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Abstract

Understanding human communication is the first step towards enabling most
human-machine interactions. Deep learning models of today can accurately tran-
scribe and reason across spoken and written forms of human communication. In
this work, we focus on the third frontier in human communication — the visual
language, specifically the signals communicated using our lips and hands.

In the first part of this work, we focus on transcribing lip movements to text.
We develop new attention-based visual features to track the lip region in a dy-
namic talking head video. Next, we leverage recent advances in automatic speech
recognition (ASR) and show that we can adapt a state-of-the-art ASR model for
lip-reading. Finally, we extend lip reading to languages beyond English using a
new large-scale multilingual dataset with weak ASR labels.

In the second part of this thesis, we propose Transpotter, a new architecture
that can localize the word being uttered in the silent video. It outperforms previous
methods by a large margin — and demonstrates strong application in spotting
mouthings in sign language videos.

In the third part of this work, we shift our attention to sign language and solve
several problems in pursuit of our goal to recognize continuous signing sequences.
We develop automatic methods to densely annotate a large corpora of signing
videos with word labels. We also design a novel approach to recognize an important
class of signs — Fingerspelling. Finally, we move beyond word-level recognition
to tackle continuous sign language recognition in large vocabulary settings.

In the final part of the thesis, we expand our area from signing gestures to
co-speech gestures. We propose JEGAL, a joint embedding space to associate
hand gestures to the words being uttered. We demonstrate the efficacy of these

representations in strong downstream applications.
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CHAPTER 1. INTRODUCTION

Chapter 1

Introduction

Humans are multi-sensory beings, continuously processing information through
a combination of senses. Sight and sound are particularly dominant, as they
provide rapid, dense inputs for day-to-day activities and social interactions. Our
auditory processing enables us to convey complex meaning through spoken words,
facilitating real-time information flow. Naturally, in our quest to build machines
that function alongside us, we have constantly developed intelligent systems that
are capable of deciphering human speech [Baevski et al. 2020; Radford et al. 2022],
understanding the linguistic content [Touvron et al. 2023; Brown et al. 2020}, and
even responding with human-like voices [Le et al. 2023; Chengyi Wang et al. 2023;
Casanova et al. 2022]. With speech and language being the seemingly indispensable
modalities for communication, the importance of sight in communication has flown
a bit under the radar.

Visual communication, or non-verbal cues, has always enriched spoken lan-
guage by adding depth, emphasis, and clarity. Lip movements help us discern
words in noisy environments, while gestures—Ilike raising a clenched fist to rally
a crowd or placing a hand on the chest to express gratitude—amplify the emo-
tional significance of what’s being conveyed. Visual communication, expressed
through movements of face and body, is thus a quintessential information stream
that machines need to understand.

Understanding visual communication requires fine-grained comprehension, a
task that remains challenging today but was especially difficult before 2016. Video
datasets were scarce compared to image [Deng et al. 2009; T.-Y. Lin et al. 2014;

Everingham et al. 2010; Everingham et al. 2015] and speech datasets [Panayotov et
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al. 2015] and training with videos was computationally expensive. But, by the year
2016-17, speech and image models started approaching human-level accuracies in
recognition performance. Image-related tasks such as image classification [K. He et
al. 2016] and image segmentation [Girshick 2015; Redmon et al. 2016] were reaching
accuracies good enough to be used in commercial systems for the masses. Speech
recognition models achieved single-digit word error rates [Amodei et al. 2016],
with companies like Google, Amazon, and Microsoft releasing production-grade
APIs [Juang and Rabiner 2005] by 2016. The attention of the research community
was increasingly being given to video understanding, as evidenced with the release
of large-scale video datasets starting around 2016-17: YouTube-8M [Abu-El-Haija
et al. 2016], Kinetics [J. Carreira and A. Zisserman 2017], something-something [R.
Goyal et al. 2017] and so on. Even in 2016, it was clear that the future of digital
content and human interactions was going to be video'?, and with the progress
being made in video understanding, it was time for models to be able to understand
visual communication signals in addition to speech.

Lip movements are the most direct visual signals that closely correlate with
spoken words, offering a redundant stream of information that aids in recognizing
speech, especially when audio is corrupted or absent. This is, in fact, the founda-
tion of Audio-Visual Speech Recognition (AVSR), a field that has become crucial
for improving the accuracy and robustness of speech recognition systems by lever-
aging visual cues [Afouras et al. 2019; Makino et al. 2019; Stavros Petridis et al.
2018b; B. Shi et al. 2022¢; J. S. Chung et al. 2017; J. S. Chung and Andrew Zisser-
man 2016a]. Beyond simple transcription, lip movements offer strong, clear signals
that enhance performance in long-standing speech tasks such as Active Speaker
Detection [Afouras et al. 2020c¢; J. Roth et al. 2020] — identifying who is speaking —
and source separation, which involves isolating a speaker’s voice from background
noise [Afouras et al. 2018¢; Sindhu B. Hegde et al. 2021; Ephrat et al. 2018]. But
what if there’s no audible speech at all? Can we transcribe words purely from lip
movements? Lip reading, or Visual Speech Recognition, is the most challenging
of these tasks, but in this thesis, we demonstrate that it can be achieved at scale.

Another facet of visual communication that is closely tied to speech is hand ges-

tures. While speech and lip movements go hand-in-hand, co-speech hand gestures

Lwww.socialpilot.co/blog/video-marketing-statistics
2www.90seconds.com /blog/stats-2016-video-trends
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can be sparse — only a few words in a sentence might correlate with the gestures.
Unlike lip movements, gestures add a new layer of meaning to what is being said.
They can emphasize particular words, illustrate what is being said, e.g. arms wide
apart to signify “huge", or pointing gesture to convey what the speaker means
by “over there'. Learning to associate hand gestures to words/phrases has not
been explored on a large-scale before. The learned representations can be useful
for several downstream tasks such as gesture generation, video-subtitle alignment,
and active-speaker detection using hand gestures.

Both lip movements and gestures are strongly tied to the spoken language.
The visual stream is not the primary channel for information flow, which raises the
question: are there any forms of visual communication that are purely ‘visual’. The
most clear example of such a “visual-only" communication mode is sign language.
Sign languages exist independently of spoken languages, and are communicated
using hand shapes, location and motion, along with eyebrows, mouth, head and
shoulders [Ronnie B Wilbur 2013]. In the realm of deep learning, the area of sign
language understanding largely remains unsolved due to the scarcity of labeled
training data. In this thesis, we show that we can learn to recognize signs using
noisy automatically labeled data. This is a crucial step in reducing the gap between

spoken and sign languages.

1.1 Background and Challenges

In this thesis, we focus on understanding three specific domains in visual commu-
nication. The first part is lip movements — the visual articulations that are directly
linked to speech. The second is sign languages, a purely visual language used by
over 70 million people worldwide [World Federation of the Deaf n.d.]. And the
third, is co-speech hand gestures that complement uttered speech. In this section,
we describe these three domains in detail, along with the challenges they entail,

and why they are important research problems to solve.

1.1.1 Lip Reading

Recognizing what is spoken using only the lip movements is a long-standing prob-

lem [Hao et al. 2020]. While the basic theory was established in 1954 [Sumby and
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Pollack 1954], it was shown only in 1984 [Petajan 1984] that lip features can make
speech recognition models more robust. However, even until 2016, most of the
results [Goldschen et al. 1994; Goldschen et al. 1997; Noda et al. 2014; Wand et al.
2016] were on videos recorded in laboratory settings, with limited vocabulary, and
a handful of identities. The release of the LRW dataset [J. S. Chung and Andrew
Zisserman 2016a] changed the trajectory of the field, allowing deep learning models
that scale well with data, to be benchmarked on real-world videos. The dataset
contained 500 words with 1000 instances of each word. Thus the models trained
on this data were word-level — they could label each short video clip to contain
any one of five hundred words in the LRW training dataset.

Despite promising results on a real-world video benchmark, it must be noted lip
reading isolated words is incredibly difficult. This is because lip reading is inher-
ently ambiguous [J. S. Chung and Andrew Zisserman 2016a; Afouras et al. 2019].
Very different-sounding words, can be uttered with near-identical lip movement
patterns: “bat, mat, pat”, “chop, shop, job”. Recognizing such words in isolation,
would be nearly impossible. However, it is quite obvious that these words usually
occur in vastly different contexts; one would never say, “I bought milk at the gro-
cery chop/job”. Lip reading sentences using the surrounding context is far easier
as it can help disambiguate such homophemes. Consequently, two of the most
popular lip reading datasets, LRS2 [Afouras et al. 2019; J. S. Chung et al. 2017],
and LRS3 [Afouras et al. 2018b] used even today, consist of sentence-level clips to
evaluate sentence-level lip reading in the wild.

The LRS2 and LRS3 benchmarks paved the way for a rapid progress in lip read-
ing, particularly using increasingly stronger sequence processing models starting
with LSTMs [J. S. Chung and Andrew Zisserman 2016a], Transformers [Afouras
et al. 2019] and Conformers [Ma et al. 2021c]. In this work, our first focus is
to develop strong visual features for lip reading to complement the advances in
the sequence processing module. We show that we can use visual attention to
track the lip region in a dynamic real-world video. Another question that arises
is, how do we scale models beyond the LRS2 and LRS3 datasets? Obtaining man-
ual transcripts for videos is expensive and impractical when expanding to other
low-resource languages. We show two ways to use a pre-trained speech recognition
model to improve lip reading performance while being highly efficient in the use

of manually labeled data.
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The improvements in lip reading accuracy enables several unique applications
like silent dictation, or dubbing and transcribing archival silent films. Lip reading
models can help speech impaired individuals, or people with aphonia (loss of voice)

to communicate just by using lip movements.

1.1.2 Visual Keyword Spotting

Lip reading transcribes every word that is uttered in a video segment. However,
for many applications, it could be sufficient to only recognize specific utterances
or keywords. Automatic visual keyword spotting has distinctive applications: (i)
searching through silent archival videos, (ii) triggering virtual assistants with key-
words (e.g. Hey Siri), (iii) locating the presence of specific words in videos, e.g.
mouthings in sign language clips. In this thesis, we build upon the advancements
in lip reading in terms of visual and sequence processing and design a single unified
model that can (i) detect the presence (absence) of a query word in a given video
clip, and (ii) localize all instances of the word in time.

Although visual keyword spotting and lip reading are closely related in terms of
the features they rely on, each is unique in its own way. Visual KWS is relatively
easier, because by specifying exactly “what” to search for, the search space for
the model reduces, which can be crucial, especially in such an ambiguous task. A
keyword spotting model does not need to care about all the surrounding words,
and is thus less sensitive to recognition errors in the words we do not care about.
For the same reason, keyword spotting models are more robust in localizing a
word compared to lip reading models when there are silent segments and non-
speech related mouth movements in the video. This is crucial because, one of the
big applications for visual keyword spotting is to spot mouthings in sign language
videos and associate them with spoken language word labels [Momeni et al. 2020a;
Momeni et al. 2020b] — something that is invaluable to creating large-scale sign-
language datasets. Thus, visual KWS serves as a natural extension to lip-reading

with a strong suite of applications at which it is better at than lip reading.

1.1.3 Sign Language Recognition

Lip movements are innately tied to the spoken language, and in this work, we also

explore languages that are purely visual. Sign languages are spatio-temporal lan-
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guages that exist independently of spoken languages. There are over 200 distinct
sign languages today, used by over 70 million individuals?®.

The visual aspect of sign language in itself makes it interesting to model and
learn, but the biggest motivation is to enable seamless translation between the
different sign languages and the spoken languages. The world is becoming increas-
ingly inclusive by breaking down language barriers. Multiple works over the last
few years have explored the task of “massively-multilingual translation”. In the
context of text-to-text translation, one of the initial large-scale works [Aharoni
et al. 2019] trained a model that can translate between English and 102 other
languages. But this was scaled further [Costa-jussa et al. 2022] to enable transla-
tion between 200 languages in 40K translation directions. SeamlessM4T [Barrault
et al. 2023a] went even further by performing speech-to-speech translation. The
dream of a universal translator is becoming more and more of a reality, but sign
languages have never been discussed in this context.

In this work, we build foundations to enable sign language translation. One of
the biggest obstacles for sign language translation is the lack of labeled training
data. This is in contrast to translation efforts [Aharoni et al. 2019; Costa-jussa et
al. 2022; Barrault et al. 2023a] in other languages, where there are several millions
of paired examples. To start with, sign languages are low-resource, so there is a
limited number of signing videos available online. Manual annotations for these
videos are almost non-existent, because signing videos rarely co-occur with spoken
language text or speech. Finally, it is incredibly expensive to manually label signing
videos for training models, as the labels need to come from proficient annotators
who know the language.

Solving sign language translation with a limited labeled pairs is bound to yield
unsatisfactory results [N. Camgoz et al. 2021]. Instead we focus on the task that
can be a pre-cursor to translation which is sign recognition. We first scale up iso-
lated sign recognition by obtaining dense automatic annotations for the unlabeled
signing videos. The mouthings from our visual keyword spotting model prove to
be crucial here. The automatic labels, although noisy actually enable us to solve
various tasks. We demonstrate state-of-the-art recognition results for a particu-
lar sign type called fingerspelling, using such noisy labels for training. We show

that these dense labels can be used to train for continuous sign recognition, i.e.

3https://wfdeaf.org/our-work
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predicting a word label for each sign in a clip.

Our approach to enabling sign language recognition on real-world videos takes
us a step closer to realizing sign language translation. While we circumvent the
need for labeled data to an extent, it does come with its own limitations. We
only work with interpreted British Sign Language (BSL) videos [Albanie et al.
2021b], which allows us to obtain automatic labels with the help of cues from the
spoken language subtitles. Compared to conversational signing, such interpreted
data can introduce bias, however, we believe that interpreted data serves as an
opportunity to learn sign representations that can later be adapted to the domain

of conversational signing.

1.1.4 Learning Co-speech Gesture Representations

Besides sign language, hand gestures can also co-occur with speech, similar to
lip movements. Hand gestures are an essential part of verbal communication.
Gestures come in different forms [Andric and Small 2012], such as beat gestures to
emphasize certain words of the speech, and iconic or deitic gestures that illustrate
content of the speech. Understanding these co-speech gestures is essential to fully
understand what the speaker is saying. For example, imagine we say this sentence
to an autonomous robot, “fetch the glass of milk on the table over there”. If
the robot does not understand the pointing gesture where we say which table we
are referring to, it will not be able to perform the task. Detecting the important
gestures and associating them to spoken words and phrases is the first step towards
understanding these gestures.

Learning to associate gestures with text transcriptions of the accompanying
speech is a very challenging task — the associations are typically sparse and am-
biguous with a large degree of variability across speakers: Most of the time, very
few words in the transcript are clearly gestured; the same sentence can be gestured
very differently in different contexts and by different people; and the gestures de-
pend on the speaker’s emotion, culture, and social scenario. Moreover, not all
gestures can be mapped to the semantics of the words.

We propose to learn gesture video representations from large-scale weak natural
language supervision. The supervision is weak because we only use transcriptions

of the speech; we do not have any information on which words in the transcript
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are gestured. We demonstrate that our approach can be used to solve multiple

gesture-related downstream tasks.

1.2 Thesis Outline and Contributions

In this section, we present an overview of the subsequent chapters in the thesis.
The thesis is structured into four main parts: (i) Lip Reading, (ii) Visual Keyword
Spotting, (iii) Sign Language Recognition, and (iv) Learning Co-speech Gesture
Representations. For chapter 2 to 9, we outline the main contributions below.
Chapter 10 explores the implications of this research and suggests potential avenues

for future exploration.

1.2.1 Lip Reading

We start with the important task of lip reading, which serves as the foundation
for the subsequent tasks in this thesis, such as visual keyword spotting and sign
language recognition. These downstream tasks directly benefit from mouth repre-
sentations learned in lip reading. In order to learn better mouth representations,
we introduce a new module that automatically learns to isolate and track the lip
region in a video. This capability is quite useful for both visual keyword spotting
and spotting mouthings in signing videos.

In Chapter 2, we introduce the new lip tracking module called as Visual Trans-
former Pooling (VTP), to attend and track the lip region in a dynamic talking
head video. Notably, the tracking capability is learned solely through the task of
transcribing text from lip movements, without the need for any explicit tracking
annotations. Along with the improved visual input representations, we adopt a
different text tokenization strategy to learn better text representations. Specifi-
cally, we introduce sub-word tokenization into the field of lip reading for the first
time. This makes the model more efficient by reducing the sequence length, and
increases the granularity of text supervision from characters to sub-words and
words. We train our new model on standard publicly available benchmarks like
LRS2 [J. S. Chung et al. 2017], LRS3 [Afouras et al. 2018b], and show clear gains in
recognition performance. But how do we scale beyond these two datasets? While

we can obtain more videos, the most expensive part would be obtaining accurate
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ground-truth transcripts for these videos. We solve this problem by showing that
we can scale “for free” by training our model using just noisy text labels from
speech recognition models. Finally, aside from improvements in WER, there is
still a key missing piece before we can automatically transcribe a real-world silent
video. The important pre-processing step is to detect the time segment when
the person is speaking using just the lip movements. We call this task as “Visual
Speech Detection” (VSD), and we show that our lip reading model can be extended
for this task as well.

The fact that lip reading models can be scaled very well using noisy labels from
pre-trained speech recognition models is not at all surprising. The two tasks are
closely related, in fact, they only differ in the input modality. ASR transcribes
acoustic speech, and VSR transcribes the visual counterpart of it, with the deeper
implication being that they must be learning similar representations. Is there a
possibility to share the modules across these two tasks? Chapter 3 investigates
this “shared knowledge” idea. We show that we can adapt a pre-trained ASR
model like Whisper [Radford et al. 2022] to the task of lip reading. ASR models
have learned strong speech representations, and can accurately transcribe text
sequences by cross-attending to these speech features. By mapping the lip reading
features to these speech features, we enable an off-the-shelf pre-trained ASR model
to lip read. This approach is far more data-efficient, and achieves significant gains
as opposed to training a lip reading model from scratch. We use Whisper [Radford
et al. 2022] as our pre-trained ASR. In addition to recognition, Whisper can also
perform other tasks like identifying the spoken language from audio. Using the
same approach as we used for lip reading, we report performance of identifying
language from lip movements, a.k.a, visual language identification.

In Chapter 4, we extend these advancements to languages other than English.
This is challenging because other languages do not have large-scale manually cu-
rated datasets. Compared to English, it is also relatively harder to find video
content for other languages, e.g. Japanese, Greek. The next challenge would be
to obtain reliable transcripts for these languages. Manually transcribing is unscal-
able, which means the other option is to resort to our technique in Chapter 2 of
using ASR labeled transcripts. But, ASR models for other languages might not
be anywhere close to the accuracy of English ASR. We circumvent these problems

with three contributions: (i) building the largest multilingual lip-reading dataset
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to date, (ii) a single multi-task architecture that can perform two tasks simultane-
ously: identify the language and transcribe the utterance, and (iii) jointly training
this architecture on all the languages together, resulting in large WER improve-
ments as opposed to training monolingual models separately. We also show that
our multilingual model can be readily fine-tuned for new low-resource languages
to achieve significant improvements when compared to training from scratch. Our
approach uses zero manual annotations and achieves state-of-the-art performance

across 7 languages.

1.2.2 Visual Keyword Spotting

Lip reading might not always be the best option to recognize what is being uttered
in a silent video. One might be only interested in searching for a specific word or
phrase in a video library. Or the video clip might not even contain free-flowing
speech, in which case, lip reading models would perform poorly. In Chapter 5,
we shift from lip reading to its “easier to handle” sibling task of visual keyword
spotting, where the goal is to detect and localise a given keyword in a silent
(spoken) video. We start with a strong foundation from lip reading (Chapter 2)
by using strong visual features from VTP, and sub-word tokenization for the text
inputs. We propose a novel architecture called the “Transpotter' that can (i)
jointly model video-text relationships, and (ii) localize keywords to frame-level
accuracy. We outperform previous methods [Momeni et al. 2020a] on two standard
benchmarks.

We also demonstrate the practical importance of our model on an out-of-
domain task of spotting mouthings in sign language videos. Signers often mouth
the words they sign [Rachel Sutton-Spence and Woll 1999b], to convey differ-
ent meanings, or to simply provide redundancy [Woll 2001]. This means that by
localizing the mouthed word, we also localize the sign. If we have a large un-
labeled dataset of interpreted signing content, with weakly-aligned subtitles, we
can use Transpotter to localize the video segments where candidate words from
the subtitle are mouthed. In other words, visual KWS models can be used to
automatically label sign segments with word labels and create large-scale sign-
language training datasets. Transpotter is twice as accurate for this out-of-domain

task compared previous keyword spotting models [Momeni et al. 2020a].
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1.2.3 Sign Language Recognition

In Chapter 6, we shift our focus to sign language, a purely visual form of com-
munication in its own right. We already discussed how Transpotter can be used
to spot mouthings and automatically annotate signing segments with word labels.
Focusing on the British Sign Language (BSL), our first goal is to increase the
density of automatic sign annotations in the largest publicly available BSL video
dataset: BOBSL [Albanie et al. 2021b]. By density, we mean that (i) there are
fewer temporal gaps (without annotations) in the signing sequence timeline, and
(ii) more words from the spoken language subtitle are associated with a signing
segment. We improve upon Transpotter (Chapter 5) using a dual-stage fine-tuning
strategy. We automatically spot mouthings on the entire BOBSL training set, and
fine-tune the model on signer mouthings by treating the high-confidence spottings
as positives. We repeat this process two times. We also introduce a novel ap-
proach to increase our annotations, where, we use sign-representation similarities
to propagate the labels from previously labeled examples throughout the video
dataset.

We now have a large number of word-level sign annotations, allowing us to
effectively train word-level sign recognition models. In Chapter 7, we focus on
recognizing a specific class of signs called “Fingerspelling”. Fingerspelling is a
means to encode words from the written language into sign language via a man-
ual alphabet, i.e. one sign per letter. Words from a written language with no
known sign may be fingerspelled, such as names of people and places. In the
BOBSL dataset [Albanie et al. 2021b], fingerspelling amounts to about 10% of all
the signs. Recognizing such signs is crucial, not only because they constitute a
significant proportion, but also due to the fact that they typically correspond to
important keywords. We improve upon the ideas from our densification efforts in
Chapter 6 to curate a weakly-labeled training data for fingerspelling detection and
recognition. We introduce a novel architecture called Transpeller that can jointly
perform three tasks: (i) classify a video segment to indicate the presence (absence)
of fingerspelling, (ii) localize the fingerspelled segment in time, and (iii) recognize
the letters that are fingerspelled. We introduce new techniques to better deal with
the noisy automatic annotations. The first one, called as the Multiple Hypothe-

ses CTC loss, extends the standard CTC loss [Graves et al. 2006] to deal with

22



multiple plausible ground-truth sequence labels. The second is to use a pseudola-
beling strategy that incorporates information from the subtitle. We also release a
new BSL fingerspelling benchmark consisting of 5K video clips with fingerspelling
annotations.

Finally, in Chapter 8, we move beyond individual sign recognition and start
predicting continuous sequence of signs. The goal is to predict time aligned and
dense word predictions for each sign within a signing sequence. This is a crucial
step towards realizing sign language translation. We introduce a new CSLR-test
benchmark, which is the largest CSLR benchmark to-date, both in terms of vo-
cabulary (5K different signs) and duration (6 hours). We train a model that learns
a joint embedding space between spoken and sign language text. We demonstrate
that training a joint model for CSLR and sign retrieval tasks improves the CSLR

performance.

1.2.4 Learning Co-speech Gesture Representations

In the final chapter, we re-visit visual communication cues that occur alongside
speech. Earlier, we focused on lip movements; now, in Chapter 9, our aim is to ex-
plore co-speech gestures and connect them with spoken words. Co-speech gesture
understanding is a relatively new and under-explored area. One possible reason for
this could be the sheer difficulty of the task: gestures are only sparsely correlated
with the speech. As a result, some of the works have resorted to developing mod-
els for specific cases where the gestures are clear, e.g. weather narration [Rajeev
Sharma et al. 2000; Kettebekov et al. 2003]. Recent works [Molchanov et al. 2016;
Morency et al. 2007; Ghaleb et al. 2024] have tried to detect and recognize ges-
tures in laboratory settings while using multiple stereo and IR cameras. The latest
work on modelling co-speech gestures is GestSync [Sindhu B Hegde and Andrew
Zisserman 2023], that learns gesture representations by solving for cross-modal
synchronization with speech-audio. But this focuses more on prosody, intonation
in the speech — our goal is to learn to associate gestures with words. We propose to
learn gesture video representations from large-scale weak natural language super-
vision. The supervision is weak because we only use transcriptions of the speech;
we do not have any information on which words in the transcript are gestured.

We demonstrate that our approach can be used to solve multiple gesture-related
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downstream tasks.

1.3 Publications

In this section, we list publication contributions. Excluding Chapter 4, 8, 9 which
introduces ongoing work, Chapters 2 to 7 each contain a research paper which has
been peer reviewed and accepted for publication in a conference. The published
papers are included here without modifications, except for formatting changes.
Additional implementation details for each paper can be found in the supplemen-
tary materials of their online versions. A statement of authorship is also presented
for each paper in the Appendix. The papers included in the thesis are listed below.

Chapter 2: “Sub-word Level Lip Reading With Visual Attention” K
R Prajwal, Triantafyllos Afouras, Andrew Zisserman. In Computer Vision and
Pattern Recognition (CVPR), 2022.

Chapter 3: “Speech Recognition Models are Strong Lip-readers” K
R Prajwal, Triantafyllos Afouras, Andrew Zisserman. In INTERSPEECH, 2024.

Chapter 4: “Scaling Multilingual Visual Speech Recognition” K R
Prajwal*, Sindhu Hegde*, Andrew Zisserman. In ICASSP, 2025.

Chapter 5: “Visual Keyword Spotting with Attention” K R Pra-
jwal*  Liliane Momeni*, Triantafyllos Afouras, Andrew Zisserman. In British
Machine Vision Conference (BMVC), 2021.

Chapter 6: “Automatic dense annotation of large-vocabulary sign
language videos” Liliane Momeni*, Hannah Bull*, K R Prajwal* Samuel
Albanie, Giil Varol, Andrew Zisserman. In European Conference on Computer
Vision, 2022.

Chapter 7: “Weakly-supervised Fingerspelling Recognition in British
Sign Language” K R Prajwal*, Hannah Bull*, Liliane Momeni*, Samuel Al-
banie, Gil Varol, Andrew Zisserman. In British Machine Vision Conference, 2022.

Chapter 8: “A Large-Vocabulary Continuous Sign Language Recog-
nition Benchmark” Charles Raude*, K R Prajwal*, Liliane Momeni*, Hannah
Bull, Samuel Albanie, Andrew Zisserman, Giil Varol. Work in progress.

Chapter 9: “Understanding Co-speech Gestures in-the-wild” Sindhu
Hegde, K R Prajwal, Taein Kwon, Andrew Zisserman. In International Confer-

ence on Computer Vision (ICCV), 2025.
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CHAPTER 2. LIP READING WITH VISUAL ATTENTION

Chapter 2

Lip Reading with Visual
Attention

The paper has been accepted for publication at the Computer Vision and Pattern

Recognition (CVPR), 2022.
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CHAPTER 2. LIP READING WITH VISUAL ATTENTION

Sub-word Level Lip Reading With Visual
Attention

K R Prajwal Triantafyllos Afouras Andrew Zisserman
Visual Geometry Group, University of Oxford
{prajwal,afourast,az}@robots.ox.ac.uk

https://www.robots.ox.ac.uk/~vgg/research/vtp-for-lip-reading

July 8, 2025

Abstract

The goal of this paper is to learn strong lip reading models that can
recognise speech in silent videos. Most prior works deal with the open-set
visual speech recognition problem by adapting existing automatic speech
recognition techniques on top of trivially pooled visual features. Instead, in
this paper, we focus on the unique challenges encountered in lip reading and
propose tailored solutions. To this end, we make the following contributions:
(1) we propose an attention-based pooling mechanism to aggregate visual
speech representations; (2) we use sub-word units for lip reading for the
first time and show that this allows us to better model the ambiguities
of the task; (3) we propose a model for Visual Speech Detection (VSD),
trained on top of the lip reading network. Following the above, we obtain
state-of-the-art results on the challenging LRS2 and LRS3 benchmarks when
training on public datasets, and even surpass models trained on large-scale
industrial datasets by using an order of magnitude less data. Our best
model achieves 22.6% word error rate on the LRS2 dataset, a performance
unprecedented for lip reading models, significantly reducing the performance
gap between lip reading and automatic speech recognition. Moreover, on the
AVA-ActiveSpeaker benchmark, our VSD model surpasses all visual-only

baselines and even outperforms several recent audio-visual methods.
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2.1 Introduction

Lip reading, or visual speech recognition, is the task of recognising speech from
silent video. It has many practical applications which include improving speech
recognition in noisy environments, enabling silent dictation, or dubbing and tran-
scribing archival silent films [Jha et al. 2019]. It also has important medical appli-
cations, such as helping speech impaired individuals, e.g. people suffering from Lou
Gehrig’s disease speak [Shillingford et al. 2019], or enabling people with aphonia
(loss of voice) to communicate just by using lip movements.

Lip reading and audio-based automatic speech recognition (ASR) both have
the common goal of transcribing speech, however, they differ regarding the input:
while in ASR the input signal is an audio waveform, in essence, a one-dimensional
time series, lip reading has to deal with high-dimensional video inputs that have
both temporal and spatial complexity. This makes training large end-to-end mod-
els harder due to GPU memory and computation constraints. Furthermore, under-
standing speech from visual information alone is challenging due to the inherent
ambiguities present in the visual stream, i.e. the existence of homophemes where
different characters that are visually indistinguishable (e.g. ‘pa’; ‘ba’, and ‘ma’).
That lip reading is a much harder task is also supported by the fact that although
humans can understand speech reasonably well even in the presence of noise and
across a variety of accents, they perform relatively poorly on lip reading [J. S.
Chung and Andrew Zisserman 2016a; Assael et al. 2016].

Designing a lip reading model requires both a visual component — mouth move-
ments need to be identified — as well as a temporal sequence modelling component,
which typically involves learning a language model that can resolve ambiguities
in individual lip shapes. Recent developments in deep learning models and the
availability of large-scale annotated datasets has led to breakthroughs surpassing
human performance [J. S. Chung and Andrew Zisserman 2016a]. However, most
of these works have taken the approach of adapting techniques used for ASR and
machine translation, without catering to the particularities of the vision problem.

The conjecture in this paper is that the performance of lip reading, in terms
of both accuracy and data efficiency, can be improved if the model is designed
from the start taking into account the peculiarities of the visual, rather than the

audio domain. To this end, we consider both the visual encoding and the text
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tokenisation.

Visual encoding. Our first contribution is the design of a novel visual backbone
for lip reading. The spatiotemporal complexity in lip reading requires dealing
with problems such as tracking the mouth in moving talking heads. This is usu-
ally achieved with complicated pre-processing pipelines based on facial landmarks.
However, those are sub-optimal in many cases. For example, landmarks don’t work
well in profile views [B. Johnston and Chazal 2018]. Moreover, it is unclear what
is the optimal region-of-interest for lip reading: it has been shown that besides the
lips, other parts of the face, e.g. the cheeks, may also contain useful discriminative
information [Yuanhang Zhang et al. 2020]. Also, this region-of-interest can vary
drastically in terms of scale, aspect ratio across identities and utterances. Thus, in
this work, we propose an end-to-end trainable attention-based pooling mechanism
that learns to track and aggregate the lip movement representations, resulting in
a significant performance boost.

Text tokenisation. Lip reading methods most commonly output character-level
tokens. This output representation however is sub-optimal as characters are some-
times more fine-grained than the input, with multiple characters corresponding to
a single video frame. Furthermore, characters do not encode any prior knowledge
about the language, which leads to higher dependency on the decoder’s language
modeling capacity that must also ‘learn to read’. In this work, we instead use sub-
word tokens (word-pieces) which not only match with multiple adjacent frames
but are also semantically meaningful for learning a language easily. Word-pieces
result in much shorter (than character) output sequences which greatly reduces
the run-time and memory requirements. They also provide a language prior, re-
ducing the language modelling burden of the model. We experimentally compare
character and word-piece tokenization to justify this choice.

Visual Speech Detection. One issue with performing lip reading inference on
real-world silent videos is that, since there is no audio track, there is no automated
procedure for cropping out the clips where the person is speaking. ASR models use
Voice Activity Detection (VAD) as a key pre-processing step, but this is clearly not
applicable for silent videos. Here, the parts of a video containing speech have to
be determined using the video input alone; in other words, by performing Visual
Speech Detection (VSD). This can be very useful e.g. for running inference on

silent movies. Among other findings in this work, we show that it is possible to

29



train a strong VSD model on top of our pre-trained lip reading encoder.

Other downstream tasks. Besides improving performance on the sentence-level
lip reading task itself, obtaining improved lip movement representations can have
a broader impact, as those are often used for other related downstream tasks —
e.g. sound source separation [Ephrat et al. 2018], visual keyword spotting [Momeni
et al. 2020a], and visual language identification [Afouras et al. 2020b].

In summary, we make the following three contributions: (i) a visual backbone
architecture using attention-based pooling on the spatial feature map; (ii) the use
of sub-word units, rather than characters for the language tokens; and (iii) a strong
Visual Speech Detection model, directly trained on top of the lip reading encoder.

In the experiments we show the benefits of (i) and (ii) on improving lip reading
performance, and we also introduce a two-stage training protocol that simplifies
the curriculum used in prior works. As will be seen, with these design choices and
training methodology, the performance of our best models exceeds prior work on
standard evaluation benchmarks, and even outperforms proprietary models that
use an order of magnitude more data for training. Similarly, we show the benefit
of (i) and the lip reading encoder to our visual speech detection model that is far
superior to previous methods on a standard evaluation benchmark.

Please check our project page for video examples, code, and pre-trained models.

2.2 Related Work

We present an overview of prior work on lip reading, including a discussion of
how these methods select and track the visual regions of interest, as well as the
output tokenizations they use, followed by a brief overview of the use of attention
for visual feature aggregation in other domains.

Lip reading. Early works on lip reading relied on hand-crafted pipelines and sta-
tistical models for visual feature extraction and temporal modelling [G. Potami-
anos et al. 2003; Gowdy et al. 2004; Papandreou et al. 2009; Livescu et al. 2007;
E.-J. Ong and Bowden 2011]; an extensive review of those methods is presented
in [Ziheng Zhou et al. 2014]. The advent of deep learning and the availability
of large-scale lip reading datasets such as LRS2 [J. S. Chung et al. 2017] and
LRS3 [Afouras et al. 2018b], rejuvenated this area. Progress was initially on word-

level recognition [J. S. Chung and Andrew Zisserman 2016a; Stafylakis and Tz-
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imiropoulos 2017], and then moved onto sentence-level recognition by adapting
models developed for ASR using LSTM sequence-to-sequence [J. S. Chung et al.
2017] or CTC [Assael et al. 2016; Shillingford et al. 2019] approaches. [Stavros
Petridis et al. 2018b] take a hybrid approach, training an LSTM-based sequence-
to-sequence model with an auxiliary CTC loss. One trend in recent work is moving
to Transformer-based architectures [Afouras et al. 2019], or variants using convolu-
tion blocks [X. Zhang et al. 2019], and hybrid architectures like a Conformer [Gulati
et al. 2020]. Another trend is to investigate the benefits of training with larger
datasets, either directly by training on proprietary data that is orders of magni-
tude larger than any public dataset [Makino et al. 2019], or indirectly by distilling
ASR models into lip reading ones [Afouras et al. 2020a; Yu et al. 2020; W. Li et al.
2019]. For visual feature extraction and short-term dynamic modelling, most mod-
ern pipelines rely on spatiotemporal CNNs consisting of multiple 3D convolutional
layers [Assael et al. 2016; Shillingford et al. 2019], or more lightweight alternatives
that comprise a single 3D convolutional layer followed by 2D ones [J. S. Chung
and Andrew Zisserman 2016a; Stafylakis and Tzimiropoulos 2017; Afouras et al.
2019] applied frame-wise.

Mouth ROI selection, registration, and tracking. A thorough investigation
on facial region of interest (ROI) selection for lip reading is provided by [Yuanhang
Zhang et al. 2020]. The videos included in datasets like LRS2 and LRS3 are
commonly pre-processed with a face detection and tracking pipeline which outputs
clips roughly centered around the speaker’s face. Many previous works use a
central crop on the provided videos as input to the feature extractors [Stafylakis
and Tzimiropoulos 2017; Afouras et al. 2019; Ma et al. 2021c]. More elaborate
pipelines use facial landmarks to register the face to a canonical view and/or only
extract the crops of the mouth area [Assael et al. 2016; Koumparoulis et al. 2017;
Shillingford et al. 2019; Stavros Petridis et al. 2018a; Makino et al. 2019; X. Zhang
et al. 2019]. [Yuanhang Zhang et al. 2020] propose to input a large part of the face,
combined with Cutout[DeVries and Taylor 2017] to encourage the model to also
use the extra-oral face regions. After selecting which input region to extract the
low-level CNN features from, all above works apply Global Average Pooling (GAP)
on the extracted visual features map; this obtains a compact representation, but
discards spatial information. Recent works [X. Zhang et al. 2019] have shown that

replacing GAP with a spatio-temporal fusion module improves performance.
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Text tokenization. Most prior works on lip reading output character-level pre-
dictions [J. S. Chung et al. 2017; J. S. Chung et al. 2018; Afouras et al. 2019; X.
Zhang et al. 2019; Stavros Petridis et al. 2018b; Ma et al. 2021¢; Makino et al.
2019]. Those approaches usually use an external language model during inference
to boost performance [Kannan et al. 2018; Maas et al. 2015]. Instead [Shilling-
ford et al. 2019] chose to output phoneme sequences, using phonetic dictionaries.
This approach has the advantage of a more accurate mapping of lip-movements to
sounds but requires a complicated decoding pipeline involving a proprietary finite-
state-transducer. [Koller et al. 2015b; Fenghour et al. 2020] use a hard-crafted
heuristic to map words onto viseme sequences and vice versa, and use viseme
tokens for representing the output and target text. In this work, we instead pro-
pose using sub-word level tokenisation, which greatly reduces the output sequence
length, thus accelerating both training and inference, and neatly encodes prior
language information that improves the overall performance.

Visual feature aggregation with attention. Our work is also related to meth-
ods that use attention for improving visual representations of images or videos.
[X. Wang et al. 2018; Jetley et al. 2018] use attention-weighted-averages of vi-
sual features as building blocks for various classification and detection tasks, while
OCNet [Yuhui Yuan and J. Wang 2018] uses self-attention to model context be-
tween pixels for semantic segmentation. Several recent papers have replaced con-
volutions with Transformer [Vaswani et al. 2017] blocks in visual representation
pipelines. DETR [Carion et al. 2020] and Efficient DETR [Z. Yao et al. 2021]
learn object detectors by applying spatial transformers on top of CNN feature ex-
tractors. Similarly, the Visual Transformer [B. Wu et al. 2020] tokenises low-level
CNN features and then processes them using a Transformer to model relationships
between tokens. ViT [Dosovitskiy et al. 2021] completely replaces CNNs in the vi-
sual pipeline with Transformer layers applied on image patch sequences, while the
Timesformer [Bertasius et al. 2021] has been suggested as a purely Transformer-
based solution for video representation learning.

Speech Detection. An important pre-processing stage in ASR pipelines is Voice
Activity Detection (VAD), which involves the detection of the presence of speech
in audio [Ramirez et al. 2007]. The reliability of audio-based VAD systems dete-
riorates in the presence of noise or cocktail party scenarios [(). Liu et al. 2014].

