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Abstract

The goal of this work is to automatically determine whether and when a word of
interest is spoken by a talking face, with or without the audio. We propose a zero-shot
method suitable for ‘in the wild’ videos. Our key contributions are: (1) a novel convolu-
tional architecture, KWS-Net, that uses a similarity map intermediate representation to
separate the task into (i) sequence matching, and (ii) pattern detection, to decide whether
the word is there and when; (2) we demonstrate that if audio is available, visual key-
word spotting improves the performance both for a clean and noisy audio signal. Finally,
(3) we show that our method generalises to other languages, specifically French and Ger-
man, and achieves a comparable performance to English with less language specific data,
by fine-tuning the network pre-trained on English. The method exceeds the performance
of the previous state-of-the-art visual keyword spotting architecture when trained and
tested on the same benchmark, and also that of a state-of-the-art lip reading method.

1 Introduction

Keyword spotting (KWS) is the task of detecting a word of interest within continuous speech.
In audio-visual data, the keyword can be detected from the audio stream only, from the
visual stream only, or from both streams. The task differs from automatic speech recognition
(ASR) or from automatic visual speech recognition (AVSR, lip reading), where the aim is to
recognise the phrases and sentences being spoken from scratch. In KWS, the word that is
sought is provided by the user, and consequently the task is easier than recognising with no
knowledge as in ASR or AVSR. This suggests that a KWS model can (i) be much simpler

than ASR or AVSR, and (ii) have higher performance.

KWS is more practical in many situations. Indeed, ASR is frequently not the aim of
real-world speech processing applications and complete speech transcription can therefore
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Figure 1: General approach of KWS-Net: The inputs to the model are a user-specified
keyword and either audio, video or both. The objective is to detect whether the keyword
occurs in the input signal and, if present, then where it is.

be redundant. Keyword search, which consists in retrieving speech utterances including a
keyword from a large database, is often a more useful task. KWS also surpasses ASR in
cases where context is limited, for example for detecting mouthings in sign language [6].

Visual KWS has clear applications to cases where audio is unavailable such as for brows-
ing archival silent films, and more importantly for cases where audio has been corrupted
with noise, including for wake-word recognition (e.g. ‘OK Google’, ‘Hey Siri’ and ‘Alexa’)
as well as other human-robot interactions, such as in smart home technologies (for example,
turning off the lights) or to assist people with speech impairment or aphonia [34].

A fundamental constraint for any visual KWS system is detecting words which sound
different but involve the same lip movements (they have the same ‘visemes’ — visemes are
the visual equivalent of phonemes; phonemes are the smallest unit of sound in speech). For
instance, the words ‘may’, ‘pay’ and ‘bay’ cannot be distinguished without audio as the
visemes for ‘m’, ‘p’ and ‘b’ look the same. Other difficulties include intra-class differences
(such as accents, speed of speech and mumbling which modify lip movements) and vari-
able imaging conditions (such as lighting, motion, resolution) [13]. Spotting words from
continuous speech is also challenging as there may be co-articulation of the lips.

In this paper, we introduce a novel convolutional architecture, KWS-Net, for spotting
keywords in visual speech. The model introduces a similarity map that splits the task into
(i) matching a token phoneme sequence against a viseme sequence, and (ii) defecting an
alignment pattern to decide whether and when the keyword occurs (see Figure 1). Step (ii) is
performed in a detector-by-classification manner, inspired by sliding window object detec-
tion methods. The model is able to spot words that are unseen during training, and are
specified by a user at test time (zero-shot). We show that KWS-Net exceeds the previous
state-of-the-art network of Stafylakis et al. [37] for visual KWS on standard benchmarks.
Furthermore, we show that audio-visual KWS outperforms the audio-only KWS counterpart
marginally for clean audio, but substantially for noisy audio. The visual-only and audio-
visual KWS models are described in Section 3. Finally, we apply our method to French and
German datasets built from TED videos (see Section 4) and demonstrate that our model can
perform comparably to English in other languages with less language specific training data.
The project webpage is at: www . robots.ox.ac.uk/~vgg/research/kws-net/.

