
through one CNNTD model. This model has 550 K trainable
parameters.

4. STNET: Lee et al. [28] proposed Spectro-Temporal network
(STNET) for a noise robust VAD. The model is an amalgamation
of 4 convolutional, 2 FCs (Pipe Net) and a transformer encoder
layer (self-attention + FC) [29]. The input to model consists of
F ¼ 96 dimensional log-mel STFT with T ¼ 54 time bins and con-
tains 2.4 M parameters.

5. CLDNN: Zazo et al. [3] proposed Convolutional, Long Short
Term Memory, Deep Neural network (CLDNN) architecture that
uses raw audio waveform as input feature. The model consists of
3 convolutional layers with max pooling followed by 2 layer LSTM
and 2 FC layers with F ¼ 128 dim in each. The model has 850 K
parameters. They show that using raw waveform allows the net-
work to learn powerful features comparable to log-mel features,
especially for noisy environments.

6. FC-1: Following Jang et al. and Lehner et al. [60,88] we use a 2
hidden layered FC network with each layer containing 256 neu-
rons. We use a 40 dimensional MFCC averaged over T ¼ 54 time
bins as input. The network consists of 77 K parameters.

7. FC-2: Mateju et al. [59] proposed a 5 layered FC network with
128 neurons in each layer for speech activity detection in online
broadcast transcription. The model uses 40 dimensional MFCCs
averaged over T ¼ 54 time bins as the input features and consists
of 72 K parameters.

8. FC-3: Wang et al. [86] proposed a 1 hidden layer FC network
that utilizes both magnitude and phase information for VAD. They
used MFCC, IF derivative, Baseband Phase Difference (BPD), and
Modified Group Delay Cepstral Coefficients (MGDCC) as the fea-
tures and show that their network outperform networks using only
magnitude information. The input to this network consists of 128
dimensional IF derivative, BPD and MGDCC with their means and
standard deviations over T ¼ 54 time bins and 40 dimensional
MFCCs averaged over T ¼ 54 time bins resulting in 808 dimen-
sional input vector. We use a network with 2 hidden FC layers with
256 neurons in each layer. The network has 270 K parameters.

9. FC-4: Following the works of Lehner et al. [31,88,32] and Lee
et al. [89] we use 40 dimensional MFCCs averaged over T ¼ 54 time
bins, 17 dimensional each of bandwise (17 mel scaled frequency
bands from 164 Hz to 10548 Hz) Fluctorgram variances, Spectral
contraction variances and Spectral flatness means resulting in 91
dimensional input vector for a given 800 ms clip. We use a network
with 2 hidden FC layers with 256 neurons in each layer. The net-
work has 100 K parameters.

10. WebRTC: A good baseline for VAD performance is the
WebRTC VAD [35]. It uses GMM models of speech and non-
speech sounds with input features as log energies of six fre-
quency bands between 80 Hz-4000 Hz. It utilizes fixed point
operations and is optimized for real-time use for web transmis-
sion. We use py-webtrcvad 10 implementation of VAD with an
aggressiveness level of 3 for VAD. The method generates a boolean
output for a 30 ms frame. We consider a 800 ms clip to contain
speech if VAD generates at least 40% frames containing speech.
The threshold of 40% was a result of hyperparameter tuning on
DEC-1100 dataset.

In the following section, we describe the experimental settings,
results and inferences.



Table 7
Measures compared with models trained on DEC-1100 and tested on DEC–human-
annotated.

Model Name Acc AUC p r f

CLDNN 0.852 0.915 0.877 0.852 0.854
CNNTD-SF 0.873 0.955 0.881 0.873 0.874
CNNTD-S 0.876 0.932 0.887 0.876 0.878
CNNTD-MS 0.866 0.947 0.876 0.866 0.867

FC-1 0.774 0.933 0.797 0.774 0.776
FC-2 0.774 0.869 0.795 0.774 0.777
FC-3 0.822 0.871 0.830 0.822 0.823
FC-4 0.816 0.878 0.831 0.816 0.818

GRU-SF 0.871 0.902 0.887 0.871 0.872
GRU-S 0.870 0.951 0.877 0.870 0.871
GRU-MS 0.860 0.936 0.875 0.860 0.861
STNET 0.863 0.940 0.863 0.863 0.861
TCN 0.875 0.900 0.887 0.875 0.876

WebRTC 0.615 - 0.757 0.615 0.597
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4. Results