In audio-visual pipelines, such as ones used for creating large-scale audio-visual
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speech datasets [J. S. Chung and Andrew Zisserman 2016a; Afouras et al. 2018b],
this step is commonly replaced by an Active Speaker Detection (ASD) stage which
determines face tracks that match the speech. Audio-visual ASD models have been
effectively trained either using direct supervision [J. Roth et al. 2020; Alcazar et
al. 2020; J. S. Chung 2019; Ledn-Alcazar et al. 2021; Tao et al. 2021] or in a
self-supervised [J. S. Chung and Andrew Zisserman 2016a; Afouras et al. 2020¢]
fashion by employing contrastive objectives. The visual counterpart to VAD is
Visual Speech Detection (VAD), which operates only on the video input. Early
work on VSD (also termed Visual VAD or V-VAD) was based on handcrafted vi-
sual features and statistical modelling using methods such as HMMs, GMMs and
PCA [Gerasimos Potamianos et al. 2004; P. Liu and Z. Wang 2004; Siatras et al.
2009; D. Sodoyer et al. 2006; David Sodoyer et al. 2009; A. Aubrey et al. 2007;
Q. Liu et al. 2011; Q. Liu et al. 2014; Patrona et al. 2016]. More recent works pro-
posed methods based on optical flow [A. J. Aubrey et al. 2010] or a combination of
CNN and LSTMs [Rahul Sharma et al. 2019; Guy et al. 2021]. These methods are
limited in having been trained or evaluated on constrained or non-public datasets.
The train set of WildVVAD [Guy et al. 2021], a new annotated VSD dataset has
been made public, however, at the time of publication of this paper, its test set

was not available, we were, therefore, unable to use this dataset for benchmarking.

2.3 Method

In this section, we describe our proposed method. The architecture of the model

is outlined in Figure 2.1. Next, we explain each stage of the pipeline.

2.3.1 Visual backbone

CNN. The input to the pipeline is a silent video clip of T" frames, & € RT>*HxWx3,

A spatio-temporal residual CNN is applied on sub-clips of 5 frames (i.e. 0.2s) with
a unit frame stride, to extract visual spatial feature maps f € RT>*"*wx¢ For our
best model, H = W = 96, (h,w) = (H/4,W/4) = (24,24), and ¢ = 128.

Visual Transformer Pooling (VTP). The CNN feature map f; € R">*¢ corre-
sponding to every input frame ¢ € {1,...,T} is processed individually by a shared
Visual Transformer Pooling (VTP) block. The feature map is first flattened to

33



¢ Visual Transformer Pooling ) a Y i
3 P) [ { @ | every@ one dis@ appeared <eos>
‘ reshape A & : : ‘ : : : 4 A A A A
: < [T d o a | )y (g & 7 = | gt Beam Search
: | ; HE S A A A
H - -»> d ‘.v H H H g
3 Qatt A g : -
L [ .. H e 2
: y | : | ps") | p(sH) | pesY) e plsTe)
Ot 2 i s s D 4 XNaoo
A 1 Ny N y y :
0 xNwe | | (Y /—?ﬁ? & ... & f Ly )
S S B, E VY Y Y Y fir
l ] A A A A A A A A

<bos> every@ one dis@ appeared 4

3 o PiTa Fe— ry

e annt/ ; )

g B A . . . . GT transcription: “everyone disappeared”
H " flatten !

Figure 2.1: Proposed lip reading architecture. Left: The input video frames
are passed through a spatio-temporal CNN to extract low-level visual features f.
The feature map corresponding to every input frame is then separately processed
by a Visual Transformer Pooling module (VTP). The VTP block adds spatial
positional encodings (SPE) to the input features and passes the result through a
Transformer encoder to produce a self-attended feature map z;. A query vector
Q. is used to compute an attention mask which is in turn used to obtain a
spatially weighted average of z;. This produces a compact visual representation of
the lip appearance and movement around each input video frame. Concatenating
the frame-wise features forms a temporal feature sequence g. This is passed as
input to an encoder-decoder Transformer (right) that auto-regressively predicts
sub-word probabilities for one token at a time. An output sentence is eventually
inferred from these distributions using a beam search.

f; € R"wxc and projected to a desired Transformer feature dimension d to get
fi € R">4 Then, spatial positional encodings (SPE) are added to it; the result
is passed through an encoder consisting of Nyrp Transformer layers, to get an

enhanced self-attended feature map
z, = encoder,(f, + SPE1.,) € RM*?,

A learnable query vector Quu € R?*! is then used to extract a visual attention
mask

a; = softmax(Q.,, z) € R,

The attention mask is used to compute a weighted average over the self-

attended feature map
1 hw

g = M;aﬁzi‘ € R¢
where a; and z;' denote the feature and attention weight respectively, associated
with frame ¢ and location u € {1,..., hw}. By stacking the resulting vectors g;
in time, we obtain an embedding sequence g = (g1,g>--- ,gr) € RT*4 which

contains a compact spatio-temporal representation for every input frame.
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Transformer encoder-decoder. An encoder-decoder Transformer model is used
to predict a text token sequence s = (s1,89---, s, ) from the source video em-
bedding sequence g, one token at a time: temporal positional encodings (PE) are
added to g, and the result is input to an encoder, which consists of N, multi-head

Transformer layers, to produce a self-attended embedding sequence
Jene = ENCODER(g + PEy.r) € RT*4,

The decoder, which consists of N4, Transformer layers, then attends on this se-
quence and predicts the output text token sequence s in an auto-regressive manner,
by factorising its joint probability:

Tdec

10gp<8‘fl?) = Z logp(st‘ genC(w)a 81:t71> (21)

t=1

where positional encodings have also been added to the auto-regressive decoder
inputs as in [Vaswani et al. 2017].

The text sentences are encoded into token sequences (and vice versa tokens are
decoded into text) using a sub-word level tokeniser, in particular WordPiece [Yonghui
Wu et al. 2016]. We tried other sub-word tokenizations such as Byte-Pair-Encoding
(BPE) that is used in GPT2 [Radford et al. 2019], but it performed worse com-
pared to using WordPiece.

Beam search decoding and rescoring. Decoding is performed with a left-to-

right beam search of width B. We also decode a second time after flipping all the

input video frames horizontally. Additional language knowledge is incorporated

by using an external language model (LM) to re-score [Chan et al. 2016] the 2 x B-
h

best hypotheses S = {s;---sp;s"---s%} from the beam searches, and obtain the

highest scoring one as the final sentence prediction:

Stest = arg max [ arlog p(sfa) + (1 — ) logpras(s) |
ES

Here, s - .- s% denotes the beam sequences after horizontally flipping the input.

We found that additional test-time augmentations such as small degrees of rotation

and/or color jitters did not improve the results.
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2.3.2 'Training

Optimisation objective. Given a training dataset D consisting of pairs (x, s*) of
video clips and their ground truth transcriptions, the model is trained to maximise

the log likelihoods of the transcriptions by optimising the following objective

L = —E @ eplogp(s’|e) (2.2)

Teacher forcing. To accelerate training, we follow common practice for sequence-
to-sequence training with Transformers, and feed in the previous ground-truth
token as the decoder input at every step, instead of using auto-regression. The
tokens are fed into the decoder via a learnable embedding layer.

Training protocol. Training is performed in two stages. First, the whole network
is trained end-to-end on short phrases of 2 words. Following [J. S. Chung and
Andrew Zisserman 2016a; Afouras et al. 2019], we use frame word-boundaries
to crop out training samples from all the possible combinations of 2 consecutive
words in the dataset, which provides natural augmentation. Upon convergence,
we freeze the visual backbone, then pre-extract and dump the visual features for
all the samples. In the second training stage that follows, we train the encoder-
decoder sub-network on all possible sub-sequences (n-grams) of length 2 or larger
that can be generated by combining consecutive word utterances in the dataset.
Discussion. We note that our training protocol is much simpler than the ones
commonly used in prior works [J. S. Chung and Andrew Zisserman 2016a; Afouras
et al. 2019; Stavros Petridis et al. 2018b]. By using the same network and loss
during the backbone pre-training stage, we obtain a good initialization of the
entire network and enable a smooth transfer. This is in contrast to other works
that pre-train with a different proxy loss and require a separate word classification
head that is subsequently discarded. The second stage is significantly simpler to
implement and requires a single run, unlike curriculums that gradually increase the
length of the training sentences and usually require a complicated tuning process
with multiple manual restarts to achieve the best results. We observed that our
proposed second stage training setup matches the performance of the complicated
curriculum strategy used in previous works, while being more efficient in terms of

training time and manual efforts.
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Training Evaluation

Method Datasets used # hours ‘ LRS2 LRS3
LIBS [Y. Zhao et al. 2020] LRS2, LRS3 698 65.3

Hyb. CTC [Stavros Petridis et al. 2018b]  LRS2, LRW 389 63.5

TDNN [Yu et al. 2020] LRS2 224 48.9 -
Conv [X. Zhang et al. 2019] LRS2, LRS3 698 51.7 60.1
Hyb. [Ma et al. 2021c] LRS2, LRW 389 37.9 -
Hyb. [Ma et al. 2021c] LRS3, LRW 639 - 43.3
Ours LRS2, LRS3 698 28.9 40.6
TM [Afouras et al. 2019] LRS2, LRS3, LRW, MV-LRS* 1,637 48.3 58.9
V2P [Shillingford et al. 2019] LSVSR* 3,886 - 55.1
RNN-T [Makino et al. 2019] YT31k* 31,000 - 33.6
Ours LRS2, LRS3, MV-LRS*, TEDxext 2,676 22.6 30.7

Table 2.1: Comparison of different lip reading models on the test sets of the
LRS2 and LRS3 datasets in terms of Word Error Rate % (WER, lower is better),
along with the datasets and the aggregate number of hours used for training each
model. Our model achieves state-of-the-art results, outperforming all previous
baselines when trained on publicly available data (i.e. LRS2 and LRS3). If we
additionally use MV-LRS and TEDxy for training, then our best model obtains
results comparable with that of [Makino et al. 2019], even though we are only
using an order of magnitude less data. This is indicative of the data efficiency
of our proposed pipeline. *Large non-public labelled datasets: MV-LRS [Afouras
et al. 2019] contains 730 hours, LSVSR [Shillingford et al. 2019] 3.9k hours, and
YT31k [Makino et al. 2019] 31k hours of transcribed video. Results shown in blue
have been obtained by training (partly or entirely) on non-public data.

2.4 Experiments

2.4.1 Data

LRS2 & LRS3. For training and evaluation, we use two publicly available
sentence-level lip reading datasets: LRS2 [J. S. Chung and Andrew Zisserman
2016a] and LRS3 [Afouras et al. 2018b]. LRS2 contains video clips from a variety
of shows from British television, such as Countryfile and Top Gear; the transcribed
content sums up to approximately 224 hours in total. LRS3 has been collected from
over 5,000 TED and TEDx talks in English, available on YouTube, totalling 475
hours. Both datasets have been created using a detection and tracking pipeline
that produces face-cropped clips roughly centered around the speaker’s talking
head. All videos are available at a 224 x 224 pixel resolution and 25 fps. The
datasets contain a “pretrain” partition that includes extensive head tracks includ-
ing word boundaries that have been produced by force-aligning subtitles to the
audio. Those word alignments enable training at any granularity. The test sets
contain only full sentences.

Additional dataset: TEDxq. To obtain more training data, we create a new
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dataset from TEDx talks downloaded from YouTube, by using a pipeline similar
to [Afouras et al. 2018b]. We collect 13,211 TEDx talks in English that are not
included in LRS3. Unlike the videos used for the creation of LRS3 which contain
manually annotated transcripts, the new videos only have the closed captions au-
tomatically produced by the YouTube ASR system. As these captions are only
approximately aligned to the audio, we use the Montreal Force Aligner [McAuliffe
et al. 2017] to obtain accurate alignments for the word boundaries needed by our
training pipeline. For the rest of the processing (face detection, tracking, and crop-
ping) we used the same pipeline as in [Afouras et al. 2018b]. The resulting training
dataset contains 1,204 hours in total over 318,459 visual speech tracks, including
text transcriptions with word boundary alignment. We call this new training set
TEDx.. We note that since this pipeline does not require any manual transcrip-
tions, the supervision comes for free, therefore it is easily scalable. However, the
supervision is not as strong due to the noise in the training data introduced by
the imperfect ASR transcriptions. But, as we will see, our model achieves a huge

performance boost after training on this noisy data.

2.4.2 Implementation details

During the first training stage, we apply random visual augmentations on the
input frames to reduce overfitting: the input videos are first resized to a square 160
pixels resolution, from which a central square 96-pixel crop is extracted. Random
horizontal flipping and rotation (up to 10°) are also applied before inputting to
the lip reading pipeline. During inference we use the central 96-pixel crop, and
only apply the horizontal flipping augmentation.

For our best model, i.e., VTP on (H/4,W/4), we set Nyrp = 6 layers with
8 heads each for the encoder of the VTP module. For computational efficiency,
VTP uses the recently proposed Linear Transformer [Katharopoulos et al. 2020]
instead of the original Transformer [Vaswani et al. 2017]. We found that this
change did not lead to a drop in the recognition performance, while being much
more computationally efficient. Another design choice we had to make is de-
ciding after which CNN layer the VTP should be applied. Transformer lay-
ers are computationally expensive at higher resolution feature maps (i.e. ear-

lier layer activations), but can capture more detailed information. Given this
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trade-off, we experiment with three different feature map resolutions, at (h,w) =
(H/4,W/4), (H/8,W/8),(H/16,W/16). For the latter two variants, we set the
feature dimension d = 512. When pooling on (h,w) = (H/4,W/4), we keep the
compute and memory needs in check by performing two small changes: using
d = 256 for the first 3 VTP layers, and then setting d = 512 but down-sampling
the feature map to (H/8,W/8) for the remaining 3 layers.

The encoder-decoder Transformer contains N,,. = 6 and Ng.. = 6 layers, each
with 8 attention heads. We use sinusoidal positional encodings [Vaswani et al.
2017] for PE and learnable positional encodings for SPE. We use the WordPiece
tokenizer of the BERT model in HuggingFace!, with a vocabulary of 30522 tokens.
We also use an off-the-shelf pre-trained GPT2 language model for beam rescoring.
For the beam rescoring, we set hyperparameter a = 0.7 for LRS2 and o = 0.6
for LRS3 respectively. We train all models with the Adam optimiser[Diederik P.
Kingma and Welling 2014] with 8; = 0.9, 8, = 0.98 and € = 107%. In the first
stage of the training, we follow a Noam learning rate schedule [Vaswani et al. 2017]
for the first 50 epochs and then reduce the learning rate by a factor of 5 every
time the validation loss plateaus, until reaching 107%. For the second stage, the
learning rate is initially set to 5e™° and reduced by a factor of 5 on plateau down
to 1075, For our best reported models on public data, the first stage of training
takes approximately 14 days on 4 Tesla v100s GPUs. The second stage takes 1.5
days on 1 Tesla v100 GPU.

2.4.3 State-of-the-art lipreading

We compare the results of our method to existing works in Table 2.1. It is clear
that our best model outperforms all prior work trained on public data, on both the
LRS2 and LRS3 benchmarks. In particular, compared to the strongest baseline
of [Ma et al. 2021c], our best model performs 9% better on LRS2 and 2.7% better on
LRS3. When also using MV-LRS and TEDx., for training, we obtain a significant
boost, achieving 22.6% and 30.7% WER for LRS2 and LRS3 respectively. We even
outperform [Makino et al. 2019] by a considerable margin while using 10x lesser

training data. This clearly suggests that our pipeline is highly data-efficient.

Thttps://huggingface.co/transformers/pretrained__models.html
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Figure 2.2: Visualization of the visual attention masks a from the VTP module
superimposed on the input frames that produce them. The video clips used here
are random samples from the LRS3 dataset. It is evident that the model follows
the more discriminative mouth region.

2.4.4 Ablations

We perform various ablations to better understand the different aspects of our
pipeline. For all the ablation experiments the models are trained and evaluated
on public data only, 7.e. the LRS2 and LRS3 datasets.

Importance of each module. We show the impact of each proposed module
in the final scores, starting from a variation of the TM-seq2seq model[Afouras et
al. 2019]?, and building up to our full model. We summarize the results of this
study in Table 2.2. It is clear that all the proposed improvements give significant
performance boosts and are largely orthogonal. In particular, the use of WordPiece
tokens contributes a 3.8% absolute improvement on LRS2, while introducing the
VTP module decreases the WER by 6.3%. Using LM to rescore the beams and
applying test-time horizontal flipping leads to another 1.1% and 0.9% improvement
respectively.

VTP resolution. The VTP module is capable of aggregating the spatial features
at arbitrary feature map resolutions. But, we show that it is more effective when
operating on finer high-resolution feature maps rather than coarser low-resolution
feature maps. This is evident in Table 2.3, where pooling after conv, 3 at a spatial
resolution of 24 x 24 is much more effective than pooling on lower-resolution feature
maps of 12 x 12 or 6 x 6.

Training protocol. Previous works [Afouras et al. 2019] follow a curriculum

2Using the same CNN extractor as our model for fair comparison
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Method WER A

TM-seq2seq’ baseline 41.0 -
+ WordPiece 372 3.8
+ VTP 309 —6.3
+ Beam LM rescoring 298 —1.1

+ Test-time augmentation  28.9 —0.9

Table 2.2: Ablation on the design improvements proposed in this work. The results
reported are for the test set of the LRS2 dataset. It is clear that all the proposed
components contribute independently to the performance boost. TThe baseline is
an improved version of TM-seq2seq [Afouras et al. 2019].

Method # transformer layers WER
Without VTP 0 37.2
VTP @ (H/16,W/16) 2 35.7
VTP @ (H/8,W/8) 3 33.8
VTP @ (H/4,W/4) 6 30.9

Table 2.3: Ablation on the input spatial resolution for the VTP module. The
number of Transformer layers for each stage is chosen such that the total number
of parameters in the visual front-end is approximately the same. We see that
pooling from higher resolution feature maps clearly leads to better results.

strategy during training: the sequence length is gradually increased over the course
of the training. While this protocol, indeed works better, we argue that the boost
in performance does not come from the curriculum learning but from something
else: data augmentation. Over the course of the training process, the model gets
to train on all sub-sequences (n-grams) of various lengths, and this is an effective
data augmentation that reduces over-fitting. Indeed, we observe that if we simply
train on all n-gram sub-sequences at once (as opposed to a slow length increase),
we achieve a WER of 30.92, which is comparable to the WER of 30.91 following a
curriculum protocol. Not only does this experiment shed new light on the current
understanding of the training pipeline of lip reading, it also achieves similar results
while following a much simpler training process that requires significantly less

manual tuning.

2.4.5 Visual attention visualization

In Figure 2.2, we visualize the visual attention maps that the VI'P module pro-
duces. Note that the lips region is tracked very accurately while the speakers turn

their heads around, even for extreme profile views.
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Figure 2.3: Visual Speech Detection pipeline. To predict the presence of speech
at each video frame, we add a sigmoid prediction head on top of the lip reading
model’s visual encoder.

2.5 Visual Speech Detection Application

We build a VSD model on top of our lip reading transformer encoder by simply
adding a fully connected (FC) layer and a sigmoid activation on top of the frame-
level encoder outputs to classify whether the person is speaking in that frame or

not:

y =0( FC (gene) ) € R™.

The architecture is illustrated in Figure 2.3. We train the VSD head on top of
the pre-trained lip reading encoder using a binary cross-entropy loss between the

predicted and ground truth labels, ¥, and y;:

1 T
= Zy logy: + (1 — y;) log(1 — w) (2.3)
t=1
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Dataset and evaluation. We train our VSD model on the train split of the
popular AVA ActiveSpeaker dataset [J. Roth et al. 2020]. This dataset is created
from movies and contains 120 videos (2.6 frames) for training, 33 videos (768K
frames) for validation and 109 videos (2M frames) in the test set. Each frame
contains bounding box annotations for the face, along with a label indicating if
the person is (i) speaking and audible, (ii) speaking but not audible, (iii) inaudi-
ble. The second class covers cases where the person is visually speaking in the
background, but his voice/speech is not audible. Since we operate only on the
visual frames, we combine the samples of the first two classes and train the model
to perform binary classification. We initialize the weights from our pre-trained
lip-reading models and fine-tune all the layers with the Adam optimizer by using
a small learning rate of 107%. To evaluate the performance of our model and base-
lines we use the mean Average Precision (mAP) metric as defined by the dataset
authors [J. Roth et al. 2020]; we compute the metric using the evaluation script?
that the authors supply. We also report our scores on the held-out non-public test
set with the assistance of the Ava-ActiveSpeaker challenge organizers.

Results. We show quantitative results in Table 2.4, where we report the VSD
performance of our best VTP-based model (corresponding to the last row of Ta-
ble 2.1), alongside results from previous works. It is evident that our model greatly
outperforms the video-only baseline of [J. Roth et al. 2020}, and even outperforms
several of the recently proposed audio-visual methods ([Alcazar et al. 2020; J. S.
Chung 2019]). Moreover, to once again showcase the benefits of the VTP module,
we also compare with an ablation of our model that uses Global Average Pooling
(GAP) on top of the CNN features instead of VTP, with identical train-val-test
settings. VTP outperforms this model on this task as well, by 8 mAP points. We
refer to the project page for qualitative video examples and examples of inference
on silent videos using the whole pipeline, including VSD and lip reading.
Limitations and Ethical considerations. Narrowing the gap between lip read-
ing and ASR performance opens up opportunities for useful applications, as stated
in the introduction of the main paper: (i) improving speech recognition when the
audio is corrupted in some manner; (ii) enabling silent dictation; (iii) transcribing
archival silent films; (iv) helping speech-impaired individuals, e.g. people suffering

from Lou Gehrig’s disease speak [Shillingford et al. 2019]; and (v) enabling people

3https://tinyurl.com/ava-script
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Method A V mAP (val) mAP (test)
Roth et al. [J. Roth et al. 2020] 7 79.2 82.1
Alcazar et al. [Alcazar et al. 2020] /7 87.1 86.7
Chung et al. [J. S. Chung 2019] /I 87.8 87.8
MAAS-TAN [Leén-Alcazar et al. 2021] v ¢/ 88.8 88.3
TalkNet [Tao et al. 2021] o/ 92.3 90.8
Roth et al. [J. Roth et al. 2020] X v 73.5 71.1
Ours (CNN + GAP) X v 81.4 80.2
Ours (VTP) X v 89.2 88.2

Table 2.4: Visual Speech Detection performance on the validation (val) and test
sets of the AVA ActiveSpeaker benchmark dataset. The A and V columns denote
which modalities the corresponding method uses as input. Our VTP model out-
performs the baseline video-only model of [J. Roth et al. 2020] by a large margin
(over 17 mAP improvement). In fact, we even outperform several of the recently
proposed audio-visual methods ([Alcazar et al. 2020; J. S. Chung 2019]), obtaining
results close to the current state-of-the-art without using any audio.

with aphonia (loss of voice) to communicate just by using lip movements.

But, it also raises privacy issues and the risk of potential malign uses. One
issue that is often raised is the potential for malign surveillance, e.g. using CCTV
footage from public spaces to eavesdrop on private civilian conversations. However,
this is in fact very low risk due to a number of factors: we achieve a low WER
on benchmarks containing video material that is professionally produced and at
high resolutions and frame-rates, and under good lighting conditions. Moreover
the speakers are aware of being filmed and collaborate, most of the time speaking
while frontally facing the camera. In contrast, CCTV usually operate at much
lower resolution and frame rates and from unusual angles. As shown in prior
work [J. S. Chung and Andrew Zisserman 2017; Shillingford et al. 2019; Makino
et al. 2019], lip reading performance greatly deteriorates with lower frame rate or
input resolutions, or when non-frontal (e.g. profile or overhead viewpoints) rather
than frontal speaker views are considered.

We will be making the code and pre-trained models of this work public. This
technology is already available to a small handful of corporations that have access
to enough data and compute resources for training. We believe that open access is
important in order to accelerate progress in the field, as well as to enable research
on defences against potential adversarial attacks [Ma et al. 2021b; Gupta et al.

2021; Jethanandani and D. Tang 2020]. Finally, releasing our code and models
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leads to democratisation of research — making strong models publicly available
rather than to only a handful of companies can accelerate research while also
making the entire process more transparent.

Overall, we believe that the benefits of the positive applications of lip reading
that we have discussed (e.g. medical) greatly outweigh the risk of malevolent uses,
the latter ones being inflated, therefore transparent research into this field should

be continued and encouraged by the community.

2.6 Conclusion

We have presented an improved architecture for lip reading based on attention-
based aggregation of visual representations as well as several enhancements to the
training protocol, including the use of sub-word tokenisation. Our best models
achieve state-of-the-art results, outperforming prior work trained on public data
by a significant margin, and even industrial models trained on orders of magnitude
more data. We have also designed a Visual Speech Detection model on top of
our lip reading system that obtains state-of-the-art results on this task and even
outperforms several audio-visual baselines.

Acknowledgements. Funding for this research is provided by the EPSRC Pro-
gramme Grant VisualAI EP/T028572/1, and a DeepMind Graduate Scholarship.
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Abstract

In this work, we show that a large pre-trained ASR model can be adapted
to perform lip-reading. Our method enables an ASR model like Whisper
to interpret lip movements in a video and output text transcriptions. We
achieve this by learning a cross-modal mapping from a lip sequence to a
speech sequence, allowing a pre-trained ASR model to directly perform lip-
reading. The mapping can be learnt simply by backpropagating the cross-
entropy loss on the text labels through the pre-trained, frozen ASR model.
We achieve an impressive gain of 5.7 WER in the low data regime on the
LRS3 benchmark over previous lip-reading methods. Finally, we demon-
strate that the same strategy can be extended to other visual speech tasks,

such as identifying the spoken language in silent videos.

3.1 Introduction

The advent of foundational models has brought to light previously unexplored di-
mensions of deep learning’s ability to generalize. Large models pre-trained on mas-
sive datasets achieve state-of-the-art performance on a wide range of downstream
tasks. Even more remarkably, these models also demonstrate strong cross-modal
learning capabilities [Tsimpoukelli et al. 2021; Alayrac et al. 2022; Junnan Li et al.
2023].

In this paper, we study the cross-modal generalization capabilities of a pre-

trained automatic speech recognition (ASR) model like Whisper [Radford et al.
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2022] for the highly challenging task of visual speech recognition (lip-reading).
This allows us to leverage the speech modeling capabilities of state-of-the-art ASR
models. ASR models can be trained on massive audio datasets and learn to form
compact latent speech representations that are then decoded into text. Therefore,
in order to learn a strong lip-reading model, we can rely on a pre-trained ASR
model for the speech and language modeling and need only focus on learning two
things specific to the visual modality: a good visual representation, and a module
for mapping the visual features into a speech-like representation. This approach
paves the road to much more sample-efficient learning for lip-reading, which is
important because publicly available transcribed video datasets are orders of mag-
nitude smaller than their audio counterparts. For instance, among the public
datasets, VoxPopuli [Changhan Wang et al. 2021] consists of 400K hours of multi-
lingual speech data, whereas LRS3 [Afouras et al. 2018b], the most commonly
used public lip-reading benchmark contains only about 400 hours. In addition to
sample-efficiency, using a pre-trained ASR model provides an additional benefit of
saving computational resources for training, as a large part of the model is reused.

The essence of our approach to lip-reading is to replace the audio input se-
quence of a pre-trained ASR model with the visual input sequence of a talking
face, while maintaining the speech transcription abilities of the pre-trained ASR
model. We study the recently released Whisper ASR model [Radford et al. 2022],
which is based on a vanilla Transformer encoder-decoder architecture using au-
dio spectrograms as input, and has been trained on 680k hours of weakly-labelled
audio speech data.

Our contributions are: (1) re-purposing a large-scale, frozen, pre-trained ASR
model to perform lip-reading; (2) achieving state-of-the-art results on the standard
lip-reading benchmarks, and (3) demonstrating that our approach can be success-
fully extended to the visual language identification task, obtaining a significant
improvement over previous methods. Please follow the website for demo samples

and code release: https://www.robots.ox.ac.uk/~vgg/research/whisperer
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3.2 Related Work

3.2.1 Lip reading

The advent of deep learning, along with the creation of larger datasets such as
LRW [J. S. Chung and Andrew Zisserman 2016a], LRS2 [J. S. Chung et al. 2017]
and LRS3 [Afouras et al. 2018b] has led to rapid development of strong machine lip
reading models in the past few years. Sentence-level lip reading methods followed
two main paradigms, borrowed from the machine translation and ASR literature,
namely sequence-to-sequence [Afouras et al. 2019] and CTC [Assael et al. 2016;
Shillingford et al. 2019], as well as hybrid approaches [S. Petridis and Pantic 2016].
The sequence learning architecture has also evolved from LSTMs to Transform-
ers [Vaswani et al. 2017], to recent works using Conformers [Ma et al. 2021c;
Chang et al. 2024; Ma et al. 2022] that can model both the local information and
long-term temporal information.

Self-supervised learning for lip reading. Following the trend in speech recog-
nition [Schneider et al. 2019; Baevski et al. 2020; Hsu et al. 2021; Baevski et al.
2022], there have been many works [Hsu and B. Shi 2022; Lian et al. 2023; B.
Shi et al. 2022¢] that learn audio-visual speech representations from unlabeled
videos. These models are data-efficient — they can be fine-tuned with far fewer
video-text pairs to achieve a much better performance. The most prominent one
among them is AV-HuBERT [B. Shi et al. 2022¢] which learns representations by
predicting masked cluster assignments. In this work, we adapt these AV-HuBERT
features to condition a pre-trained ASR model like Whisper.

Utilizing ASR for lip-reading. Over the years, efforts have been made to lever-
age ASR models to enable lip-reading training. For example [Afouras et al. 2020a]
obtain noisy text labels for training by running an ASR on the accompanying au-
dio. A similar data-efficient and scalable approach was shown by Auto-AVSR [Ma
et al. 2023], which obtained impressive performance gains by pre-training on large
amounts of videos labeled with noisy transcripts from a pre-trained ASR. Although
our method also relies on a pre-trained ASR model, we follow a different approach:
we do not merely use ASR as a labeling tool — the ASR is the key component of
the lip-reading model itself. This idea is by no means a new one, previous meth-

ods [Djilali et al. 2023; Laux et al. 2023] have shown that ASR models can be
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adapted for lip-reading. However, they achieve a far worse performance and em-
ploy additional pre-training strategies and loss functions to match the audio and
video features. Our approach is straightforward and much faster to train — we
directly train for lip-reading using limited video-text pairs and achieve a superior
performance as shown in Table 3.1. Our approach is easily extensible to solve

additional tasks (Section 3.6).

3.2.2 Visual language Identification

Language identification is a well-studied problem [Richardson et al. 2015; Gonzalez-
Dominguez et al. 2014] as it is the first step for multi-lingual ASR. With the recent
efforts being made towards multi-lingual lip-reading [Ma et al. 2022; Anwar et al.
2023], identifying the spoken language from lips becomes an important task. Few
modern works exist in this space with more recent ones [Afouras et al. 2020b] ag-
gregating lip-reading representations with shallow temporal processing networks,

followed by simple classifier heads.

3.3 Method

In this section, we describe our approach. Our goal is to show that we can adapt
a pre-trained ASR model to lip-read, by mapping visual features representing lip
movements into the same space as the ASR model’s audio features. In this paper,
we realize this goal using the Whisper ASR model [Radford et al. 2022]. An
overview of the approach is given in Fig. 3.1. It consists of three major parts: (i) a
visual feature encoder, (ii) a cross-modal mapping network, and (iii) a pre-trained
ASR network, which is the Whisper model in our case. We explain each of the

three parts below.

3.3.1 Visual backbone

Our lip reading network’s input is a silent video clip of T' frames, & € RT*H>Wx3,

We use a pre-trained AV-HuBERT-Large model [B. Shi et al. 2022¢] to extract
the visual features for this input. It consists of two modules: (i) A ResNet18-like
CNN, and a (ii) Transformer encoder, both of which are trained in a self-supervised

manner through masked cluster prediction. The video input sequence is divided
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into sub-clips of 5 frames (i.e. 0.2s) with a unit frame stride. The sub-clips are
then processed by a ResNet18-like CNN architecture, where only the first CNN
layer is spatio-temporal. The CNN outputs 7" feature vectors, one per input frame:
f € RT*¢ where C = 1024 in our implementation. The feature sequence f is
processed by a series of Transformer encoder layers after a linear projection to give
the visual features gene € RT*¢. Note that we obtain our visual features without

any text supervision.

3.3.2 Cross-modal mapping network

Given the visual features gene, we would like to now map them to the space of
the ASR model’s audio features. We start by re-sampling the video features to
match the number of time-steps in the audio stream. In the case of Whisper,
the audio input is at twice the frame rate (50 FPS) of the video input stream,
so visual inputs are simply repeated along the time dimension in order to match
the audio time-steps. We denote the time-steps as T instead of 27T for simplicity.
The re-sampled visual features (genc) are passed through a cross-modal mapping
network M, which consists of an an MLP and a stack of N Transformer encoder
layers to map these features to Whisper’s audio space. The output of the mapping

network h.,. can be directly fed into the pre-trained ASR model.

henc - M(genc + PEl:T) € RTXC~

where PFE is the temporal position embedding.

3.3.3 Conditioning the ASR with visual inputs

The next step is to condition the ASR with the mapped features hep.. We briefly
describe the ASR we use below.

Whisper architecture. Whisper inputs audio mel-spectrogram features and
embeds these using a stack of convolutional layers to get the initial audio feature
vectors A € RT*P . These are then processed by a Transformer encoder network to
get Agne = Wene(A) € RT*P . A Transformer decoder is used to auto-regressively
decode the text tokens s while cross-attending to Aen.. We use Whisper-medium
in all our experiments and keep the Whisper model weights frozen.

Feeding the mapped visual features to Whisper. There are several possi-
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Figure 3.1: Proposed lip reading network. Given a silent video clip, we first en-
code it using a pre-trained AV-HuBERT encoder consisting of a ResNet18 followed
by a Transformer encoder. The obtained visual features are temporally up-sampled
(not shown in the figure for simplicity) and passed through a cross-modal mapping
network to obtain inputs that can be fed into a pre-trained Whisper model. The
frozen Whisper model outputs text transcriptions. Only the mapping network
(specified by open lock) is trained.
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bilities for feeding in the mapped visual features hey,. to Whisper. We found that
feeding hep,c in place of A, i.e., directly to the start of the Transformer encoder of
Whisper (W.,.) gives the best results. Thus, the conditioning of Whisper on the

visual features h.,. to transcribe the text sequence s can be expressed as follows:

Tyec

10gp<3|henc) = Z logp(5t| Wenc(henc)a 51:t—1> (31)

t=1

The output sequence s is represented in Byte-Pair-Encoding (BPE) tokens,
exactly the same as the ones used by the Whisper model [Radford et al. 2022].
At inference, we perform a left-to-right beam search of width B = 40. We do
not perform any test-time augmentations and do not use any external language

models.

3.3.4 Training objective

We maximise the log likelihoods of the text transcriptions by optimising the fol-

lowing objective:

L = _E(x,s*)GD logp(s*|w) (32)

3.4 Experiments

3.4.1 Data

The visual feature extractor from AV-HuBERT is pre-trained on the English split
of VoxCeleb2 [J. S. Chung et al. 2018] and LRS3 [Afouras et al. 2018b], a total of
1759 hours of unlabeled video data. Our model is trained and evaluated on the
largest publicly available sentence-level lip-reading dataset, LRS3 [Afouras et al.
2018b]. LRS3 contains clips from over 5,000 TED and TEDx talks in English,
available on YouTube, totalling 475 hours. The manual text transcriptions were
automatically aligned to the audio using force-alignment to yield word boundaries;
these word alignments enable training at any granularity. The dataset is split into
pretrain (403h), trainval (30h) and test sets. For the low-resource setting, we use
only the LRS3-trainval set of 30h, as also done in [B. Shi et al. 2022¢|. The models
are evaluated on the LRS3 test set containing 1,321 samples. Both LRS3 and
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VoxCeleb have been created using a detection and tracking pipeline that produces
clips loosely cropped around the speaker’s talking head. All videos are available at
25 fps, accompanied with audio at 16 kHz. We follow AV-HuBERTs official code
to extract tight mouth ROIs from the face tracks. The transcripts are tokenized
with Byte-Pair Encoding (BPE) in the exact same manner as done in Whisper’s

official code.

3.4.2 Implementation details

We now provide the implementation details of our best performing model. We
use AV-HuBERT Large as our visual feature extractor. The pre-trained model
weights are obtained by optimizing for the self-supervised clustering objective on
1759 hrs of unlabeled video data from LRS3 [Afouras et al. 2018b] and the English
split of VoxCeleb2 [J. S. Chung et al. 2018]. The feature encoder consists of a
ResNet18 followed by 24 transformer encoder layers with a hidden dimension of
1024 and 16 heads. Our mapping network M consists of (i) an MLP with two
FC layers with ReL.U activation and Layer Normalization, and (ii) a N = 3 layer
Transformer encoder. The feature dimensions and the number of heads match that
of the Whisper’s encoder, which is C' = 1024, heads = 16. For the Whisper model,
we use Whisper-medium-English, whose weights are also publicly available. We
use the Adam optimizer [Diederik P Kingma and Ba 2015] with an initial learning
rate of 5e~°. The learning rate is reduced by 5 every time the WER on the LRS3
validation set does not improve for 2 consecutive epochs, with a minimum learning
rate of 1e7®. We finetune the AV-HuBERT encoder at this minimum learning rate
for two epochs and choose the checkpoint with the best validation word error rate.
We clip all gradients to have a maximum L2 norm of 0.1. The training takes only

a few hours on 4 Tesla V100 GPUs.

3.5 Results

3.5.1 Quantitative scores

In Table 3.1, we compare our method with the previous works on the LRS3 test
set. We categorize the previous works in Table 3.1 into three groups. The first

two groups use only publicly available text transcripts for training and evaluation
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Method Unlabeled (hrs) Labeled (hrs) WER (%)

Fully Supervised models with publicly available data

ASR distillation [Afouras et al. 2020a] - 590 68.8
Conv-Seq2Seq [X. Zhang et al. 2019] - 855 60.1
Discriminative AVSR [B. Xu et al. 2020] - 590 57.8
Hyb. + Conformer [Ma et al. 2021¢] - 590 43.3
VTP [Prajwal et al. 2022a] - 698 40.6
Self-supervised pre-training + Supervised finetuning
ASR distillation [Afouras et al. 2020a] 334 590 59.8
. 433 30 71.9
LiRA [Ma et al. 2021a] 1,759 433 49.6
LiteVSR [Laux et al. 2023] 639 59 45.7
- 30 32.5
AV-HuBERT Large [B. Shi et al. 2022c] 1,759 433 98.6
SynthVSR, [X. Liu et al. 2023] 3,652 438 27.9
Auto-AVSR [Ma et al. 2023] 1,759 433 25.0
. o 30 31.2
Lip2Vec [Djilali et al. 2023] 1,759 433 926.0
30 25.5
Ours 1,759 433 24.3

Trained on large-scale non-publicly available datasets

Deep-AVSR [Afouras et al. 2019] - 1,519 58.9
Large-scale AVSR [Shillingford et al. 2019] - 3,886 55.1
RNN-T [Makino et al. 2019] - 31,000 33.6
VTP [Prajwal et al. 2022a] - 2,676 30.7
ViT-3D [Serdyuk et al. 2022] - 90,000 17.0
Synth-VSR [X. Liu et al. 2023] 3,652 3,068 16.9
LP [Chang et al. 2024] - 1,00,000 12.5

Table 3.1: WER (%) of our models and the comparison with prior works on the
LRS3 test set. Among the different approaches trained on similar number of hours
of labeled data, our method gives clear improvements.

such as LRS2 [J. S. Chung et al. 2017], LRS3 [Afouras et al. 2018b]. The first
group consists of models that are trained only with text supervision. The second
group involves a mix of self-supervised representation learning and/or ASR-aided
training, followed by finetuning with manually annotated clean transcripts. The
third and final group are methods that use large, proprietary datasets for training.
Our method falls into the second category. We consider two settings, depending
on the amount of labeled data used for training. In the 30hrs setting, we achieve a
WER of 25.5, which is 5.7 WER points better than the next best model (31.2)
at this data scale. Our best model that uses 433hrs of labeled data achieves a
WER of 24.3, surpassing all other approaches that train using the same datasets.
Thus, our approach is particularly useful when there is limited video-text paired

training data.
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LRS3 Test Sample 2: we can create a decentralized database that has the
same efficiency of a monopoly

Audio Input Video Input
200 4 | 200 -
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100 __ 100
50 ___— 50 B
) :5;5.'0 75 100 125 150 17.5 20.0 ) _2? 50 75 100 125 150 17.5

Figure 3.2: Whisper’s cross attention map for a specific decoder layer’s at-
tention head. X-axis denotes the text tokens. Y-axis denotes the input source
time-steps which can be either audio (ASR) or video (lip reading). The cross-
attention plot are very similar across modalities, indicating that the decoder is not
distinguishing between the modalities.