2 Related Work

Lip reading. Recent deep learning methods involving character-level recognition of visual
sequences can be divided into two types: (i) models trained with a Connectionist Temporal
Classification (CTC) loss [19], where frame-wise label predictions are made in search for
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an optimal alignment with the output sequence, and (ii) models trained with a sequence
sequence (seq2seq) loss, that rst read the entire input before attending to different
of it at each step of an autoregressive output sequence prediction process. Exampl
CTC models include LipNet [8] and more recently LSVSR [34], that shows state-of-the-
performance with a word error rate as low as 40.9% when trained on vast amounts of ¢
Examples of seq2seq models include the LSTM with attention model from Gitiald16],

which extends the audio model "Listen, attend and spell' [10] to visual and audio-visi
ASR. Afouraset al. [2] combine the seqg2seq loss with self-attention layers and propose
transformer-based model. Hybrid approaches combining CTC and seq2seq losses were
recently proposed [4, 30], demonstrating promising results on the LRS2 benchmark [4, !

Audio KWS. Traditional audio-based KWS methods are based on HMMs [40]. More rece
deep learning works investigate fully connected networks [11, 41], time delay neural r
works [28, 39], convolutional neural networks (CNNSs) [29, 32, 42, 46], graph convolution
neural networks [12], and recurrent neural networks (RNNs) [18, 23, 38]. RNNs are a
combined with convolutional layers [7, 25, 27] to simultaneously model local features a
temporal dependencies. Recent works also explore seq2seq models for KWS [9, 31, 45,

Visual KWS. Yao et al. [44] use sliding windows to split sentence-level videos into smalle
segments on which they perform word-level classi cation and aggregate across segment
ing a max pooling layer. Their method is used for a closed-set of 1000 Mandarin keywor
whereas our method is zero-shot. We cannot compare to their work as (i) we do not have
cess to Mandarin phonetic dictionaries, and (ii) their validation and test sets are unavaile
Jhaet al. [24] propose a query by example visual KWS architecture, where the word que
and retrieval are both videos, and a cosine similarity score is used to assign a label que
a target video. Recently, Stafylalesal. [37] devised an end-to-end architecture which use
RNNSs to learn correlations between visual features and a keyword representation, extre
from a grapheme-to-phoneme encoder-decoder.

Audio-visual KWS. Ding et al. [17] build an audio-visual decision fusion KWS system,
consisting of 2D CNNs to model the time-frequency features of the log mel-spectrogram :
3D CNNs to model the spatio-temporal features of the mouth. The softmax outputs of
audio and visual networks are combined through a summation, with xed weights for ec
modality, to estimate the posterior probability of each keyword. In [43], adaptive decisi
audio-visual fusion based on HMMs is performed using a proposed lip descriptor. B
of these works are evaluated on the private, relatively small PKU-AV dataset of 3000 cl
and 30 keywords, involving no more than 20 speakers and excluding any mouth occlusi
These methods are evaluated with keywords seen during training, as opposed to zero-s|

Figure 2:Visual-only KWS-Net pipeline: The viseme and phonetic sequence embedding
are used to compute a similarity map, which is expected to show a strong diagonal con
nent when the keyword is present. This pattern can be detected by a CNN-based clas:s
The output keyword detection probabilities are plotted for the clip. See details in Section
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3 KWS-Net

The visual KWS-Net model, shown in Figure 2, contains two input streams: a visual featur
extractor and a keyword encoder that produces an embedding for the pronunciation of tl
gueried keyword. The visual and phonetic representations are fused into a single chant
similarity bottleneck, which is then passed through a CNN classi er to detect an alignmen
pattern. Full details of the model are given in the arXiv version of the paper.

Visual feature extractor. The visual feature extractor takes as input a sequence of frame:
from a clip of a talking face and outputs visual features. The feature extraction is based on
18-layer spatio-temporal ResNet [20, 36] which has shown good results on related tasks st
as lip reading [4] and audio-visual speech enhancement [1]. The network applies 3D conv
lutions on the input image sequence, followed by a 2D ResNet that gradually decreases t
spatial dimensions, while preserving the temporal resolution. The visual encoding obtaine
is a sequence of dimensitn 512, wherd, is the number of input frames. The features are
then passed through a BiLSTM [22, 33] to model temporal dynamics.