In this section, we discuss the hyperparameter settings and the
experimentations. All the experiments were conducted on a
p3.2xlarge EC2 instance 11. We used Adam optimizer [90] in all
our experiments with a batch size of 512 for all the models, except
for STNET and TCN, where we used a batch size of 32. We used a
learning rate of 10�3, weight decay parameter of 10�7 and gradient
clipping of 10000 for all the models. We trained all the models for
20 epochs and used a learning rate scheduler where we decreased

the learning rate by a factor of 10 at 10th and 15th epochs. We
stopped training if the relative decrease in the validation loss 5
epochs apart is less than 10�3. We trained all the models on DEC-
1100 dataset where, we used 1,150,000 speech and 1,150,000 non-
speech clips for training the models and 100 K clips (50 K speech
and 50 K non-speech) for validation. We tested the performance of
models trained on DEC-1100 on the benchmark datasets DEC–
human-annotated and AVA datasets.
Fig. 3. Pairwise statistical significance test for difference in AUCs as defined by
Delong’s test for models tested on DEC–human-annotated. White boxes denotes
statistical significant difference at p-value threshold of 10�3.
4.1. Model Performance On DEC–human-annotated And AVA Datasets

DEC–human-annotated: Table 7 presents the accuracy (Acc),
Area Under Curve (AUC), precision (p), recall (r) and F-score (f)
for models trained on DEC-1100 dataset. We did not compute
AUC for WebRTC VAD as the method did not generate probabilistic
output. We observe that CNNTD-SF has the highest AUC of 0.955
closely followed by GRU-S model. In terms of accuracy, the
CNNTD-S has the highest accuracy of 0.876 followed by GRU-SF
model 0.871. We observe that models using mean statistics over
time of MFCCs, Fluctograms, Spectral Contrast features (FC-1 to
FC-4) have considerably smaller accuracies and AUCs as compared
to deep models with Spectrogram variants as input. We attribute
this performance gain of deep networks to the use of sequence
information available in spectrograms by deep models. The
WebRTC VAD’s hyperparameters were optimized on DEC-1100
dataset. We observe that WebRTC VAD results in a low accuracy
of 61% and provides empirical evidence of the superiority of deep
architectures as opposed to simpler models such as GMMs for
audio data with various degrees of input noises. For the rest of
the paper, we report AUC as the metric of choice, following the
works of [91,26] and do not compare WebRTC VAD further.

Statistical Significance Test: We used DeLong’s test [92,93] to
obtain a p-value that identifies whether one model has a signifi-
cantly different AUC than another model. Fig. 3 presents the statis-
tically significant AUCs. We used a p-value < 10�3 to define
statistical significance. Following the AUC and p-values values
from Table 7 and Fig. 3 we observe the following:

1. CNN and GRU based networks retain high AUCs and accuracy
despite � 15% label noise in the dataset. This shows that deep
networks are able to generalize well even in noisy conditions.

2. CNNTD-SF is statistically similar to CNNTD-MS and is better
than CNNTD-S. For GRU based models we observe that GRU
with linear spectrogram results in the highest AUC.

3. Models utilizing temporal information and spectrogram based
features such as CNN and GRU based methods results in better
AUCs than FC based methods.

AVA: Following [1,2] we compare the True Positive Rate (TPR)
of the models at False Positive Rate (FPR) of 0:315. The AVA dataset
provide annotations at 0.3 to 10 s granularity of each clip, however,
the trained models provide probability of speech at 800 ms
11 https://aws.amazon.com/ec2/pricing/on-demand/
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granularity. To obtain the probability of speech for the clips in
AVA we used the following procedure:

1. The clips of size smaller than 800 ms were appended with trail-
ing zeros to make their size equal to 800 ms. We computed the
probability of speech for each 800 ms clip.

2. The clips of size greater than 800 ms (for e.g., 3 s) were divided
into smaller 800 ms clips with 50% overlap between consecu-
tive 800 ms clips. We computed probability of speech for each
800 ms clip and averaged over all the 800 ms clips present in
the larger clip.

We computed the TPRs of the model at an FPR of 0:315 as
shown in the Table 8 and present the TPRs on ‘Clean Speech’,
‘Speech with Music’, ‘Speech with Noise’ sections of the AVA data-
set and the full AVA dataset (‘All’). We also compared the current
state-of-the-art ResNet-960 model (30 M parameters) trained on
Audioset [2] and CNNTD model trained on the SAM corpus [1]
(740 K parameters). We observe that for the models trained on
DEC-1100 dataset, GRU-SF model outperforms other models and



Table 8
TPRs compared with models trained on DEC-1100 and tested on original clips of AVA.
Methods marked with * were not trained on DEC-1100 dataset and the results were
obtained from their respective papers.