3.5.2 Whisper decoder’s cross-attention heatmaps

We now investigate how the pre-trained Whisper model behaves when we feed in (i)
audio input to perform ASR, (ii) the mapped visual features (hey.) to perform lip-
reading. We specifically visualize the cross-attention heatmaps between the text
tokens and the input source (audio or video). Figure 3.2, plots the cross-attention
heatmaps for a sample from the LRS3 test set for audio and video inputs. It can
be seen that, except for a few minor differences, the attention plots are strikingly
similar, indicating that the Whisper’s text decoder is able to interpret the input

from different modalities in a similar manner.

3.5.3 Ablation studies

In the arXiv version of the paper, we provide ablations of our approach, analysing
the various design choices such as: (i) the right place to feed the visual features to
Whisper, (ii) which mapping network is the best, (iii) how the size of the Whisper
model affects the lip-reading performance, (iv) does fine-tuning the ASR model
help? We also analyze the performance of our model against various sequence

lengths.
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3.6 Extending to Visual Language Identification

We demonstrate that our approach can be easily extended to another task that
Whisper is proficient at: language identification. Given a speech input, Whisper
has been trained to identify the language of the speech in addition to transcribing
what is being spoken. Similar to our re-purposing of Whisper for lip-reading, we
show that we can identify the language spoken purely from the lip movements, i.e.
visual language identification [Afouras et al. 2020b].

Dataset. Due to the lack of public benchmarks for this task, we show results
by creating train-val-test splits on the LRS3-lang+ dataset [Afouras et al. 2020b].
This dataset contains 14 languages sourced from 19k TEDx talks on YouTube.
We split the dataset into 85-5-10 for train-val-test splits. We ensure that the same
TEDx talk is not repeated across the splits to ensure there is no overlap of content
or speakers. Details on the distribution of the languages in the dataset is provided
in the original paper [Afouras et al. 2020b] and also in the arXiv version of the
paper.

Approach. We follow the same approach as we did for lip-reading, with only a few
minor changes. We now switch from a monolingual (English) Whisper model to the
multi-lingual variant. For example, when given a French speech, the multilingual
Whisper model would output a transcripts like <|fr|><|transcribe|> Chacun voit
midi & sa porte. <|endoftranscript|>. For this task, we would like to output
only the first token, which gives us the language code. Thus, the task of language
identification is cast as a sequence-to-sequence task, where the input can be speech
(visual or audio) and output is the language code.

Implementation details and Evaluation. We follow the same hyper-parameter
settings that we use for the lip-reading model. We train on 1-5 second clips. At
test-time, we evaluate on clips of lengths up to 5 seconds. We use the average class
accuracy (chance: 7%) to measure the model’s performance.

The current best model [Afouras et al. 2020b] evaluates on bs clips and reports
a mean class accuracy of 67.2%. Unfortunately, the authors did not release the
train-test splits to directly compare with this score. On our test split, which can
contain clips of less than 5s (which makes it harder due to shorter segments),
we achieve a mean class accuracy of 78.7%, which is already far better than the

previously reported performance. We also show the confusion matrix across the
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Figure 3.3: Row-normalized Confusion matrix of the language identification
predictions on the test set. The languages are as follows: (‘ko’ : Korean), (‘ar’ :
Arabic, (‘tr’ : Turkish), (‘ja’ : Japanese), (‘zh’ : Mandarin), (‘it’ : Italian), (‘en’ :
English), (‘pt’ : Portugese), (‘de’ : German), (‘es’ : Spanish), (‘el’ : Greek), (‘ru’
: Russian), (‘fr’ : French), and (‘pl’ : Polish).

different languages in Fig 3.3. English and Spanish are by far the most accurate
of the languages, presumably because there are more training data for these two
languages. Italian seems to be a very difficult language, often being confused with
Portuguese, Spanish or French. The visual language identification results serve

as a strong evidence that our approach can be extended to solve several other

lip-related tasks that Whisper performs with audio inputs.

3.7 Conclusion and extensions

We present an approach that employs an ASR model to achieve state-of-the-art
performance in lip-reading. Our method is also well-positioned to make use of
the rapid ongoing progress in large-scale speech recognition models [B. Shi et al.

2022¢; Haliassos et al. 2022; Lian et al. 2023]. We believe that this work is only
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the tip of an iceberg — it is yet to be explored if we can adapt the visual features
to the full range of Whisper’s capabilities other than English speech recognition
and language identification: (i) multi-lingual lip-reading, (ii) visual speech detec-
tion (detecting the speech time-steps), (iii) visual speech-to-text translation (e.g.
English lip movements to German text), and (iv) conditioning on a larger context.
We believe that our approach can have an impact across all these tasks, especially
when there is a scarcity of labeled data.
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gramme Grant VisualAIl EP/T028572/1, and a DeepMind Graduate Scholarship.

29



CHAPTER 4. SCALING MULTILINGUAL VISUAL SPEECH RECOGNITION

Chapter 4

Scaling Multilingual Visual

Speech Recognition

The paper has been accepted for publication at ICASSP, 2025.

60



CHAPTER 4. SCALING MULTILINGUAL VISUAL SPEECH RECOGNITION

Scaling Multilingual Visual Speech Recognition

K R Prajwal* Sindhu Hegde* Andrew Zisserman
Visual Geometry Group, University of Oxford

{prajwal,sindhu,az}@robots.ox.ac.uk

July 8, 2025

Abstract

Visual Speech Recognition (lip-reading) has witnessed tremendous im-
provements, reaching word error rates as low as 12.8 WER in English. How-
ever, the performance in other languages is lagging far behind, due to the
lack of labeled multilingual video data. In this work, we reduce the perfor-
mance gap with the help of three key advances: (i) the largest multilingual
lip-reading dataset to date, (ii) a single multi-task architecture that can

perform two tasks simultaneously: identify the language and transcribe the

*Equal contribution.
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Figure 4.1: (a) Our new MultiVSR dataset: We curate the largest multilingual
lipreading corpus to date, consisting of &~ 15, 700 hours of video paired with word-
aligned transcripts (11430 hours English + 4316 hours multilingual). (b) We de-
velop a unified multi-task framework capable of performing both lip-reading and
visual language identification tasks. The model, trained on our newly collected
dataset, achieves state-of-the-art results in both tasks.
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utterance, and (iii) jointly training this architecture on all the languages to-
gether, resulting in large WER improvements as opposed to training mono-
lingual models separately. We achieve state-of-the-art performance across
both visual language identification and multilingual lip-reading tasks. More-
over, our pipeline uses zero manual annotations, as all the training transcrip-
tions are obtained using a pre-trained ASR model. We also show that our
multilingual model can be readily fine-tuned for new low-resource languages
to achieve significant improvements when compared to training from scratch.

Our data, code, and models will be released for future research.

4.1 Introduction

Automatic Speech Recognition (ASR) models have taken giant strides in recent
years, achieving human-like accuracy [Y. He et al. 2019; Jinyu Li et al. 2022; Prab-
havalkar et al. 2023; Manh Tien Anh and Ho Sy 2024; Hono et al. 2024] across a
large number of languages [Tjandra et al. 2023] while also being fast and real-time.
Visual speech recognition (VSR) a.k.a lip-reading is a far more challenging task
compared to ASR, because lip movements are inherently ambiguous to transcribe
from. In spite of this, the word error rates have plummeted from 50-60 [J. S.
Chung et al. 2017; Afouras et al. 2019] to just 12.8 [Chang et al. 2024] on the
LRS3 [Afouras et al. 2018b] test set in a matter of five years. However, even to-
day, in stark contrast to ASR models, lip-reading models have been fairly accurate
only for English. One possible reason for this could be the lack of resources for
non-English data. The state-of-the-art multilingual lip-reading model today [Yeo
et al. 2024] still only uses 331 hours of Spanish data, which is 25% smaller than
that used for English even in 2018 [Afouras et al. 2018a], and 95% smaller than
what is used for English lip-reading today [Ma et al. 2023].

In this work, we scale multilingual lip-reading with the help of three key ad-
vances. We start by collecting MultiVSR, a large-scale multilingual dataset from
TEDx YouTube videos. With over 15, 700 hours of video data across 7 languages,
this is the largest multilingual lip-reading dataset, as far as we know. Our data
collection process requires little to no manual effort, because the transcriptions
are automatically obtained from a pre-trained ASR model like Whisper [Radford
et al. 2022; Yeo et al. 2024]. Using this data, we train a single model that can
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perform two tasks in a single framework: identifying language from lip movements
and transcribing what was uttered. Finally, we train this multi-task model jointly
across all languages. This is in contrast to previous works [Ma et al. 2022; Yeo
et al. 2024] where each language has a separate model. We clearly show that the
joint multilingual training leads to large gains in each individual language. We
also demonstrate that our pre-trained multilingual model can be fine-tuned for a
new language with limited data, achieving word error rates that are 15-20 points
lower than training on these languages from scratch.

In summary, our contributions are: (i) A new large-scale multilingual dataset,
MultiVSR, comprising ~ 15,700 hours of video data, (ii) A multi-task model ca-
pable of both language identification and transcription from silent lip movements,
and (iii) A unified multilingual lip-reading model that is far superior to previ-
ous monolingual models, both on our MultiVSR dataset and multilingual TEDx

(mTEDx) [Salesky et al. 2021] benchmark.

4.2 Related Work

English Lip-reading: Lip-reading has gained significant attention in recent
years, with advancements in both the scale of training data and model archi-
tectures leading to substantial performance improvements. Early works primarily
focused on English-speaking datasets, such as LRW [J. S. Chung and Andrew Zis-
serman 2016a], LRS2 [J. S. Chung et al. 2017], and LRS3 [Afouras et al. 2018b],
which laid the foundation for visual speech recognition. With the availability of
vast amounts of video data, numerous works [Afouras et al. 2018a; Stavros Petridis
et al. 2018a; Afouras et al. 2019; X. Zhang et al. 2019; Y. Zhao et al. 2020; Afouras
et al. 2020a; Ma et al. 2021c; Prajwal et al. 2022a; Yeo et al. 2023; Ma et al. 2023;
Prajwal et al. 2024; B. Shi et al. 2022¢; Djilali et al. 2023; X. Liu et al. 2023;
Laux et al. 2023; Haliassos et al. 2022] have emerged, resulting in a drop of over
40 WER points in English lip-reading over the last few years.

Non-English Lip-reading: Non-English Lip-reading remains under-explored
primarily due to the lack of large-scale multilingual datasets. Existing multilingual
video datasets such as VoxCeleb2 [J. S. Chung et al. 2018] and AVSpeech [Ephrat
et al. 2018] are not accompanied by transcripts, and the individual language sub-

sets are relatively small in scale. The multilingual TEDx (mTEDx) [Salesky et al.
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2021] dataset provides speech transcriptions in several languages, but it lacks video
data and even if we take the corresponding (unofficial) video clips from YouTube, it
is too small for training accurate lip-reading models. MuAViC [Anwar et al. 2023]
extends mTEDx by including videos, but has been mainly used for audio-visual
ASR and translation. Recently, a few works [Ma et al. 2022; M. Kim et al. 2023b;
Yeo et al. 2024] have focused on multilingual lip-reading, proposing various meth-
ods to either combine or extend existing datasets to cover multiple languages. The
largest multilingual lip-reading dataset to date was curated in [Yeo et al. 2024],
where the authors merged data from mTEDx, VoxCeleb2, and AVSpeech to create
a dataset spanning four languages: Spanish (384 hours), French (331 hours), Por-
tuguese (420 hours), and Italian (152 hours). The spike in data size led to a drop
in word error rates. But, it is worth noting that the LRS3 dataset [Afouras et al.
2018b] used for training English lip-reading back in 2018 [Afouras et al. 2018a]
was bigger than each of the above language splits. Moreover, most of the recent
works [Ma et al. 2022; M. Kim et al. 2023b; Yeo et al. 2024] have only trained
monolingual lip-reading models, which we show is sub-optimal.

Visual Language Identification: A critical pre-processing step for multilin-
gual lip-reading is to identify what language is being uttered. Only a handful of
works [Newman and Cox 2012; Prajwal et al. 2024; Afouras et al. 2020b] have
tackled this problem, and none of them perform multilingual transcription. We
outperform the previous best model [Prajwal et al. 2024], while also doing this

jointly with multilingual lip-reading.

4.3 A New Large-scale Multilingual Dataset

We present a new large-scale multilingual lip-reading dataset that includes video
clips paired with aligned text transcripts. The dataset covers English along with
six other languages: Spanish, French, Italian, Portuguese, Mandarin, and Turkish.
Each clip features a visible speaker who is the sole person speaking in the video.
In total, the dataset encompasses approximately 15, 700 hours of video segments,
representing a diverse range of individuals, languages, and facial poses. Figure 4.1
(left) showcases a summary of the data statistics and Table 4.1 gives the detailed

dataset information.
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Table 4.1: Data Statistics: The MultiVSR dataset comprises video data from
seven languages, totaling over 15, 700 hours. This makes it the largest multilingual
lip-reading data available to date.

] ] # unique | avg. duration | duration

Language | split | 7 clips videos | per clip (secs) | (hours)

English \Train\ 2,681,218 \ 86,942 \ 15.35 \ 11,429.73

Soania, | iR | 399,026 11,540 13.44 1,490.08
panis Test 1598 141 922.04 9.78
Frenep, | Train | 223,796 5,307 11.92 741.28
ret Test 1536 82 18.29 7.80
Port Train | 171,827 5,407 15.20 725.70
OTLUSUESE | ot 1152 79 921.75 6.96
ltaliag | Train | 129,522 4,225 15.36 552.72
! Test 963 62 19.81 5.30
Mandariy | Train | 101,221 3,170 16.75 470.82
anda Test 666 43 924.80 4.59
Tl | A | 64915 2,019 16.54 298.18
Test 395 28 28.89 3.17

Combined | Train 3,771,825 118,610 14.99 15,708.52
Test | 6310 435 21.45 37.60

4.3.1 Data collection and pre-processing

The dataset is automatically gathered from publicly available TEDx videos on
YouTube. We curated approximately 17,000 playlists and downloaded around
155,000 videos. TEDx is an ideal data source for our purposes because most of
the videos feature a single visible speaker who is actively speaking, and the videos
are of high quality.

Pre-processing: Our pre-processing pipeline (Fig. 4.2) involves two stages: (i)
person tracking and cropping, and (ii) synchronization detection. We begin by
resampling all videos to 25 fps and then detecting faces in each video frame using
the S3FD face detector [S. Zhang et al. 2017]. We then track segments where the
face is clearly visible and speaking (see Figure 4.2 (b)). Clips shorter than 1 second
are discarded, and we also filter out faces with a resolution below 96 x 96 pixels.
Next, in the synchronization stage, we verify whether the crop is synchronized
with the corresponding audio segment. Specifically, we use SyncNet [J. S. Chung
and Andrew Zisserman 2016b] to calculate synchronization offsets and retain only

the crops where the offset is within +10 frames by sync correction (see Figure 4.2
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(b) Person tracking and cropping ! i (¢) Synchromzahon detection

Figure 4.2: MultiVSR Dataset: (a) We begin by collecting a large set of 155, 000
TEDx videos across multiple languages. (b) These videos are pre-processed by
detecting and tracking person crops. (c) In the final step, we utilize SyncNet [J. S.
Chung and Andrew Zisserman 2016b] to discard clips that do not contain the face
of the speaker and the clips with synchronization offsets of > 4+10 frames.

(c)). The clips containing a different person other than the speaker, and clips
where the synchronization offset is above £10 frames are discarded. This step is
critical since we rely on a pre-trained automatic speech recognition (ASR) model
to generate transcripts from the audio segments (described below), rather than
manual labeling. This process results in approximately 16,000,000 video clips,

comprising a total of 15,709 hours of footage for our dataset.

4.3.2 Automatic labelling

As demonstrated in [Yeo et al. 2024], automatic annotations are scaleable and
produce results comparable to manual labeling for lip-reading; we thus opt for
automatic label generation for our dataset. We identify the language and generate

the word-level time-aligned transcripts for the video segments using the pre-trained

Whisper Large-v3 ASR model in WhisperX [Bain et al. 2023].

4.3.3 Data Splits

We split the data into train and test, with no speaker common across the splits.
This protocol is in line with other standard lip-reading datasets like LRS2 [J. S.
Chung et al. 2017] and LRS3 [Afouras et al. 2018b]. We also exclude the speakers
present in the test sets of LRS3 [Afouras et al. 2018b] and mTEDx [Salesky et al.
2021}, ensuring that models trained on our data can be benchmarked on all these

datasets. We also manually verify our test set and correct transcription errors.
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4.4 Multi-Task Network

We design a multi-task encoder-decoder model as illustrated in Figure 4.3. Given
a silent video sequence with Ny frames, V' = {Vi,Va,..., Vi, }, the objective is
to predict both the language token L and the corresponding text sequence, T' =
{T1,Ts,...,Tw}, where W is the number of words. The model is jointly trained
in a sequence-to-sequence framework [Sutskever et al. 2014] to perform the tasks
of language identification and lip-reading simultaneously.

The visual features are extracted using the pre-trained Visual Transformer
Pooling (VTP) model [Prajwal et al. 2022a], which has a temporal footprint of 5
frames and serves as a robust visual backbone. It outputs per-frame lip-movement
features, fu, € RM >4 We follow a simple Transformer encoder-decoder archi-
tecture from [Prajwal et al. 2022a]. The N-layer Transformer encoder temporally
encodes the VTP features to produce E.,, € R¥7*4  This is followed by a N-
layer Transformer Decoder, which cross-attends to the F.,. and auto-regressively

predicts the language token and the text transcription.

Eﬂ‘ec

Transformer Decoder

Layers en | —>
> 0> >0> % L
> D S A A A A A A > D o> § ~ put
e D w2 Eenn > D > E Your T
] ; > D > >0>| e
Input: Silent video frames (V) Transformer Encoder -] hands
f;m Layers
<eos>

Figure 4.3: Proposed multi-task architecture: The input video frames are first
passed through the Visual Transformer Pooling (VTP) model, which extracts the
visual features, f,,. These features are then processed by a Transformer encoder-
decoder model, generating the embeddings Fg... Finally, the network outputs both
the language token L for visual language identification and the text sequence T
for lip-reading, using beam search.

4.4.1 Implementation details

Input/output data: We use Whisper’s tokenizer [Radford et al. 2022] with a
shared vocabulary of 51865 tokens for all the languages. This also includes the
special tokens such as the start and end tokens, and language tokens. Using
the start-end time of the word boundaries from WhisperX [Bain et al. 2023], we
randomly sample a video clip between 2-10 seconds in length. For the mTEDx

dataset, we use the full clips specified by [Yeo et al. 2024].
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Hyper-parameters and Training: We set the number of layers N to 12, with
a hidden dimension of 768 and number of attention heads as 12. We train the
lip-reading model with the Adam optimizer with g; = 0.9, 85 = 0.98 and an initial

learning rate of le .

We reduce the learning rate to le™® when validation loss
plateaus and train until convergence. Our model is trained on 4 Tesla v100s GPUs
for 4 days.

Inference: The first predicted token is always the language token L. Thus, the
model directly performs language identification as part of the transcription. While

decoding the text T, we use beam search with a beam width of 20. We do not use

any external language model to improve the performance.

4.5 Experiments

4.5.1 Datasets

We leverage our newly collected large-scale dataset of approximately 15, 700 hours,
as outlined in Table 4.1, for both training and testing. A single model is jointly
trained on all seven languages, for both lip-reading and VLID tasks. To com-
pare with the existing multilingual works, we also report our results on mTEDx
dataset [Salesky et al. 2021] as explained below.

Additional dataset — mTEDx: Multilingual TEDx (mTEDx) [Salesky et al.
2021] is a publicly available multilingual speech corpus, but lacks video data. Thus,
we prepare the video data following [Yeo et al. 2024; M. Kim et al. 2023b] and use
it to evaluate against the current lip-reading models. As done in prior state-of-
the-art lip-reading works [Yeo et al. 2024; M. Kim et al. 2023b; Ma et al. 2022], we

consider four languages for evaluation: Spanish, French, Portuguese, and Italian.

4.5.2 Lip-reading Results

Results on the MultiVSR dataset: We evaluate our model on the test set of
our newly collected dataset across six languages and report the word error rate
(WER). We do not evaluate on English, as the focus is on non-English languages.
For comparison, we use the pre-trained model released by Yeo et al.[Yeo et al.
2024] and evaluate it on our test set. [Yeo et al. 2024] trains separate models

for each language, whereas ours is a single model trained on all languages collec-
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tively. As shown in Table 4.2, our model significantly outperforms the current
state-of-the-art across all languages resulting in an impressive ~ 23 WER average
improvement over [Yeo et al. 2024] across four languages. The gains can largely
be attributed to the (i) larger number of hours in each language and the quality of
the transcriptions, and (ii) joint multilingual training to further increase the data

scale.

Table 4.2: Performance comparison of lip-reading and visual language identifica-
tion (VLID) across six languages on MultiVSR dataset.

Language \ Lip-reading WER | H VLID accuracy 1
‘ [Yeo et al. 2024] ‘ Owurs H [Prajwal et al. 2024] ‘ Owurs
Spanish 60.5 38.6 88.4 93.7
French 65.4 37.5 69.8 97.6
Portuguese 59.5 39.4 62.1 94.8
Italian 59.8 35.7 44.6 94.6
Mandarin n/a 42.2 90.6 99.8
Turkish n/a 49.5 48.9 93.5

Results on mTEDx dataset: To validate the effectiveness of our proposed
model and dataset, and to maintain consistency with previous lip-reading studies,
we compare with the prior state-of-the-art [Yeo et al. 2024; Ma et al. 2022; M.
Kim et al. 2023b] on the standard mTEDx dataset. We fine-tune on the train
split specified in [Yeo et al. 2024] and report results on the unseen speakers of test
clips [Yeo et al. 2024] in Table 4.3. In-line with our earlier findings, our model

outperforms existing methods across all languages.

Table 4.3: Lip-reading WERs on mTEDx dataset [Salesky et al. 2021]. Lower is
better.

Language ‘ [Ma et al. 2022] ‘ [M. Kim et al. 2023b] ‘ [Yeo et al. 2024] ‘ Ours

Spanish 56.30 56.96 45.71 38.8
French 66.20 64.92 58.30 51.8
Portuguese 61.50 58.57 47.89 42.8
Italian 57.40 59.74 51.79 47.5

4.5.3 Visual Language Identification (VLID) Results

Our network is also capable of identifying the language based solely on lip move-
ments. Notably, we do not train a separate model for this task; instead, it is

learned jointly during the lip-reading training process. Table 4.2 shows the results
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of VLID across all the 6 languages. We compare with the pre-trained VLID model
from Prajwal et al. [Prajwal et al. 2024]. Note that [Prajwal et al. 2024] trains
a VLID network independently from the lip-reading task. From Table 4.2, it is
evident that our model achieves a high accuracy of over 93% across all languages,
which is an unprecedented improvement over the previous best model [Prajwal

et al. 2024].

4.5.4 Extending to new low-resource languages

To address the challenge of training models for languages with limited data, we
investigate the feasibility of using our pre-trained multilingual model for such low-
resource languages. Specifically, we consider four languages for this study: Greek
(134 hours), Japanese (152 hours), Polish (165 hours) and Russian (173 hours).
We curate the training and testing data for these languages in the exact same
manner as described in Section 4.3. We deem these languages low-resource as they
contain only about 150 hours on average as opposed to at least 300+ hours from
our set of 7 languages.

First, we train individual models for each language; the blue bars in Figure 4.4
show their performance. Next, we fine-tune our pre-trained multilingual model
(trained on 15, 700 hours) for each of these languages separately. As shown in Fig-
ure 4.4 (the green bars), fine-tuning leads to a significant performance boost, with
over 15 WER improvement. This demonstrates the power of leveraging large-scale
multilingual pre-training to enhance lip-reading performance, particularly for low-
resource languages, setting the stage for broader and more inclusive applications
of visual speech recognition.

M Trained for each language individually (~150 hrs)
M Pre-trained on ~15k hrs of other languages + Fine-tuned on ~150 hrs of target language

76.1 75.4

Greek Japanese Polish Russian

Figure 4.4: Lip-reading performance comparison on low-resource languages be-
tween models trained individually on each language (blue bar) and models fine-
tuned on the target language using our pre-trained model (green bar).
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4.5.5 Monolingual v/s Multilingual v/s Multilingual with

additional fine-tuning

In Table 4.4, we assess three possible training strategies for lip-reading and discuss
the trade-offs. The first case is training a separate model for each language. This
significantly reduces the total training data, thus drastically hurting the perfor-
mance. The second case is to train a single model on all languages jointly. In
the third case, we fine-tune the model from the second case on the target lan-
guage by removing the data of the other languages. No new data is added for the
fine-tuning in this experiment, only the languages except the target language are
removed. We can see in Table 4.4 that fine-tuning on the same target language
data yields marginal improvements — barely 0.6 WER on average while also los-
ing the language identification capabilities. On the other hand, the joint model
is a single unified model that can identify and transcribe all languages with a

comparable accuracy.

Table 4.4: Monolingual v/s multilingual v/s the effect of additional target language
fine-tuning on MultiVSR dataset.

Language | Monolingual N?;Vl;gl;%al Ng:vll?llllr]l?g%l;‘ !
Spanish 47.2 38.6 38.1
French 49.6 37.5 36.9
Portuguese 51.2 39.4 39.1
Italian 48.1 35.7 35.1
Mandarin 53.1 42.2 41.8
Turkish 65.5 52.1 51.7

4.6 Limitations and Conclusion

In this work, we built the largest multilingual lip-reading dataset to date. We train
the first lip-reading model that can jointly identify the language and transcribe
the utterance while surpassing performance of all prior works on both these tasks.
A clear limitation of our dataset is that it has a large composition of English clips.
While, our multilingual training strategy makes good use of this, a promising
future direction would be to increase the number of languages and generalize to

new languages in a few-shot manner.
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Visual Keyword Spotting
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Abstract

In this paper, we consider the task of spotting spoken keywords in silent
video sequences — also known as visual keyword spotting. To this end,
we investigate Transformer-based models that ingest two streams, a visual
encoding of the video and a phonetic encoding of the keyword, and output
the temporal location of the keyword if present. Our contributions are as
follows: (1) We propose a novel architecture, the Transpotter, that uses full
cross-modal attention between the visual and phonetic streams; (2) We show
through extensive evaluations that our model outperforms the prior state-of-
the-art visual keyword spotting and lip reading methods on the challenging
LRW, LRS2, LRS3 datasets by a large margin; (3) We demonstrate the
ability of our model to spot words under the extreme conditions of isolated

mouthings in sign language videos.

5.1 Introduction

In recent years, there has been significant progress in automatic visual speech
recognition (VSR) due to the availability of large-scale annotated datasets and the
development of powerful neural network-based learners [J. S. Chung et al. 2017;
Assael et al. 2016; Afouras et al. 2019]. These methods are continually improving

and becoming more sophisticated, by incorporating better visual models, stronger

*Equal contribution.



language modelling and training on larger datasets. Indeed the best industrial
grade lip reading models today are far superior to humans, and achieve error rates
approaching Automatic Speech Recognition (ASR) performance [Makino et al.
2019; Prajwal et al. 2022a].

However, for many applications it is not necessary to transcribe every word
that is spoken in a silent video (the task of VSR), rather only specific utterances
or keywords need to be recognised. This is for example the case in “wake word”
recognition, where only particular keywords need to be spotted over long input
sequences. A further drawback of VSR methods is that they are heavily reliant
on language modelling; in general, their performance decreases significantly when
context is limited (e.g. short utterances) or parts of the input are occluded, e.g.
from the speaker’s hands or a microphone. In this work, we focus instead on
the task of Visual Keyword Spotting (KWS), where the the goal is to detect and
localise a given keyword in (silent) spoken videos.

Automatic visual KWS enables a diverse range of practical applications: index-
ing archival silent videos by keyword to enable content-based search; helping vir-
tual assistants (e.g. Alexa and Siri) and smart home technologies respond to wake
words and phrases; assisting people with speech impairment (e.g. amyotrophic lat-
eral sclerosis patients) or aphonia in communication [Shillingford et al. 2019]; and
detecting mouthings in sign language videos [Albanie et al. 2020].

KWS differs in complexity from VSR primarily because in KWS we are armed
with the keyword we need to recognise, whereas VSR has the harder task of recog-
nising every word from scratch. The core hypothesis motivating this work is that
this additional knowledge renders visual KWS an easier task than VSR; and it
is therefore expected that KWS should achieve a higher performance than VSR,
and generally be more robust to challenging and adversarial situations. Never-
theless, visual KWS remains a very difficult task and shares similar challenges to
VSR methods: first, some words sound different but involve identical lip move-
ments (‘man’, ‘pan’, ‘ban’), these homopheme words cannot be distinguished us-
ing only visual information. Second, speech variations such as accents, speed,
and mumbling can alter lip movements significantly for the same word. Third,
co-articulation of the lips between preceding and subsequent words in continuous
speech also affects lip appearance and motion.

In this paper, we make the following three contributions: (i) We propose a novel
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Transformer-based architecture, the Transpotter (a portmanteau of Transformer
and Spotter), that is tailored to the visual KWS task. The model takes as input
two streams, one encoding visual information from a video and the other providing
a phonetic encoding of the keyword; the heterogeneous inputs are then fused using
full cross-modal attention. (ii) Through extensive evaluations, we show that our
Transpotter model outperforms the prior state-of-the-art visual KWS and VSR
methods on the challenging LRW, LRS2 and LRS3 lip reading datasets by a large
margin. (iii) We test our best model under extreme conditions: finding words
in mouthings of people communicating using sign language. Signers sometimes
mouth words as they sign as an additional non-manual signal to disambiguate
and help understanding [Rachel Sutton-Spence 2007]. This new task is extremely
challenging as there is a significant domain shift between full spoken sentences
(in our training and test sets) and mouthings, where the context is sporadic and
phonemes of the keyword may be missing — as sometimes only parts of words are
mouthed [Boyes Braem and RL Sutton-Spence 2001]. Our approach outperforms
previous KWS models in this challenging, practical use-case. Video examples
are available at the project’s webpage: www.robots.ox.ac.uk/~vgg/research/

transpotter.

5.2 Related work

Our work relates to prior work on KWS, lip reading, visual grounding, and appli-
cations of Transformers for text and video. We present a brief discussion of these
topics below.

KWS. KWS in audio (speech) is a well studied problem with a long history, span-
ning several decades. Prior to the establishment of deep learning models, KWS
methods were based on Hidden Markov Models [Rose and Paul 1990; Wilpon et
al. 1989], dynamic time warping [[takura 1990; Sakoe and Chiba 1978; Yaodong
Zhang and Glass 2010] or indexing of ASR lattices [Can and Saraclar 2011]. A
number of works have since used deep architectures suitable for sequence modelling
(e.g. RNNs, CNNs, or graph convolutional networks) [Tara N. Sainath and Parada
2015; Yundong Zhang et al. 2017; Yuxuan Wang et al. 2017; Palaz et al. 2016; X.
Chen et al. 2019; S. Fernandez et al. 2007; Hwang et al. 2015; M. Sun et al. 2016;
Arik et al. 2017; Lengerich and Hannun 2016; Taejun Kim and Nam 2019, in-
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cluding encoder-decoder approaches [Haitong Zhang et al. 2018; Audhkhasi et al.
2017; Zhuang et al. 2016; Rosenberg et al. 2017]. Berg et al. [Berg et al. 2021]
recently proposed using a Transformer model for the same task. Different from
ours, this work uses a single input stream (audio) and only learns to spot a fixed
vocabulary of keywords. In contrast, we use Transformers to temporally process,
then fuse the multi-modal inputs, building a model that can eventually perform
open-set KWS. Visual KWS has also received attention recently. The proposed
methods include query-by-example [Jha et al. 2018] approaches, sliding window
classification [Y. Yao et al. 2019], or looking up phonetic queries in lip reading
feature sequences [Stafylakis and Tzimiropoulos 2018; Momeni et al. 2020a], while
audio-visual methods [P. Wu et al. 2016; Ding et al. 2018; Momeni et al. 2020a]
that fuse the two modalities to improve robustness to noise have also been pro-
posed. Our method builds upon these approaches: we address various weaknesses
and propose superior video-text modelling as well as explicit keyword localization,
resulting in significantly improved performance.

Lip reading. Early works in lip reading usually relied on hand-crafted pipelines
and features [G. Potamianos et al. 2003; Gowdy et al. 2004; Papandreou et al. 2009;
Ziheng Zhou et al. 2014]. The availability of large scale lip reading datasets [J. S.
Chung et al. 2017; Afouras et al. 2018b] and the development of deep neural net-
work models resulted in major performance improvements, initially in word-level
lip reading [J. S. Chung and Andrew Zisserman 2016a; Stafylakis and Tzimiropou-
los 2017] and constrained sentences [Assael et al. 2016]. Sentence level models
were subsequently developed, using sequence-to-sequence architectures based on
RNNs [J. S. Chung et al. 2017], CTC-based [Shillingford et al. 2019] approaches,
or a hybrid of the two [Stavros Petridis et al. 2018b]. Replacing RNNs with Trans-
formers resulted in better performing architectures [Afouras et al. 2019; X. Zhang
et al. 2019; Gulati et al. 2020]. Joint audio-visual training and cross-modal dis-
tillation [Afouras et al. 2020a; Yu et al. 2020; W. Li et al. 2019] have also been
investigated. The current state-of-the-art model uses Transformers in the visual
front-end and achieves remarkable results with word error rates reaching as low as
30.7% [Prajwal et al. 2022a].

Visual grounding. Our work is also related to tasks such as natural language
grounding in videos [Hendricks et al. 2017; Gao et al. 2017; M. Liu et al. 2018;
H. Xu et al. 2019; Yitian Yuan et al. 2019; Ghosh et al. 2019; J. Chen et al. 2018;
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Zeng et al. 2020] and subtitle alignment in sign language clips [Bull et al. 2021].

Transformers. Since their introduction for machine translation, Transform-
ers [Vaswani et al. 2017] have become ubiquitous and are used today in a wide
range of applications from natural language processing [Devlin et al. 2018; Rad-
ford et al. 2019] and speech recognition [L. Dong et al. 2018; Karita et al. 2019;
Mohamed et al. 2019] to visual representation learning [Dosovitskiy et al. 2021;
Bertasius et al. 2021; B. Wu et al. 2020; Prajwal et al. 2022a]. In this work, we
rely on Transformers as our building blocks for their strong sequence modelling

capability and inherent potential for localisation through attention.

5.3 Visual KWS with Attention

In this section, we describe our proposed method shown in Figure 5.1. We outline
the architecture of our model (Section 5.3.1), our training procedure (Section 5.3.2)
and differences to prior work (Section 5.3.3). We refer the reader to the arXiv

version of the paper for further details.

5.3.1 The Transpotter Architecture

Our model ingests two input streams: (i) a textual keyword ¢ = (¢1,q2- "+ , qn, ),
and (ii) a silent video clip v € RT*H*W>3 in which we need to spot the keyword.
For each of the inputs, we have separate encoders that learn initial modality-
specific representations. This is followed by a joint multi-modal Transformer that
learns cross-modal relationships between the video and text features. The joint
transformer predicts two outputs: (i) a sequence-level probability of the keyword
occurring in the video and (ii) frame-level probabilities indicating the location of
the keyword in the video if present. We describe each of the modules next.

Text Representations. Our textual input is a phonetic representation of the
keyword, obtained using a pronunciation dictionary. The input phoneme sequence
of length n,, is mapped to a sequence of learnable embedding vectors Q € R™*.
Sinusoidal positional encodings are added to the input phoneme feature vectors,
and the result is passed through a Transformer Encoder [Vaswani et al. 2017] with

N layers to capture temporal information across the phoneme sequence:
Qenc - enCOd€Tq(Q —+ PEl:np) c RnPXd,
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Figure 5.1: The Transpotter architecture: Video frames are inputted to a vi-
sual front-end (CNN [Afouras et al. 2019] or VTP [Prajwal et al. 2022a]) to extract
low-level visual features, which are then passed to N, Transformer layers to encode
temporal information. The keyword in the form of a phoneme sequence is encoded
using N, Transformer layers. The text and visual features are finally concatenated
in time and processed using a joint multi-modal Transformer which predicts: (i)
the probability the keyword occurs in the video, (ii) frame-level probabilities indi-
cating the location of the word. PE corresponds to positional encoding.

Video Representations. We use a pre-trained visual front-end (either a CNN [Afouras
et al. 2019] or VTP [Prajwal et al. 2022a]) to extract a feature vector for each in-
put video frame, V € R7*?. Similar to the text encoder Qn,., we pass the visual
features through a Transformer Encoder with N, layers to capture temporal infor-

mation, after adding positional encodings:

Vene = encoder,(V + PEy.r) € RT*d,

Joint Video-Text Representations. The uni-modal representations V and @)
are concatenated along the time dimension to produce a single sequence of feature
vectors. A learnable [C'LS| token embedding (such as in BERT [Devlin et al. 2018]
and ViT [Dosovitskiy et al. 2021]) is then prepended to the result:

J = ([CLS]’ ‘/enc§ Qenc) c ]R(H'T'*'”p)Xd.

We use a Transformer encoder with N, layers to jointly learn the relationships
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across video and phoneme vectors:
Z = encoderyy(J + PEy.(1474n,)) € RO+T)xd 1

Prediction heads. The [C'LS] output feature vector Z; serves as a joint aggregate
representation for the video-text pair. An MLP head for binary classification, f,
is attached to Z; to predict the probability of the keyword being present in the

video:

J = o(f.(Z1)) € RY,

where o denotes a sigmoid activation. To localise the keyword, we attach a second
MLP head f; that is shared across all the video output states from the multi-modal

joint Transformer:
gl = o(fil Zar41))) € RT.

loc

The output ;¢ at each video frame time-step ¢ € T' indicates the probability of

the frame t being a part of the keyword utterance.

5.3.2 Training

Optimisation objectives. Given a training dataset D consisting of tuples (v, ¢, y°*, y'°¢)

of silent video clips, text queries, class labels and location labels (indicating the

position of the keyword within the clip), we define the following objectives:

L — —E (v g4¢1¢)eD BCE(y"*, §) (5.1)
ocC CLS 1 T oc ~loc
;Cl = _E(v’q?ycls?yloc)ep y ! T Z BCE(yi ,yi ) (52)
t=1
BCE(y,y) = ylogy + (1 —y)log(1 — 3), (5.3)

where BCE stands for the binary cross-entropy loss. The labels ¢ are set to
1 when the given keyword occurs in the video and 0 otherwise; the frame labels
y'°¢ are set to 1 for the frames where the keyword is uttered and 0 otherwise. To
train the model the optimise the total loss £ = AL + (1 — X)L, where ) is a

balancing hyper-parameter.

the n, outputs corresponding to the phonetic embeddings are dropped.
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5.3.3 Discussion

Compared to prior approaches, the design of our model offers several important
advantages.

Stronger Visual Representations. Previous works [Stafylakis and Tzimiropou-
los 2018; Momeni et al. 2020a] model temporal relationships between video frames
using RNNs. In contrast, we employ Transformers [Vaswani et al. 2017], which
are far more effective in modeling temporal relationships [Al-Rfou et al. 2019;
Hochreiter et al. 2001].

Joint Video-text Modeling. Prior works such as KWS-Net [Momeni et al.
2020a] follow a late-fusion strategy. In our model each frame-wise video feature
can attend to any keyword token (phoneme) and vice-versa. The information
exchange across the modalities occurs at every layer, without restrictions on the
receptive field for either modality.