Keyword encoder. The keyword encoder is a BILSTM that ingests the phoneme token
sequence of the input keyword (e.g. "HH,' "AE1, "P,' "IYO' for "happy"), obtained using the
CMU pronouncing dictionary [35], and outputs a phonetic keyword embedding sequenc
with dimensionsy, 512, wheren, is the number of phonemes in the keyword.

Similarity map. We compute the dot product between the phonetic sequence embeddir
P (np 512) and the visual feature sequencé, 512) which results in a similarity map
(np ty), expected to show high activation when the keyword occurs in the clip (positive
pair), i.e. when the two modalities align.

CNN detector and classi er. The similarity map is processed by a shallow CNN, which
outputs the probability that the keyword is present at a speci c location, by detecting pat
terns in it (e.g. a strong diagonal component). The CNN gradually subsamples the tempot
dimension by a factor of 8 and collapses the phoneme dimension to a singleton, resultir
in an output of lengtho" = t,=8 . We apply a sigmoid activation on the resulting tempo-
ral sequence that outputs for every frame the probability that the keyword occurs arour
it. The sample is predicted to contain the keyword if the maximum probability over all the
frames is above a certain threshold, and the frame position of the maximum is regarded
the predicted location of the keyword.

As shown in Figure 2, before feeding the similarity map to the CNN, we concatenate
the phonetic sequence embedding (broadcast over time) to it. The intuition for the add
tion of this shortcut is the following: (i) Some phonemes have a short duration so they ma
not appear in the map, especially in visual-only experiments where the frame rate is 25H
(i) Some phonemes may appear more than once in the keyword, meaning the diagonal
sumption of the pattern might no longer hold since off-diagonal components may appear.
Loss function. For training we create clip-keyword sample pairs which are labeled positive
or negative depending on whether or not the keyword occurs in the clip (which can contain &
arbitrarily long utterance). Given a sample pair, the KWS-Net model outputs a probability
pe(y = 1jV;P) representing how likely the keyword is to occur at every temporal location
t 2 [1;t94. We obtain a sequence-level prediction by taking the maximum probability over
all time locations. The optimisation objective is then a binary cross-entropy loss between th
prediction and the ground truth sequence-level lgbé€l for positive sample, 0 otherwise):

Lws(V;Py )=y logmaxp(y=1jV;P) (1 y)log(1 maxp(y= 1V;P)) (1)
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If we have access to the exact word time boundaries then the temporal interval is use
extra supervision to help the model learn to correctly localise keywords within the clip: f
positive samples, we calculate the maximum only within those time boundaries where
keyword is known to occur, instead of the full lendhtS"]. If not stated otherwise, this
is the method that we use. The boundaries can be obtained by forced alignment anc
included with some datasets (e.g. LRS2 [15]).

Differences to prior work. Here, KWS is converted to an object detection problem wher
the CNN detects patterns from a similarity map that correspond to alignments betw
viseme and phonetic sequences. Similar alignments can be detected by word-level HV
that typically follow a “left-to-right, no skips' structure. Instead of detecting these patter
with probabilistic models, we employ a CNN and train the whole architecture jointly in &
end-to-end manner, leveraging the large size of the datasets (see Table 1) and followin
recent trend in lip reading state-of-the-art methods (see Section 2).

In [37], xed length word embeddings are obtained from a grapheme (character)
phoneme (G2P) encoder-decoder architecture, using an additional decoder loss to enco
word representations that re ect the pronunciation. Instead, we build variable length wt
embeddings by directly encoding the phonemes using simply a BiLSTM. This approach
several advantages: (i) it strongly re ects the pronunciation and aligns better with the vise
features, (ii) it offers more control of words with multiple pronunciations, compared to G2
and nally, (iii) phonemes are more language-independent compared to graphemes, enal
the encoder to be shared between languages.

Audio-only KWS-Net. We design an audio-only variation of the model, that operates c
audio waveforms instead of video clips. We extract acoustic features by applying a ST
to the audio clip, with a 32ms window and 10ms hop-length, at a 16 kHz sample rate. T

resulting spectrograms are projected to mel-scale, yielding 80-dimensional features. S
the video is sampled at 25 fps (40 ms per frame), every video input frame correspo
to 4 acoustic feature frames. The spectrograms are therefore passed through two st
convolutions to get the acoustic features down to video resolution, achieving a comn
temporal-scale for both modalities. This subsampling step allows us to keep the ove
architecture the same for visual-only, audio-only and audio-visual inputs.