TPR at FPR of 0.315

Model Name Clean
Speech

Speech with
Music

Speech with
Noise

All

CLDNN 0.964 0.922 0.946 0.946
CNNTD-SF 0.980 0.916 0.947 0.949
CNNTD-S 0.979 0.913 0.949 0.949
CNNTD-MS 0.976 0.921 0.953 0.952

FC-1 0.880 0.701 0.821 0.809
FC-2 0.864 0.663 0.806 0.788
FC-3 0.952 0.843 0.928 0.915
FC-4 0.925 0.826 0.899 0.889

GRU-SF 0.981 0.929 0.957 0.957
GRU-S 0.966 0.896 0.930 0.932
GRU-MS 0.967 0.888 0.919 0.926
STNET 0.958 0.907 0.940 0.937
TCN 0.973 0.906 0.941 0.942

*CNNTD [1] 0.983 0.917 0.939 0.945
*ResNet-960

[2]
0.992 0.787 0.944 0.917
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improves the state-of-the-art [1] by 1.3% (relative) on both ‘Speech
with Music’ and ‘Speech with Noise’. Further, GRU-SF shows up to
18% relative improvement in noisy conditions over ResNet-960.
Models trained on DEC-1100 outperforms the models trained on
other corpora [1,2] justifies the need for domain-specific datasets
for VAD to be used for DEC. For the subsequent experiments, we
do not compare the FC variants as they have shown to obtain lower
AUCs and accuracy as compared to their deep convolutional and
recurrent variants on both DEC–human-annotated and AVA
dataset.
4.2. Ability To Generalize Across Languages

The process of timed-text creation is primarily manual, where
human operators take up to 20 h of effort for 1 h of content.
Through our baselining exercise we found that up to 8 h (40%) of
manual labour can be spent on identifying the time stamps where
a human dialogue needs subtitling. In this situation, VAD presents
a compelling solution where it automatically identifies the time
duration associated with human speech, leading to an approxi-
mately 40% efficiency improvement in timed-text creation process.
Moreover, since each movie or TV episode can have subtitles in
multiple languages which is imperative to obtain world-wide
Table 9
AUC of various models trained on DEC-1100 and tested on MUSAN-librivox.

Languages CLDNN CNNTD-MS CNNTD-S CNNTD-SF

Arabic 0.997 0.999 0.999 0.999
Chinese 0.997 0.993 0.996 0.997
Danish 0.998 0.999 1.000 0.998
Dutch 0.997 0.998 0.999 0.995
English 0.996 0.996 0.996 0.995
French 0.990 0.992 0.994 0.992
German 0.997 0.997 0.998 0.996
Hebrew 0.991 0.992 0.995 0.993

Hungarian 0.999 1.000 1.000 0.999
Italian 0.987 0.985 0.987 0.986

Japanese 0.993 0.988 0.989 0.987
Latin 0.997 0.998 0.999 0.999
Polish 0.998 0.997 0.999 0.997

Portuguese 0.984 0.984 0.988 0.983
Russian 0.996 0.995 0.996 0.995
Spanish 0.995 0.991 0.991 0.989
Tagalog 0.991 0.994 0.997 0.997
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reach, training VADmodels that are language agnostic and can per-
form accurately across multiple languages is of paramount
interest.

We evaluated the AUC of neural VAD models on DEC-language
and MUSAN-librivox datasets (Table 3) consisting of 6 and 17 lan-
guages respectively.

Table 10 presents the AUC of various models tested on DEC-
language dataset. We observe that GRU variants and CLDNN out-
perform STNET consistently across languages with AUCs P 0:92,
while other neural models empirically demonstrate language
agnostic behaviour with AUCs P 0:9 on multiple languages.

Table 9 presents the AUCs across MUSAN-librivox dataset
which consists of clean speech. We observe that CNNTD and GRU
variants along with CLDNN outperform STNET consistently across
languages with AUCs greater than 0.99. We observe higher AUCs
on this dataset since it consists of clean recordings with minimal
noise. Further, neural models retain very high AUCs on 12 of 17
languages which were not a part of training dataset, highlighting
the true language agnostic behaviour of the deep neural models.

4.3. Input Noise Analysis

DEC-1100 dataset comprises of 5 primary genres namely, action,
animation, comedy, documentary and drama. Table 11 presents the
distribution of genres present in DEC-1100 dataset. However, 9%
of the content is unclassified (others) and contains genres such
as adventure, thriller, horror and musical. These genres have their
typical background scores and ambient noises occurring at various
magnitudes. Although we tried to retain the widest representative
coverage of genres in our training dataset, a complete coverage of
all genres was infeasible. Hence, we require a VAD that maximally
generalises to these types of genre-dependent noises occurring at
various SNRs. Therefore, we compared the recall of models for pre-
dicting speech at various signal-to-noise (SNR) ratios.