Stronger keyword localisation. Fine-grained localisation of the keyword in
the video can be important for applications such as sign spotting [Albanie et al.
2020]. Existing methods [Momeni et al. 2020a; Stafylakis and Tzimiropoulos 2018]
“weakly” localise the keyword by taking the sequence-level prediction to be the
maximum probability over all the video time-steps. We instead provide stronger
frame-level supervision, by enforcing the model to predict the exact temporal ex-

tent of the keyword in the video.

5.3.4 Implementation details

Pre-training the visual front-end. We explore two different visual front-end
architectures for the Transpotter: (1) a CNN, highly similar in architecture to
TM-seq2seq [Afouras et al. 2019] and (2) VTP [Prajwal et al. 2022a], the current
state-of-the-art for lip reading (trained only on public data). Both models are
trained end-to-end on two-word video clips of LRS2 [J. S. Chung et al. 2017] and
LRS3 [Afouras et al. 2018b] for lip reading. We refer the reader to the arXiv version
of the paper for the exact CNN architecture and training hyper-parameters. We
refer the reader to [Prajwal et al. 2022a] for architectural hyper-parameters and
training protocols for VTP. We pre-compute the visual features for each backbone
for both datasets and then train directly on them for faster training. All our

models and ablations use the pre-trained CNN features, unless otherwise stated.
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Sampling. We form the training dataset D by randomly sampling with 50% prob-
ability a positive or negative video clip v for each query ¢. Each video v contains
word boundary annotations, which allows (i) performing data augmentation by
randomly cropping video segments during training, and (ii) creating frame labels
y'°c, as described in 5.3.2.

Misc. The keyword ¢ is mapped to a phoneme sequence using the CMU dictionary
[Speech Group at Carnegie Mellon University 2014]; words not present in the

dictionary are discarded from training D. We set A = 0.5.

5.4 Experiments

This section is structured as follows: We first present the datasets used as well
the evaluation protocols that we follow in our experiments (Section 5.4.1). Next,
we compare the performance of our proposed Transpotter model against strong
baselines (Section 5.4.2) and then present a comprehensive study ablating our
design choices (Section 5.4.3). Finally, we perform further performance analysis

and provide qualitative results (Section 5.4.4).

5.4.1 Datasets and Evaluation Protocol

Datasets. All models and baselines are trained and evaluated on LRS2 [J. S.
Chung et al. 2017] and LRS3 [Afouras et al. 2018b] lip reading datasets. LRS2
contains BBC broadcast footage from British television and LRS3 is based on
TED/TEDx videos downloaded from YouTube (refer to the arXiv version of the
paper for detailed statistics). The video clips for both datasets are tightly cropped
face-tracks of active speakers only. For each clip, a full transcription of the utter-
ance as well as word boundary alignments are provided. The number of videos,
number of keyword instances and keyword vocabulary for each of the test sets is
shown in Table 5.1.

Evaluation Protocol. Evaluation is performed for every test dataset as follows:
First, the vocabulary of test keywords is determined, by considering all the words
occurring in the test set transcriptions with above a certain phoneme length n,,. If
not specified, we use n,, > 3. Every word in the query vocabulary is then searched

for in all the test set videos.
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Metrics. Given ground truth video-keyword samples, we assess the performance
of our model in two ways. First, we assess classification performance, i.e. whether
the model can accurately predict whether the keyword occurs in the video or not.

ls

We compute accuracy (AccGt) and mean average precision (mAP“") metrics,

where Acc§y measures how often a given keyword occurs in any of the top-k
retrievals, and mAP®" is obtained with the above criterion (where every word in
the test keyword vocabulary is considered as a separate class).

Second, we assess the model’s localisation capability, i.e. whether the model
can accurately localise the keyword in the video clip. We follow common practice
from the detection literature: we consider a keyword accurately detected when the
intersection-over-union (IOU) between the prediction §'° and ground truth label

l

1°¢ is above a certain threshold, and calculate the mean average precision mAP>°.

To calculate the IOU, we binarise the model’s predictions using a threshold 7 = 0.5.

5.4.2 Comparison to baselines

We compare our model’s performance against a state-of-the-art VSR model and
KWS-Net [Momeni et al. 2020a], the previous state-of-the-art visual KWS model.
VSR baseline. We use an improved version of the TM-seq2seq [Afouras et al.
2019] VSR model, with the same pre-trained CNN backbone (Section 5.3.4) that
we use for the KWS models. The model is trained with the curriculum train-
ing strategy of [Afouras et al. 2019] (details in the arXiv version of the paper).
The VSR model achieves state-of-the-art Word Error Rate (WER) performance of
36.9% and 48.0% on the LRS2, LRS3 test sets respectively. Since the VSR model
only produces text transcriptions of a given video, but no localisation prediction,
we can only evaluate its classification performance (Acc§k mAPY"). We follow
the method detailed in [Y. He et al. 2017] to estimate the posterior probability
that the keyword occurs in a video clip.

KWS-Net. As a KWS baseline we use the state-of-the-art model of Momeni et
al. [Momeni et al. 2020a]. For fair comparison, here too we use the same CNN
backbone that is also used for our model.

State-of-the-art KWS. We report our model’s performance and compare it with

strong baselines in Table 5.1. It is clear that our model outperforms both baselines.

On the last row, we show the boost in performance by replacing the CNN with the
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| LRS2 | LRS3
| 1.2K vids. / 4.3K inst. / 1.6K vocab. | 1.3K vids. / 6.1K inst. / 1.9K vocab.

Model | AccSt  AccSl mAPY" | mAP™* | Acc§l  Acc§® mAPY | mAPMe
KWS-Net [Momeni et al. 2020a] 36.1 61.2 41.0 36.2 29.8 54.6 34.3 29.2
VSR 63.7 76.3 64.3 - 52.3 66.0 50.3 -
Transpotter 65.0 87.1 69.2 68.3 52.0 7.1 55.4 53.6
Transpotter (VIP) | 687 907 725 | 716 | 55.7 785 582 | 56.1

Table 5.1: Comparison to baselines: We outperform the current state-of-the-art
KWS and VSR methods by a large margin. Our Transpotter model is particularly
effective in localising the keyword in the video. Moreover, by using the recently
proposed VTP [Prajwal et al. 2022a] architecture as the Transpotter’s visual back-
bone instead of a CNN, we achieve even better performance.

recently proposed VTP backbone [Prajwal et al. 2022a], resulting in state-of-the
art performance on both the LRS2 and LRS3 datasets.

Evaluation on LRW. We also compare the performance of KWS-Net [Momeni
et al. 2020a] with our proposed Transpotter model on the LRW [J. S. Chung and
Andrew Zisserman 2016a] test set following the same evaluation protocol. The
test set contains 25K single-word video clips spanning a vocabulary of 500 words
(50 instances per word). Note that KWS-Net has been pretrained on the LRW
training split, but the Transpotter has only been trained on LRS2 and LRS3. As
we can see in Table 5.2, the Transpotter outperforms the previous state-of-the-art
baseline KWS-Net by a large margin. We refer the reader to the arXiv version of

the paper for a qualitative error analysis in this setting.

Model ‘ Acc§l Acc§l mAP
KWS-Net [Momeni et al. 2020a] 66.6 89.0 33.0
Transpotter 85.8 99.6 64.1

Table 5.2: Comparison on LRW [J. S. Chung and Andrew Zisserman
2016a]: The Transpotter outperforms the previous state-of-the-art KWS model on
the LRW test set, despite not having been trained on LRW data. The localization
metric mAPL°¢ is not reported as the input videos are single-word clips.

5.4.3 Architecture ablations

To assess our design choices for the Transformer skeleton, we perform a number
of ablations considering variations of the model architecture. We briefly explain
the alternative approaches below; more details can be found in the arXiv version
of the paper.

In particular we consider two alternative encoder-decoder architectures, with
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Figure 5.2: (a) Transpotter’s performance increases with the keyword length; (b)
Transpotter performs far better than VSR with limited context. Both methods
improve with more context.

the video input at the encoder side and the text query at the decoder (Enc,;4-
Decyert) and vice versa (Encge,i-Decyiq). Since the latter model outputs at the
temporal resolution of the video input, it can explicitly localise the keyword (in
the same way as the Transpotter), while the former can only perform classification.
We also consider a variant of the Transpotter, where the model does not output
localisation predictions (hence no £¢ is used for its training). We show the results
in Table 5.3. The selected Transpotter architecture outperforms all variants. In
particular, by comparing rows 2 and 4, we observe that training with a localisation

head and loss £ also improves classification (e.g. 64.0 vs 69.2 mAPY").

| LRS2 | LRS3
Model ‘ AccGl  AccSl mAPYE ‘ mAP~o ‘ Accl  AccSl mAPY ‘ mAPLoe
Encyig-Deceq 52.5 80.0 57.9 - 40.3 66.9 43.2 -
Transpotter w/o loc. | 59.4 84.1 64.0 - 46.5 72.1 49.8 -
Encyez-Decyiq 63.8 86.8 68.4 67.8 52.1 76.6 54.9 53.1
Transpotter 65.0 87.1 69.2 68.3 520 771 55.4 53.6

Table 5.3: Model ablations: Our approach of jointly modeling text and video
sequences with a localisation head for stronger supervision outperforms other ar-
chitectural designs.

5.4.4 Transpotter performance analysis

In this section, we analyse the performance of our proposed method when varying
the keyword length and the size of the surrounding visual context.

Keyword length. In Figure 5.2a, we plot the model’s performance on the LRS2
test set against the minimum keyword length in phonemes n,. As expected, longer
keywords are easier to spot and therefore result in better retrieval performance.
Indeed for long 7-phoneme keywords, mAP™*¢ reaches as high as 82.5. We note
however that even for very challenging short keywords with only 2 phonemes (such

as "my", "to", "at"), mAP™°¢ stays high at 67.5.
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Figure 5.3: Qualitative results on LRS2 and LRS3: The Transpotter accu-
rately localises the keyword in most examples. In the bottom right example, the
model’s confidence is low, most likely because it is a short word. The IOU is zero
since we threshold at 7 = 0.5.

Context. The visual appearance of spoken words can be highly ambiguous [Afouras
et al. 2019], therefore recognising isolated words from visual input alone may be
very challenging. Current lip reading models utilise the surrounding visual context
to resolve this ambiguity. In Figure 5.2b, we illustrate how the performances of our
Transpotter KWS model and our VSR baseline vary based on the amount of con-
textual information available. We plot the mAP®"® against the number of words
in the video clip. We observe that both models benefit from larger surrounding
context, with the Transpotter outperforming the VSR baseline consistently.
Qualitative analysis. In Figure 5.3, we show qualitative examples from the
LRS2 and LRS3 test sets. It is clear that the model produces smooth predictions
that precisely indicate the full location of the word. In the bottom right corner we
observe a failure case where the model’s confidence is low — the keyword “that’s”
in this case is short.

Model response to homophemes. We further probe our Transpotter model
for failure cases. In visual-only keyword spotting, a common failure case is due to
homophemes, i.e. words with identical lip movements. To investigate the response
of our model to such cases, we construct a list of keywords from the LRS2 test set
sentences that are known to have homopheme counterparts (e.g.mark, which has
two matching homophemes, bark and park) and then for each test set clip that
contains one of the keywords, we query that keyword along with its corresponding

homophemes and plot the model’s outputs. We illustrate several examples in
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"which was the mass newspaper" "but everyone going into the den gets a fresh chance to turn things round"
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Figure 5.4: Model’s response to homophemes: We query words and their
corresponding homophemes for LRS2 test set clips. We observe that the model
spots the words and their homophemes at the same (ground truth) location.

Figure 5.4. We observe that in such cases, the model spots the keyword as well as

its homophemes at the same (ground truth) location.

5.5 Mouthing Spotting in Sign Language videos

In this section, we investigate the application of our method for spotting mouthed
words in sign language videos. This is an important application of visual KWS, as
it has enabled an entire line of work on sign language recognition [Albanie et al.
2020; Momeni et al. 2020b; Varol et al. 2021].

Data description & evaluation protocol. Here, we use a subset of BSL Cor-
pus [Schembri et al. 2017] as a test set. BSL Corpus is a large public dataset con-
taining videos of conversations conducted in sign language by deaf signers, from
various regions across the UK. We extend the dataset’s annotations by adding a
Mouthing tier and asking a deaf annotator to identify and localise mouthing occur-
rences that correspond to visible signs. We obtain 383 mouthing instances, from 29
different signers, over a keyword vocabulary size of 187. We use a pre-processing
pipeline similar to [J. S. Chung et al. 2017] to obtain face-cropped tracks around
the faces of the signers. To evaluate KWS performance, we take 8-second video
clips centered around the annotated mouthings and follow the same evaluation
protocol described in Section 5.4.

Results. We summarise the evaluation results in Table 5.4. The Transpotter
model is far superior to the prior state-of-the-art KWS baseline, achieving a great
improvement in performance (e.g. 29.6 vs 15.6 mAP®" score). To complete this

analysis, we also show qualitative examples of the spotted mouthings in Figure 5.5.
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Discussion. We note that sign language mouthings are often very different from
equivalent spoken words. Words may be partially mouthed and can be occluded
by the signing hands. There is therefore a significant domain gap between the
BSL-Corpus signing videos and our lip reading training videos. However, we note
that our proposed model greatly outperforms the KWS-Net baseline — a variant of
which has been successfully deployed for detecting mouthings in order to bootstrap
learning of sign spotting methods [Albanie et al. 2020; Momeni et al. 2020b; Varol
et al. 2021]. This indicates the potential of our proposed method to greatly improve

these pipelines.

Model ‘ Acc§l AccGl mAP
KWS-Net [Momeni et al. 2020a] 124 29.6 15.6
Transpotter 22.5 47.1 29.6

Table 5.4: Spotting mouthings in BSL-Corpus: The Transpotter is far more
accurate than the current state-of-the-art in spotting keywords in videos.
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Figure 5.5: Qualitative results on BSL-Corpus: Despite the large domain
shift from our training examples and additional challenges such as partially
mouthed words and hand occlusions, the Transpotter succeeds in correctly spot-
ting mouthings in these challenging conditions. We observe a failure case (bottom
right) where the localisation is incorrect. We note that contrary to LRS2 and LRS3,
where word boundaries are obtained through robust audio-based forced alignment,
the annotations for BSL-Corpus are noisier as they are performed manually.

5.6 Conclusion

We have presented the Transpotter, a cross-modal attention based architecture for

visual keyword spotting. Our method surpasses the performance of the previous
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best visual keyword spotting approach by a large margin, as well as that of a
state-of-the-art lip reading baseline. We demonstrate the ability of our model to
generalise to sign language videos where it can be used to spot mouthings, enabling
automatic annotation of sign instances. In future work, we plan to further improve
our method’s performance by incorporating keyword semantics and context of the

surrounding words.
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Abstract

Recently, sign language researchers have turned to sign language inter-
preted TV broadcasts, comprising (i) a video of continuous signing and
(ii) subtitles corresponding to the audio content, as a readily available and
large-scale source of training data. One key challenge in the usability of
such data is the lack of sign annotations. Previous work exploiting such
weakly-aligned data only found sparse correspondences between keywords
in the subtitle and individual signs. In this work, we propose a simple, scal-
able framework to vastly increase the density of automatic annotations. Our
contributions are the following: (1) we significantly improve previous anno-
tation methods by making use of synonyms and subtitle-signing alignment;
(2) we show the value of pseudo-labelling from a sign recognition model as
a way of sign spotting; (3) we propose a novel approach for increasing our
annotations of known and unknown classes based on in-domain exemplars;
(4) on the BOBSL BSL sign language corpus, we increase the number of con-
fident automatic annotations from 670K to 5M. We make these annotations

publicly available to support the sign language research community.

*Equal contribution.



Subtitle: “But Ron did not want to go into a home so he's persuaded his son David to be his full-time carer.
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Figure 6.1: Densification: For continuous sign language, we show automatic sign
annotation timelines, along with their confidence and annotation source, before
and after our framework is applied. M, D, A refer to automatic annotations from
previous methods from mouthings [Albanie et al. 2020], dictionaries [Momeni et al.
2020b] and the Transformer attention [Varol et al. 2021]. M*, D*, P, E, N refer
to new and improved automatic annotations collected in this work. Annotation
methods are compared in the appendix.

6.1 Introduction

Sign languages are visual-spatial languages that have evolved among deaf commu-
nities. They possess rich grammar structures and lexicons that differ considerably
from those found among spoken languages [Rachel Sutton-Spence and Woll 1999a].
An important factor impeding progress in automatic sign language recognition —
in contrast to automatic speech recognition — has been the lack of large-scale
training data. To address this issue, researchers have recently made use of sign
language interpreted TV broadcasts, comprising (i) a video of continuous sign-
ing, and (ii) subtitles corresponding to the audio content, to build datasets such
as Content4All [N. Camgoz et al. 2021] (190 hours) and BOBSL [Albanie et al.
2021b] (1460 hours).

Although such datasets are orders of magnitude larger than the long-standing
RWTH-PHOENIX [N. C. Camgoz et al. 2018] benchmark (9 hours) and cover a
much wider domain of discourse (not restricted to only weather news), the supervi-
sion they provide on the signed content is limited in that it is weak and noisy. It is
weak because the subtitles are temporally aligned with the audio content and not
necessarily with the signing. The supervision is also noisy because the presence
of a word in the subtitle does not necessarily imply that the word is signed; and
subtitles can be signed in different ways. Recent works have shown that training
automatic sign language translation models on such weak and noisy supervision

leads to low performance [N. Camgoz et al. 2021; Varol et al. 2021; Albanie et al.



2021b).

In an attempt to increase the value of such interpreted datasets, multiple
works [Albanie et al. 2020; Momeni et al. 2020b; Varol et al. 2021] have lever-
aged the subtitles to perform lexical sign spotting in an approximately aligned
continuous signing segment — where the aim is to determine whether and when a
subtitle word is signed. Methods include using visual keyword spotting to identify
signer mouthings [Albanie et al. 2020], learning a joint embedding with sign lan-
guage dictionary video clips [Momeni et al. 2020b], and exploiting the attention
mechanism of a transformer translation model trained on weak, noisy subtitle-
signing pairs [Varol et al. 2021]. These works leverage the approximate subti-
tle timings and subtitle content to significantly reduce the correspondence search
space between temporal windows of signs and spoken language words. Although
such methods are effective at automatically annotating signs, they only find sparse
correspondences between keywords in the subtitle and individual signs.

Our goal in this work is to produce dense sign annotations, as shown in Fig. 6.1.
We define densification in two ways: (i) reducing gaps in the timeline so that we
have a densely spotted signing sequence; and also (ii) increasing the number of
words we recall in the corresponding subtitle. This process can be seen as auto-
matic annotation of lexical signs. Automatic dense annotation of large-vocabulary
sign language videos has a large range of applications including: (i) substantially
improving recall for retrieval or intelligent fast forwards of online sign language
videos; (ii) enabling large-scale linguistic analysis between spoken and signed lan-
guages; (iii) providing supervision and improved alignment for continuous sign
language recognition and translation systems.

In this paper, we ask the following questions: (1) Can we improve current
methods to improve the yield of automatic sign annotations whilst maintaining
precision? (2) Can we increase the vocabulary of annotated signs over previous
methods? (3) Can we ‘fill in the gaps’ that current spotting methods miss? The
answer is yes, to all three questions, and we demonstrate this on the recently
released BOBSL dataset of British Sign Language (BSL) signer interpreted video.

We make the following four contributions: (1) we significantly improve previ-
ous methods by making use of synonyms and subtitle-signing alignment; (2) we
show the value of pseudo-labelling from a sign recognition model as a way of sign

spotting; (3) we propose a novel approach for increasing our annotations of known
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Figure 6.2: Yield of automatic annotations and vocabulary size: We high-

light the increase in the number of automatic annotations and vocabulary size at

each stage in our proposed framework. M, D, A refer to annotations from previous

methods. M*, D*, P, E, N refer to new and improved annotations collected in this

work. The number of annotations is shown within each circle. The vocabulary
size is reported below each circle and also represented by the circle diameter.

and unknown sign classes based on in-domain exemplars; (4) we will make all 5
million automatic annotations publicly available to support the sign language re-
search community. Our increased yield and vocabulary size is shown in Fig. 6.2.
Our final vocabulary of 24.8K represents the vocabulary of English words (includ-
ing named entities) from the subtitles which have been automatically associated
to a sign instance; different words may have the same sign.

We note that this work is focused on interpreted data, which can differ from
conversational signing in terms of style, vocabulary and speed [Bragg et al. 2019].
Although our long-term aim is to move to conversational signing, learning good
representations of signs from interpreted data can be a ‘stepping stone’ in this
direction. Moreover, non-lexical signs, such as a pointing sign and spatially located
signs, are essential elements of sign language, but our method is limited to the

annotation of lexical signs associated to words in the text.

6.2 Related Work

Our work relates to several themes which we give a brief overview of below.

Sign Spotting. One line of research has focused on the task of sign spotting,
which seeks to detect signs from a given vocabulary in a target video. Early efforts
for sign spotting employed lower-level features (colour histograms and geometric
cues) in combination with Conditional Random Fields [H.-D. Yang et al. 2008],
Hidden Markov Models (HMMs) [Viitaniemi et al. 2014] and Sequential Interval



Patterns [E.-J. Ong et al. 2014] for temporal modelling. A related body of work
has sought to localise signs while leveraging weak supervision from audio-aligned
subtitles. These include the use of external dictionaries [D. Li et al. 2020b; Momeni
et al. 2020b; T. Jiang et al. 2021] and other localisation cues such as mouthing [Al-
banie et al. 2020] and Transformer attention [Varol et al. 2021]. The performance
of these approaches depends on the quality of the visual features, keywords, and
the search window. In this work, we show improved yield of existing sign spot-
ting techniques by employing automatic subtitle alignment techniques to adjust
the time window and incorporating synonyms when forming the keywords. Going
further beyond the spotting task explored in prior work, we use the automatic
spottings to initiate additional algorithms for sign discovery based on in-domain
exemplar matching (6.3.1). This is similar to dictionary-based sign spotting tech-
niques [Momeni et al. 2020b; T. Jiang et al. 2021] except we do not source the
exemplars from external dictionaries, avoiding the domain gap issue. Besides in-
domain sign exemplars as in [T. Jiang et al. 2021], we explore the weak subtitle
exemplars with unknown sign locations.

A recent progress in mouthing-based keyword spotting was presented by Trans-
potter [Prajwal et al. 2021]. This architecture comprises a transformer joint en-
coder of visual features and phoneme features that is trained to regress both the
presence and location of the target keyword in a sequence from mouthing patterns.
Preliminary small-scale experimental results reported by Prajwal et al. [Prajwal
et al. 2021] demonstrated that Transpotter can perform visual keyword spotting
in signing footage. Here, we showcase its suitability for the large-scale annotation
regime, and further train it on sign language data to obtain a greater density of
sign annotations.

In this work, we demonstrate the additional value of pseudo-labelling [Yarowsky
1995; D.-H. Lee et al. 2013] with a sign classifier as an effective mechanism for
sign spotting. While pseudo-labelling has been explored previously for category-
agnostic sign segmentation [Renz et al. 2021b] and temporal alignment of glosses [Koller
et al. 2017; K. L. Cheng et al. 2020] to the best of our knowledge, this is the first
use of pseudo-labelling for sign spotting by directly leveraging the predictions of
a sign classifier in combination with a pseudo-label filter constructed from the
subtitles themselves.

Sign Language Recognition. Efforts to develop visual systems for sign recog-



nition stretch back to work in 1988 from Tamaura and Kawasaki [Tamura and
Kawasaki 1988], who sought to classify signs from hand location and motion fea-
tures. There were later efforts to design hand-crafted features for sign recog-
nition [Charayaphan and Marble 1992; Starner 1995; Vogler and Metaxas 1997;
Vogler and Metaxas 1998; E. Ong et al. 2012]. Deep convolutional neural networks
then came to dominate sign representation [Koller et al. 2016], particularly via 3D
convolutional architectures [Joze and Koller 2019; D. Li et al. 2019; Albanie et al.
2020; D. Li et al. 2020b] with extensions to focus model capacity around human
skeletons [Huang et al. 2018a] and non-manual features [Hu et al. 2021b].

In the domain of continuous sign language recognition, in which the objec-
tive is to infer a sequence of sign glosses, prior work has explored HMMs [Bauer
and Hienz 2000; Koller et al. 2015a] in combination with Dynamic Time Warping
(DTW) [Jihai Zhang et al. 2014], RNNs [R. Cui et al. 2017] and architectures capa-
ble of learning effectively from CTC losses [H. Zhou et al. 2020b; K. L. Cheng et al.
2020]. Recently, sign representation learning methods inspired by BERT [Devlin
et al. 2018] have shown the potential to learn effective representations for both
isolated [Hu et al. 2021a] and continuous [Zhenxing Zhou et al. 2021] recognition.
Koller [Koller 2020] provides an extensive survey of the sign recognition literature,
highlighting the extremely limited supply of datasets with large-scale vocabularies
suitable for continuous sign language recognition. In our work, we aim to take
a step towards addressing this gap by developing “densification” techniques for
constructing such datasets automatically.

Sign Language Translation. The task of translating sign language video to
spoken language sentences was first tackled with neural machine translation by
Camgoz et al. [N. C. Camgoz et al. 2018], who also introduced the PHOENIX-
Weather-2014T dataset to facilitate research on this topic. Several frameworks
have been proposed to employ transformers for this task [N. C. Camgoz et al.
2020b; K. Yin and Read 2020], with extensions to improve temporal modelling [D.
Li et al. 2020a], multi-channel cues [N. C. Camgoz et al. 2020a] and signer inde-
pendence [Jin and Z. Zhao 2021]. Related work has also sought to contribute to
progress on this task by exploiting monolingual data [H. Zhou et al. 2020a] and
gloss sequence synthesis [Moryossef et al. 2021; D. Li et al. 2021]. To date, various
works have shown promise on the PHOENIX-Weather 2014T [N. C. Camgoz et al.
2018] and CSL Daily [H. Zhou et al. 2020a] benchmarks. However, sign language



translation has not yet been demonstrated for a large vocabulary across multiple
domains of discourse. Differently from the works above, this paper focuses on
developing methods that are applicable to large/open vocabulary regimes.

Weakly-supervised Object Discovery and Localisation. Our approach is
also related to the rich body of literature on object cosegmentation [Rother et al.
2006; Joulin et al. 2010; G. Kim et al. 2011; Rubinstein et al. 2013], weakly su-
pervised object localisation [Nguyen et al. 2009; Deselaers et al. 2010; Z. Shi et
al. 2013; Chong Wang et al. 2014; Gokberk Cinbis et al. 2014], object colocalisa-
tion [K. Tang et al. 2014; Joulin et al. 2014] and unsupervised object discovery and
localisation [M. Cho et al. 2015; V. H. Vo et al. 2021]. Here, we propose an algo-
rithm for discovering and localising novel signs (i.e. for which we have no labelled
examples), but instead have weak supervision in the form of subtitles containing
keywords of interest. Moving beyond initial work that sought to learn from subti-
tles in an aligned setting [Farhadi and Forsyth 2006], classical approaches for sign
discovery using subtitles have included Multiple Instance Learning where the sub-
titles are considered as positive and negative bags for a particular keyword [Buehler
et al. 2009; Kelly et al. 2010; Pfister et al. 2013] and a priori mining [Cooper and
Bowden 2009]. Differently from these works, we first bootstrap our sign discovery
process with sign spotting to both obtain initial candidates and learn robust sign
representations, then propagate these examples across video data by leveraging the
similarities between the resulting representations together with noisy constraints

imposed by the subtitle content.

6.3 Densification

Our goal is to leverage several ways of sign spotting to achieve dense annotation on
continuous signing data. To this end, we introduce both new sources of automatic
annotations, and also improve the existing sign spotting techniques. We start
by presenting two new spotting methods using in-domain exemplars: to mine
more sign instances with individual ezemplar signs (Sec. 6.3.1) and to discover
novel signs with weak exemplar subtitles (Sec. 6.3.2). We also show the value
of pseudo-labelling from a sign recognition model for sign spotting (Sec. 6.3.3).
We then describe key improvements to previous work which substantially increase

the yield of automatic annotations (Sec. 6.3.4). Finally, we present our evaluation



framework to measure the quality of our sign spottings in a large-vocabulary setting
(Sec. 6.3.5). The contributions of each source of annotation are assessed in the

experimental results.

6.3.1 Mining more Spottings through In-domain Exem-
plars (E)

The key idea is: given a continuous signing video clip and a set of exemplar clips
of a particular sign, we can use the exemplars to search for that sign within the
video clip. In our case, the exemplars are obtained from other automatic spotting
methods (M*, D*, A, P), described in Sec. 6.3.3 and Sec. 6.3.4, and come from
the same domain of sign language interpreted data, i.e. the same training set. We
hypothesise that signs from the same domain are more likely to be signed in a
similar way and in turn help recognition; in contrast, for example, to signs from a
different domain such as dictionaries.

Formally, suppose we have a reference video Vj in which we wish to localise a
particular sign w, whose corresponding word occurs in the subtitle. We also have NV
video exemplars Vi, ..., Vy of the sign w. For each video, V;, let C; denote the set of
possible temporal locations of the sign w and let ¢ = (f, p) € C; denote a candidate
with features f at temporal location p. We compute a score map between our
reference video Vj and each exemplar Vi, ..., Vy by computing the cosine similarity
between each feature at each position in ¢y € Cy and (cq, ca,...¢c,) € Cy X -+ - X Cy.
This results in N score maps of dimension |Cy| x |C;| for i = 1... N. We then
apply a max operation over the temporal dimension of the exemplars, giving us N
vectors of length |Cy|, which we call M, ..., My.

We subsequently apply a voting scheme to find the location of the common
sign w in Vj. Specifically, we let L = & YV 1 (a5 for a threshold h, where the
vector L(y;,>p) takes the value 1 for entries of M; which are greater than h and
0 otherwise. The candidate location of w in Vj is then ¢ = (f,p) € Cy where p
corresponds to the position of the maximum non-zero entry in the vector L (see
Fig. 6.3 for a visual illustration). If there are multiple maxima, we assign p to be
the midpoint of the largest connected component. If all entries in L are zero, we
conclude w is not present. We perform two variants of this approach using mean

and max pooling of the score maps (instead of voting); these are described in the
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Figure 6.3: Sign spotting through exemplars to find instances of known
classes (E) and novel classes (IN): By comparing a reference video V; to a set
of exemplars (either sign exemplars for known sign class instances or weak subtitle
exemplars for novel sign class instances), we can find the common lexical sign in
the collection. We (1) form a set of score maps by calculating the cosine similari-
ties between reference and exemplar representations; (2) we perform a maximum
operation over the temporal dimension of exemplars; (3) we apply a voting-based
aggregation to find the temporal location of the commmon sign in V4. The dura-
tion of exemplar signs is fixed.

appendix. We note that for a given signing sequence, we only focus on finding

signs for words in the subtitle that have not been annotated by other methods.

6.3.2 Discovering Novel Sign Classes (IN)

One limitation of our proposed method in Sec. 6.3.1 is that we are only able to
collect more sign instances from a closed vocabulary, determined by sign exemplars
obtained from other methods (described in Sec. 6.3.3 and Sec. 6.3.4). Here, we
extend our approach to localise novel signs, for which we have no exemplar signs
but whose corresponding word appears in the subtitle text. We follow our approach
described in Sec. 6.3.1, computing score maps between our reference video and
exemplar subtitles (instead of exemplar signs, see Fig. 6.3). We note that by
‘exemplar subtitle’, we are referring to the video frames corresponding to the
subtitle timestamps. Non-lexical signs, such as pointing signs or pause gestures,
are very common in sign language. To avoid annotating such non-lexical signs as
the common sign across V) and Vi,..., Vy, we also choose N~ negative subtitle
exemplars Uj ... Uy~ presumed to not contain w (due to the absence of w in the
subtitle). We compute Lt and L~ using the score maps from positive exemplars
Vi,...,Vy and negative exemplars Uy, ...,Uyx- respectively. We then let L =
Lt —L~. Implementation details on the number of positive and negative exemplars

used can be found in the appendix.



6.3.3 Pseudo-labelling as a Form of Sign Spotting (P)

We propose to re-purpose a pretrained large-vocabulary sign classification model
(see vocabulary expansion in Sec. 6.3.5) for the task of sign spotting. Specifically,
we predict a sign class from a fixed vocabulary for each time step in a continuous
signing video clip. We subsequently filter the predicted signs to words which occur
in the corresponding English subtitle. Similarly to [Varol et al. 2021], here the task
is to recognise the sign from scratch, without a query keyword. The subtitle is only
used as a post-processing step to filter out signs which are less likely performed

(due to absence in the subtitle).

6.3.4 Improving the Old (M*, D*)

Here, we briefly describe our improvements over the existing sign spotting tech-
niques, additional details are provided in the appendix.

Better Mouthings with an Upgraded KWS from Transpotter [Prajwal
et al. 2021]. In previous work [Albanie et al. 2021b], an improved BiLSTM-based
visual-only keyword spotting model of Stafylakis et al. [Stafylakis and Tzimiropou-
los 2018] from [Momeni et al. 2020a] (named “P2G [Stafylakis and Tzimiropoulos
2018] baseline") is used to automatically annotate signs via mouthings. In this
work, we make use of the recently proposed transformer-based Transpotter archi-
tecture [Prajwal et al. 2021], provided by the authors, that achieves state-of-the-art
results in visual keyword spotting on lipreading datasets. We follow the procedure
described in [Albanie et al. 2020; Albanie et al. 2021b] to query words in the
subtitle in continuous signing video clips.

Finetuning KWS on Sign Language Data through Bootstrapping. The
visual keyword spotting Transpotter architecture in [Prajwal et al. 2021] is trained
on silent speech segments, which differ considerably from signer mouthings. In fact,
signers do not mouth continuously and sometimes only partly mouth words [Boyes
Braem and RL Sutton-Spence 2001]. In order to reduce this severe domain gap,
we propose a dual-stage finetuning strategy. First, we extract high-confidence
mouthing annotations using the pre-trained Transpotter from [Prajwal et al. 2021]
on the BOBSL training data. We query for the words in the subtitle and obtain the
temporal localization of the word in the video. We finetune on this pseudo-labeled

data using the same training pipeline of [Prajwal et al. 2021], where the spotted



mouthings (word-video pairs) act as positive samples. For the negative samples,
we pair a given word with a randomly sampled video segment from the dataset. As
we observe the Transpotter to predict a large number of false positives, we remedy
this by sampling a larger number of negative pairs in each batch. We also do a
second round of fine-tuning by training on the pseudo-labels from the finetuned
model of the first stage. We did not achieve significant improvements with further
iterations.

Better Search Window with Subtitle Alignment with SAT [Bull et al.
2021]. One challenge in using sign language interpreted TV broadcasts is that
the original subtitles are not aligned to the signing, but to the audio track. In [Al-
banie et al. 2021b], a signing query window is defined as the audio-aligned subtitle
timings together with padding on both sides to account for the misalignment. We
automatically align spoken language text subtitles to the signing video by using
the SAT model introduced in [Bull et al. 2021], trained on manually aligned and
pseudo-labelled subtitles as described in [Albanie et al. 2021b]. By using subti-
tles which are better aligned to the signing, we reduce the probability of missing
spottings.

Better Keywords with Synonyms and Similar Words. To determine whether
a keyword belongs to a subtitle, previous works [Albanie et al. 2021b] check
whether the raw form, the lemmatised form, or the text normalised form (e.g.
two instead of 2) appears in the subtitle text. We notice that this is sub-optimal
as multiple words may correspond to the same sign, often due to (i) English syn-
onyms, (ii) identical signs for similar words, or (iii) ambiguities in spoken language.
For example, dad and father or today and now can be the same signs in BSL. In
this work, we investigate whether the automatic annotation yield could be im-
proved by querying words beyond the subtitle, by querying synonyms and similar
words to the words in the subtitle. We collect the additional words to query
through (i) English synonyms from WordNet [Feinerer and Hornik 2020], (ii) the
metadata present in online sign language dictionaries such as SignBSL! [Momeni
et al. 2020b] and BSL Sign-Bank? which provide a set of ‘related words’ for each
sign video entry; (iii) words with GloVe [Pennington et al. 2014] cosine similarity

above 0.9 to account for ambiguities in spoken language.

1www.signbsl.com

2bslsignbank.ucl.ac.uk
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[670K M+D annotations] [From 187K to 5.19M annotations]

Figure 6.4: Evaluation framework: (a) Video features are obtained by train-
ing an I3D architecture end-to-end given M + D annotations from [Albanie et al.
2021b]. The I3D ingests 16-frames of video and has a linear classifier for 8K sign
categories. The end-to-end training is a costly procedure which is not affordable
to repeat for each set of our new sign spottings that are on the order of several
million training samples. (b) As new sets of spottings are generated, a light weight
MLP classifier is trained on the pre-extracted 13D features. This relatively inex-
pensive training procedure means that we benefit from new annotations without
the expense of end-to-end training. (¢) The MLP is applied in a sliding window
fashion to the signing sequence to generate sign predictions.

6.3.5 Evaluation Framework

Our framework consists of three stages: (a) a costly end-to-end classification train-
ing to learn sign category aware video features given an initial set of sign-clip an-
notation pairs; (b) a lightweight classification training given pre-extracted video
features for a large number of annotations; (c¢) a sliding window evaluation of the
trained lightweight model by comparing dense sign predictions against the sub-
titles (see Sec. 6.4.1). These stages are illustrated in Fig. 6.4. Note that the
annotations we refer to are always automatically localised sign spottings from con-
tinuous videos using subtitle information. The motivation for the video backbone
and lightweight classifier is purely related to computational costs. Unlike tradi-
tional video recognition datasets, we work with untrimmed video data of 1400
hours, where the set of sign-clip pairs is not fixed. Instead, our goal is to increase
the number of sign-clip pairs within the continuous stream, and assess the quality
of the expanded annotation yield on the proxy task of continuous sign language
recognition. Next, we describe the training stages for the video backbone and the
lightweight classifier.

Improving the I3D Feature Extractor through Vocabulary Expansion.
Following previous works [Joze and Koller 2019; D. Li et al. 2019; Albanie et al.
2020; Albanie et al. 2021b], we use the I3D spatio-temporal convolutional archi-

tecture to train an end-to-end sign recognition model. We input 16 consecutive



RGB frames and output class probabilities. The details about optimisation are
provided in the appendix. As explained above, this model forms the basis of sign
video representation which corresponds to the spatio-temporally pooled latent em-
bedding before the classification layer. The prior work of [Albanie et al. 2021D]
trains this classifier on the BOBSL dataset (see Sec. 6.4.1) with 2K categories
obtained through the vocabulary of mouthing spottings. As a first step, we per-
form a vocabulary expansion and construct a significantly increased vocabulary of
8K categories. This is achieved by including each sign that has at least 5 train-
ing spottings above 0.7 confidence from both mouthing (M) and dictionary (D)
annotations. The confidence for the mouthing annotation corresponds to the prob-
ability that a text keyword (corresponding to the sign) is mouthed at a certain
time frame, as computed in [Albanie et al. 2020]. The confidence for the dictionary
annotation corresponds to the cosine similarity (normalised between 0-1) between
the representations of a dictionary clip of the sign and the continuous signing
at each time frame, as in [Momeni et al. 2020b]. The resulting M+D training
set comprises 670K annotations, with a long-tailed distribution. Furthermore, we
note that the categories are noisy where multiple categories may correspond to
the same sign, and vice versa. Despite this noise, we empirically show that this
model provides better performance than its 2K-vocabulary counterpart. We use
our improved 13D model for two purposes: as the frozen feature extractor and as
the source of pseudo-labelling for sign spotting (see Sec. 6.3.3).

Lightweight Sign Recognition Model. Following [Varol et al. 2021], we opt
for a 4-layer MLP module (with one residual connection) to assess the quality of
different sets of annotations. Given pre-extracted features, this model is trained
for sign recognition into 8K categories. We note that we do not train on a larger
vocabulary to avoid the presence of many singletons in the training set. The
efficiency of the MLP allows faster experimentation to analyse the value of each of
our sign spotting sets. The input is one randomly sampled feature around the sign
spotting location (the receptive field of one feature 16 frames). The MLP weights
are randomly initialised. Additional training and implementation details are given

in the appendix.