Audio-visual KWS-Net. We employ a late decision audio-visual fusion. In this case, th
audio-only and visual-only KWS-Net models are trained separately as explained above.
logits from the output of the CNN classi er from each of the audio-only and visual-onl

models are then averaged before applying the sigmoid activation, with the weights for e
modality chosen according to the best performing value on the validation set. We expl
the effect of varying modality weights in the arXiv version of the paper.

4 Experiments

Datasets. The audio-visual datasets used are summarised in Table 1. LRW [13] cons
of single-word utterances from BBC television broadcasts. LRS2 [4, 15] and LRS3 |
consist of thousands of spoken sentences from BBC and TED/TEDx talks respectiv
Both datasets contain samples from multiple viewpoints, however LRS3 is more challe
ing than LRS2: speakers are pictured from a wider range of viewpoints and with mic
phones/headsets, while addressing the audience results in more frequent head mover
We also use the French and German subsets of LRS3!Laogjected from TED/TEDx

LAvailable atwww.robots.ox.ac.uk/~vgg/data/lip_reading/Irs3-lang
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Dataset Split #Utt. #Words #Hours \Vocab. Examples

Train-val 514k 514k 165 500

LRW [14] Test 25k 25k 8 500
Pre-train 96k 2M 195 41k
LRS2[4,15] Train-val 47k 336k 29 18k
Test 1.2k 6k 0.5 1.7k

Pre-train 132k 3.9M 444 51k

LRS3[3] Train-val 32k 358k 30 17k
Test 1.3k 10k 1 2k

Train-val 69k iM 107 28k

LRS3-Fr Test 13k 10.7k 12 21k
Train-val 12k 185k 20 11.2k

LRS3-De  rest 17k 10.6k 15 1.9k

Table 1:Statistics on datasetsDivision of development and test data, number of utterances
and word instances, duration, vocabulary size and examples for each dataset.

videos following the procedure from [3], and refer to them as LRS3-Fr and LRS3-De respec
tively. In Section 5, we compare the performance of KWS-Net on LRS3-Fr and LRS3-De
with that of LRSS, instead of LRS2, as the datasets come from the same domain.

We set up our experiments following [37]: for both training and evaluation, we use only
keywords pronounced with, > 6 phonemes. Moreover, as we want to evaluate on unseen
keywords, we ensure that training and testing are performed on disjoint keyword vocabula
ies. To that end, we use all the words appearing in the test setsith6 phonemes as
evaluation keywords and we remove them from the training vocabulary, i.e. those words a
not used in training the keyword encoder. We perform the language generalisation expe
ments on LRS3, LRS3-Fr, and LRS3-De in the seen and unseen keywords setting, thereft
we drop the last constraint: test keywords for these datasets may have been seen dur
training. For exact details about the size of the resulting train and test keyword vocabulat
of every dataset, please refer to the arXiv version of the paper.

Baselines.We have four baselines: three are evaluated on LRS2 and the nal one on LRW
As a rst baseline we use our implementation of the model of Stafylakal. [37], which

we also pre-train on LRW for fair comparison. This architecture is described fully in the
arXiv version of the paper. Our second baseline is a variant of Stafydalds [37], where

the G2P network is switched to phoneme-to-grapheme (P2G) for a more expressive phone
word representation.

Our third baseline is the lip reading visual-ASR model from Afousasal. [5], a CTC
based model learned through cross-modal distillation, which is currently the state of the a
on LRS2 for training only on publicly available data. The implementation code and pre-
trained models are obtained from the authors. In order to apply the ASR model to KWS, w
follow the method in [21]: rather than only using the best decoding prediction, we extrac
then highest scoring hypotheses using a beam search and estimate the posterior probabi
that the keyword occurs in a clip using Equation (7) in [21].

Our nal baseline is the work of Jhat al. [24], although our methods are not directly
comparable as they perform query by example (as opposed to query by string). Their retrie\
pipeline uses the LRW test set for querying and the LRW validation set for retrieval over 50(
words. It should be noted that their model only works for a closed set of words, for whict
examples are provided, whereas KWS-Net can be used to spot words unseen during traini
We directly compare to the results reported in their paper.