To simulate the noise conditions present in the movies and TV
shows, we selected at random 2 clean wav files for each language
present in the MUSAN-librivox dataset (outlined in the Table 3).
The 2 files consists of one male and one female speaker. To each
clean wav file, we added 7 different noise signals at SNRs of 10,
5, 0, �5, �10 and �15 respectively to create noisy speech files.
The SNRs are divided into three sets; high SNRs (10 and 5), medim
SNRs (0 and �5) and low SNRs (-10 and �15). These noisy speech
files were further broken into model acceptable 800 ms chunks,
with each chunk given a label of 1 denoting ‘contains speech’.
The noise wav files were selected from Audioset [80]. The noise
types consists of babble noise, environmental noise, pink noise,
GRU-MS GRU-S GRU-SF STNET TCN

1.000 0.999 0.999 0.996 1.000
0.988 0.992 0.995 0.973 0.995
0.998 1.000 0.998 0.999 1.000
0.997 0.996 0.996 0.993 0.998
0.992 0.992 0.995 0.990 0.995
0.983 0.988 0.990 0.982 0.992
0.995 0.995 0.995 0.993 0.997
0.992 0.990 0.991 0.982 0.990
1.000 1.000 1.000 0.998 1.000
0.982 0.984 0.985 0.982 0.989
0.985 0.988 0.972 0.987 0.967
0.999 0.999 0.998 0.987 0.999
0.994 0.995 0.993 0.999 0.999
0.985 0.982 0.980 0.966 0.989
0.990 0.992 0.993 0.988 0.994
0.989 0.987 0.982 0.986 0.986
0.987 0.991 0.993 0.990 0.993



Table 10
AUC of various models on DEC-language.

Model Name German English Spanish Hindi Japansese Tamil

CLDNN 0.963 0.953 0.957 0.923 0.945 0.921
CNNTD-MS 0.939 0.925 0.927 0.891 0.934 0.885
CNNTD-S 0.947 0.940 0.943 0.903 0.943 0.905
CNNTD-SF 0.934 0.918 0.922 0.890 0.934 0.875
GRU-MS 0.949 0.943 0.961 0.902 0.930 0.924
GRU-S 0.941 0.930 0.940 0.900 0.927 0.896
GRU-SF 0.954 0.949 0.962 0.913 0.939 0.928
STNET 0.869 0.886 0.889 0.846 0.912 0.844
TCN 0.951 0.948 0.958 0.909 0.947 0.921

Table 11
Distribution of genres across DEC-1100 dataset.

Genre Animation Comedy Documentary Drama Action Others

% 41 20 14 14 2 9
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subway noise, theme music, traffic noise and white noise. The
selected noise types are some of the most common noises present
in DEC. Babble noise is usually present in DEC as part of scenes
where people are chatting/murmuring in the background such as,
inside a hall, in meetings and in gatherings. Environmental noise
is usually present in outdoor scenes and is associated with birds
and animal sounds. Pink noise is similar to the sound of rustling
leaves, wind and steady rain. Subway noise is associated with sce-
nes inside a subway or metro station, which includes announce-
ments in background and train sounds. Theme music contains
the background scores/music from several instruments such as
piano, guitar etc., and is the most common type of sound present
in DEC along with speech. Traffic noise is associated with vehicular
noise such as engine revving and horns. Finally, white noise is usu-
ally associated with indoor scenes and includes sounds of fan whir-
ring, air conditioner, radio static and old movies which have a
prominent continuous hissing, closely imitating radio static sound.
We performed inference for all the neural models on the noisy
Table 12
Mean Recall across languages for babble noise added to clean MUSAN-librivox clips.

(a) For languages

Recall

Models �15 �10 �
CLDNN 0.282 0.275 0.3

CNNTD-SF 0.151 0.304 0.4
CNNTD-S 0.063 0.140 0.2
CNNTD-MS 0.182 0.239 0.3
GRU-SF 0.040 0.091 0.1
GRU-S 0.044 0.094 0.1
GRU-MS 0.040 0.091 0.2
STNET 0.149 0.258 0.3
TCN 0.034 0.077 0.1

(b) For languages n

Recall

Models �15 �10 �
CLDNN 0.277 0.251 0.3

CNNTD-SF 0.177 0.329 0.5
CNNTD-S 0.077 0.157 0.3
CNNTD-MS 0.201 0.250 0.4
GRU-SF 0.056 0.108 0.1
GRU-S 0.050 0.105 0.2
GRU-MS 0.056 0.108 0.2
STNET 0.148 0.239 0.3
TCN 0.046 0.086 0.2
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speech files and computed the average recall of the models across
languages. For this experiment, the precision will always be 1 and
thus recall is the metric of choice, as there are no explicit non-
speech signals in the noisy speech files.

We divided the results into two parts, a) Average recall score for
the languages which are present in the training set (DEC-1100)
including, English, German, French and Spanish, and b) Average
recall score for the languages which are not part of training set
(DEC-1100) including, Arabic, Chinese, Danish, Dutch, Hebrew,
Hungarian, Italian, Latin, Polish, Portuguese, Russian and Tagalog.
Using the two parts, we also demonstrate the language agnostic
characteristics of the deep learning models. We shall now describe
the individual noise experiments.

Result with babble noise: Tables 12a and 12b presents the
average recall scores of various models trained on DEC-1100 across
the two sets; a) containing languages present in the training set,
and b) not containing languages in the training set. We observe
that CNNTD-SF and CNNTD-MS results in the highest recall scores
in train set.