6.4 Experiments

We start by describing our dataset and evaluation metrics (Sec. 6.4.1). We then
present experimental results on the contribution of each source of annotation and

show qualitative examples (Sec. 6.4.2).

6.4.1 Data and Evaluation Protocol

BOBSL [Albanie et al. 2021b] is a public dataset consisting of British Sign Lan-
guage interpreted BBC broadcast footage, along with English subtitles correspond-
ing to the audio content. The data contains 1,962 episodes, which have a total
duration of 1,467 hours spanning 426 different TV shows. BOBSL has a total
1,193K subtitles covering a total vocabulary of 78K words. We note that in this
work we use the word subtitle to refer to the processed BOBSL sentences from [Al-
banie et al. 2021b] as opposed to the raw subtitles. There are a total of 39 signers
in the dataset. Further dataset statistics can be found in [Albanie et al. 2021b].
For a subset of 36 episodes in BOBSL, referred to as SENT-TEST in [Albanie
et al. 2021b], the English subtitles have been manually aligned temporally to the
continuous signing video. We make use of this test set to evaluate the quality
of our predicted automatic annotations. SENT-TEST covers a total duration of
31 hours and contains 20,870 English subtitles. The total vocabulary of English
words is 13,641, of which 5,604 are singletons. The 3 signers in SENT-TEST are
different to the signers in the training set, this enables signer-independent BSL

recognition to be evaluated.

Evaluation protocol. Given an English subtitle and the temporally aligned
continuous signing video clip, we evaluate our predicted signs for the clip using
(i) intersection over union (IoU); (ii) recall between signs and the English word
sequence; and (iii) temporal coverage: this is defined as the proportion of frames
in the clip assigned to signs that occur in the word sequence, where a sign is given
a fixed duration of 16 frames (for 25Hz video). Note that none of these metrics
depend on the word order of the English subtitle, only the words it contains. All
metrics are rescaled from the range 0-1 to 0-100 percentage for readability.

For this evaluation, stop words are filtered out since often they are not signed.

This reduces the number of test subtitles from 20,870 to 20,547: subtitles such



Subtitle: hope taste good Recall = 0.75
Lemmatise, no stopwords (L+NS): hope taste good (MLP predicts 3 out of 4 words in subtitle)

MLP predictions: hope mouth taste delicious delicious good loU =0.5
L+NS-+combine synonym classes: hope mouth taste good (intersection=3, union=6)

Subtitle: one spring Recall = 0.75
Lemmatise, no stopwords (L+NS): N spring (MLP predicts 3 out of 4 words in subtitle)

MLP predictions: receive green grow sell true spring spring spring spring one one fast loU = 0.27
L+NS+combine synonym classes:  receive green spring sell true one fast (intersection=3, union=11)

Figure 6.5: Evaluation illustration on sample prediction: We illustrate the
processing applied to the predicted sign sequence from the MLP predictions and
corresponding English subtitle for calculating our metrics. As the MLP model
predicts one sign per time-step, some predictions are repeated and irrelevant words
appear at transition periods between signs, decreasing the IoU. Some signs are not
predicted as they are not signed, showing the limitations of using the subtitle to
measure performance.

as “is it?”, “Oh!”, “but no” are removed. The sign and word sequences are also
lemmatised. We also remove repetitions from the predicted sign sequence and
allow the prediction of synonyms of words in the English subtitle. This processing
is highlighted in Fig. 6.5, where the IoU and recall are computed for a pair of
predicted signs and English text. While this evaluation is suboptimal due to the
simplified word-sign correspondence assumption, it tests the capacity of the sign
recognition model in a large-vocabulary scenario, necessary for open-vocabulary
sign language technologies.

Note, the predicted signs for a clip can be produced in two ways. In the first
way, the signs are obtained from the automatic annotations using knowledge of the
content of the English subtitle — we refer to these as Spottings. In the second, signs
are predicted directly from the clip using the MLP sign predictions, without access
to the corresponding English subtitle. These are referred to as MLP predictions.
Spottings are evaluated using all the words; this metric is important to monitor
how dense we can automatically annotate the data. The MLP evaluation is limited
to the fixed classification vocabulary (of size 8K in our experiments). We note that
when different annotations are combined, the sign spotting methods are applied

independently.

6.4.2 Results

Comparison of Video Features. By finetuning our Kinetics pretrained 13D
model on BOBSL M+D annotations from [Albanie et al. 2021b] using an 8K
vocabulary instead of a 2K vocabulary, we improve predictions on the test set,

as shown in 6.1. We increase the recall from 25.5 to 26.3 and the coverage from



Table 6.1: Comparison of I3D video features: We highlight the improved
performance of 13D on the test set (SENT-TEST) when trained on a larger vo-
cabulary (8K instead of 2K) with more samples (670K instead of 426K).

I3D predictions
(subtitle independent)
Annot. source Num. I3D train annot. Vocab. size Recall ‘ ToU ‘ Coverage

M [Albanie et al. 2020]+D [Moreni et al. 2020b] 426K 2K 2.5 6.4 155
M [Albanie et al. 2020]+D [Momeni et al. 2020b] 670K 8K 26.3 7.9 16.3

Table 6.2: Improved mouthing and dictionary spottings: We evaluate dif-
ferent sets of spottings and their respective MLP predictions. M [Prajwal et al.
2021] shows our finetuned version for all the rows in the last block. We quantify
the effects of subtitle alignment and querying synonyms. We also show the oracle
performance and a translation baseline.

Training set Spottings [full] MLAP predictions [8K]
Subtitle full  #ann. #ann (subtitle dependent) | (subtitle independent)
Annotation source alignment | Synonyms | vocab  [full] Recall IoU Coverage | Recall ToU Coverage
Oracle | | | - - \ - - - | 8.7 86.3 55.2
Translation baseline [Albanic et al. 2021b] | | | - - - - - | 1.7 83 7.6
M [Albanie et al. 2020] 13.6K 197K 187K | 2.5 2.2 1.3 151 3.2 8.7
M [Prajwal et al. 2021] (no finetuning) 21.5K 725K 661K | 94 83 4.9 204 48 11.9
M [Prajwal et al. 2021] 18.6K 445K 412K | 7.1 6.5 3.9 236 4.8 13.8
M [Prajwal et al. 2021] (M*) ' 19.6K 598K 552K | 89 82 4.9 274 6.3 16.7
M [Prajwal et al. 2021] v v 19.6K 1.38M 1.25M| 11.8 104 6.1 253 6.2 16.3
D [Momeni et al. 2020b] 44K 482K 482K | 6.5 6.3 3.7 240 72 15.1
D [Momeni et al. 2020b] v 45K 535K 535K | 7.0 6.9 4.0 242 73 15.3
D [Momeni et al. 2020b] (D* v v 50K 1.40M 139M| 12.5 11.6 7.0 260 7.3 16.9
M*+ D* ' v/(D-only) [20.9K 2.00M 1.94M| 19.0 17.6 10.5 29.0 79 18.4
M*+ D*+ A [Varol et al. 2021] v V' (D-only) | 20.9K 2.43M 2.37M| 21.9 20.1 11.8 29.6 9.1 19.0

15.5 to 16.3. We therefore use the 8K M+D model for the rest our experiments
as the frozen feature extractor. We note that we restrict the M+D annotations to
the high-confidence ones (over 0.8 threshold) used for the I3D baseline in [Albanie
et al. 2021b], as these present an appropriate signal-to-noise ratio. We use the
same threshold for subsequent automatic annotations unless stated otherwise.

Oracle. As the MLPs are trained on a restricted 8K vocabulary, it is not possible
to predict the full vocabulary of 13,641 words present in the test set subtitles.
Furthermore, not all words in the subtitle are signed and vice versa. This means
a recall, IoU and coverage of 100% is not achievable between predicted signs and
English subtitle words. However, we propose an oracle in Tab. 6.2 whereby we
measure the recall and IoU assuming each word in the subtitle, which either falls
within the 8K vocabulary or corresponds to a synonym of a word in the 8K vo-
cabulary, is signed and correctly predicted. The oracle achieves a recall of 86.7
and IoU of 86.3. For the coverage metric, we assume each correctly predicted sign
has a duration of 16 frames and no signs overlap. The resulting oracle coverage is
55.2. This low coverage is partly due to the signer pausing within subtitles and

also due to the presence of non-lexical signs. In fact, the percentage of fully lexical



signs in three other sign language corpora (Auslan [T. Johnston 2012], ASL [T.
Johnston 2012] and LSF [Belissen et al. 2020]) is estimated to be only 70-85% of
total signing.

Translation Baseline. Although the goal in this work is not translation, but
achieving dense annotations, we can nevertheless compare our MLP predictions
to the translation baseline in [Albanie et al. 2021b]. Using the test set translation
predictions from this model, we perform the same processing as highlighted in
Fig. 6.5 to calculate our metrics. As shown in Tab. 6.2, all our simple MLLP models
clearly outperform the transformer-based translation model used in [Albanic et al.
2021b], demonstrating that we are able to recognise more signs in the English
subtitle.

Improving Mouthing and Dictionary Spottings. As shown in Tab. 6.2, by
using the Transpotter [Prajwal et al. 2021] for spotting mouthings M, our yield
of total annotations triples from 197K to 725K. The quality of these new anno-
tations is reflected in the increased performance of the MLP: the recall increases
from 15.1 to 20.4 and the coverage from 8.7 to 11.9. Finetuning the keyword spot-
ter on sign language data through pseudo-labelling also helps considerably despite
the drop in the number of training annotations since there are less false positives;
recall increases from 20.4 to 23.6 and coverage from 11.9 to 13.8. Subtitle align-
ment improves the yield of both mouthing and dictionary annotations, as shown
in Tab. 6.2. This translates to a significant boost for mouthings on the MLP
performance; the recall increases from 23.6 to 27.4 and the coverage from 13.8 to
16.7. For dictionary annotations, the improvement by using aligned subtitles is
less striking. By querying synonyms when searching for mouthings, the yield more
than doubles. However, these additional annotations seem to be quite noisy as
they decrease the performance of our MLP. Due to the nature of sign language
interpretation, it is possible that signers are far more likely to mouth a word which
is actually in the written subtitle than a synonym of that word. We therefore do
not query synonyms for mouthing spottings. For dictionary spottings, we observe
the opposite effect. By incorporating synonyms, the yield of dictionary spottings
more than doubles and the recall of the MLP predictions also increases from 24.2
to 26.0. We denote our best performing mouthing and dictionary spottings with
M* and D*, respectively. Adding attention spottings from [Albanie et al. 2021b)]
(with a threshold of 0) adds around 400K additional annotations and boosts the



Subtitle 1: “I'm a teeny tiny bit claustrophobic, so if you Subtitle 1: “But local suspicions wouldn't stop an
could leave the light on...” English aristocrat from realising his vision.”

brimmed with ari:

Y

F o
»

Subtitle 2: “G

Figure 6.6: Discovering novel sign classes (N): For two pairs of continuous
signing sentences, we plot the score maps (as described in Sec. 6.3.1) between
their feature sequences. We highlight the ability of our approach to spot novel
sign classes.

- 0.0

MLP performance; increasing recall from 29.0 to 29.6 and coverage from 18.4 to
19.0, compared to the oracle recall of 86.7 and coverage of 55.2.

Sign Recognition as a Form of Pseudo-labelling. Pseudo-labels P are a
source of over 1M new annotations (when using a threshold of 0.5) on top of our
best M*, D*, A spottings. As shown in Tab. 6.4, they greatly increase the spottings
recall from 21.9 to 25.4 and coverage from 11.8 to 13.9, while only marginally
increasing the recall and coverage for MLP predictions. As the pseudo-labels come
from our 8K I3D model in Tab. 6.1 whose frozen features are also used for training
the MLP, P may not be providing additional information for our downstream
evaluation. Nevertheless, they provide a great source of additional spottings (not
found by previous methods) for our goal of dense annotation.

Mining more Examples of Known and Novel Sign Classes with In-
domain Exemplars. By explicitly querying words in the subtitle text which
are not present in our annotations, we can obtain significantly more annotations.
Tab. 6.3 shows multiple methods to use exemplar signs to find additional annota-
tions for these signs. The best performing method takes spotting exemplars from
across the whole training set, irrespective of signer or episode, and uses the voting
scheme described in Sec. 6.3.1 to localise signs. By using 20 spotting exemplars,
we acquire 1.63M additional annotations. An MLP model trained only on these
additional annotations achieves a recall of 28.4 and coverage of 18.1. Tab. 6.4
illustrates the impact of combining these additional annotations from spotting ex-

emplars to M*, D*, A and P annotations. With the additional exemplar-based



Table 6.3: Ablation on mining exemplar-based spottings for known signs
E: We perform different ablations for mining known signs which have been unan-
notated by previous methods (M*, D*, A, P). We experiment with the source of
exemplar data (same episode, same signer, all data), the confidence of exemplar
signs (0,0.5,0.8), the number of samples of exemplar data (5,10,20) and the pooling
mechanism (average, max, vote). We evaluate on the test set (SENT-TEST).

‘ Training set Spottings [full] MLP predictions [8K]
Ann. ex. eX.  ex. ex. full #ann. #ann. | (subtitle dependent) | (subtitle independent)
src.  data thres # pooling | vocab [full] [8K] |Recall IoU Coverage | Recall ToU  Coverage
E same ep. 0 var avg 11.6K 869K 833K | 104 9.6 5.8 25.1 6.9 15.3
E same signer 0 20 avg 159K 505K 421K | 7.8 7.5 44 23.1 5.6 14.2
E all 0 20 avg 16.7K 351K 252K | 5.7 5.7 3.3 215 5.1 13.4
E all 0.5 20 avg 16.6K 370K 261K | 5.9 5.8 3.4 219 5.2 13.5
E all 0.8 20 avg 16.6K 458K 358K | 74 7.3 4.3 252 6.2 15.7
E all 0.8 20 max 154K 1.48M 1.38M | 20.2 18.6 10.8 276 84 17.7
E all 0.8 10 max 154K 1.07M 982K | 15.2 14.0 8.3 279 8.0 17.7
E all 0.8 5 max 153K 740K 664K | 10.7 10.0 6.0 276 7.6 17.4
E all 0.8 20 vote 159K 1.76M 1.63M | 25.8 23.3 13.5 28.4 8.5 18.1
E all 0.8 10 vote 15.8K 1.32M 1.21M | 20.0 18.1 10.7 284 83 18.1

Table 6.4: Pseudo-label spottings P & Exemplar-based sign spottings for
known E and novel classes N: We highlight the boost in annotations by adding
our pseudo-label annotations (P) as well as exemplar-based spottings of known (E)
and novel (N) classes. We evaluate Spottings and MLP predictions on the test set
(SENT-TEST). For the novel classes, we only show the evaluation of spottings
since these are beyond the 8K training vocabulary of the MLP.

Training set
full  #ann. #ann.
vocab [full]  [8K]

Spottings [full]
(subtitle dependent)
Recall IoU Coverage

MLP predictions [8K]
(subtitle independent)
Recall ToU  Coverage

Annotation source

M* + D* + A [Varol et al. 2021] + P 20.9K 3.64M 3.56M | 25.4 23.5 13.9 29.8 89 19.2
M* + D* + A [Varol et al. 2021] + P + E 20.9K 5.40M 5.19M | 45.3 40.7 23.3 30.7 9.5 19.8
M* + D* + A [Varol et al. 2021] + P + E + N | 24.8K 5.47M - 45.6 40.9 23.4 - - -

annotations E, recall increases from 29.8 to 30.7 and coverage increases from 19.2
to 19.8, where the oracle recall and coverage are 86.7 and 55.2. Furthermore,
by mining instances of novel sign classes N (see Fig. 6.6), we increase our total

vocabulary to 24.8K and total number of annotations to 5.47M.

6.5 Conclusion

Progress in sign language research has been accelerated in recent years due to
the availability of large-scale datasets, in particular sourced from interpreted TV
broadcasts. However, a major obstacle for the use of such data is the lack of avail-
able sign level annotations. Previous methods [Albanie et al. 2020; Momeni et al.
2020b; Varol et al. 2021] only found sparse correspondences between keywords in

the subtitle and individual signs. In our work, we propose a framework which



scales the number of confident automatic annotations from 670K to 5.47M (which
we make publicly available). Potential future directions for research include: (1)
increasing our number of annotations by incorporating context from surrounding
signing to resolve ambiguities; (2) investigating linguistic differences between spo-
ken English and British Sign Language such as the different word/sign ordering;
(3) leveraging our automatic annotations for sign language translation.
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Society Research Professorship and the ANR project CorVis ANR-21-CE23-0003-
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Abstract

The goal of this work is to detect and recognize sequences of letters signed
using fingerspelling in British Sign Language (BSL). Previous fingerspelling
recognition methods have not focused on BSL, which has a very different
signing alphabet (e.g., two-handed instead of one-handed) to American Sign
Language (ASL). They also use manual annotations for training. In contrast
to previous methods, our method only uses weak annotations from subtitles
for training. We localize potential instances of fingerspelling using a sim-
ple feature similarity method, then automatically annotate these instances
by querying subtitle words and searching for corresponding mouthing cues
from the signer. We propose a Transformer architecture adapted to this
task, with a multiple-hypothesis CTC loss function to learn from alterna-
tive annotation possibilities. We employ a multi-stage training approach,
where we make use of an initial version of our trained model to extend and
enhance our training data before re-training again to achieve better perfor-
mance. Through extensive evaluations, we verify our method for automatic
annotation and our model architecture. Moreover, we provide a human ex-
pert annotated test set of 5K video clips for evaluating BSL fingerspelling

recognition methods to support sign language research.

*Equal contribution.



Subtitle text with
fingerspelled word

“He was so successful that, in 1871, he purchased Astley's thriving amphitheatre in London.”

Letters which are
fingerspelled

Continuous signing =&
frame sequence - i

Figure 7.1: Fingerspelling recognition. We study the task of recognising a se-
quence of BSL fingerspelled letters in a continuous signing window in sign language
interpreted TV broadcast data. We exploit the accompanying English subtitles to
automatically collect training data. However, the task remains very challenging
as (i) the signer may fingerspell only a subset of the letters — as shown above,
although the subtitle contains the word ‘Astley’, only the letters ‘A’, ‘S” and ‘Y’
are fingerspelled — and (ii) due to occlusions from the hands, different letters can
visually look very similar.

7.1 Introduction

Fingerspelling in signed languages is a means to encode words from the surround-
ing written language into sign language via a manual alphabet, i.e. one sign per
letter. Words from a written language with no known sign may be fingerspelled,
such as names of people and places. Additionally, some signs are derived from
fingerspelled words, for example, initialized signs in BSL such as ‘F’ for ‘father’
or ‘KK’ for ‘kitchen’ [Rachel Sutton-Spence and Woll 1999a]. Padden & Gun-
sauls [Padden and Gunsauls 2003] estimate that signers fingerspell 12-35% of the
time in ASL. Within the BSL videos used in this work [Albanie et al. 2021b], we
estimate roughly 5-10% based on the duration of automatically detected finger-
spelling content. Consequently, it is important to incorporate automatic finger-
spelling recognition methods to be able to exhaustively transcribe signs in contin-
uous sign language videos.

Some sign languages, such as ASL and LSF, use a one-handed manual alphabet,
and others, including BSL and Auslan, use a two-handed manual alphabet [Schem-
bri and T. Johnston 2007]. One-handed manual alphabets typically do not involve
significant wrist movements, while two-handed fingerspelling resembles other lexi-
cal signs, making it relatively more difficult to detect fingerspelling beginning and
end times from a longer signing sequence. The presence of two-hand movements
further results in occlusions, making it challenging to differentiate between certain
characters, e.g. especially vowels.

In this work, we focus on BSL, i.e. the more challenging two-handed finger-

spelling. Given a sign language video, our goal is to temporally locate the fin-



gerspelling segments within the video (i.e. detection) and to transcribe the finger-
spelled letters to text (i.e. recognition). To this end, we design a Transformer-based
model that jointly performs both detection and recognition. Our key contribution
lies in the data collection procedure used to automatically obtain training data for
this task, which is applicable to any sign language videos that have approximately-
aligned subtitle translations. We also provide the first large-scale benchmark for
BSL fingerspelling recognition based on the recently released BOBSL dataset [Al-
banie et al. 2021b]. Our experiments on this benchmark demonstrate promising
results with a 53.3 character error rate on this challenging task while only using
weak supervision.

Previous works building fingerspelling datasets rely on manual annotation, ei-
ther by expert annotators resulting in limited data [B. Shi et al. 2018], or by
crowdsourcing noisy large-scale annotations [B. Shi et al. 2019]. In contrast to
these works on ASL fingerspelling, we introduce a practical methodology to auto-
matically annotate fingerspelling in the presence of subtitled sign language video
data, allowing to scale up the data size, and potentially to be applicable to other
sign languages. Starting from a small number of manually annotated fingerspelling
exemplars, we use an embedding space to find numerous similar instances of fin-
gerspelling in the corpus. To annotate these instances, we exploit the observa-
tion that signers often simultaneously mouth the words (i.e. silent speech with
lip movements) which they fingerspell. We obtain an initial set of annotations by
querying potential words from the subtitles, especially proper nouns, and identi-
fying mouthing cues [Albanie et al. 2020; Prajwal et al. 2021] which also coincide
with fingerspelling instances. This initial set of annotations are further extended
and enhanced by a pseudolabeling step, also making use of subtitles (see Sec. 7.4).

A key challenge with training through automatic annotations is label noise.
For example, the mouthing model [Prajwal et al. 2021] may spot a single word,
while the fingerspelling contains multiple words, such as name-surname pairs. In
some other cases, the mouthing model may fail, associating the wrong word in
the subtitle with the fingerspelling segment. Also, some letters of the word may
be skipped within fingerspelling as illustrated in Fig. 7.1. To account for this
uncertainty, we implement a multiple-hypotheses version of the CTC loss [Graves
et al. 2006] (MH-CTC) where we consider all nouns from the subtitle, as well as

bigrams and trigrams, as potential targets.



Our main contributions are: (i) Training a BSL fingerspelling detection and
recognition model using only weak labels from subtitles, mouthing cues, and a
small number (115) of manual fingerspelling exemplars; (ii) Employing multiple
hypotheses from the subtitle words within the CTC loss to train with noisy la-
bels; (iii) Demonstrating advantages of a pseudolabeling step incorporating the
subtitle information; and (iv) Providing a large-scale manually annotated bench-
mark for evaluating BSL fingerspelling recognition, released for research purposes.
Please check our website for more details: https://www.robots.ox.ac.uk/~vgg/

research/transpeller.

7.2 Related work

Our work relates to four themes in the research literature: the broader topics of
sign language recognition and learning sign language from weak/noisy annotation,
and the more directly related literature on spotting mouthings and fingerspelling
reCOgNItion.

Sign language recognition. Building on the pioneering 1988 work of Tamura
and Kawasaki [Tamura and Kawasaki 1988], early approaches to automatic sign
recognition made use of hand-crafted features for motion [M.-H. Yang et al. 2002]
and hand shape [Fillbrandt et al. 2003; Vogler and Metaxas 2003]. To model the
temporal nature of signing, there has also been a rich body of work exploring the
use of Hidden Markov Models [Starner 1995; Vogler and Metaxas 2001; Fang et al.
2004; Cooper et al. 2011; Koller et al. 2016; Koller et al. 2017] and Transform-
ers [N. C. Camgoz et al. 2020b; De Coster et al. 2020]. One notable trend in
prior work is the transition towards employing deep spatiotemporal neural net-
works to provide robust features for recognition. In this regard, the 13D model
of [J. Carreira and A. Zisserman 2017] has seen widespread adoption, achieving
strong recognition results on a range of benchmarks [Joze and Koller 2019; D. Li
et al. 2019; Albanie et al. 2020; D. Li et al. 2020b]. In this work, we likewise
build our approach on strong spatiotemporal video representations, adopting the
Video-Swin Transformer [Z. Liu et al. 2022] as a backbone for our model.
Learning sign language from weak/noisy annotation. Given the paucity
of large-scale annotated sign language datasets, a range of prior work has sought to

leverage weakly aligned subtitled interpreter footage as a supervisory signal [Cooper
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and Bowden 2009; Buehler et al. 2009; Pfister et al. 2014; Momeni et al. 2020b] for
sign spotting and recognition via apriori mining [Agrawal et al. 1993] and multiple
instance learning [Dietterich et al. 1997]. Similarly to these works, we likewise aim
to make use of subtitled signing footage. However, we do so in order to detect and
recognize fingerspelling in a manner that allows for scalable training. To the best
of our knowledge, this approach has not been considered in prior work.
Spotting mouthings in sign language videos. Signers often mouth the words
that they sign (or fingerspell) [Rachel Sutton-Spence 2007]. The recent advance-
ments in visual keyword spotting [Prajwal et al. 2021; Stafylakis and Tzimiropoulos
2018; Momeni et al. 2020a] have enabled the automatic curation of large-scale sign
language datasets by spotting a set of query words using the mouthing cues and
matching them with the corresponding sign segment. The state-of-the-art archi-
tecture for the visual KWS task is the Transpotter [Prajwal et al. 2021], which we
use in Sec 7.4.1 to obtain our initial set of automatic fingerspelling annotations.
Our fingerspelling architecture also partly takes inspiration from the Transpotter
(and more broadly from prior works for text spotting that detect words and learn
to read them via CTC [H. Li et al. 2017; Borisyuk et al. 2018]), wherein we process
video features with a single Transformer encoder and then employ multiple heads
to solve related tasks such as detection and classification with a [C'LS] token. In
this work, we add also add a recognition head supervised by a novel loss func-
tion. We also show the benefits of our multi-stage training pipeline in training this
model when we only have weak supervision.

Fingerspelling recognition and detection. Early work on automatic finger-
spelling recognition explored the task of classification under fairly constrained
settings, focusing on isolated signs and limited vocabularies (e.g. 20 words [Goh
and Holden 2006], 82 words [Ricco and Tomasi 2009] and 100 words [Liwicki and
Everingham 2009]). Kim et al. propose to consider instead a “lexicon-free” set-
ting which they tackle with frame-level classifiers in combination with segmental
CRFs on a newly introduced dataset, of 3,684 American Sign Language (ASL)
fingerspelling instances [Tachwan Kim et al. 2017]. Moving towards more chal-
lenging data, the ChicagoFSWild (7304 fingerspelling sequences across 160 signers
annotated by ASL students) [B. Shi et al. 2018] and ChicagoFSWild+ (55,232 fin-
gerspelling sequences signed by 260 signers annotated by crowdsourcing) [B. Shi

et al. 2019] datasets sourced from YouTube and Deaf social media target greater



diversity and visual variation.

From a modeling perspective, Pugealt and Bowden employ random forests
on depth and intensity images for real-time recognition of 24 fingerspelled let-
ters [Pugeault and Bowden 2011]. Shi et al. demonstrate the benefits of using a
signing hand detector for fingerspelling recognition without frame-level labels [B.
Shi and Livescu 2017], motivating later work to attain this benefit automatically
through visual attention without an explicit region detector [B. Shi et al. 2019].
Other work has explored the feasibility of using synthetic hand training data to
fine-tune a CNN for isolated Irish Sign Language (ISL) fingerspelling recogni-
tion [Fowley and Ventresque 2021].

More closer to our work, several works have considered detecting the temporal
location of fingerspelling in addition to recognition. This includes efforts to seg-
ment signing into sign types (classifiers, lexical signs, and fingerspelling) prior to
recognition [Yanovich et al. 2016], as well as systems for fingerspelling detection
supervised with segment boundaries [B. Shi et al. 2021]. The recently proposed
FSS-Net learns joint embeddings to enable fingerspelling search within and across
videos [B. Shi et al. 2022b]. In contrast, our work is weakly supervised with noisy,
automatic annotations. It is weakly supervised in the sense that the model lacks
access to ground truth fingerspelling boundaries at training, while the annotation
is noisy in the sense that it is derived from subtitles from which the signing is

produced as a translation, rather than a transcription.

7.3 Fingerspelling detection and recognition

In this section, we introduce Transpeller, our Transformer-based model to recog-
nize and detect fingerspelling (Sec. 7.3.1). Our model is trained only on automat-
ically curated data. In order to circumvent this label noise, we also propose a new

loss function in Sec. 7.3.2.

7.3.1 The Transpeller architecture

Our model ingests a video clip of a signer, encodes it with a Transformer en-
coder [Vaswani et al. 2017], and produces three outputs with each of its prediction
heads: (i) a classification head that predicts if the given video clip contains finger-
spelling, (ii) a localization head that produces per-frame probabilities indicating

where the fingerspelling is in the clip, (iii) a recognition head that produces a se-



Subtitle text with | “I’m very excited, I've got my bag packed, my hat, my
fingerspelled word passport, all we need now is Edward.”

Continuous signing |
frame sequence

What is the fingerspelled?

— cawra yec

Figure 7.2: Transpeller architecture. Given a short clip of a signer, we extract
features from a visual front-end pre-trained on the sign language recognition task.
We project these features to a desired hidden dimension and add positional encod-
ings before encoding these feature vectors using a transformer encoder. We use
three heads on top of the transformer outputs to predict if the clip contains fin-
gerspelling (classification prediction), and if so, where it is in the clip (localization
prediction) and what it is (recognition prediction). The subtitle shown on the left
is used for curating the training data and is shown here for illustrative purposes.

quence of letter probabilities indicating what is being fingerspelled. We illustrate
this architecture in Figure 7.2.

Visual backbone. Our input is a sequence of RGB frames constituting a short
clip of a signer. In order to extract the visual features, we follow prior sign-language
works [Bull et al. 2021; Momeni et al. 2022; Varol et al. 2021] and use a pre-trained
sign classification model. The sign classification model used in prior works is an
I3D model [Bull et al. 2021; Momeni et al. 2022; Varol et al. 2021] pre-trained
on Kinetics [Kay et al. 2017] and finetuned using a sign classification objective.
We replace the I3D with a relatively modern Video-Swin-S [Z. Liu et al. 2022]
architecture and finetune it for the sign classification task in a similar fashion. We
pre-extract the features for all our videos and save them at a temporal stride of 4.
The Transpeller operates on these feature vectors V € R7*4r,

Transformer Encoder. Given a sequence of visual feature vectors V € RT*4r,
we first use two fully-connected layers (F'C') to project the feature dimension to d,
which is the hidden dimension of the transformer encoder. We add the temporal
positional encodings and prepend this sequence with a learnable [C'LS] token em-
bedding (such as in BERT [Devlin et al. 2018] and ViT [Dosovitskiy et al. 2021]).
We encode the temporal information of this sequence by passing it through a

Transformer encoder consisting of N layers:
Vine = encoder([CLS]; [FC(V) + PE,.r]) € RUHTIxd,

Prediction heads. The [C'LS] output feature vector Vene(1) serves as a aggregate

representation for the entire input video clip. An MLP head for binary classifica-



tion, f. is attached to V1) to predict the probability of a fingerspelling segment

being present in the input video:

9% = 0(fe(Vene(n))) € RY,

where o denotes a sigmoid activation. To localize the fingerspelling segment, we
attach a second MLP head f; that is shared across the encoded video feature
time-steps Vepe2:141):
Aloc = 0(fiVenezrs1))) € R”.

The output y'°° at each feature time-step ¢+ € T indicates the probability of the
time-step t being a part of a fingerspelling segment. In order to recognize what
is being fingerspelt, a third MLP head f, is attached in a similar fashion to f; to
predict C letter probabilities at each time-step:

grec = softmax(fr( enc(2: T+1))) € RTXC-

Loss functions. Given a training dataset D consisting of video clips v, class
labels y*, location labels 3¢ and recognition labels (whenever present) ", we

define the following training objectives:

ﬁcls — (v Jels)eD BCE( cls Acls) (71)
Lloc = _E(v,yClS,yloc)ED y ZBCE 115087 Azlfoc) (72)
ETBC = —E( rec ED OTO( rec ATeC) (73)

where BCE stands for the binary cross-entropy loss and CTC stands for Connec-
tionist Temporal Classification [Graves et al. 2006] loss. The labels y are set to
1 when the given keyword occurs in the video and 0 otherwise; the frame labels
y'¢ are set to 1 for the frames where the keyword is uttered and 0 otherwise.
We optimize the total loss £ = L% + L1°¢ + AL where, A\ = 1 if a given input

video has a word label annotation, else, A = 0 to only train the classification and

localization heads.

7.3.2 Multiple Hypotheses (MH) CTC loss

As described earlier, our word labels for fingerspelling recognition are weak labels

from subtitles and mouthing cues. The process for obtaining these labels is de-



scribed in Sec. 7.4.1 & 7.4.2. Since this process is automatic, it introduces a degree
of label noise. For example, the mouthing model can detect false positives; the
detection boundaries can be erroneous, or multiple mouthings can be spotted for
a single detection interval. We observed that our automatic detection pipeline is
more accurate than our process of obtaining word labels. If we assume the finger-
spelling detection is correct, then it is quite likely that the fingerspelled word is
among one of the words (usually a noun) in the subtitle.

With this idea in mind, we design an improved CTC loss function, termed
Multiple Hypotheses CTC (MH-CTC), that allows the model to “pick” the most
correct word label from a set of possible word hypotheses. This set comprises
a number of words, of which one is the correct word label for the fingerspelling
sequence in the input video clip. For example, the set of word hypotheses could
be the proper nouns in the subtitle corresponding to the input video clip. Given a
list of word hypotheses H for the input video clip v, our modified recognition loss
L7 is:

£ = ~Egmen min CTC(h,§™)
This corresponds to backpropagating the recognition loss for the word that achieves
the minimum CTC loss among all the hypotheses. Since this allows the model to
“choose” its own target, we found two strategies that help the model converge.
Firstly, pretraining the model with CTC loss using Eqn 7.3 before using MH-CTC
is essential. Secondly, when using MH-CTC, we found that randomly (with 50%
chance) setting H to be a single hypothesis containing the word found by our

automatic annotation also prevents the model from diverging.

7.4 Automatic annotations

Our model is completely trained with weak labels that are automatically curated.
We perform two stages of automatic annotation. In the first stage (Sec. 7.4.1), we
automatically annotate fingerspelling detections using exemplars and letter labels
using mouthing cues. In the second stage (Sec. 7.4.2), we obtain detection and let-
ter pseudolabels from the Transpeller model that has been trained on annotations
from the first stage. The number and duration of these fingerspelling detections,
as well as the number of detections associated with either a noun or proper noun

letter label, is shown in Tab. 7.1.



Train Val
#labels vocab avg. dur. | #labels vocab avg. dur.
Stage 1: Exemplar detections 149k - 1.4s 3.0k - 1.3s
w/ mouthing labels: nouns 59k 18k 1.8s 1.2k 0.8k 1.6s
w/ mouthing labels: pr. nouns 39k 14k 1.9s 0.9k 0.5k 1.7s
Stage 2: Transpeller detections 129k - 1.9s 2.5k - 1.8s
w/ mouthing labels: nouns 61k 19k 2.1s 1.3k 0.9k 1.9s
w/ mouthing labels: pr. nouns 41k 15k 2.2s 0.9k 0.5k 2.0s
w/ Transpeller labels 111k 32k 2.0s 2.2k 1.4k 1.8s

Table 7.1: Two stages of automatic annotations. Stage 1: We use exemplars
to detect fingerspelling and mouthing cues to obtain letter labels. Stage 2: We
obtain detections and letter labels using Transpeller pseudolabels.

7.4.1 Exemplar and mouthing annotations

Detections using exemplars. We manually annotate a small number E of sin-
gle frame exemplars of fingerspelling amongst videos from different signers in the
training set (£ = 115). Using these exemplars, we search for frames in continuous
signing with high feature similarity to these frames containing fingerspelling. This
exemplar-based annotation technique is inspired by [Momeni et al. 2020b; Mo-
meni et al. 2022]. We use features from [Momeni et al. 2022] and compute cosine
similarity with fingerspelling features. This simple method provides approximate
annotation of fingerspelling detections. We use this method for two reasons: firstly,
to help our model learn fingerspelling temporal detection, and secondly, to select
video segments containing fingerspelling for manual annotation. Technical details
on the computation of the feature similarity can be found in the supplementary
material.

Letter labels from mouthings. To obtain word annotations for the finger-
spelled segments, we use mouthing cues, as fingerspelled words are often mouthed
simultaneously in interpreted data [Davis 1990]. In [Momeni et al. 2022], the
authors use an improved Transpotter architecture [Prajwal et al. 2021] to query
words from surrounding subtitles and localize corresponding mouthing cues. We
consider all mouthing annotations from [Momeni et al. 2022] falling within the
interval of the fingerspelling detections. As the fingerspelling detection boundaries
are approximate, and the automatic mouthing annotations are not always accu-
rate, these annotations are noisy. Tab. 7.2 shows that almost all fingerspelling
annotations refer to nouns, and most refer to proper nouns. Thus, restricting

mouthing annotations to nouns or proper nouns reduces noise.



7.4.2 Transpeller annotations

Improving detections with Transpeller pseudolabels. The model described
in Sec. 7.3.1 outputs a per-frame localization score, predicting the presence of
fingerspelling. After training this model, we can improve upon the exemplar-based
detections using pseudolabels. Given localisation scores sy, ..., sy for a window of
N frames, we consider that the window contains fingerspelling if max(sy, ..., sy) >
t1. We consider that a sub-interval [i,j] (1 <=1 <= j <= N) of this window
contains fingerspelling if s;, ..., s; >= t5, where t5 < t;. To smooth the localization
scores, we take the moving maximum score amongst K consecutive scores. We let
t1 =0.7,t,, = 0.3 and K = 5.

Improving letter labels with Transpeller pseudolabels. Using pseudolabels
from the model in Sec. 7.3.1, we can also improve automatic letter label annota-
tions. After decoding the CTC outputs using beam search, we can then compute a
proximity score with words from neighboring subtitles, i.e. dist(w;, wy), where w;
is a subtitle word and ws is the output of beam search decoding. The proximity
score is a variant of the Levenshtein edit distance, but where deletions are not
heavily penalized. This is because words such as ‘Sarah Jane’ can be reasonably
fingerspelled as ‘SJ’. Details of this proximity score are provided in the supple-
mentary material. We can use this proximity score to find the subtitle word most

likely to be fingerspelled.

7.4.3 Multi-stage training

We perform a multi-stage training strategy where we start by training on exemplar-
based annotations (lines 2 and 3 of Tab. 7.1) using the vanilla CTC loss to supervise
the recognition head. Upon convergence, we finetune this model further using MH-
CTC, this time additionally considering proper nouns in neighboring subtitles as
the hypotheses.

Using the above pre-trained model, we now extract the Transpeller annotations
as detailed in Sec. 7.4.2. Using these new annotations, we repeat the process: we
start with the vanilla CTC loss and then finetune this model further using MH-
CTC. Given that we have pseudo-labels from the Stage 1 Transpeller model, we
can restrict the MH-CTC search space. The hypotheses now only contain nouns
and proper nouns from neighboring subtitles with at least one letter in common

with the CTC decoded outputs from the Transpeller model of Stage 1.



7.5 Experiments

7.5.1 BOBSL Fingerspelling benchmark

We collect and release the first benchmark for evaluating fingerspelling in British
Sign Language. The test set annotations are collected by adapting the VIA Whole-
Sign Verification Tool [Dutta and Andrew Zisserman 2019] to the task of finger-
spelling recognition. Given proposed temporal windows around the automatic
exemplar and mouthing annotations, annotators mark whether there is any fin-
gerspelling in the signing window and type out the exact letters which are finger-
spelled. We use a temporal window of 2.1s before to 4s after the midpoint of the
automatically detected fingerspelling instance. Since the fingerspelled letters could
be a subset of the actual full word (e.g. SH for SARAH), we also obtain the corre-
sponding full word annotations. Descriptive statistics on the test set annotations
are in Tab. 7.2.

Evaluation criteria. We measure the fingerspelling recognition performance
using the Character Error Rate (CER), which provides a normalized count of
the substitution/deletion/insertion errors in the predicted letter sequence when
compared to the ground-truth sequence. We report two CERs for the two different
ground-truth annotations we have for each clip: (i) CERgpen - ground-truth is the
actual fingerspelled letters which, as mentioned before, may only be part of a
word, and (ii) CERgy - ground-truth is the full word annotation to which the
fingerspelling refers to. Given that our model(s) are trained only with automatic
weakly-supervised full-word annotations (Sec. 7.4), these two different CER scores
can help us see if the model learns to pick up on the fingerspelled letters, rather
than only relying on the mouthing cues or memorizing the full word annotations.
Implementation details. We use a batch size of 32 and an initial learning rate
of 5e7%, which is reduced to le~® after the validation loss does not improve for 3
epochs. At test time, we decode with a beam width of 30. More implementation

details are provided in the supplementary material.

7.5.2 Results

We now evaluate different variations at each stage of the Transpeller recognition
pipeline.

Using exemplar detections and mouthing cue letter labels with CTC



#labels  (full word) vocab. %mnouns %pr. nouns %full avg. % missing

4923 3442 96% 4% 22% 34%

Table 7.2: Statistics on test set annotations. Most fingerspellings refer to
proper nouns or nouns. Around 22% of fingerspelling instances contain all letters
of the encoded word, but on average 34% of the letters of a word are omitted
during fingerspelling.

Annotations #Recogn. ex. CERgpen CERgan

Exemplars + Mouthings: proper nouns 39k 58.5 62.1

Exemplars + Mouthings: nouns 29k 58.6 62.9
finetuned with MH-CTC 59k (avg. 4 hyp.) 57.6 64.3

Table 7.3: Stage 1: Transpeller model with exemplar + mouthing super-
vision. All rows use 149k fingerspelling detections for training. When assigning
a word label for these detections from the subtitle, we choose to look at nouns,
especially proper nouns, as they are more likely to be fingerspelt. We obtain the
best results when using MH-CTC loss.

Annotations #Recogn. ex. CERgspen CERpun

Transpeller detect. + Mouthings 61k 57.5 63.1

Transpeller detect. + Char. labels 111k 55.4 63.0
finetuned with MH-CTC 111k + (avg. 9 hyp.) 53.3 60.1

Table 7.4: Stage 2: Transpeller pseudolabels. All rows use 129k fingerspelling
detections for training. Using both the refined detections and word annotations
from the Stage 1 model gives a clear reduction in the CER. Further, using MH-
CTC gives a 2.1 CER boost. Overall, our Stage 2 achieves a final best CER of
53.3 which is 4.3 CER better than the best model of Stage 1, thus validating the
impact of our multi-stage training pipeline.



loss. Our initial set of annotations from the exemplar detections gives us 149k
fingerspelling instances, out of which a fraction of them can be associated with
word labels using mouthing cues. In Tab. 7.3, we show how our performance
depends on our choice of recognition annotations. Restricting our automatic word
label annotations to proper nouns gives us a cleaner training set, as they are most
likely to be fingerspelt. However, this comes at the expense of having very few
training samples. In row 2 of Table 7.3, we find that we can tolerate a bit of label
noise and expand to all nouns. We finetune the best CTC-based model from the
above using our MH-CTC loss, which further results in an improvement of 1.0
CERfspen. This is our best model with the initial set of annotations.
Transpeller detections. We now expand our training data, by extracting pseu-
dolabels (Sec. 7.4.2) from the best model from the previous stage. We train on
these new annotations and report our results in Tab 7.4. When we use the refined
detections but still use the mouthing cues for assigning word labels, we obtain a
CERjspen of 57.5, a similar result to the corresponding model (57.6) from Stage 1.
Transpeller letter labels. The error rates drop further when we also improve
the recognition annotations. We do so by using a variant of the edit distance
to match the predictions of the Stage 1 Transpeller to a word in a neighboring
subtitle. These results can be seen in row 2 of Tab. 7.4.

Finetuning with MH-CTC. Finally, when finetuning further with our MH-
CTC loss, our final Stage 2 model gives a CERgspen of 53.3 which is 4.3 points
better than the best model (57.6) of Stage 1. It is evident from both these tables
that both MH-CTC and our multi-stage training with pseudolabelling improve our
recognition performance.

Fingerspelling recognition vs. spotting mouthings. An interesting line of
thought is: if we have access to the subtitles at test time, can we use a mouthing
model to accurately predict words instead of doing fingerspelling recognition? To
judge this, we restrict the test set to instances where there is a noun or a proper
noun mouthing annotation and compute the CER between the mouthing annota-
tion and the ground truth annotation, and we get 55.6. On this same subset, our
best model obtains 53.3 CER, demonstrating that it in fact performs better than
a mouthing method with access to the subtitle text.

Error analysis of the best model on the test set. In Tab. 7.5, we show a

few examples of our predictions and the corresponding ground-truth sequence. We



can see our model makes reasonable errors for most examples, where it confuses
between letters that are visually quite similar. In Fig. 7.4, we show how the CER
varies based on the length of the ground-truth character sequence. It is evident
that the model struggles the most with very short sequences (one or two letters).
This is expected because it has only been supervised with full word annotations
during training and has never been trained to predict one or two letters in isolation.
Lookup-based correction at inference-time. We explore the possibility of
correcting the errors in the model’s outputs at test-time with the help of a pre-
determined list of words, e.g. “atlanic" to “atlantic". We first curate a list of nouns
present in the subtitles of the BOBSL train set and use edit distance to match the
model’s predictions to the closest noun in our list. If the edit distance is below a
set threshold, i.e., a very close match, we replace the predicted character sequence
with the matched word from our list. However, we found that this increases the
CERfspen to 57.0 and CERgy to 61.1. Such a lookup-based correction method leads
to several false matches because (i) it is done with no context of the surrounding
words, (ii) not all the letters of the word are fingerspelled, (iii) fingerspelled words

in the test set can also be novel and unseen.

7.5.3 Architecture ablations

Importance of joint recognition and detection. As described in Sec 7.3.1, our
model contains three prediction heads for classification, localization, and recogni-
tion. All three heads are essential and are used to obtain the Stage 2 annotations
as described in 7.4.2. We conduct an experiment to also demonstrate that it is
beneficial to train these heads jointly. We find that joint training leads to a bet-
ter recognition performance (55.4 CERfpen) than training without the localization
head (56.3 CERgpen) or without the localization and classification heads (56.2
CERfspen)-

Sequence-to-Sequence vs. CTC-based models. We also compare our CTC-
based recognition head with a sequence-to-sequence (seq2seq) encoder-decoder ar-
chitecture supervised with a cross-entropy loss. We use the standard Transformer-
Base [Vaswani et al. 2017] model, which contains a Transformer encoder similar
to Transpeller and a 6-layer auto-regressive Transformer decoder. We compare
with the CTC model trained on the Stage 2 annotations. The seq2seq network
performs worse (57.4 CERjgpen) than the CTC model (55.4 CERgpen). This is ex-



Subtitle text with

T . ) . § ) e . .
fingerspelled word This area will be redeveloped quickly now Berkeley Homes have got their foot on this corner.

Letters which are
fingerspelled

Continuous signing § § y 3 ' $ 7S 4 7 'ﬁ’ A ¥ ]
frame sequence - ’ { - L Vi
E & i i

Transpeller annotation

Using pseudolabelling, the Transpeller predicts ‘B’, °E’, ‘R’, ‘E’, “Y’ which “Homes” is mouthed as well as signed and wrongly
is accurately corrected to the fingerspelling annotation for ‘Berkeley.” assigned as the fingerspelling annotation.

Figure 7.3: Benefit of Transpeller annotations: Here, we are given a finger-
spelling clip of “BERKELEY”. The initial annotation with exemplars + mouthing
cues assigns an incorrect word label because the spotted mouthing of the word
“Homes” is temporally close to the fingerspelling location, resulting in a false word
assignment. In the second annotation stage, we correct this using the Transpeller’s
predicted characters “BEREY” that are matched to the subtitle word “BERKE-
LEY”.

—& CER_fspell

*0 —- CER Rl Ground Truth Prediction CER
chloride churide 25
& 10 nurembrg turmug 50
. ivory ener 80
elind elinc 20
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Figure 7.4: Variation of CER vs
the number of letters in the Figure 7.5: Qualitative examples.
ground-truth. Transpeller strug- Model predictions on our manually veri-
gles to correctly predict very short fied test set. The CERs are shown for ref-
fingerspelling segments, which are erence. We see that one of the most com-
usually partial fingerspellings (e.g. mon error sources is confusion between
MJ for Mary Jane). This happens letters that are visually similar: (a, e, i),
because the model is only super- (d, ¢), (I, n, m, v, t), (0, u).

vised with full-length words.

pected because only 22% of the test samples contain no missing letters, i.e. full
words, so conditioning on past letters can lead to errors in future letter predictions.
However, conditioning on past letters can be very helpful if we want to actually
estimate the full word and not determine the exact letters that are fingerspelled.
This is indeed validated by the fact that the seq2seq model performs much better
on CERg, achieving 55.2 compared to the CTC model’s 63.0. We also note that
due to the sequential decoding in the seq2seq model, it is ~ 20x slower in terms of

run-time speed than the CTC model, which decodes all the characters in parallel.



7.6 Conclusion

We presented a new BSL fingerspelling recognition benchmark and our Transpeller
model designed to jointly detect and recognize fingerspelled letters in continuous
sign language video. Our training data is largely constructed automatically, ex-
ploiting English subtitles and mouthing cues. The evaluation data is manually
curated, and we achieve promising recognition results (Tab. 7.5). However, we
note some limitations. First, there remains room for improvement in the accu-
racy of the model to further reduce the character error rate. Second, our training
and evaluation of the Transpeller is limited to the use of interpreted data and
therefore is not necessarily representative of more natural, conversational signing.
Addressing these limitations would be a valuable future research direction.
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Graduate Scholarship, EPSRC grant ExTol, a Royal Society Research Professor-
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Abstract

In this work, our goal is large-vocabulary continuous sign language recog-
nition (CSLR) — the task of predicting a sequence of signs from a given
continuous signing video clip, without constraints on the lexicon. Previous
works have been unable to focus on this realistic setting due to the absence
of appropriate benchmarks. We introduce here a new CSLR test bench-
mark, BOBSL-CSLR-TEST, consisting of manually annotated continuous
sign-level data. It is the largest CSLR evaluation benchmark to date, both in
terms of vocabulary (5K different signs) and duration (6 hours), containing
32K gloss annotations. To solve the CSLR task, we also propose a Trans-
former model, that is able to ingest a signing sequence and output in a joint
embedding space between signed language and spoken language text. We

demonstrate that by a careful choice of loss functions, training the model

*Equal contribution.
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jointly for both CSLR and sign language retrieval tasks improves the CSLR
performance by providing context. Our model significantly outperforms the
previous state of the art on our newly collected CSLR benchmark, serving

as a strong baseline for the community.

8.1 Introduction

Recognising continuous and large-vocabulary sign language is a vital step towards
enabling real-world technologies that enhance communication and accessibility for
the deaf or hard of hearing. With the availability of data that depicts continuous
signing from a large vocabulary of signs [Albanie et al. 2021b; N. Camgoz et al.
2021; Duarte et al. 2021], the computer vision field has recently gained momentum
towards this direction, building on previous research that had largely focused on
restricted settings such as recognising single signs in isolation [Joze and Koller
2019; D. Li et al. 2019] or signs covering relatively small vocabularies [Koller et al.
2015a; H. Zhou et al. 2020a].

Our goal in this paper is to enable large-vocabulary continuous sign language
recognition (CSLR) — providing time-aligned and dense word predictions for each
sign within a signing sequence. This is an essential first step towards translation,
as English sentence-level annotations have been shown to be difficult to use directly
as targets for sign language translation [Varol et al. 2021; Albanie et al. 2021b;
N. Camgoz et al. 2021].

However, there are several challenges to achieving this goal, primarily due to the
lack of suitable data for training and evaluation. For CSLR, ideally, each individual
sign within a continuous video should be associated to a symbolic category. One
challenge is that current training supervision sources are restricted by their weak or
sparse nature. For instance, in the largest dataset BOBSL [Albanie et al. 2021b],
the available annotations are either (i) at sentence-level, weakly associating the
entire signing sequence in the video to an English sentence, rather than breaking
the video into individual sign-word correspondences, or (ii) at sign-level, but sparse
with gaps in the temporal timeline (despite the densification efforts in [Momeni
et al. 2022] to scale up the number and vocabulary of annotations). At the same
time, it is not possible to assess and compare the performance of large-vocabulary

CSLR algorithms at scale, as there is no evaluation set with dense ground truth
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sign-level annotations in the BOBSL dataset.

In this paper, we introduce a CSLR evaluation benchmark comprising six hours
of manually collected new sign-level annotations that are continuous on the time-
line. Since we focus on the large-vocabulary setting, we collect annotations on the
BOBSL test set. As shown in Fig. 8.1, we also provide accurate sign-level temporal
segments. When compared to PHOENIX-2014 [Koller et al. 2015a], which is the
largest existing CSLR test set collected in non-laboratory settings, our test set
contains 6 X more hours with 4x more gloss labels spanning a vocabulary of 5000
words, which is also 10x larger than the current best test set in non laboratory
settings.

We also introduce a simple Transformer encoder model [Vaswani et al. 2017],
CSLR?, that ingests a signing video sequence and outputs tokens in a joint em-
bedding space between signed and spoken! languages. The output space enables
training the CSLR? model jointly with CSLR and sentence Retrieval tasks (i.e.
retrieve the most similar text sentence given a signing video or vice versa), which
we find improves CSLR performance. The joint language space may also help to
overcome another challenge of sign recognition: polysemy, where the same word
may correspond to several sign variants, and conversely the same sign may cor-
respond to several different words. The benefits of a joint embedding space for
spoken and sign language has been explored before. The LCC paper [Wong et al.
2023] bridges the gap between sign and spoken language word embeddings. Our
approach has a similar motivation, but at the sentence-level, specifically to help
CSLR. For training our model, we note that we only use noisy annotations from
the large-scale BOBSL dataset for supervision.

In summary, our contributions are the following: (i) a new benchmark of sub-
stantial size for evaluating large-vocabulary CSLR; (ii) extensive experimental
analyses to highlight the challenge of the new benchmark; and (iii) a new method
in the form of a multi-task Transformer network that leverages weak training su-
pervision and outperforms existing methods on the new test for large-vocabulary

CSLR. Our code and data is publicly available for research, linked from our project

page.

'We refer to the written form of spoken language, not the speech audio.
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P severn *FS bridge ap before many people travel america cup *D *P top *P must win race must *G

Beneath the shadow of the Severn Bridge is a jetty that once bustled with travellers. You know, the America's cup is a design cup as much as it is a sailing race.

e will ferry other coast *P well *G me *P work  finance industry *G want something  more *D

I’m catching a ferry back to another coast connected by this water. I worked in the finance industry, so I just want to do something a little bit more...

Figure 8.1: Annotation examples from the BOBSL-CSLR-test dataset:
As well as assigning the English word(s) corresponding to a sign (i.e. ‘gloss’), the
annotations provide the temporal segment of each sign, and indicate the type of
sign when appropriate. For example, ‘*P’ for pointing, ‘*FS’ for fingerspelling,
“*G’ for gesture sign.

Table 8.1: Recent CSLR training and evaluation sets: Our manually-curated
BOBSL-CSLR-TEST set is larger in the number of annotated signs and vocabu-
lary, compared to other standard CSLR test sets from the literature. In addition,
it also comes with sign segmentation annotations. *Note that the BOBSL training
has different vocabulary sets of varying sizes: 72K words spanned by subtitles and
25K words spanned by 5.5M automatic annotations generated in [Momeni et al.
2022].

segmented #sentences hours vocab. Fglosses source

PHOENIX-2014 [Koller et al. 2015a] X 6K 11 1K 65K TV
train CSL-Daily [H. Zhou et al. 2020a] X 18K 21 2K 134K lab
BOBSL [Albanie et al. 2021b] X 993K 1220  T72K* 5.5M* TV
BOBSL-CSLR-TrainVal v 2.6K 3.0 3.1K 15.3K TV
PHOENIX-2014 [Koller et al. 2015a] X 629 1.0 0.5K 7.1K vV
test CSL-Daily [H. Zhou et al. 2020a] X 1176 1.4 13K 9.0K lab
BOBSL-CSLR-TEST v 4518 6.0 5.1K 32.4K TV

8.2 Related Work

We briefly discuss relevant works on CSLR benchmarks and methods that operate
on continuous sign language video streams.
CSLR benchmarks. Early works with continuous signing videos provided very
small vocabularies in the order of several hundreds (104 signs in Purdue RVL-
SLLL [R. B. Wilbur and Kak 2006] and BOSTON104 [Dreuw et al. 2008] ASL
datasets, 178 in CCSL [Huang et al. 2018b], 310 in GSL [Adaloglou et al. 2020],
455 in the SIGNUM DGS dataset [von Agris et al. 2008], and 524 in the KETI
KSL dataset [Ko et al. 2019]). BSL Corpus [Schembri et al. 2017] represents a
large-vocabulary collection; however, it is mainly curated for linguistics studies,
and has not been used for CSLR.

Relatively large collections made it possible to train CSLR methods based on
neural networks. RWTH-PHOENIX-Weather 2014 [Koller et al. 2015a], which

is the most widely used dataset, contains around 11 hours of videos sourced from
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weather forecasts. CSL-Daily [H. Zhou et al. 2020a] provides 20K videos with gloss
and translation annotations from daily life topics, covering a 2K sign vocabulary,
and 23 hours of lab recordings.

In Tab. 8.1, we provide statistics to compare against our new benchmark,
mainly on their evaluation sets. Recently released large-vocabulary continuous
datasets (such as BOBSL [Albanie et al. 2021b], How2Sign [Duarte et al. 2021],
Content4All [N. Camgoz et al. 2021], and OpenASL [B. Shi et al. 2022a]) do not
provide sign-level gloss annotations due to the prohibitive costs of densely labeling.
Continuous sign language recognition in video streams. In recent years,
the community has started to move beyond isolated sign language recognition
(ISLR) [Joze and Koller 2019; D. Li et al. 2019], which only seeks to assign a
category (typically also expressed as a word) to a short video segment trimmed
around a single sign without context. As well as CSLR, several recognition tasks
require ingesting a continuous video stream exist, including sign spotting [Albanie
et al. 2020; Momeni et al. 2020b; Varol et al. 2021; Momeni et al. 2022], sign
tokenization [Renz et al. 2021a; Renz et al. 2021b], translation [N. C. Camgoz
et al. 2018; N. C. Camgoz et al. 2020b; N. C. Camgoz et al. 2020a; B. Zhou
et al. 2023; A. Yin et al. 2023], subtitle alignment [Bull et al. 2021], subtitle
segmentation [Bull et al. 2020], text-based retrieval [Duarte et al. 2022; Y. Cheng
et al. 2023], fingerspelling detection [Prajwal et al. 2022b], active signer detection
and diarization [Albanie et al. 2021a]. Our work is related to some of these tasks in
that they also operate on a large-vocabulary setting [Albanie et al. 2020; Momeni et
al. 2020b; Varol et al. 2021; Bull et al. 2021; Momeni et al. 2022]; however, these
papers do not tackle CSLR, mainly due to lack of continuous sign annotations.
While [Duarte et al. 2022] addresses retrieval, their method is not suitable for
CSLR — our work differs in that we show training for both isolated sign recognition
and text-based retrieval tasks benefits CSLR performance.

State-of-the-art CSLR methods have so far focused on PHOENIX-2014 [Koller
et al. 2015a] or CSL-Daily [H. Zhou et al. 2020a] benchmarks, where the perfor-
mances are saturated. These methods typically consider a fully-supervised setting,
and train with RNN-based [Huang et al. 2018b; R. Cui et al. 2019; Huaiwen Zhang
et al. 2023], or Transformer-based [N. C. Camgoz et al. 2020b] models. Due to
lack of sign segments (i.e., start and end times of signs are unknown), many works

use the CTC loss [N. C. Camgoz et al. 2020b; K. L. Cheng et al. 2020; Jiao et al.
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2023; Wei and Y. Chen 2023; Zuo and Mak 2022]. Our work differs from these
previous works on several fronts. We consider a weakly-supervised setting, where
the training videos are not annotated for CSLR purposes, but are accompanied
with weakly-aligned spoken language translation sentences. We also study the
benefits of joint training with CSLR and retrieval objectives. In a similar spirit,
the works of [N. C. Camgoz et al. 2020b; Zuo and Mak 2022] jointly train CSLR
with sentence-level objectives (translation in [N. C. Camgoz et al. 2020b], margin
loss for gloss-sequence text retrieval in [Zuo and Mak 2022]), but in significantly
different settings (e.g., 8x smaller vocabulary, and with manually-annotated CSLR

labels for training).

8.3 A New CSLR Evaluation Benchmark

In this section, we describe the new continuous sign annotations that we collected
for evaluating CSLR. We first describe the data splits in BOBSL-CSLR, what
the BOBSL-CSLR-TEST is, and then how it was annotated. Finally, we provide
the evaluation protocol for benchmarking.

BOBSL-CSLR. We collect continuous sign-level annotations for a subset of the
BOBSL dataset [Albanie et al. 2021b]. We follow the official train-val-test splits of
the dataset, and annotate a small subset of train and val splits, and a larger portion
of the test split. The statistics of the collected data for each split is specified in
Table 8.2. Our main focus, though, is on the test split, BOBSL-CSLR-TEST,

which we describe in detail below.

Table 8.2: CSLR annotations on BOBSL: We provide statistics for our col-
lected CSLR annotations on BOBSL in terms of the number of subtitle sentences,
the duration in hours, the number and vocabulary of subtitle words, the number
and vocabulary of annotated glosses, and the number of annotated sign types.
While our focus is to collect a large evaluation split (BOBSL-CSLR-TEST), we

also collect annotations in a similar way for a small proportion of the train and
validation splits of BOBSL.

#sentences F#hours +#subtitle subtitle #glosses gloss — #sign type

words  vocab. vocab. annot.
all 7134 8.9 81.3K 9.0K 47.7TK 71K 17.1K
train 1463 1.7 15.0K 3.1K 8.7K 2.6K 3.4K
val 1153 1.3 13.4K 2.7K 6.6K 21K 2.0K
test 4518 6.0 52.9K 6.9K 32.4K 5.1K 11.7K
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BOBSL-CSLR-test. The continuous annotations are provided for a subset of
the SENT-TEST partition of BOBSL [Albanie et al. 2021b]. SENT-TEST contains
31 hours of BSL signing sequences that have been manually aligned temporally
with their corresponding English subtitle sentence translations.

The BOBSL-CSLR-TEST annotations consist of a time aligned sequence of
sign ‘glosses’?, where each sign is annotated with its temporal interval, the type
of the sign, and its word equivalent if that exists. In addition to lexical signs (i.e.
signs that have an English word equivalent), a wide range of sign types such as
fingerspelling, pointing, depicting or no-signing are annotated. These are marked
with special characters such as *FS and *P for fingerspelling and pointing, respec-
tively. The various sign types are illustrated in Fig 8.2. We briefly describe the
major sign types in our benchmark. Pointing (*P) contains the pointing hand-
shape, e.g. depicting pronouns by pointing to oneself ('I"/"me") or another person
("you"). Fingerspelling refers to signing letter by letter using the manual alphabet,
e.g. to spell proper names. We also have depicting signs (*D), which depict shape
and size, and gestures (*G) which are hand or body poses that non-signers also
do such as shrugging shoulders. We also annotate signs that are depicted through
meaningful facial expressions (*FE). A few more sign types and their explanations
are given in Sec. 8.8 of the Appendix.

Note, that there exists no universally accepted writing system for sign lan-
guages today [Filhol 2020], though attempts have been made with descriptive
languages such as HamNoSys [Hanke 2004] and SignWriting [Sutton 1990]. Also,
careful glossing that is linguistically consistent (e.g., enumerating each sign vari-
ant [Schembri et al. 2017]) is a tedious process which hinders scaling up. For
these reasons, we make a compromise when annotating for CSLR and use English
words for the glosses, assigning ‘any’ reasonable English word for a sign segment,
but prioritising words in the surrounding subtitle. For example, if the ‘natural’
English word for the sign is ‘laugh’ but a synonym word such as ‘giggle’ is in the
subtitle, then the gloss would be ‘giggle’ (with ‘laugh’ also provided as a more
general translation). However, one should keep in mind that associating words to
signs is a lossy and error-prone process in any case.

Fig. 8.1 shows example ground truth gloss annotations for BOBSL-CSLR-

2We abuse the gloss terminology, despite our sign-level annotations not being careful linguistic
glosses, but rather free-form sign-level translations.
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TEST. In total, we curate these continuous labels for 6 hours of video, comprising
32.4K individual signs from a vocabulary of approximately 5.1K glosses. The
BOBSL-CSLR-TEST annotations evenly cover all 35 episodes in SENT-TEST.
About 3% of the the gloss vocabulary in the test split are completely new — they
do not occur in the subtitles of the BOBSL train set. Additional statistics for the
dataset are given in Sec. 8.8 of the Appendix. All annotations, together with a
datasheet, are publicly released from our project page.

Dataset annotation. The annotation procedure uses a web based annotation
tool that is built from the VIA video annotation software [Dutta and Andrew
Zisserman 2019]. Annotators are provided with a video sequence with 10 time
aligned subtitle sentences. Annotators enter free-form text for each sign token,
taking into account the context by watching the full video around a given subtitle.
The subtitle is also displayed on the video and the annotators are encouraged to
prioritise assigning words that appear in the corresponding subtitle. The annota-
tors additionally assign sign types when appropriate (see Fig. 8.1) and temporally
align each gloss to the duration of the sign.

We facilitate faster annotation iterations by incorporating several strategies.
We adopt a semi-automatic labeling technique where we initialise the sign bound-
aries by using an automatic sign segmentation method [Renz et al. 2021a]. An-
notators are thus given an initial set of sign intervals, and are instructed to refine
these sign boundaries (or add/remove sign intervals) if necessary. We further show
a dropdown menu for each sign and prioritise at the top of the list words from
the corresponding subtitle. Two native BSL users worked on this task for over one
year. Further details on the annotation procedure and quality control are provided
in Sec. 8.7 of the Appendix, as well as the annotation instructions which are linked
from our project page.

Evaluation protocol. The CSLR evaluation is on the manually annotated test
set (BOBSL-CSLR-TEST) as described above, which contains video sequences
corresponding to 4518 unseen test subtitles. As in other CSLR benchmarks [Koller
et al. 2015a; H. Zhou et al. 2020a], we report word error rate (WER) as our main
performance measure. We also monitor mIoU (mean intersection over union)
between predicted and ground truth sequences’ words, without considering any
temporal aspect. In all metrics, similar to [Momeni et al. 2022], we do not penalise

output words if they are synonyms.
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Figure 8.2: Sign type examples: We show 2 illustrative samples for each non-
lexical sign type annotation, together with the number of occurrences in BOBSL-
CSLR-TEST in blue. See Tab. A.1 of the Appendix for a complete list of statistics
and explanation of each sign type. We note that we omit the number of occurrences
for no signing segments as these do not have a meaningful unit like signs.

Sign Type Illustrative Examples Sign Type Illustrative Examples Sign Type Illustrative Examples Sign Type Illustrative Examples
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In order to assess the model’s ability to correctly predict sign segments at
the right temporal location, we also report the F1 score. We define a segment
to be correctly predicted if (i) the predicted sign matches, up to synonyms, the
ground-truth gloss, and (ii) the IoU between the predicted segment’s boundaries
and the ground truth gloss segment’s boundaries is higher than a given threshold.
We compute the F1 score as the harmonic mean of precision and recall, based on
this definition of correct segment detection. We report the F1 score at different
thresholds values, namely, F1@{0.1,0.25,0.5}.

Given a video sequence, the evaluation compares the predicted gloss sequence
(after post-processing the raw per-frame outputs with the optimal 6 and m heuris-
tics — see Sec. 8.9.1 of the Appendix for post-processing strategy) with the corre-
sponding ground-truth gloss sequence.

We only evaluate on segments associated with a word in the ground-truth
sequence, e.g. a segment annotated as *G without a word label will be filtered
out from the ground-truth sequence. This gives us about 28K remaining gloss
instances. Note that we keep sign types like pointing and fingerspelling that have a
word associated with them. In addition, if several annotation words are associated
to one sign (e.g. ‘giggle’ and ‘laugh’), predictions are considered to be correct if

one of these words is predicted correctly.
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8.4 CSLR?: A Joint Model for CSLR and Re-
trieval

We start by describing the CSLR? model design that goes from raw sign language
video pixels to a joint embedding space with spoken language text (Sec. 8.4.1).
We then present the losses of our joint training framework with sentence-level
and sign-level objectives (Sec. 8.4.2). The details about our sources of supervision
which consists of (noisy) sign-level pseudo-labels and weakly-aligned subtitles are

given in Sec. 8.9.1 of the Appendix.

8.4.1 Model overview and inference

Our model, shown in Fig. 8.3, consists of 3 main components: (i) a sign video
encoder V3£ based on a pretrained Video-Swin [Z. Liu et al. 2022], (ii) a sentence

enc

video encoder V5 based on a randomly initialised Transformer encoder, and (iii)
a text encoder Tg,. based on a pretrained T5 model [Raffel et al. 2020]. Given
raw RGB video frame pixels V for a signing sentence, we obtain a sequence of
isolated sign video embeddings from V5in as {¥;} = V5ien(V). In practice, such a
sequence is obtained by feeding 16 consecutive frames to the sign video encoder in
a sliding window fashion, with a 2-frame stride. These are then fed through the

sentence video encoder V3 to have context-aware sign video embeddings {v;},

enc

as well as a single sentence video embedding V, denoted ({v;}, V) = V5 ({3,}).

enc

Similarly, for the text side, we embed the sentence T into T = To,.(T). We

w

also define sign-level text embeddings for each sign in the sentence as {t,},,_; =

{Tone(tw) V|, where W is the number of signs in the sentence. In practice, we
get these embeddings by independently feeding the word(s) corresponding to each
sign to the text encoder. Please refer to the Sec. 8.9.2 of the Appendix for details
on each component of our model.

CSLR inference. Sign-level recognition predictions are obtained by using the
sequence of sign video embeddings in v that lies in the same space as spoken lan-
guage. To associate each feature frame f to a word (or phrase), we perform nearest
neighbour classification by using a large text gallery of sign category names, as

illustrated in Fig. 8.3b. In our experiments, we observe superior performance of

such retrieval-based classification over the more traditional cross-entropy classifi-
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Figure 8.3: CSLR? method overview: (a) We show a simplified view for our
model architecture which consists of both video and text streams. On the video

side, features are extracted from a signing video clip V by running V5" in a sliding

window fashion and passed through a Transformer model V5", A video embedding

V and sign video embeddings {v;} are subsequently extracted. On the text side,
we input an English subtitle sentence T and sign pseudo-labels {t,,} to the text
encoder 7., and obtain sentence and sign text embeddings (T, {tw}), respectively.
While we illustrate only one triplet data point (V, T, {t,}), in practice, we operate
on a minibatch of triplets, and employ two contrastive losses to jointly train on
sentence retrieval Leentret and sign retrieval Lgignret- (b) For CSLR inference, each
sign video embedding is matched to the top-ranked word from a large vocabulary of
size 8K. A post-processing strategy is applied on frame-level predictions to produce
final outputs. For visibility, we omit linear layers which project embeddings into
the learnt joint-space. See Sec. 8.4.1 for a detailed description of the architecture
and inference procedure.

cation [M. Wang et al. 2021], with the advantage that it is potentially not limited
to a closed vocabulary. In order to go from per-feature classification to continuous
sign predictions, we perform a post-processing strategy detailed in Sec. 8.9.1. We
note that this same post-processing strategy is used for obtaining our sign-level

pseudo-labels for training.

8.4.2 Training with sentence- and sign-level losses

We train the Transformer-based model, that operates on sentence-level sign lan-
guage videos, for two tasks, namely, CSLR and sign language Retrieval (CSLR?).
As illustrated in Fig. 8.3a, we employ two retrieval losses: (i) a sentence-level
objective, supervised with weakly-aligned subtitles, and (ii) a sign-level objective,
supervised with pseudo-labels obtained from a strong ISLR model [Prajwal et al.
2022b] (see Sec. 8.9.1 of the Appendix for details on supervision sources). Note
that we do not employ the manual annotations from BOBSL-CSLR-TrainVal
for training our model. We next formulate each objective individually before in-

troducing our joint framework that leverages both sentence-level and sign-level
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information.

Sentence-level objective: sign language sentence retrieval (SentRet).
We explore the task of retrieval as a means to obtain supervision signal from the
subtitles. Following the success of vision-language models building a cross-modal
embedding between images and text [Radford et al. 2021; Junnan Li et al. 2022,
we employ a standard contrastive loss, and map sign language videos to spoken
language text space.

Sign language sentence retrieval is made of two symmetric tasks, that is, V2T

and T2V retrievals. For the former, given a query signing video V', the goal is to
rank a gallery of text samples (here subtitles) such that the content of V' matches
the content in the highest ranked texts. Symmetrically, in the latter, given a
text query T, the goal is to rank a gallery of signing videos. Formally, given a
dataset D = {(V;, T;)}¥, of video-subtitle pairs, the goal is to learn two encoders
ov, o mapping each signing video V' and subtitle 7" into a joint embedding space.
The encoders are trained using a recently proposed Hard-Negative variant of In-
foNCE [van den Oord et al. 2018], HN-NCE [Radenovic et al. 2023], that re-weighs
the contribution of each element in the contrastive loss.
Sign-level objective: sign classification via sign retrieval (SignRet). Given
a continuous signing video, the goal of CSLR is to recognise a sequence of individ-
ual signs. The continuous video is encoded into a sequence of context-aware sign
video embeddings {v f}f;:p with F' the number of video frames. Again, since these
embeddings are in the same joint space as the text embeddings, a contrastive loss
can be used as a proxy for sign retrieval.

Similarly to the sentence-level retrieval, we use the HN-NCE contrastive for-
mulation for the sign retrieval (SignRet) loss. However, instead of the full sentence
video-text embedding pair (V,T), we map individual sign video-word embedding
pairs (v,t) (see Fig. 8.3b).

Overall loss. Our model is trained jointly using a weighted sum of the two

retrieval terms:

L= ASentRethSentRet + ASignRetICSignRet

with LgentRet, LsignRet, 1.€. two contrastive losses for sentence and sign retrieval,

respectively. The training hyperparameters can be found in Sec. 8.9.2 of the Ap-
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pendix.

8.5 Experiments

In this section, we first describe baselines (Sec. 8.5.1). Next, we provide ab-
lations on the CSLR? model, to assess the contribution of important compo-
nents (Sec. 8.5.2). We then report CSLR performance, comparing to the base-
lines (Sec. 8.5.3), and give qualitative results, illustrating the current challenges

(Sec. 8.5.4).

8.5.1 Baselines

Subtitle-based automatic annotations CSLR baseline. The first baseline
for CSLR is obtained using spotting methods that search for signs corresponding
to words in the spoken language subtitles. The initial set of sparse sign annotations
along with timestamps was released with the BOBSL dataset [Albanie et al. 2021b],
using sign spotting methods from [Albanie et al. 2020; Momeni et al. 2020b; Varol
et al. 2021], followed by denser spottings in [Momeni et al. 2022]. We evaluate
these existing sequences of spottings, in particular the ones corresponding to our
BOBSL-CSLR-TEST subtitles. In practice, we filter these automatic annotations
using the same sets of thresholds as in [Albanie et al. 2021b; Momeni et al. 2022].
Note that these spottings make use of the weakly-aligned subtitles (and cannot
go beyond words in the subtitles), and therefore cannot be used as a true CSLR
method. They are also point annotations, without precise temporal extent, thus
we omit F1 scores.

ISLR baselines for CSLR. This set of baselines uses ISLR models in a sliding
window fashion to obtain continuous frame-level predictions. We aggregate the
sliding window outputs by performing the post-processing strategy described in
Sec. 8.9.1 (for optimal # and m parameters, tuned on unseen manually annotated
CSLR sequences from the validation set). We use the I3D [J. Carreira and A.
Zisserman 2017] and Video-Swin [Z. Liu et al. 2022] models trained from spotting
annotations of [Albanie et al. 2021b; Momeni et al. 2022]. We build on prior works
for these baselines: we use the I3D weights released in [Albanie et al. 2021b] and

train Video-Swin-Tiny similarly to [Prajwal et al. 2022b)].
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Table 8.3: CSLR? ablations on BOBSL-CSLR-test: We ablate the loss com-
ponent of our model. Only using CTC, cross entropy (CE), or SignRet does not
perform well, remaining below or comparable to the ISLR baseline. We observe
best results when incorporating joint sentence retrieval training.

SentRet ‘ Sign-level loss ‘ WER | mIOU 1 F1@{0.1,0.25,0.5} 1
ISLR BASELINE 7.7 30.1 40.0 37.9 27.2
X CTC 75.0 27.8 - - -
X CE 72.9 28.6 37.9 37.3 29.1
X SignRet 71.2 30.4 40.7 39.9 31.0
v CE 71.0 30.4 39.7 38.9 30.9
v SignRet 65.5 35.5 47.1 46.0 37.1
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Figure 8.4: Qualitative CSLR results: We compare our CSLR? model’s predic-
tions (Pred) against the ground truth (GT), providing examples from several error
ranges (sorted by WER). The subtitles displayed below each example are not used
by the model. While we observe that our model correctly predicts a large portion
of signs, handling both English synonyms as well as sign language polysemy (two
visually similar signs with different meanings) makes the CSLR task challenging.
Synonyms are depicted with the same color coding, e.g. ‘earth” and ‘world’ in 3rd
row, middle.

8.5.2 CSLR? ablation study

In Tab. 8.3, we experiment with the choice of training objectives for CSLR per-
formance. In particular, we train with the standard CTC or cross-entropy (CE)
losses, as well as our sign retrieval (SignRet) loss alone. Without an additional
sentence retrieval loss, i.e. if we only optimise for a sign-level objective, we observe
that the performance is worse than the strong ISLR baseline (i.e. with Video-Swin)
for CTC and CE, and comparable for SignRet. In the final two rows, we observe
clear gains by combining the SentRet loss with either (i) our SignRet loss or (ii) the
standard CE loss. While the joint training with the CE loss brings a performance
boost, from 72.9 to 71.0 WER, it does not significantly surpass the competitive
ISLR baseline. Our model CSLR?, which jointly trains sentence and sign retrieval,
brings a major improvement by reducing the WER by 5.7 points, from 71.2 to
65.5.
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Table 8.4: Comparison to baselines: The CSLR? model significantly outper-
forms the existing baselines. Note that the automatic spotting annotations [Al-
banie et al. 2021b; Momeni et al. 2022] have access to the subtitles at inference
(unlike our fully automated approach). We also compare to raw ISLR outputs from
sign classification models from [Albanie et al. 2021b; Momeni et al. 2022; Prajwal
et al. 2022b] with various backbones (I3D or Swin) and with various vocabularies
(2K or 8K categories). Our optimal filtering and post-processing strategy at in-
ference is denoted with t (see. 8.9.1). We note that for the ISLR I3D-2K baseline
without T, we still remove consecutive repetitions.

CSLR BOBSL-CSLR-TEST

Model WER | mIOU{t F1@{0.1,0.25,0.5} 1
Sub-based spotting [Albanie et al. 2021b) 93.8 7.1 - - -
Sub-based spotting [Momeni et al. 2022] 85.5 18.1 - - -
ISLR I3D-2K [Albanie et al. 2021b) 453.5 8.6 10.6 8.5 5.4
ISLR I3D-2K [Albanie et al. 2021b] t 82.5 18.1 25.7 23.8 16.0
ISLR I3D-8K [Momeni et al. 2022] { 4.7 27.0 36.7 354  26.7
ISLR Swin-8K [Prajwal et al. 2022b] { 1.7 30.1 40.0 37.9 27.2
CSLR? (OURs) 1 65.5 35.5  47.1 46.0 37.1

8.5.3 Comparison to baselines

First, in terms of the baselines, it can be seen from Tab. 8.4, that our post-
processing strategy significantly strengthens the original ISLR I3D-2K [Albanie et
al. 2021b] performance by removing significant noise (with/without {) — we reduce
the WER by more than a factor of 5 (453.5 vs 82.5). Also, our post-processing
strategy combined with the 8K vocabulary ISLR models, delivers models of higher
performance (by more than 10 WER) than all subtitle-based spottings methods,
even though the ISLR models do not have access to the subtitles. Second, our
joint model, CSLR?, outperforms all CSLR baselines by a significant margin on all
metrics. Indeed, CSLR? surpasses the best subtitle spotting method by 20 WER
and the strongest ISLR baseline by 6.2 WER. Please refer to Sec. 8.10.3 of the

Appendix for a breakdown of performance based on different sign types.