SNR

5 0 5 10

54 0.537 0.711 0.793
89 0.647 0.791 0.852
77 0.502 0.712 0.814
80 0.632 0.772 0.826
71 0.216 0.594 0.802
98 0.338 0.510 0.660
16 0.394 0.567 0.689
88 0.529 0.682 0.773
92 0.454 0.665 0.746

ot in train set.

SNR

5 0 5 10

70 0.587 0.748 0.811
18 0.696 0.803 0.841
22 0.577 0.758 0.821
13 0.686 0.825 0.848
60 0.302 0.700 0.819
26 0.424 0.606 0.733
47 0.471 0.657 0.757
95 0.583 0.720 0.786
32 0.545 0.756 0.814
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at high SNRs (10 and 5). At medium SNRs (0, �5) of CNNTD-SF
results in highest recall. At low SNRs (-10 and �15) CLDNN outper-
forms others. The CNNTD variants outperform others by a large
margin at high SNRs for babble noise as babble noise consists of
human speech sounds and network is able to differentiate between
clean and noisy speech files. The networks show a similar perfor-
mance for both the cases of languages present and absent in
DEC-1100 train set.

Result with environmental noise: Tables 13a and 13b presents
the average recall scores of various models trained on DEC-1100
across the two sets. We observe that CNNTD-SF and CNNTD-MS
results in highest recall scores at high SNRs (10 and 5). At medium
Table 13
Mean Recall across languages for environmental noise added to clean MUSAN-librivox cli

(a) For languages

Recall

Models �15 �10 �
CLDNN 0.541 0.649 0.6

CNNTD-SF 0.166 0.333 0.5
CNNTD-S 0.093 0.194 0.3
CNNTD-MS 0.302 0.453 0.6
GRU-SF 0.061 0.139 0.1
GRU-S 0.078 0.155 0.2
GRU-MS 0.061 0.139 0.3
STNET 0.237 0.393 0.5
TCN 0.108 0.233 0.4

(b) For languages n

Recall

Models �15 �10 �
CLDNN 0.563 0.647 0.7

CNNTD-SF 0.196 0.345 0.5
CNNTD-S 0.120 0.228 0.4
CNNTD-MS 0.331 0.480 0.6
GRU-SF 0.088 0.169 0.1
GRU-S 0.102 0.175 0.3
GRU-MS 0.088 0.169 0.3
STNET 0.220 0.382 0.5
TCN 0.143 0.288 0.4

Table 14
Mean Recall across languages for pink noise added to clean MUSAN-librivox clips.

(a) For languages

Recall

Models �15 �10 �
CLDNN 0.516 0.625 0.7

CNNTD-SF 0.000 0.006 0.0
CNNTD-S 0.000 0.000 0.0
CNNTD-MS 0.002 0.001 0.0
GRU-SF 0.000 0.000 0.1
GRU-S 0.000 0.000 0.0
GRU-MS 0.000 0.000 0.0
STNET 0.101 0.064 0.0
TCN 0.000 0.000 0.0

(b) For languages n

Recall

Models �15 �10 �
CLDNN 0.508 0.609 0.6

CNNTD-SF 0.000 0.007 0.0
CNNTD-S 0.000 0.001 0.0
CNNTD-MS 0.004 0.001 0.0
GRU-SF 0.000 0.000 0.1
GRU-S 0.000 0.000 0.0
GRU-MS 0.000 0.000 0.0
STNET 0.002 0.002 0.0
TCN 0.000 0.000 0.0
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SNRs of 0 and �5 CNNTD-MS results in highest recall. At low SNRs,
CLDNN has the highest recall. The networks show a similar perfor-
mance for both languages present and absent in DEC-1100 train
set. However, CLDNN is the most robust architecture with smallest
decline in recall with increasing noise, which is due to noise robust
features learnt in the lower CNN layers as outlined in [3].

Result with pink noise: Tables 14a and 14b presents the aver-
age recall scores of various models trained on DEC-1100 across the
two sets. We observe that at high SNR of 10, CNNTD-SF results in
highest recall score, while for medium and low SNRs, CLDNN is
the best performing network. The networks show similar perfor-
mance for both languages present and absent in DEC-1100 train
ps.

in train set.

SNR

5 0 5 10

94 0.726 0.784 0.808
36 0.722 0.815 0.855
99 0.622 0.778 0.829
22 0.742 0.822 0.844
71 0.216 0.594 0.802
90 0.453 0.588 0.681
09 0.503 0.640 0.717
29 0.648 0.718 0.785
18 0.614 0.729 0.772

ot in train set.

SNR

5 0 5 10

01 0.755 0.799 0.818
50 0.746 0.823 0.840
31 0.668 0.786 0.822
37 0.762 0.827 0.839
60 0.302 0.700 0.819
27 0.520 0.671 0.744
58 0.564 0.711 0.774
26 0.643 0.731 0.779
72 0.676 0.787 0.814

in train set.