8.5.4 Qualitative analysis

In Fig. 8.4, we show several qualitative examples of our CSLR predictions (Pred
rows) against the corresponding ground truth (GT rows) on BOBSL-CSLR-
TEST. Note that we display the corresponding ground truth subtitles below each
example to give context to the reader, but they are not given as input to the
model. We illustrate examples from several error ranges, sorting them by WER

per sample (reported at the top). These timelines show that our model is able to
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predict a large proportion of the annotations, in the correct order, with approxi-
mate sign segmentation. For instance, even though the bottom-right example in
Fig. 8.4 has a high error rate of 75 WER, our predictions correctly identify 4 out
of the 8 ground truth words, and catch the meaning of the sentence.

However, we also observe several challenges: (i) our model has difficulty predict-
ing several words for a single sign, as the 8K training vocabulary of pseudo-labels
primarily comprises of individual words (e.g. the phrase ‘long time’ is associated
to a single sign in the 2nd row - middle, but our model predicts two separate signs
‘long’ and ‘time’, leading to an extra insertion); (ii) our model performance is
sensitive to the synonyms list, which must be carefully constructed to not unfairly
penalise predictions (e.g. in the top left example, ‘regular’ is counted as a substi-
tution since ‘often’ is not present in the synonyms list of ‘regular’); (iii) our model
still struggles with visually similar signs in BSL which correspond to different En-
glish words (e.g. ‘upstairs’ and ‘rocket’ signs are visually similar, both signed by
pointing upwards, 3rd row - middle); (iv) finally, our model is more likely to fail in
recognising names of places and people as these are often fingerspelled in BSL and
may therefore not be in our 8K sign vocabulary of pseudo-labels (e.g. ‘isle wright’
is predicted as ‘america’ in the bottom left ). Future directions include addressing
such limitations. We include more visual examples in Sec. 8.12 of the Appendix

and in the video linked from our project page.

8.6 Conclusion

In this work, we carefully collect a large-vocabulary CSLR benchmark, consist-
ing of 6 hours of continuous sign-level annotations. This is the largest publicly
available CSLR test benchmark. We also propose a strong baseline in the form
of a multi-task Transformer network that learns with weak supervision and out-
performs strong baselines on our new CSLR benchmark. We hope that BOBSL-
CSLR-TEST encourages future research on large-vocabulary CSLR and modeling
non-lexical signing classes such as pointing and gesture-based signs.

Societal impact. The CSLR task can have positive implications by bridging the
gap between spoken and sign languages. It can enable more seamless communi-
cation, content creation and consumption by breaking down the language barriers

that are prevalent today. At the same time, the ability to automatically recognise
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signs and search a large volume of signing videos can lead to risks such as surveil-
lance of signers. We believe that the positives outweigh the negatives.
Acknowledgements. This work was granted access to the HPC resources of
IDRIS under the allocation 2023-AD011013569 made by GENCI. The authors
would like to acknowledge the ANR project CorVis ANR-21-CE23-0003-01. The
work was funded by a Royal Society Research Professorship RP\R1\191132.

APPENDIX

8.7 BOBSL-CSLR: Annotation

In this section, we provide details on the annotation collection procedure for
BOBSL-CSLR.

In Fig. A.1, we show two screenshots of the web-based annotation tool used
for collecting BOBSL-CSLR. It is based on the VIA video annotation soft-
ware [Dutta and Andrew Zisserman 2019; Renz et al. 2021a; Renz et al. 2021b].
Specifically, we start from VIA-SLA? and extend it for our purposes (by adding
the signing-aligned subtitle, adjusting the dropdown vocabulary, and removing the
Top-1 sign class prediction from a sign recognition model).

Annotators are provided with a video sequence with 20 signing-aligned subti-
tle sentences spanning roughly 2-3 minutes (this takes about 1 hour to annotate
densely). The subtitles are displayed at the top of the video. Annotators are given
an initial set of sign intervals (shown at the bottom of the tool with a colored
timeline) from an automatic sign segmentation method [Renz et al. 2021b], but
are instructed to refine these sign boundaries (or remove/add sign intervals) if
necessary. For each sign interval, the annotators enter free-form text which best
corresponds to the meaning of the sign, by taking into account context of the
surrounding video. The annotators are encouraged to prioritise assigning words
that appear in the corresponding subtitle. For example, in Fig. A.la, the signing-
aligned subtitle is ‘Manji, are you lying in the way?’ and the highlighted gray
interval is annotated with the subtitle word ‘lying’. We further show a drop down

menu for each sign (with the full English vocabulary of the subtitle words in the

3https://github.com/RenzKa/VIA_sign-language-annotation
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Figure A.1: Annotation tool: We show two screenshots of the web based an-
notation tool used for collecting BOBSL-CSLR. (a) The annotators use (i) the
right-hand side of the tool to view the signing video and aligned English subti-
tle, (ii) the colored timeline at the bottom of the tool to adjust/add/remove sign
intervals, (iii) the left-hand side to write free-form text to assign English word(s)
to sign intervals, as well as the sign type (for example, *P for pointing) when
appropriate and (iv) a dropdown menu for each sign with the vocabulary spanned
by subtitle words in BOBSL. We note that on the bottom colored timeline, some
sign intervals appear as if unlabelled simply because there is not enough space to
fit the annotation text (however these are shown on the left hand side of the tool).
The segments are first initialised from automatic sign segmentation [Renz et al.
2021b] and are refined by annotators. (b) When no annotation is entered yet,
subtitle words are displayed at the top of the drop down menu.

BOBSL dataset, together with a search functionality), with the subtitle words
listed at the top of the list, to enable faster annotation (see Fig. A.1b). Besides
assigning the English word(s) corresponding to a sign, the annotators indicate the
type of sign when appropriate. For example, as shown on the left of Fig. A.la, the
third sign is annotated as ‘you *P’ meaning the sign for ‘you’ is a pointing sign,
and the fifth sign is annotated as ‘hey *G’ meaning the sign for ‘hey’ is a gesture
sign. The full list of sign types annotated is given in the following section.
Quality control and error correction. The annotations were provided by two
native BSL signers. In the early stages of the annotation, each video sequence
was labelled by one annotator, and then checked (and modified if necessary) by
the other. The annotations were also reviewed by a subset of the authors on this
paper to ensure consistency and high quality.

We note that initially the annotators heavily relied on pre-estimated sign
boundaries, and mainly entered words for each segment. This resulted in numerous
ambiguous (misaligned) segments in between signs which were labelled as unknown
(*U), leading to a sparse timeline. After reviewing the initial set of annotations

and discussing with the annotators (using sign interpreters for the meetings), the
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instructions were refined to ensure a dense timeline: by adjusting the segment
boundaries if necessary, including all the various sign types in additional to the

lexical signs, and prioritizing subtitle words to resolve some ambiguities.

8.8 BOBSL-CSLR-test Dataset Analysis and Statis-
tics

In this section, we provide further dataset statistics.
Sign types. As mentioned in Sec. 8.3 of the main paper, in addition to lexical signs
that have an English word equivalent, a wide range of sign types are annotated.
This is mainly motivated by signs that cannot easily be associated to lexical words:
pointing signs or depicting signs are such examples.

In Tab. A.1, we present the different sign type annotations collected and their
occurrence in BOBSL-CSLR-TEST. We note that for the CSLR evaluation, we
only use signs that are associated to words (or phrases), filtering out the non-lexical
special sign types since these are outside the scope of this work. We highlight that
unknown, i.e. unrecognisable signs denoted by *U, are also filtered out for the
CSLR evaluation since they are not associated to a lexical word. In Fig. 8.2 of the
main paper, we show several examples per sign type.

We are also aware that our *P pointing annotations’ definition differs from
standard pointing as seen in the linguistic literature (e.g. BSL-Corpus [Schembri
et al. 2017]). Annotators are encouraged to mark lexical signs that contain the
pointing handshape (such as the sign for ‘rocket’ which is signed with index finger
pointing upwards) even when they are not pronominal reference [Cormier et al.
2013]. This can potentially be beneficial in future work to recognise the role of
pointing in context. Our pointing annotations are therefore a superset of the lin-
guistic definition. We approximate the linguistic pointing annotations containing
locative pointing or pronominal reference [Cormier et al. 2013] (shown in paren-
thesis in Table 8.2) by counting pointing annotations (i) without any lexical word
associated to it or (ii) annotations associated to words in the following list: ‘me’,
‘this’, ‘I’, ‘here’, ‘in’, ‘that’, ‘you’ These words were determined by inspecting the
most frequent words assigned to *P signs. We refer to this subset of *P signs as

*P1, and the rest as *P2.
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Table A.1: Sign types: We present the different sign type annotations collected
and their occurrence in BOBSL-CSLR-TEST. We also provide a brief description
of each sign type and their annotation short form. See Fig. 8.2 of the main paper
for visual examples. Note we add in parenthesis, the subset of pointing annotations
referred to as *P1 in Section 8.8, to approximate the linguistic pointing such as
pronominal referencing.

Type of partially-lexical Description Short form #occurences

or non-lexical signs in BOBSL-CSLR-TEST

Name sign countries or people that N 75
have a well-known BSL sign

Facial expression sign  meaningful facial expression *FE 252

Slang sign sign corresponding to slang word *S 258

Timeline sign signs which relate to time (present, past, *T 324

future, calendar units, action continuity)

Unknown sign unrecognisable signs *U 680

Gestures meaningful body poses *G 876
that non-signers also do

Fingerspelling signing letters of the BSL *FS 1340
alphabet to spell a word

Depicting signs signs which describe shape, *D 2569
size, movement or handling

Pointing sign with index finger *p (2477 *P1) 4179
or flat hand

Total 11K

Annotation duration. In Fig. A.2, we show three plots on the duration of
BOBSL-CSLR-TEST annotations. First, the left plot shows the histogram of
durations: we see that a large portion of the annotations last between 0.4 and 0.6
seconds, which is in accordance to the estimates of previous works [Buehler et al.
2008]. Second, the middle plot shows the duration distribution per sign type; we
see that fingerspelled signs (*FS) last longer than other sign types, potentially
because fingerspelling involves multiple handshapes (one per letter) to express a
word. On the other hand, pointing signs (*P1) seem to have shorter duration
than others. Third, the right plot shows the proportion of sign types per duration,
and we see that purely lexical signs dominate other annotation types. We also
observe that the proportion of fingerspelled and depicting signs increases with

longer duration.
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Figure A.2: Statistics on BOBSL-CSLR-test annotations’ duration: We
show (left) the histogram of durations for all annotations; (middle) the kernel
density estimation of duration for each annotation type; and (right) the distribu-
tion over annotation types for different durations. L. denotes purely lexical signs.
See text for interpretation.

8.9 CSLR? Implementation Details

In this section, we provide implementation details for our training strategy and

the model architecture.

8.9.1 Sources of supervision

Leveraging weak and noisy text labels for the CSLR and retrieval training consti-
tutes one of the key contributions of this work. Next, we present our two sources
of text supervision, namely, sign-level pseudo-labels and sentence-level weakly-
aligned subtitles.

Sign-level pseudo-labels. We start with (V,T') video-subtitle pairs that do not
contain sign-level annotations. In order to obtain sign-level supervision to train
for CSLR, we perform sign-level pseudo-labelling. Specifically, we apply an ISLR
model in a sliding window fashion with a stride of 2 frames, and perform post-
processing of sign predictions as an attempt to reduce noise. Our post-processing
strategy consists of 3 steps: (i) we first combine confidence scores of synonym
categories for the Top-5 predictions from the ISLR model (using the synonym list
defined in [Momeni et al. 2022]); (ii) we then filter out low confidence predictions
(below a threshold value of 8 = 0.6); (iii) finally, we remove non-consecutive
predictions — since each sign spans several video frames, we expect repetitions
from the ISLR model (we keep predictions with at least m = 6 repetitions). We
note that this same post-processing strategy is used during CSLR inference (see
Section 8.4.1 of the main paper).

Weakly-aligned subtitles. The source of our large-scale video-subtitle pairs is
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from sign language interpreted TV shows, where the timings of the accompanying
subtitles correspond to the audio track, but not necessarily to signing [Albanie
et al. 2021b]. For better sign-video-to-text alignments, we use automatic signing-
aligned subtitles from [Bull et al. 2021] (described in [Albanie et al. 2021b]) to train
our models. We restrict our training to subtitles spanning 1-20 seconds, resulting

in 689K video-subtitle training pairs.

Table A.2: Model summary: F' is the maximum number of frames for all video
sequences in a batch of size B. Zero-padding is applied to inputs. W is the
maximum number of tokens obtained after tokenisation of B sentences. Zero-
padding is also applied here.

Notation‘ Description ‘ Input ‘ Output
VSien Video-Swin-Tiny (across T clips) T x 16 x 224 x 224 x 3 T x 768
YSent Transformer Encoder with 6 encoder B x F x 768 B x F x 768

layers, 8 attention heads and 768 hid-
den dimensions

Tene Pre-trained T5 [Raffel et al. 2020] ("t5- BxW B x 1024 (sentence-level)
large") encoder
B x W x 1024 (word-level)

FC Two linear projections from 768-d B x F x 768 B x F x 256
space to 256-d space
Two linear projections from 1024-d B x F x 1024 B x F' x 256

space to 256-d space

8.9.2 Architecture

Model summary is displayed in Tab. A.2 (please also refer to Fig. 8.3 of the
main paper).
Sign video encoder (V5&"). Similar to [Prajwal et al. 2022b], our sign video
features are obtained by training a Video-Swin model [Z. Liu et al. 2022], on ISLR.
Specifically, we finetune the Video-Swin-Tiny architecture on ISLR, starting from
Kinetics-400 pre-trained weights®, using automatic annotations released in [Mo-
meni et al. 2022]. These annotations provide individual sign labels along with
timestamps of where they occur in the video. Note that the annotations have
been automatically obtained with the help of subtitles (by exploiting cues such as
mouthing), and can thus be noisy.

In practice, the network ingests a short video clip (16 frames, < 1 second)

and outputs a single vector ¥ € R? (d = 768), followed by a classification head

to recognise isolated signs. The input videos are of resolution 224 x 224, with

‘https://github.com/SwinTransformer/Video-Swin-Transformer
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the pixel values normalized by the ImageNet mean and standard deviation as also
done in [Z. Liu et al. 2022]. We only perform two data augmentations: (i) random
horizontal flipping, (ii) random color jitter by scaling the original pixel values by
a random factor between [0.8,1.2]. We train for ISLR with a batch size of 256
distributed across 4 NVIDIA A40 GPUs over a period of 3 days. We use the
Adam optimizer with the default parameters, except for the learning rate. The
learning rate is linearly warmed up to a maximum of 1 x 10™3 over 8000 iterations,
followed by a cosine decay schedule. We stop training when the model’s validation
accuracy (Top-1 and Top-5) does not improve for 2 epochs.

Once trained for ISLR, we freeze the parameters of this relatively expensive
backbone, and extract isolated sign video embeddings ¥ in a sliding window man-
ner with a stride of 2 frames. Note we use RGB-based embeddings, instead of
body keypoint estimates, due to their more competitive performance in the large-

vocabulary setting, where sign differences are subtle and nuanced [Albanie et al.

2021b).
VSent

>ent). We adopt a Transformer encoder architecture,

Sentence video encoder (
similar to BERT [Devlin et al. 2018], with 6 encoder layers, 8 attention heads and
768 hidden dimensionality. It ingests the sign sentence video as isolated sign video
embeddings {V;} and outputs context-aware sign video embeddings {v}. We ob-
tain a single sentence video embedding by simply max-pooling over the temporal
dimension, i.e. V.= MaxPool({vs}_,), with F' video features, and experimen-
tally validate this choice. We restrict our training to video clips shorter than 20
seconds. The parameters of the Transformer encoder are learnt using the sentence
retrieval loss Lsentret between sentence text T' and video V' embeddings, and the
sign retrieval loss Lgignret between sign text embeddings t,, and the corresponding
sign video embeddings v, as described in Sec. 8.4.2.

Text encoder (7.,.). We use the encoder part of a pre-trained T5 [Raffel et al.
2020] (t5-large), and keep its weights frozen. Note we do not use its decoder.
The output text embeddings have dimensionality 1024.

Projection heads. We additionally learn projection layers, mainly to reduce
the joint embedding dimensionality to 256 before contrastive loss computations.
Specifically, we have a total of 4 projection heads: two for reducing the text dimen-
sionality (1024 — 256) with a separate projection for sign categories and sentences,

two for reducing the video embedding dimensionality (768 — 256) separately for
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sign and sentence video embeddings.

CSLR? training details. We perform the contrastive training with batch size
512 and learning rate Ir = 5 x 107 using Adam [Diederik P Kingma and Ba
2015] optimizer. The HN-NCE loss uses temperature 7 = 0.07, a = 1.0 and
BsignRet = 0.5, Bsentret = 1.0. We use Agignret = 0.0075, Agentret = 0.90 to weigh
the different terms in our joint loss. Training takes less than 20 hours on 4 NVIDIA
32 GB V100 GPUs. We choose the model checkpoint that performs best on the
validation set.

Data augmentation is performed on both the video and text side. On the text
side, random words from the subtitles are dropped using two probabilities. First,
we choose with probability psupdarop = 0.8 whether words will be dropped in a
given subtitle. Second, in subtitles selected by the previous step, we drop each
word with probability pword.drop = 0.4. On the video side, we perform dropping in
a similar fashion to dropping words in subtitles, and drop features in sequences
with two probabilities: Pseqdrop = 0.8 and peamedrop = 0.5. We also temporally
shift subtitles with a random offset, which is uniformly sampled in the range £0.5

seconds.

8.10 Experiments

8.10.1 CSLR baselines

In Tab. A.3, we provide a more detailed version of Tab. 8.4 of the main paper. In
particular, we give results with/without our post-processing filtering ¥ on ISLR-
based methods from [Albanie et al. 2021b; Momeni et al. 2022; Prajwal et al.
2022b], and show the impact of thresholds on spotting-based methods from [Al-
banie et al. 2021b; Momeni et al. 2022] that use subtitles. We see that without the
post-processing heuristics, the ISLR-based methods and our CSLR-based method
do not obtain reasonable results, mainly due to the noise from many false posi-
tives. Our model performs the best both in the settings (i) with and (ii) without

post-processing, amongst all the approaches that do not use subtitle-cues.
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Table A.3: Analysis on CSLR baselines: { denotes the optimal subset of the
annotations that gives the highest performance. The values without | are obtained
using the raw model predictions and collapsing continuous repetitions. We observe
that performing post-processing is essential to obtain reasonable results. Our
model gives a clear improvement over the current best CSLR method.

WER | mIOU 1

Sub-based annots. [Albanie et al. 2021b] [M 5D 7A (] 115.8 13.0
Sub-based annots. [Albanie et al. 2021b] [M gD g] 93.8 7.1
Sub-based annots. [Momeni et al. 2022] [M4D%A PsE N]  90.7 20.0
Sub-based annots. [Momeni et al. 2022] [MD%A oP 5 | 85.5 18.1
Sub-based annots. [Momeni et al. 2022] [M%D%A 4P 5] 85.9 15.3
ISLR I3D-2K [Albanie et al. 2021b] 453.5 8.6
ISLR I3D-2K [Albanie et al. 2021b] 82.5 18.1
ISLR I3D-8K [Momeni et al. 2022] 343.6 14.9
ISLR I3D-8K [Momeni et al. 2022] § 4.7 27.0
ISLR Swin-8K [Prajwal et al. 2022b)] 293.9 17.6
ISLR Swin-8K [Prajwal et al. 2022b] t 71.7 30.1
CSLR? (Ours) 2014 224
CSLR? (Ours)ft 65.5 35.5

8.10.2 Oracle CSLR performance

We conduct an oracle experiment to determine an upper-bound for: “What is
the best performance we can obtain if we remove all the false positives predictions
from our model after post-processing?'. To do this, we compare the post-processed
predictions of our best model with the words in the ground-truth sequence and
remove the ones that are false positives. In Tab. A.4, we see that we can obtain a
large improvement in scores, but the WER is still relatively high. This indicates
that our model should recognise more signs in the sequences for it to lower the
WER even more. We also note that about 25% of the test set glosses are out-of-
vocabulary for the model. Thus, increasing the vocabulary coverage of the model

can substantially boost the recognition performance.

8.10.3 CSLR performance breakdown and analysis

In Tab A.5, we report the CSLR performance breakdown by excluding specific sign
types from both ground truth and prediction timelines, i.e. removing corresponding
frames. We further examine the oracle performance by assuming we perfectly

recognise the words that correspond to certain sign types, such as pointing and
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Table A.4: Oracle analysis: We compute oracle results by removing all false
positives (i.e. words in the post-processed predicted sequence that are not in the
ground-truth sequence). We see that despite removing false positives, the WER
is still relatively high, implying that we either miss words in the ground-truth
sequence or we predict them at the incorrect location.

WER | mIOU ¢
CSLR? (Ours)  65.5 35.5
Oracle 61.0 42.3

Table A.5: CSLR performance breakdown: We experiment with (i) filtering
out certain annotation types from both ground truth and prediction timelines
(Filter column), and (ii) replacing predictions with ground truth labels for these
annotations (Oracle column). We observe that pointing and fingerspelling, in
particular, contribute to a significant WER reduction (-14.8).

Filter Oracle
Sign Type WER | mIOU 1 WER | mIOU 1
CSLR? (Ours) | 65.5 35.5 | - -
*FS 64.9 36.5 54.4 48.0
*P 65.0 35.7 56.0 47.3
*P/*FS 64.2 36.9 50.7 50.6
all * 64.3 37.0 49.3 51.7

fingerspelling. Specifically, we investigate the impact of (i) all * annotations, (ii)
pointing *P annotations, and (iii) fingerspelling *FS annotations. We see that in an
ideal scenario where pointing or fingerspelled annotations are perfectly predicted,
the overall CSLR performance is substantially improved, leading to a significant
WER reduction of —14.8 (65.5 vs 50.7), and even more if all * sign types are

correctly recognised (49.3).

8.11 CSLR? Ablations

In this section, we provide complementary ablations to what is done in Sec. 8.5. of
the main paper. We first look at the impact of changing the frozen text backbone,
from pre-trained T5 model to pre-trained MPNet [Song et al. 2020] (Sec. 8.11.1).
Next, we show the impact of evaluating with synonyms at test time on CSLR per-
formance (Sec. 8.11.2). We then provide ablations on: (i) loss weights (Sec. 8.11.3),
(ii) and subtitle alignment (Sec. 8.11.4).
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Table A.6: Impact of the text encoder: We experiment with the choice of the
text encoder in our model. More specifically, we compare T5 (t5-large) [Raffel
et al. 2020] and MPNet (all-mpnet-v2) [Song et al. 2020]. We observe gains on
all reported metrics by opting for T5 over MPnet.

CSLR
Text Backbone ‘ SentRet ‘ SignRet ‘ WER | mloU 1 F1@{0.1,0.25,0.5} 1
ISLR Baseline 71.7 30.1 40.0 37.9 27.2
MPNet v v 66.3 34.9 46.4 45.3 36.3
T5 v v 65.5 35.5 47.1 46.0 37.1

Table A.7: Impact of synonyms at test time: We observe major gains on
all reported metrics when considering synonyms as correct for CSLR evaluation.
This shows that having a precise and exhaustive list of synonyms is important for
CSLR.

CSLR
Model Synonyms WER | mIOU t F1@{0.1,0.25,0.5}
ISLR BASELINE X 78.0 22.6 32.6 30.9 21.6
ISLR BASELINE v 1.7 30.1 40.0 37.9 27.2
CSLR? (Ours) X 73.3 26.5 37.8 36.8 29.4
CSLR? (Ours) v 65.5 35.5 47.1 46.0 37.1

8.11.1 Text encoder

In Tab. A.6, we experiment with replacing the frozen T5 [Raffel et al. 2020] text
encoder with MPNet [Song et al. 2020]. We first see that opting for T5 instead
of MPNet yields performance gains on all reported metrics. Moreover, we observe

that our joint training helps, for both text encoders, improving over the strong

ISLR Baseline for CSLR.

8.11.2 Synonyms for CSLR

We have shown through a series of qualitative examples the importance of having
a more comprehensive synonyms list in the evaluation process. Here, we look at
the impact of considering synonyms as correct when evaluating for CSLR in terms
of performance. In Tab. A.7, we observe major gains on all reported metrics, when
considering synonyms as correct, despite our synonyms list being far from perfect

as explained in our qualitative analysis in the main paper.

8.11.3 Weighting of losses on CSLR performance

We study the impact of loss weighting on CSLR performance. More specifically, in
Fig. A.3, we plot WER performance obtained by jointly training with our two losses
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Figure A.3: Weighting of losses on CSLR performance: We look at the im-
pact of changing Asignret for fixed Agentrer = 0.9. We observe that WER decreases
with lower Agignret values.

Table A.8: Subtitle alignment: Using automatic signing-aligned subtitles [Bull
et al. 2021] instead of audio-aligned subtitles improves CSLR performance.

BOBSL-CSLR-test
Subtitles WER | mIOU 1 F1@{0.1,0.25,0.5} 1

Audio-aligned 68.0 33.5 44.5 43.3 33.5

Signing-aligned [Bull et al. 2021] 65.5 35.5 47.1 46.0 37.1

(SentRet and SignRet) against varying loss weights for the sign-level loss, fixing
the weight given to the sentence-level loss. Surprisingly, we observe that giving less
weight to the CSLR-relevant SignRet loss actually brings improvement to CSLR.
We see that WER decreases with lower Agignret values. A potential explanation
could be that the SentRet loss regularizes the training, as we observed SignRet

alone is prone to overfitting.

8.11.4 Subtitle alignment

In Tab. A.8, we measure the impact of using audio-aligned subtitles instead of
automatic signing-aligned subtitles [Bull et al. 2021]. We observe a notable gain in
CSLR performance: this is expected as audio-aligned subtitles are not necessarily
aligned with the signed content in videos, but instead with the audio soundtrack

accompanying the original TV broadcasts.
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Figure A.4: Ground truth processing: We provide examples of the original
ground truth annotations as collected by annotators (GT orig), and the version
we use at evaluation time (GT eval).
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Figure A.5: Effect of post-processing the predictions: We show that pro-
cessing the frame-level sign recognitions into segment-level ones (as explained in
Sec. 8.9.1 of the main paper) effectively cleans up a large portion of the noise.
For each sample, top row corresponds to the ground truth (GT), middle row to
post-processed CSLR predictions from CSLR? model, and bottom to unfiltered
raw predictions.
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8.12 Qualitative Examples

Ground truth processing. We show in Fig A.4 several sequences illustrating
how we obtain the ground truth for evaluation, in particular with the removal of
* annotations and keeping only the words associated to each annotation.

Effect of post-processing the predictions. We show in Fig A.5 qualitative
results with and without the post-processing procedure described in Sec. 8.9.1.
These examples particularly highlight the importance of the post-processing we
propose in our method.

Additional results. We show qualitative examples of CSLR performance in
Fig. A.6. For each signing video sample, we show the ground truth and predicted
glosses, along with the English subtitle. We also show the WER and IOU per
sample. We observe that our model is able to correctly predict an important

proportion of the ground truth annotations.
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Figure A.6: Additional qualitative CSLR results.
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Now, rural buses are a lifeline for many people, but, as
Tom’s been finding out, it’s claimed that more and more
villages are being cut off by the loss of local services.
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They’re all Polynesian tree snails, from French Polynesia.
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The first effect of the eruptioin was to make the Earth much colder.
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Witnesses in the town said they saw strange objects,
like a cluster of fire, which then dispersed and fell.
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Well, it’s seawater, it mimics the conditions that they live in.

WER: 46.2 5

& & N\?’ K & &

S B TS ¢ 8
& & ¢ & @

So far, the same as all cheese is made, and after a few minutes, a
remarkable change takes place.
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But all their hard work is beginning to pay off.
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And he believed the more confined your sphere of
observation, the more perfect would be your remarks.
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It’s amazing to think that not so long ago, anyone could
step outside their house at night and see skies like this.
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Its main prey would have been things like
this animal here - the herbivores of the time.

WER: 150.0
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The good news is the law has been in place for six months now.

We provide additional

examples for our model’s CSLR predictions (bottom row per sample) on BOBSL-
CSLR-TEST, as well as the the ground truth (top row per sample). As in Fig. 5.3
of the main paper, we display WER for each example, along with the corresponding
subtitle to provide context for the reader.
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9.1. INTROBAPTEBN). UNDERSTANDING CO-SPEECH GESTURES IN-THE-WILD

Understanding Co-speech Gestures in-the-wild

Sindhu Hegde K R Prajwal Taein Kwon Andrew Zisserman
Visual Geometry Group, University of Oxford

{sindhu,prajwal,taein,az}@robots.ox.ac.uk

Abstract

Co-speech gestures play a vital role in non-verbal communication. In
this paper, we introduce a new framework for co-speech gesture under-
standing in the wild. Specifically, we propose three new tasks and bench-
marks to evaluate a model’s capability to comprehend gesture-text-speech
associations: (i) gesture-based retrieval, (ii) gestured word spotting, and
(iii) active speaker detection using gestures. We present a new approach
that learns a tri-modal speech-text-video-gesture representation to solve
these tasks. By leveraging a combination of global phrase contrastive loss
and local gesture-word coupling loss, we demonstrate that a strong ges-
ture representation can be learned in a weakly supervised manner from
videos in the wild. Our learned representations outperform previous meth-
ods, including large vision-language models (VLMs), across all three tasks.
Further analysis reveals that speech and text modalities capture distinct
gesture-related signals, underscoring the advantages of learning a shared
tri-modal embedding space. The dataset, model, and code are available at:

https://www.robots.ox.ac.uk/~vgg/research/jegal.

9.1 Introduction

Humans gesture when they talk — gesturing is an integral part of human communi-

cation, together with speech and facial expressions. Gestures can vary from beats
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— two phase hand movements (up/down, left /right etc) that emphasize particular
words or phrases and match the rhythm of the speech, but do not carry semantic
content — to iconic and deictic gestures that are representational and illustrate
the content of the speech [Andric and Small 2012; McNeill 1992]. For example,
hands and arms moving apart can accompany a speech segment indicating that
something is “huge”, or as illustrated in Fig 9.1, an inward pointing gesture to
depict the uttered word “my”.

Non-verbal communication accounts for 55% of overall communication®, high-
lighting the need for machines to understand non-verbal gestural elements in order
to have a holistic understanding of human communication. A clear application is
enriching human-computer interaction (HCI) through gestures, and this requires
machines to comprehend the semantics of the user’s hand gestures. Another appli-
cation is to detect if a person is speaking based on their gestures, or spot specific
words or phrases in a video based on gestures alone. More generally, being able
to recognize gestures and determine their semantic and temporal alignment with
speech enables human communication to be studied at scale [Kendon 2004].

In this paper, our objective is to learn and evaluate co-speech gesture repre-
sentations. To this end, we propose three tasks and evaluation benchmarks that
act as a proxy for assessing real world applications: (1) gesture-based cross-modal
retrieval, (2) gesture word spotting, and (3) active speaker detection via gestures.
We perform large-scale training featuring =~ 7000 speakers and evaluate on in-the-
wild videos from the AVSpeech dataset [Ephrat et al. 2018].

All three tasks require models to learn to associate gesture clips with speech
segments or their corresponding textual transcripts. For this, we propose a model
termed Joint Embedding space for Gestures, Audio, and Language (JEGAL)?
that facilitates matching gestures to words and phrases in the accompanying
speech. The matches can be based on the style of the speech (intonation, stress,
prosody) or the semantic content of the phrase or particular words. However, learn-
ing a rich joint gesture-audio-language embedding space is a very challenging task.
The associations between gestures and speech are typically sparse and ambiguous,

with a high degree of variability across speakers. Usually, only a few of the spoken

Thttps://online.utpb.edu/about-us/articles/communication /how-much-of-communication-is-
nonverbal/

2JEGAL, known as Zhuge Liang in Chinese, was a prominent historical figure from China’s
Three Kingdoms period and is regarded as a symbol of wisdom.
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... even My own parents ... i ... four really cool segments ... ! ... is a little thicker ...

d

... a four orders of ...

Figure 9.1: Co-speech gestures supplement the spoken language — we show exam-
ples for three phrases here, with common words. Learning to associate gestures
with the uttered phrases is essential for a holistic understanding of human com-
munication.

words are clearly gestured. Additionally, the same sentence can be gestured very
differently in different contexts and by different people. Gestures also depend on
the speaker’s emotion, culture, and social scenario (formality, private vs. public,
with friends or strangers, etc.). Furthermore, some types of gestures, such as beat
gestures, carry no semantic information, resulting in no direct mapping from the
gesture to words. The sparse and weak cross-modal correlations makes gesture
representation learning a very unique research problem.

We make three key design choices in our approach that result in a strong tri-
modal gesture representation. To start with, we learn gesture video representations
from large-scale weak cross-modal supervision. The supervision is weak because
we only use phrase-level speech audio and transcripts — since we do not have any
information on which words in the speech are gestured for videos collected ‘in-the-
wild’. Second, we obtain cross-modal supervision in the form of both audio and
the corresponding text transcript (in Section 9.6.1, we demonstrate that speech
and text modalities capture complementary gesture-related signals). Third, we
introduce a new gesture-word alignment and spotting loss that strongly encourages
learning of word-level correspondences.

To summarize, we make the following contributions: (i) we propose a new
framework for co-speech gesture understanding with three new tasks and evalu-
ation benchmarks; (ii) we learn a joint tri-modal embedding space in a weakly-
supervised manner with a combination of global phrase-level objective, and a local
word-level gesture coupling loss; (iii) we demonstrate that the learned JEGAL rep-

resentation outperforms previous vision-language foundation models on the three
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gesture-centric tasks and is useful for practical applications.

9.2 Related Work

people tell me all 5
the time now

Text sequence (L)

z "’m" ,,,,,,,,,,, H ! W e pivd
- 2D CNN »  Projection ¥ e RMx
)\ " Encoder Layers i

Spesch sequence (5)

Figure 9.2: The JEGAL architecture. The three input modalities (video, text,
speech) are each encoded with a modality-specific encoder, followed by a fusion
block to merge speech and text representations. The encoder outputs are average-
pooled to obtain global (phrase-level) gesture and speech-text embeddings. During
training, these provide the inputs for the global ‘phrase contrastive loss’ The ges-
ture alignment module aggregates the relevant video frames to obtain a local word-
level gesture embedding for each speech-text word. During training, these provide
the inputs for the local ‘gesture-word coupling loss”. The two losses encourage the
learning of global and local correspondences between the three modalities.

Spectrum of Human Gestures. Gestures can be classified broadly into four
major classes [McNeill 1992]. Emblematics convey a clear symbolic meaning, e.g.
a “thumbs-up”. Iconic gestures are used to convey meaning co-occurring with the
articulated speech, e.g. “revolving door” is accompanied with the hands moving
in a circular motion. Deictic gestures are pointing gestures using the index finger.
The most common are the “beat” gestures which are co-speech gestures that are
temporally aligned with the prosodic characters of human speech. They are promi-
nent on lexically stressed syllables. Past works [Wagner et al. 2014; Kendon 2004]
have studied how these gesture classes relate to the speech. Several papers have
been attempted to recognize hand, head, and facial emblematic gestures [Freeman
and M. Roth 1995; Darrell et al. 1996]. Recognizing deictic gestures can help in
identifying the referring object being pointed to in a conversation, an essential part
of human-robot interaction [Matuszek et al. 2014]. The other two gesture classes,
i.e., beat and iconic, are quite diverse and are difficult to associate with a well-
defined set of words or hand movements. This work takes a data-driven approach

to learn gesture representations with the help of speech and natural language.

Co-speech Gesture Understanding. Spoken discourse consists of multiple
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streams of information: language, lip movements, facial expressions, and hand
gestures. As opposed to the advancements in the other streams [Radford et al.
2022; Prajwal et al. 2022a; Barrault et al. 2023b], co-speech gesture understanding
is a relatively under-explored area. Omne possible reason for this could be that
gestures are only sparsely correlated with the speech. As a result, some of the
works have resorted to developing models for specific cases where the gestures
are clear, e.g. weather narration [Rajeev Sharma et al. 2000; Kettebekov et al.
2003]. Some works [Molchanov et al. 2016; Morency et al. 2007; Ghaleb et al.
2024] have tried to detect and recognize gestures in laboratory settings while us-
ing multiple stereo and IR cameras. Recently, GestSync [Sindhu B Hegde and
Andrew Zisserman 2023] learns gesture representations by solving for cross-modal
synchronization with speech. This objective can lead to the model capturing low-
level associations rather than high-level semantics, leading to poor performance
on tasks like retrieval, and word spotting. Our work is the first one to learn ges-
ture representations which capture the semantics, style and also learn word-level
associations.

Understanding Gestures in Sign Language. Sign language understanding
and recognition is another body of work where models need to understand and
associate gestures to words and phrases to solve tasks like sign recognition [Albanie
et al. 2021b; Prajwal et al. 2022b; Raude et al. 2024; Zuo and Mak 2022; Min et al.
2021; H. Zhou et al. 2020b; N. C. Camgoz et al. 2020b], sign language retrieval [Y.
Cheng et al. 2023; Duarte et al. 2022], sign language translation [Tarrés et al.
2023; A. Yin et al. 2023; N. C. Camgoz et al. 2018; N. C. Camgoz et al. 2020b)]
and sign language production [Stoll et al. 2020; Saunders et al. 2020; Saunders et
al. 2022]. Sign language gesture understanding is quite different compared to co-
speech gesture understanding. In sign language, text transcription is a translation
of what is being signed/gestured. Thus, the words in the text can be a summary
or paraphrasing of what is being gestured, with even a mismatch in the temporal
ordering. In co-speech gestures, the speaker is the gesturer, and the gestures are
being made by the speaker to directly accompany each word he (she) utters. Hence,
these two tasks require very different approaches.

Co-speech Gesture Generation. Several works have focused on generating
natural gestures that match a given speech segment. This task has the advan-

tage of being “freely supervised” — large-scale datasets can be curated for this
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task with almost no manual effort as it only requires unlabeled videos of people
talking. Speech2Gesture [Ginosar et al. 2019] trains speaker-specific models to
generate hand skeleton motion for a given speech segment. Recent papers [Yoon
et al. 2020; Zhi et al. 2023; Ao et al. 2023] have moved towards more speaker-
independent approaches while also using text to obtain strong semantic supervi-
sion. In particular, GestureDifftuCLIP [Ao et al. 2023] learns a joint gesture-text
embedding to improve gesture generation. As will be seen in the results, one clear
distinction from the work presented in this paper is that [Ao et al. 2023] does
not learn word-level correspondences, which makes a significant difference to the
gesture understanding tasks that we evaluate.

Gesture Recognition Datasets. ChalLearn ConGD and IsoGD [Wan et al.
2016] are two gesture recognition datasets, providing benchmarks for the ChaLearn
challenges. However, these datasets are of people using gestures for a task, (e.g.
playing a game or controlling an appliance), and are not suitable for learning or
evaluating co-speech gestures. Montalbano II [Escalera et al. 2013] is another
dataset covering gestures from a vocabulary of 20 Italian sign gesture categories.

Again, this is not suitable for our task.