SNR

5 0 5 10

12 0.754 0.796 0.816
72 0.332 0.665 0.828
10 0.166 0.557 0.777
11 0.221 0.615 0.784
71 0.216 0.594 0.802
04 0.064 0.310 0.586
05 0.105 0.411 0.637
06 0.080 0.438 0.687
04 0.162 0.545 0.721

ot in train set.

SNR

5 0 5 10

91 0.768 0.812 0.826
88 0.444 0.739 0.835
14 0.234 0.641 0.789
14 0.299 0.716 0.813
60 0.302 0.700 0.819
06 0.101 0.439 0.688
04 0.133 0.500 0.712
04 0.109 0.485 0.698
05 0.218 0.666 0.794
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set. Networks other than CLDNN results in lower performance with
decreasing SNRs, as the dialogues in DEC-1100 train dataset, does
not contain speech mixed with pink noise with such low SNRs.

Result with subway noise: Tables 15a and 15b presents the
average recall scores of various models trained on DEC-1100 across
the two sets. We observe that at high SNR of 10, CNNTD-SF results
in highest recall score, while for medium and low SNRs, CLDNN is
the best performing network. The networks show similar perfor-
mance for both languages present and absent in DEC-1100 train
set. Networks other than CLDNN results in lower performance with
Table 15
Mean Recall across languages for subway noise added to clean MUSAN-librivox clips.

(a) For languages

Recall

Models �15 �10 �
CLDNN 0.558 0.639 0.7

CNNTD-SF 0.028 0.071 0.1
CNNTD-S 0.012 0.027 0.0
CNNTD-MS 0.044 0.057 0.1
GRU-SF 0.016 0.025 0.1
GRU-S 0.024 0.027 0.0
GRU-MS 0.016 0.025 0.0
STNET 0.132 0.071 0.0
TCN 0.016 0.031 0.0

(b) For languages n

Recall

Models �15 �10 �
CLDNN 0.538 0.619 0.7

CNNTD-SF 0.038 0.078 0.2
CNNTD-S 0.015 0.030 0.0
CNNTD-MS 0.041 0.061 0.1
GRU-SF 0.024 0.035 0.1
GRU-S 0.024 0.035 0.0
GRU-MS 0.018 0.026 0.0
STNET 0.058 0.058 0.0
TCN 0.021 0.034 0.0

Table 16
Mean Recall across languages for theme music added to clean MUSAN-librivox clips.

(a) For languages

Recall

Models �15 �10 �
CLDNN 0.069 0.009 0.0

CNNTD-SF 0.000 0.002 0.0
CNNTD-S 0.000 0.000 0.0
CNNTD-MS 0.004 0.003 0.0
GRU-SF 0.000 0.000 0.1
GRU-S 0.002 0.010 0.0
GRU-MS 0.000 0.000 0.0
STNET 0.006 0.002 0.0
TCN 0.000 0.000 0.0

(b) For languages n

Recall

Models �15 �10 �
CLDNN 0.054 0.004 0.0

CNNTD-SF 0.000 0.004 0.0
CNNTD-S 0.000 0.000 0.0
CNNTD-MS 0.001 0.003 0.0
GRU-SF 0.000 0.000 0.1
GRU-S 0.002 0.007 0.1
GRU-MS 0.000 0.000 0.0
STNET 0.000 0.002 0.1
TCN 0.000 0.000 0.0
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decreasing SNRs, as the dialogues in DEC-1100 train dataset, does
not contain speech mixed with subway noise with such low SNRs.

Result with theme noise: Tables 16a and 16b presents the
average recall scores of various models trained on DEC-1100 across
the two sets. We observe that at high SNRs, CNNTD-SF results in
highest recall score, while for very low SNRs, no model can identify
speech. The networks show similar performance for both lan-
guages present and absent in DEC-1100 train set. The low perfor-
mance of the networks at low and medium SNR is attributed to
the fact that musical instruments have fundamental frequencies
in train set.

SNR

5 0 5 10

07 0.740 0.786 0.814
65 0.416 0.678 0.823
71 0.250 0.580 0.770
14 0.382 0.670 0.789
71 0.216 0.594 0.802
48 0.139 0.356 0.568
60 0.203 0.471 0.642
74 0.216 0.511 0.712
61 0.263 0.598 0.725

ot in train set.

SNR

5 0 5 10

03 0.759 0.794 0.821
08 0.523 0.756 0.822
79 0.333 0.670 0.791
35 0.454 0.748 0.816
60 0.302 0.700 0.819
63 0.189 0.473 0.678
63 0.239 0.553 0.724
75 0.250 0.574 0.736
72 0.346 0.699 0.802

in train set.

SNR

5 0 5 10

00 0.043 0.404 0.707
53 0.407 0.753 0.862
27 0.291 0.680 0.821
47 0.383 0.720 0.831
71 0.216 0.594 0.802
80 0.371 0.650 0.759
25 0.225 0.530 0.677
79 0.478 0.719 0.794
15 0.257 0.618 0.747

ot in train set.

SNR

5 0 5 10

00 0.062 0.469 0.759
67 0.522 0.804 0.851
34 0.391 0.728 0.817
49 0.462 0.789 0.841
60 0.302 0.700 0.819
01 0.487 0.736 0.798
28 0.298 0.623 0.750
06 0.554 0.749 0.798
19 0.346 0.728 0.815
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in the range of 100–400 Hz, which overlaps largely with speech
fundamental frequency range of 85–300 Hz.

Result with traffic noise: Tables 17a and 17b presents the
average recall scores of various models trained on DEC-1100 across
the two sets. We observe that at high SNRs, CNNTD-SF results in
highest recall score, while for medium and low SNRs, CLDNN is
the best performing network. The networks show similar perfor-
mance for both languages present and absent in DEC-1100 train
set. Networks other than CLDNN results in lower performance with
decreasing SNRs, as the dialogues in DEC-1100 train dataset, does
not contain speech mixed with traffic noise with such low SNRs.
Table 17
Mean Recall across languages for traffic noise added to clean MUSAN-librivox clips.

(a) For languages

Recall

Models �15 �10 �
CLDNN 0.331 0.344 0.4

CNNTD-SF 0.035 0.074 0.1
CNNTD-S 0.010 0.030 0.1
CNNTD-MS 0.018 0.045 0.1
GRU-SF 0.000 0.007 0.1
GRU-S 0.005 0.021 0.0
GRU-MS 0.000 0.007 0.0
STNET 0.032 0.027 0.0
TCN 0.005 0.016 0.0

(b) For languages n

Recall

Models �15 �10 �
CLDNN 0.313 0.316 0.4

CNNTD-SF 0.033 0.080 0.1
CNNTD-S 0.016 0.036 0.1
CNNTD-MS 0.021 0.047 0.1
GRU-SF 0.001 0.008 0.1
GRU-S 0.010 0.022 0.0
GRU-MS 0.001 0.008 0.0
STNET 0.002 0.018 0.0
TCN 0.008 0.018 0.0

Table 18
Mean Recall across languages for white noise added to clean MUSAN-librivox clips.

(a) For languages

Recall

Models �15 �10 �
CLDNN 0.047 0.004 0.0

CNNTD-SF 0.002 0.041 0.3
CNNTD-S 0.000 0.010 0.2
CNNTD-MS 0.001 0.007 0.1
GRU-SF 0.000 0.007 0.1
GRU-S 0.000 0.018 0.1
GRU-MS 0.000 0.007 0.1
STNET 0.018 0.087 0.5
TCN 0.000 0.004 0.0

(b) For languages n

Recall

Models �15 �10 �
CLDNN 0.037 0.004 0.0

CNNTD-SF 0.003 0.047 0.4
CNNTD-S 0.000 0.010 0.2
CNNTD-MS 0.000 0.009 0.1
GRU-SF 0.000 0.006 0.1
GRU-S 0.001 0.020 0.2
GRU-MS 0.000 0.006 0.1
STNET 0.014 0.099 0.5
TCN 0.000 0.003 0.0
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Result with white noise: Tables 18a and 18b presents the aver-
age recall scores of various models trained on DEC-1100 across the
two sets. We observe that at high SNR of 10 and 5, CNNTD-SF
results in highest recall score, while for medium SNRs, STNET is
the best performing network and at low SNRs, no model is able
to distinguish speech. The networks show similar performance
for both languages present and absent in DEC-1100 train set. White
noise is not usually present with high SNRs in DEC, as it deterio-
rates the audio perceptual quality and hampers listening experi-
ence. Therefore, the networks do not perform well at medium
and low SNRs.
in train set.

SNR

5 0 5 10

61 0.634 0.750 0.797
54 0.369 0.696 0.832
01 0.303 0.635 0.787
20 0.409 0.704 0.815
71 0.216 0.594 0.802
59 0.192 0.454 0.640
45 0.222 0.507 0.676
60 0.232 0.563 0.734
67 0.306 0.616 0.728

ot in train set.

SNR

5 0 5 10

71 0.665 0.774 0.818
67 0.467 0.763 0.834
02 0.373 0.706 0.807
36 0.491 0.775 0.830
60 0.302 0.700 0.819
71 0.264 0.586 0.726
50 0.292 0.599 0.743
64 0.283 0.612 0.753
80 0.401 0.719 0.805

in train set.

SNR

5 0 5 10

10 0.213 0.596 0.767
33 0.722 0.861 0.887
37 0.663 0.825 0.867
44 0.598 0.796 0.857
71 0.216 0.594 0.802
76 0.584 0.777 0.814
23 0.505 0.721 0.759
01 0.797 0.829 0.843
74 0.418 0.684 0.774

ot in train set.

SNR

5 0 5 10

16 0.248 0.654 0.798
00 0.768 0.859 0.865
97 0.721 0.836 0.852
75 0.685 0.845 0.858
60 0.302 0.700 0.819
15 0.663 0.818 0.832
61 0.582 0.772 0.810
45 0.808 0.835 0.833
91 0.521 0.780 0.827
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Overall, CNNTD-SF is the best performing model in presence of
noise at high SNRs, which are typically present in DEC. The
instantaneous frequency feature concatenated with magnitude
spectrogram allows the model to differentiate non-speech sounds
with speech sounds at high SNRs. Moreover, CLDNN is the most
robust model in presence of noise due to its noise robust features.
We re-establish through experimental validation that CLDNN is
able to learn noise robust features through its CNN backbone
using raw audio features as described in [3]. At low SNRs of
�10 and �15, no model is able to distinguish speech from noise
as evident from the recall rate described in the tables (12–18).
Hence, �10 SNR acts as a limit of sequence based deep architec-
tures for speech detection. Such high noise cases are not com-
monly present in the movies and TV shows, as the presence of
low SNRs during dialogues in movies hampers the listening expe-
rience. Therefore, no model is able to identify speech in such low
SNR regimes. The GRU based networks are not robust to input
noise despite having same input feature representation as CNNTD
variants. This is because, CNN based architectures are better fea-
ture learners compared to GRU based networks. They are able to
detect short utterances within a segment, and thus are robust to
silence/noise within these segments as outlined in [1]. In terms of
language sensitivity at high SNRs (10 and 5), all the sequence
based models retain their respective recall rates for the languages
present and absent in training set (DEC-1100), thereby, can trans-
fer their learning to identify speech in languages absent from
train set.
5. Conclusions

This paper presents a comprehensive empirical analysis of var-
ious neural models for VAD applied to DEC. A robust and language
agnostic VAD is crucial for subsequent downstream tasks such as
creation and validation of DEC subtitles and metadata. Previous
standard VAD approaches are not applicable to DEC due to its noisy
structure spanning multiple languages. Hence, we used a propri-
etary corpus of 1100 DEC videos spanning 450 h of content, 5 + gen-
res and 9 languages, making it the largest DEC dataset used till date
to develop VAD models. In this work, we made the following
observations:

(a) Deep architectures are robust to label noises and results in
AUCs up to � 0.95 when tested on clean dataset. (b) Using a larger
labelled training corpus substantially increases the neural VAD
model’s TPR by 1.3% (relative) from the previous state-of-the-art
results on AVA dataset. (c) Various sequence based deep neural
VADs results in similar levels of competence in terms of language
agnostic behaviour. These models were trained on a set of 9 lan-
guages with highly skewed distribution, containing English as the
major language. However, our experiments highlighted in the
Tables 9 and 12–18 demonstrate the models are able to generalize
even for languages which are not a part of training set. This is
attributed to the language agnostic features learned by sequence
based models. (d) We tested the models on speech only clips mixed
with seven different noise types across 6 SNRs. We observed that
across several feature representations for the sequence based deep
networks, CNNTD-SF and CLDNN outperforms other methods. For
high SNRs, CNNTD-SF is the better model. Such high SNRs are usu-
ally associated with dialogues in movies and TV shows. However,
CLDNN is the most noise robust model as it is able to identify
speech at medium SNRs. No model is able to identify speech at
low SNRs of �10 and �15. Practically, such low and medium SNR
cases do not occur in DEC, as it greatly hampers listening experi-
ence of the viewer. Therefore, CNNTD-SF is our choice of deep
architecture to be used as VAD for DEC. e) We found the CNN based
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architectures with large number of parameters (> 2 M parameters)
are least robust.

The GRU and CNN based architectures do not perform well
under medium to low SNR setting. This can be further improved
using data augmentation techniques such as Mixup [94] and add-
ing several explicit noise types during training time. Currently, the
training set is highly biased towards English and other languages
are limited in samples, therefore, language sensitivity can also be
improved by increasing language coverage in the training set.
Moreover, we also plan to experiment by concatenating spectro-
grams with other feature representations such as MFCCs and raw
audio waveforms. Wav2vec2.0 is a recent architecture that has
emerged as leading network of choice for audio feature extraction
[95]. We also plan to experiment by using audio embeddings
extracted from wav2vec2.0 as input to these CNN and GRU based
architectures. In the future, we shall also extend this work into,
a) Multiclass and multilabel setting like caption classification
(sound categorization which includes traffic noises, human sounds
such as grunts, sighs, cough, sneeze etc. and several animal,
machine, weapons and environmental sounds) which finds its
application in creating Subtitles for Deaf and Hard of Hearing
(SDH), b) We are also working in the direction of using this lan-
guage agnostic and robust VAD to create a model for automatic
subtitle drift localization and correction and c) Identifying the time
stamps associated with missing subtitles.
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