Learning Video Representations. Representation learning in videos [Tong et
al. 2022; L. Wang et al. 2023; Oquab et al. 2023] has gained significant attention
driven by the availability of large-scale video datasets. Learning video representa-
tions from text offers a promising advantage by incorporating interpretability via
language. Recent works on vision language representation learning [Radford et al.
2021; Alayrac et al. 2022; Junnan Li et al. 2023; C. Sun et al. 2019; Yi Wang et al.
2022] highlight this potential. On the other hand, since audio is naturally paired
with video, other studies [S. Lee et al. 2021; B. Shi et al. 2022¢] have explored
learning video representations from audio. More recently, multimodal approaches
have emerged for video representation learning. LanguageBind [Zhu et al. 2023]
utilizes depth, infrared, audio, and video to enhance video representations, while
Video-LLaMA [Hang Zhang et al. 2023] learns video representations from free-form
text and audio. Following these successes, our work aims to leverage multimodal

data - video, audio and text - to advance the understanding of gestures.
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9.3 Method

Our goal is to learn co-speech gesture representations from speech and text super-
vision. Given a dataset G, S, L of gesture clips, the accompanying speech segments
and their corresponding transcriptions, our goal is to learn gesture representations
that capture the rich semantics (from text, usually) and utterance style (usually

from speech) of what is being spoken.

9.3.1 Overview

JEGAL learns gesture representations by solving two multimodal contrastive ob-
jectives between the gesture video and the two other modalities, i.e., speech and
text. Each of the three modalities are first encoded using separate encoders G, S, L
to get modality-specific embeddings gT € RT*¢ sV ¢ RW*d/2 v ¢ RW*4/2 to
obtain frame-level (T") and word-level (W) representations. The speech and text

R">4 as depicted

embeddings are fused into joint speech-text embeddings c% €
in Fig 9.2.

We learn these representations using (1) a global phrase-level contrastive objec-
tive, and (2) a local gesture-word coupling loss. The first one encourages the model
to learn global semantics to match a gesture clip to a speech/text segment. The
second objective enforces the model to find the strongest word-level matches be-

tween the gesture clip and the other two modalities. We describe our architecture

and loss functions in detail below.

9.3.2 Gesture Encoder

Gesture backbone. Given a gesture clip G € (T, h,w,3) of T frames, we en-
code it using a stack of 3D convolution layers, similar to previous audio-visual
networks [Afouras et al. 2020c; Prajwal et al. 2022a; Prajwal et al. 2022b], where
the first layer has a temporal receptive field of 5 frames to capture the motion in-
formation. We obtain a sequence of T" visual feature vectors of dimension d. These
feature vectors are further encoded using a stack of Transformer encoder layers to
get £, € RT*? We initialize the backbone weights from GestSync [Sindhu B Hegde
and Andrew Zisserman 2023] and keep it frozen.

Gesture head. We use a Transformer encoder followed by a projection layer to

get the gesture embeddings, gT € RT*.
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9.3.3 Text Encoder

Text backbone. Given a text transcription L corresponding to the gesture video
clip, we use the final layer outputs from a pre-trained bi-directional language
model, multilingual Roberta XLM-Base [Conneau et al. 2019] to obtain text rep-
resentations. The output of the text backbone is a sequence of sub-word feature
vectors, fj.

Text head. The text head is similar to the gesture head that uses a stack of
Transformer layers. The sub-word embeddings f; are encoded and projected to get
the final sub-word embeddings I** of feature dimension d/2 each. We aggregate

these sub-word tokens to word-level tokens later in the fusion block.

9.3.4 Audio Encoder

Given a speech waveform S, we convert it into melspectrograms which is encoded
using a stack of 2D-CNN layers following previous works [J. S. Chung and Andrew
Zisserman 2016b; Afouras et al. 2020c]. The output of the audio encoder is a

sequence of T” speech feature vectors, s € RT *4/2,

9.3.5 Fusion Block

Before we fuse the speech and text embeddings, we aggregate the text and audio
embeddings to obtain word-level feature vectors. We average the sub-word em-
beddings for each word to get word-level text embeddings 1% € RW*4/2_ Using the
start and end times of each word, we average the speech features for each word
to get word-level features s¥ € RW*%2 We fuse the speech and text features by
concatenating along the feature dimension to get joint word-level representations,

cV € RWxd,

9.3.6 Gesture-Word Alignment

The word boundaries are aligned with the speech, but not necessarily with the
gestures in the video. The gestures can be longer or shorter than the window in
which the word is uttered, and can also be offset. To handle this discrepancy, we
propose an attention-based pooling mechanism to obtain the gesture embedding

corresponding to the word. We first pad the speech-based word start-end times
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with p = 10 video frames on either side. Let S, E' be the start and end frames for
the padded window for the word c¢*i. We obtain the word-level gesture embed-
ding, ¢g"* by using the word embedding ¢ for attention-pooling over the extended

temporal interval of the word:

E cqli . pwi
gwi _ Z (ZEeXp(ry g Té ) ‘ ) ‘gTj (91)

e \Xjesexp(y - gl - cvi)

9.3.7 Training Objective

We only have reliable supervision at the phrase level — meaning we know that a
specific text or speech segment corresponds to a gesture clip. However, we do not
know which individual words are gestured. Keeping this in mind, we employ two

loss functions.

Global Phrase Contrastive Loss. To obtain the global phrase embeddings, we
average pool the speech-text embeddings and the video frame embeddings to give
us ¢ and g respectively. Given a batch of N samples, we employ the contrastive
Info-NCE loss [Oord et al. 2018] to encourage similarity between the N positive
triplets, and dissimilarity between the N2 — N negative triplets:

1 Y exp(7y - cos(gi, ¢;)) )
Loog = — lo — 9.2
: NZ( B exply - cos(gi ) 52)

Local Gesture-word Coupling Loss. Pooling the word-level representations to
compute the global phrase loss can lead to weak gesture-word associations (Tab 9.6,
row 1). However, directly training to match gestures to words is not possible —
very few words are gestured in a given phrase, and we do not know which of
them are. Thus, we devise a new strategy to learn word-level correspondences
using phrase-level supervision. Given a pair of word-level gesture and speech-text
(g%, cV) embeddings, we first find the closest gesture ¢g*7 for each speech-text
word . Our hypothesis is that a matching (g%, c") will have a higher number
of strong word couplings than a non-matching pair. With this idea, we define the

following scoring function and the gesture-word coupling loss:

144
Mg = g 3o ma, cos(a ) (9.3

o = - i( eXP(v Agi'sct')) ) (0.4)

N Xexp(y - Mgy, cv))
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The gesture-word coupling loss simply maximizes A for matching gesture-speech-
text samples while minimizing \ for the negative ones. In other words, the model
is encouraged to find more strong word-level couplings for positive gesture-speech-
text phrases in the batch.

Our final loss function is a weighted sum of the two losses:

L= B : Eseq + (1 - 5) : Ecouple (95)

9.3.8 Implementation Details

We now describe the essential implementation details, more details can be found
in the supplementary material.

Training data. We train our model, JEGAL, on triplets of gesture clips, speech
segments, and text transcriptions. For the gesture frame inputs, we resize the
frames to 270 x 480 pixels. We extract melspectrograms with a hop length of
10ms. The word-aligned text transcriptions are tokenized into wordpiece tokens.
Using the start-end time of the word boundaries, we randomly sample a video clip
between 2 — 10 seconds in length.

Modality drop. In order to encourage the model to learn both speech and text
representations equally well, we randomly set one of these modality inputs to
zero 50% of the time. This is commonly done in audio-visual speech recognition
models [B. Shi et al. 2022¢; Afouras et al. 2018a]. This also allows us to use only
one modality (speech or text) during inference, if necessary.

Model hyper-parameters. For the text and gesture heads, we set the number
of Transformer layers to 3 and 6 respectively. The Transformer uses a hidden
dimension of 512 and a feed-forward dimension of 2048 with 8 attention heads.
Training hyper-parameters. We use the AdamW optimizer [Loshchilov and
Hutter 2017] with a learning rate of 5¢~°, weight decay of 1e~* and betas (0.9, 0.98).
We reduce the learning rate by a factor of 5 when the validation performance does

not improve for 2 epochs.

9.3.9 Training Datasets

We train our model using the following datasets: (i) PATS [Ginosar et al. 2019], (ii)
LRS3 [Afouras et al. 2018b], and (iii) LRS3-Lang [Afouras et al. 2020b; Sindhu B
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Table 9.1: We train and evaluate on multiple datasets consisting of 720 hours of
gesture clips spanning 5 languages and 7000+ speakers. For evaluation, we curate
task-specific benchmarks from the publicly available AVSpeech [Ephrat et al. 2018]
dataset.

. avg. clip .

Dataset split | # hours | # spk. duration (s) # videos
PATS [Ginosar et al. 2019] train | 162.3 24 11.37 51390
LRS3 [Afouras et al. 2018b] train| 189.6 4292 11.83 57337
LRS3-lang [Afouras et al. 2020b] | train| 366.5 2642 18.03 73173
Combined [train| 7184 | 6958 | 142 181900
AVS-Ret test 0.26 420 1.85 500
AVS-Spot test 0.38 391 2.73 500
AVS-Asd test 0.53 500 3.80 500

Hegde and Andrew Zisserman 2023]. By merging these three datasets, we compile
a comprehensive multilingual gesture dataset suitable for both training and evalu-
ation. The specifics of each dataset are outlined in Table 9.1. PATS [Ginosar et al.
2019] is a publicly available dataset comprising 250 hours of video content from
25 speakers sourced from diverse platforms such as lectures, talk-shows, YouTube,
and televangelists. The LRS3 [Afouras et al. 2018b] dataset is composed of 400
hours of TED talks spanning a broad spectrum of speakers and a rich vocabulary.
We also use a subset of the LRS3-lang [Afouras et al. 2020b] dataset, containing
366 hours across 4 distinct languages. We acquired this dataset directly from the
authors, as it has not been made publicly available yet.

Pre-processing: We resample all videos to 25 FPS, and the speech to 16kHz.
We leverage WhisperX [Bain et al. 2023] in cases where datasets lack word-aligned
text transcripts. Additionally, using the L2 distance between consecutive frame
body keypoints, we filter out samples with minimal gesture activity. We also make
sure to mask out the face region to avoid leakage from lip movements. Table 9.1

presents the final statistics of all the datasets.

9.4 Downstream Tasks and Evaluation

We describe our newly curated evaluation benchmarks and the different down-
stream tasks to evaluate the quality of our learned gesture representations. The
first is cross-modal retrieval, the second is spotting gestured words, and the third
is active speaker detection. Note that in all the tasks, while we use the joint

speech-text embedding, we can obtain uni-modal scores by inputting zeros to omit
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a modality during inference.

9.4.1 Cross-modal Retrieval

Given a gallery of gesture-speech-text samples, the task is to retrieve a gesture clip
given a speech segment and/or text and vice-versa. Concretely, given a speech or
text as query, we obtain a speech-text embedding, ¢ € R? and rank the gesture
embeddings g € R? in the gallery by cosine similarity, highest being at the top.
We do the same process for the gesture to speech-text retrieval as well.
Retrieving relevant gestures for a text or speech segment enables several prac-
tical applications. For digital avatars, we can retrieve most plausible hand gesture
clips to accompany what the avatar is speaking, leading to a more immersive
and engaging experience. In gaming applications, given a database of gesture se-
quences, the developer can automatically select the most relevant gestures to go
with the in-game dialogues. Gestures can assist in language learning by improving
word-level memory retention (e.g. eat, kick, clap). Language teaching apps will be
able to retrieve gesture clips for sentences to improve the speed of foreign language

learning.

9.4.2 Spotting Gestured Words

Given a gesture clip with the accompanying speech/text segment and a word of
choice from this segment, the goal is to localize the word in the gesture clip. Con-
cretely, we obtain word-level speech-text (¢*) embeddings and frame-level gesture
embeddings, ¢7. To localize the i-th word, ¢*i, we compute the cosine similarity
of the word embedding with all the gesture frame embeddings. The localization
of the word in the video is simply obtained by keeping only the locations with
similarity scores > ¢ = 0.5.

Spotting can be useful to enhance transcriptions by supplementing the plain
words with stress and emotion labels. Another application would be to create
word-level gesture databases, e.g. a thousand different ways the word “big" is
gestured by people all over the world, which will be useful for language and com-

munication analysis.
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9.4.3 Active Speaker Detection

Given gesture clips of P different speakers, and a speech (S) and/or text seg-
ment (7"), the goal is to predict the active speaker A who is uttering the queried
speech/text. To do this, we extract the sequence-aggregated gesture features
gi € R%,i € 1,2, ..., P for each of the P clips. Given the query speech or text, we
obtain the speech-text feature, c. The active speaker A is the one whose gesture

and speech-text cosine similarity is maximum:
A = argmax cos(c, g;) (9.6)

i€1,2,...,8

The majority of audio-visual models, encompassing tasks like speech recogni-
tion, generation, and translation, primarily operate on inputs containing a single
speaker. Thus, there arises a necessity to identify the speaker within a video
segment. To determine the active speaker in a multi-speaker scenario, previous
works [Afouras et al. 2018¢; Rahimi et al. 2022] have shown the benefits of resort-
ing to the face for lip-sync with the audio, and text subtitles when the audio is
corrupted. We extend this thread even further. What happens if the lip region
is occluded or unclear? Another important use-case is privacy preserving [R. Xu
et al. 2021] active speaker detection: what if the active speaker detection needs to
be done without leaking the face identity of the speaker? We show that we can
successfully do this — with very little identity information, i.e. by only using the

hand gestures, we can determine who is speaking.

Table 9.2: Cross-modal retrieval performance on the AVS-Ret benchmark
(Sec 9.4.4). JEGAL outperforms the baselines by a large margin.

Method ‘ Mod. ‘ Speech-text to Gesture retrieval H Gesture to Speech-text retrieval
|TTAJR@5 1]R@10f [R@257 [ R@50T [ MR | | R@5 1 [R@107 | R@257 | R@50T [ MR |

Random VIV 1.00 2.00 5.00 10.00 250 1.00 2.00 5.00 10.00 250
Clip4Clip [Luo et al. 2022] X 1.90 2.70 5.90 15.10 194 2.00 3.10 7.20 12.80 205
Language-Bind [Zhu et al. 2023] V| X | 170 2.30 6.00 14.00 207 2.00 3.20 6.60 12.20 212
GestSync [Sindhu B Hegde and Andrew Zisserman 2023] | X | v | 1.80 2.60 6.60 14.40 200 1.80 3.60 11.00 20.20 159
Clip4Clip [Luo et al. 2022 VX 240 4.60 8.90 14.00 214 2.40 5.00 9.20 15.60 219
Language-Bind [Zhu et al. 2023] VX | 240 4.40 9.00 15.60 187 2.80 4.60 9.00 14.40 199
GestSync [Sindhu B Hegde and Andrew Zisserman 2023] | X | v | 3.60 7.20 18.00 30.20 113 6.20 9.20 21.00 31.20 109
GestureDiffuClip [Ao et al. 2023] V| X | 890 11.67 22.80 33.20 96 9.70 14.30 24.10 36.00 94
JEGAL v | X | 15.80 | 30.00 50.20 58.80 25 10.80 | 19.20 34.60 47.80 55
JEGAL X| v | 1420 26.00 49.40 58.80 26 11.60 20.20 33.20 45.00 62
JEGAL V| v/ | 17.40 | 28.40 | 53.00 | 69.80 22 16.40 | 26.40 | 43.60 | 55.20 38
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9.4.4 AVSpeech Test Benchmarks

Using the AVSpeech official test set [Ephrat et al. 2018], we manually curate three
separate evaluation benchmarks for the three downstream gesture tasks. The

statistics for the evaluation test sets are summarized in Table 9.1.

AVS-Ret. We create a new cross-modal retrieval benchmark containing diverse
gesture clips of hundreds of unique speakers. We choose a gallery of 500 clips, which
also contain isolated clean speech and accurate text transcriptions. We verify that
the clips contain reasonable gesture activity and transcripts with at least two nouns
or verbs or adjectives. For evaluation, we use the standard metrics used in other
video-text retrieval works [Zhu et al. 2023; Yi Wang et al. 2022], i.e. Recall@K and
Median Rank. We evaluate both gesture (g) to content (speech-text c¢) retrieval

and vice-versa and show both unimodal and multimodal retrieval performance.

AVS-Spot. To quantitatively evaluate the gesture spotting task, we manually
curate a new test dataset where we search and annotate clips that clearly contain
a word that is gestured. We obtain 500 such clips, each containing a target word
that is clearly gestured. The manual annotation process removes all kinds of label
noise in the test set, allowing for a faithful evaluation of our newly defined gesture
spotting task. Additionally, we also manually annotate these target words with
binary “stress/emphasis" labels, which can have important cues about the gesture

(Table 9.5).

AVS-Asd. To build the evaluation dataset for active speaker detection, we first
choose 500 “target" clips. For these target clips, we create three evaluation subsets,
where we choose P — 1 clips from different speakers, where P = 2,4,6. We report

the accuracy of detecting the correct target speaker out of the P different speakers.

9.5 Results

9.5.1 Baselines

For baselines, we report performance of zero-shot pre-trained video-language mod-
els [Zhu et al. 2023; Yi Wang et al. 2022] and pre-trained GestSync [Sindhu B
Hegde and Andrew Zisserman 2023], which learns gesture-audio correspondences

by solving for audio-visual synchronization. We also report scores after fine-tuning
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all these models further on our training data for a fair comparison. In addition,
we compare with the semantic encoder of GestureDiffuCLIP [Ao et al. 2023], by

training it on our dataset.

9.5.2 Cross-modal Retrieval

In Table 9.2, we compare the performance of JEGAL against other baselines on the
cross-modal retrieval task. Zero-shot evaluation of foundational vision-language
models like LanguageBind [Zhu et al. 2023] and Clip4Clip [Luo et al. 2022] leads
to slightly higher than chance performance. These models are designed to capture
different kinds of features: they cannot handle a large number of frames, and learn
non-gesture attributes like identity and scene. Fine-tuning these models nearly
doubles their performance on the task, but it is still far from the performance
of JEGAL. GestSync [Sindhu B Hegde and Andrew Zisserman 2023] is trained
with a gesture-related task, and hence performs nearly twice as well as the foun-
dational vision-language models. However, since this network is trained to detect
synchronization offsets in speech and video, its representations perform poorly for
global semantic tasks like retrieval. This is also partly true for our model when
we turn off the global phrase loss (Table 9.6 row 2 vs row 3). GestureDifftuCLIP’s
semantic encoder [Ao et al. 2023] performs the best among the baselines, however,
the lack of local word-level semantic supervision leads to an inferior performance
compared to JEGAL.

Furthermore, none of the baseline approaches ingest and fuse multi-modal
speech-text inputs. Our JEGAL model outperforms previous methods by a large
margin. JEGAL can retrieve gestures from speech or text queries with similar per-
formance. The opposite direction is also true, i.e. retrieving speech or text for a
query gesture clip. Finally, retrieving with the fused speech-text representation,
c is clearly better than the unimodal variants, showing that the speech and text

embeddings each encode information that is not present in the other modality.

9.5.3 Spotting Gestured Words

Table 9.3 compares the spotting accuracy of different methods on the AVS-Spot
benchmark. Unlike JEGAL that uses the word-level Lo loss, all the baseline
methods, including the semantic encoder of GestureDiffuCLIP [Ao et al. 2023], use
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Table 9.3: Gesture-based word spotting performance on the AVS-Spot benchmark

(Sec 9.4.4).
Mod.

Method T | A Accuracy 1
Clip4Clip [Luo et al. 2022] v X 7.62
Language-Bind [Zhu et al. 2023] v X 9.11
GestSync [Sindhu B Hegde and Andrew Zisserman 2023] X 4 5.12
Clip4Clip [Luo et al. 2022] v X 14.79
Language-Bind [Zhu et al. 2023] v X 15.68
GestSync [Sindhu B Hegde and Andrew Zisserman 2023] X | v 10.41
GestureDiffuClip [Ao et al. 2023] v X 21.50
JEGAL | X 60.40
JEGAL X | v 40.40
JEGAL v v 63.00

only a phrase-level loss and hence, struggle to learn fine-grained word-level asso-
ciations. Through this task, we also see the big advantage of using text modality
in addition to speech — text-based gesture spotting is more accurate than using
audio. This is expected, since word-level semantic correspondences are easier to
learn in text space. Having said that, using speech alongside text still gives a clear

improvement even in the gesture spotting task.

i)
; Gesture depicting q Closed fist gesture
“beautiful” with fingers H depicting “energy”
3 \ i
i

! l ! High
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(a)
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beautitul i

Figure 9.3: JEGAL can spot the gestured words in a video clip. Here, we show a
similarity heatmap of words vs video frames. The vertical yellow lines indicate the
speech-based word boundaries of ‘beautiful’ and ‘energy’. The red triangles zoom
into the corresponding frames where JEGAL detects the words, clearly aligning
with the gestures. For the word “beautiful” the gestured segment is smaller than
the spoken word boundary and for the word “energy” it extends well beyond to
the right of the word boundary. The alignment layer (Sec 9.3.6) allows the model
to look beyond just the speech-based boundaries. Note that our model learns to
perform gestured-word spotting without using any training labels on which words
are gestured.

In Fig 9.3, we show two examples of spotting gestured words. The heatmaps
show the similarity of the word (red is higher) along the video frames. In the first

example, the lady gestures “beautiful” with her fingers, and in the second example,
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the speaker clenches the fist to show “energy”. We can see that not all words get a
high similarity score, only ones with distinctive gestures are spotted. Furthermore,
the spotting does not exactly align with the speech-based word boundary (indi-
cated by yellow vertical lines). Our alignment layer (Sec 9.3.6) allows the model
to look beyond the speech-based boundary and find the exact frames where the

word is gestured.

9.5.4 Active Speaker Detection

In Table 9.4, we show the accuracy of identifying the target speaker for a given text
and/or speech segment. This task is different from our other tasks — it does not
need a strong holistic understanding of the gesture sequence like retrieval, nor does
it need semantic word-level understanding. It can simply be solved by checking
for frame-level synchronization, which is exactly why GestSync [Sindhu B Hegde
and Andrew Zisserman 2023], LanguageBind [Zhu et al. 2023] baselines perform
well in this task. Also, compared to the previous tasks, speech information is more
useful here compared to text. While the text-only variant of JEGAL lags behind
GestSync [Sindhu B Hegde and Andrew Zisserman 2023], the speech and speech-
text variants actually emerges as the best performing approaches. This task shows
that JEGAL learns gesture features that are useful for a wide variety of tasks,

across both speech and text modalities.
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Table 9.4: Performance of active speaker detection on AVS-Asd benchmark. We
report the mean class accuracy of predicting the active speaker among a set of S
speakers, where S = 2,4, 6.

Method ’M’%{ 2 spk. | 4 spk. | 6 spk.
¢

Random 50.0 25.0 16.7

Clip4Clip [Luo et al. 2022]
Language-Bind [Zhu et al. 2023]
GestSync [Sindhu B Hegde and Andrew Zisserman 2023]

56.4
60.1 38.9 27.2
57.3

NN\ H
N\ X X%

Clip4Clip [Luo et al. 2022] 60.0
Language-Bind [Zhu et al. 2023]
GestSync [Sindhu B Hegde and Andrew Zisserman 2023]

GestureDiffuClip [Ao et al. 2023]

62.5 41.4 28.2
72.8 D7.2 48.0

AN N
*x N\ % %

66.8 43.9 34.8

JEGAL V| X | 694 48.6 37.4
JEGAL X |V | 772 60.0 52.2
JEGAL vV | v | 80.8 66.4 59.0

9.6 Insights and Ablations

In this section, we provide additional insights into the gesture signals learned
from the speech and text modalities, the impact of the two loss functions on the

downstream tasks, and the choice of speech-text fusion.

9.6.1 Speech v/s Text Modalities

We have already seen how our model can flexibly leverage speech or text modality
to solve three different kinds of tasks. In Fig 9.4, we show an example where audio-
based gesture word spotting is successful, but text-based spotting is not. And we
see that the speech clearly has the word “action" being emphasized. This example
leads us to do a deeper analysis of gesture word spotting based on stress cues. We
divide the binary stress labels to split the AVS-Spot test set (500 samples) into
two subsets, one containing only samples with stressed/emphasized words (100
samples) and the other subset containing the remaining words (400 samples). In
Table 9.5, we report the same spotting accuracy metric on these subsets separately.
While we saw previously in Table 9.3 that speech-based gesture spotting is clearly
inferior compared to text-based gesture spotting, it is not always the case. We
see that the difference in spotting accuracy between the stressed and non-stressed

words is higher for the speech modality. This indicates that speech modality pays
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more attention to emphasis of the word compared to the text modality.

Table 9.5: Stressed words are more likely to be spotted with speech-based spotting
than non-stressed words. As seen in the column “A”, the difference between
stressed vs. non-stressed word spotting is higher for the speech modality.

Modality ‘ With stress ‘ W /o stress ‘ All words ‘ A

Text 68.00 58.50 60.40 16.2%
Speech 51.00 37.75 44.00 35.1%

9.6.2 Impact of loss functions

In Table 9.6, we study the impact of our two loss functions. In the first row, we
only train with the phrase contrastive loss, which captures the global semantics.
The second row is the variant trained only with gesture-word coupling loss, which
captures local word-level semantics. Compared to the dual loss model, the results
from these individual loss models are significantly worse. Specifically, the variant
without the word coupling loss performs poorly on the spotting task and the
one without the sequence contrastive loss performs poorly on retrieval and active
speaker detection. The combination of the two losses performs the best across
all the tasks, thus demonstrating the complementary nature of the two training

objectives.

| == Pitch (Hz)
Stressed Regions

High
Audio
heatmap

Low

High

Text
heatmap

Low

action

Figure 9.4: Audio and text heatmap examples when words are stressed.
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Table 9.6: Each loss encourages feature learning at different temporal granularity,
and combination of the two loss functions performs the best.

Loss Retrieval Spotting| ASD
R@5 1/R@10 1|MR || Acc. 1 |Acc. T
Seq. contrastive 11.60 | 21.40 43 18.83 42.8
Word coupling 7.90 13.40 78 51.98 19.6
Seq. + Word coupling| 17.40 | 28.40 | 22 63.00 | 59.0

9.6.3 Fusion techniques

In Table 9.7, we ablate different ways to fuse the speech and text features. The
first case is to not fuse at all and have two separate pairwise contrastive losses:
gesture-audio and gesture-text. We can see in the first two rows that this is an
inferior design. In fact, it is better to train with a single contrastive head after
fusing the speech and text embeddings (rows 3, 4). The fusion strategy of choice

would be to concatenate, rather than average.

Table 9.7: Ablation study on fusing speech and text modalities. Training with-
out fusing is far worse, as the model cannot perform the tasks by using multiple
information streams at the same time.

Retrieval Spotting| ASD

R@5 1/R@10 1|MR || Acc. 1 |Acc. 1
Pairwise (with text) | 9.39 | 15.58 70 34.31 29.6
Pairwise (with audio)| 9.80 | 16.60 72 23.67 31.4
Late fusion (avg.) 16.00 | 24.60 30 57.27 54.0
Late fusion (concat.) | 17.40 | 28.40 | 22 63.00 | 59.0

9.7 Conclusion

In this work, we learn a joint embedding space that captures cross-modal relation-
ships with gestures, speech, and language. We show that we can learn such an
embedding space with weak supervision using a careful design of two loss func-
tions. We evaluate these new representations on three new downstream tasks
and manually curated test sets. We observe that the two modalities, i.e., speech
and text, learn complementary features that can be useful for different kinds of
gesture-related tasks. One promising future direction would be to explore 2D and

3D keypoint based inputs to make the network computationally lighter and less

susceptible to distracting features.
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APPENDIX

9.8 Most Gestured Words

In Figure 9.5, we show the most commonly spotted gestured words that are spot-
ted by JEGAL on the AVS-Spot test set: pointing gestures (you, my, we), adjec-
tives/adverbs (little, open, whole, gigantic, broad), direction words (forward, here,

below) and numbers (one, two, first).
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Figure 9.5: Word cloud for the most commonly gestured words.

9.9 Model Details

In Table 9.8, we provide detailed description of the model architecture. We will

release the code and models to support future research.
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Table 9.8: Overview of the model architecture, detailing the input modalities,
network components, and key parameters used in each stage of our framework.

Branch | Layer/Module

\ Input Shape

Output Shape

Visual Branch

Vision backbone 3x T x270x480 | T x 1024

Projection MLP

- Linear T x 1024 T x 512

- LayerNorm T x 512 T x 512

- ReLU T x 512 T x 512

- Linear T x 512 T x 512

Positional Encoding T x 512 T x 512

Transformer (N=6 layers)

- Self-Attention (h=8) T x 512 T x 512

- Feed Forward T x 512 T x 512

Output Projection T x 512 T x 512
Text Branch

mRoberta Text backbone W W x 768

Transformer (N=3 layers)

- Self-Attention (h=8) W x 768 W x 768

- Feed Forward W x 768 W x 768

Output Projection W x 768 W x 256
Audio Branch

Melspectrogram Input 1 x 80 x 4T -

Conv2D + BN + ReLU

(k=5, s=1, p=2) 1 x 80 x 4T 32 x 80 x 4T

Conv2D + BN + ReLLU

(k=3, s=2, p=1) 32 x 40 x 2T 64 x 40 x 2T

Conv2D + BN + ReLLU

(k=3, s=2, p=1) 64 x 40 x 2T 128 x 20 x T

Conv2D + BN + ReLLU

(k=3, s=(3,1), p=1) 128 x 7 x T 256 x 7 x T

Conv2D + BN + ReLLU

(k=3, s=(3,1), p=1) 256 x 3 x T 256 x 3 x T

Conv2D

(k=1, s=(3,1), p=0) 256 x 3 x T 256 x 1 x T

Output Projection + reshape | 256 x 1 x T T x 256
Late Fusion

Encoded Features

- Visual T x 512 -

- Text + sub-word pooling W x 256 W x 256

- Audio + sub-word pooling T x 256 W x 256
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9.10 Dataset Visualization

In Figure 9.6, we present examples from our manually annotated AVS-Spot test set
(curated from the publicly available AVSpeech test dataset [Ephrat et al. 2018]),
designed to evaluate downstream gesture spotting performance. As shown, the
dataset includes a diverse collection of unique words, carefully curated to ensure
clear and contextually appropriate gestures. For instance, in row-1, the word
“little” is accompanied by a gesture where two fingers move close together to
indicate a small size; in row-2, the speaker points backward to represent the word

“back”; and in row-6, an inward motion is used to indicate “my”.

can sense a little bit more

really cool  segments the first segment
in the 1300s it meant a lascivious woman

P 1 1 L L L

Figure 9.6: Visualization of the AVS-Spot dataset, showcasing video frames from
different samples. Each row corresponds to a single video, with the highlighted
keyword indicating the annotated gestured word for spotting. The figure illustrates
the dataset’s diversity, featuring a wide range of unique keywords, various speakers,
and distinct gestures.
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9.11 Qualitative Results

In Figure 9.7, we show additional qualitative examples for gesture spotting. In
the left text panel, the red-highlighted word represents the keyword to be spot-
ted, as curated in the AVS-Spot test set. The word-labeled vertical columns,
separated by yellow lines, indicate the word boundaries derived from speech-text
alignment. JEGAL successfully spots most of these keywords, as shown by the red
heatmaps. Notably, the boundaries may vary slightly since speakers often gesture
and speak at slightly different times, highlighting the inherent challenges of our
weakly-supervised gesture representation learning task.

In Figure 9.8, we present additional examples demonstrating that audio-based
gesture spotting tends to focus on “stressed regions” in speech, unlike text-based
spotting. This difference is evident from the audio and text heatmaps for each
sample. In Figure 9.8, our model detects the stressed keywords “every” and “re-
spond”, whereas the text-only model misses these words. Evidently, the audio-only
model looks for word emphasis cues (indicated by high pitch) as such words are
more likely to be gestured. This would be difficult to infer from text modality
alone. These examples illustrate the advantages of leveraging audio cues for ges-

ture spotting.

9.12 Limitations and Areas of Improvement

Our work is the first to tackle large-scale co-speech gesture understanding. We
highlight some of the limitations of our approach here. Having trained predomi-
nantly on TED/TEDx talks, our models can struggle with co-speech conversational
gestures. Further, the TED/TEDx talk setting inherently encourages continuous
gesturing and moving the arms, which might not always be the case for other set-
tings (like conversational interactions). Another aspect the model struggles with
is when there are limited gesture actions or hand movements that are unrelated to
speech. Finally, given that we learn with only weak sequence-level supervision, the
model can “find shortcuts" by focusing on simple rhythmic hand movements that
occur in certain gestures classes like the beat gestures. This can affect the repre-
sentation quality of iconic and deitic gestures that contain clear semantic meaning.

While we still show that our models can spot such gestures, future works can focus
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on improving this imbalance in gesture classes.

9.13 Potential Negative Societal Impacts

While our research significantly contributes to advancing gesture understanding,
there are some potential risks of surveillance, as the system could infer conver-
sations from a distance by identifying words/phrases. Nonetheless, we believe
the benefits outweigh these risks, as the technology enhances human-machine in-
teraction by integrating non-verbal cues. According to the 55% rule, non-verbal
communication constitutes 55% of overall communication. This highlights the
importance of enabling machines to engage in holistic, natural interactions with

humans by understanding non-verbal elements like gestures.
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Figure 9.7: Additional gestured word spotting results on AVS-Spot dataset. Key-
words are highlighted in red on the left panel and the speech-based force alignment
word boundaries are marked by yellow lines. JEGAL successfully spots the ges-
tured keywords, demonstrating its robustness across diverse gestures and speakers.
The red triangles zoom into the corresponding frames where JEGAL detects the
keywords, clearly aligning with the gestures. Note that in some cases (e.g., rows
2 and 3), ground-truth boundaries may slightly differ, as the speaker can gesture
and utter the same word at slightly different times. JEGAL effectively estimates
the approximate intervals where the target word is gestured.
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Figure 9.8: Examples highlighting the role of stressed speech regions in audio-
based gesture spotting. The audio-only model successfully detects the stressed
keywords “every” and “respond”; whereas the text-only model misses these words.
Evidently, the audio-only model looks for word emphasis cues (indicated by high
pitch) as such words are more likely to be gestured. This would be difficult to infer
from text modality alone. These examples illustrate the advantages of leveraging
audio cues for gesture spotting.
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CHAPTER 10. DISCUSSION

Chapter 10

Discussion

In this chapter, we summarize our achievements and the impact of the presented
works in this thesis (Section 10.1). We then briefly discuss the ethical considera-
tions (Section 10.2) and highlight directions for future works (Section 10.3).

10.1 Achievements and Impact

Lip reading

In Chapter 2, we introduce a novel visual backbone for lip reading. The proposed
transformer-based pooling method can attend and effectively track the lip region in
dynamic talking head videos. We pioneer the use of sub-word units for lip reading,
showing improvements in both WER and inference efficiency. Our model and
training pipeline outperforms proprietary models that use an order of magnitude
more data for training. Following our work, most of the lip reading models [Ma
et al. 2023; B. Shi et al. 2022¢; Lian et al. 2023; Haliassos et al. 2022] today
have moved away from character-based generation. The visual features from this
work have proven instrumental in other tasks like keyword spotting [Prajwal et al.
2021], spotting sign language mouthings [Prajwal et al. 2022b], and lip-to-speech
synthesis [S. Hegde et al. 2023].

In Chapter 3, we show that we can re-purpose a large-scale, frozen, pre-trained
ASR model to perform lip reading to achieve state-of-the-art results on standard lip
reading benchmarks. We demonstrate that we can extend our approach to the vi-
sual language identification task, with clear improvements over previous methods.

In Chapter 4, we introduce a multi-task, multilingual model that is capable of both

191



language identification and transcription from silent lip movements. We scale our
approach using only automatic, noisy labels from a pre-trained ASR [Radford et al.
2022] on a large corpus on unlabeled videos, and outperform previous monolingual
methods trained on small amount of manually annotated data. Our multilingual
model can be fine-tuned for new low-resource languages achieving word error rates
that are 15-20 points lower than training on these languages from scratch. We will

release our training data and models to support future research in lip reading.

Visual Keyword Spotting.

In Chapter 5, we build upon the lip reading visual features from Chapter 2
and introduce a new architecture for spotting keywords in silent videos. The
model fuses visual and keyword information through full cross-modal attention,
and outperforms prior methods by a large margin on standard benchmarks. The
attention-based information fusion has inspired multiple other works in keyword
spotting [Y.-H. Lee and N. Cho 2023; K. Zhang et al. 2024] and video-text align-
ment tasks [M. Kim et al. 2023a].

Our new keyword spotting model is particularly important for the downstream
task of spotting mouthings in sign language videos, achieving 2x higher accuracies
compared to previous methods. Consquently, it has been used to curate large-scale

sign language datasets [Momeni et al. 2022; Prajwal et al. 2022b].

Sign Language Recognition.

In Chapter 6, we use the new keyword spotting model (Chapter 5), along with other
approaches to help curate large-scale sign recognition datasets. We demonstrate
the use of sign recognition models as a way of densely labeling sign language
clips. We also introduce a novel approach of leveraging in-domain exemplars,
further enhancing the density of annotations in sign language data. These dense
annotations act as the foundational dataset for multiple sign recognition tasks
(Chapter 7, 8) in this work. The dataset has also supported several other sign
language alignment [Walsh et al. 2023], sign recognition [Shen and anc Yi Yang
2022; Wong et al. 2023] and translation [Guo et al. 2024; Sincan et al. 2023; Sincan
et al. 2024] papers.

In Chapter 7, we focus on recognizing a specific class of signs called finger-

192



spelling, typically used to sign spoken language words that do not have a sign,
e.g. names of people and places. Our multi-task model identifies the presence of
fingerspelling, localizes it in time, and recognises the sequence of signed letters,
all while using only weak, noisy annotations. We curate a test set of 5K video
clips, annotated by human experts for evaluating this new fingerspelling recogni-
tion task. We release this publicly to support sign language research. The data and
model predictions have been for continuous sign language recognition in the sub-
sequent chapter. Our fingerspelling architecture has also been used for pose-based
fingerspelling recognition [Fayyazsanavi et al. 2024].

In Chapter 8, we design a multi-task transformer model, capable of perform-
ing both large vocabulary continuous sign language recognition (CSLR), and sign
language retrieval. This marks an important step towards translation in open vo-
cabulary settings. We also construct the largest CSLR test set, with continuous
sign-level human annotations spanning six hours of videos, which is also publicly
available for future research. Our results in CSLR marks a key step towards sign

language translation.

Learning Gesture Representations.

In Chapter 9, we shift our focus from signing gestures to co-speech gestures. We
learn a joint embedding space for speech transcriptions and the accompanying
gestures. This allows us to do various tasks using only hand gestures: retrieving
matching gestures for a given transcription, detecting who is speaking, and aligning

videos to subtitles.

10.2 Ethical Considerations

In this section, we discuss some of the opportunities and limitations of the works

in this thesis.

Lip reading and Visual Keyword Spotting

Narrowing the gap between lip reading and ASR performance opens up opportu-
nities for useful applications: (i) improving speech recognition when the audio is
corrupted in some manner; (ii) enabling silent dictation; (iii) transcribing archival

silent films; (iv) helping speech-impaired individuals, e.g. people suffering from
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Lou Gehrig’s disease speak [Shillingford et al. 2019]; and (v) enabling people with
aphonia (loss of voice) to communicate just by using lip movements. Further,
spotting keywords in silent clips enables the use of personal assistants (wake word
recognition), searching through archival content and spotting isolated mouthings,
particularly in signing videos.

But, these models also raise privacy issues and the risk of potential malign uses.
One issue that is often raised is the potential for malign surveillance, e.g. using
CCTYV footage from public spaces to eavesdrop on private civilian conversations.
However, this is in fact very low risk due to a number of factors: we achieve a low
WER on benchmarks containing video material that is professionally produced and
at high resolutions and frame-rates, and under good lighting conditions. Moreover
the speakers are aware of being filmed and collaborate, most of the time speaking
while frontally facing the camera. In contrast, CCTV usually operate at much
lower resolution and frame rates and from unusual angles. As shown in prior
work [J. S. Chung and Andrew Zisserman 2017; Shillingford et al. 2019; Makino
et al. 2019], lip reading performance greatly deteriorates with lower frame rate or
input resolutions, or when non-frontal (e.g. profile or overhead viewpoints) rather
than frontal speaker views are considered.

We have made the code and pre-trained models of our works publicly avail-
able. This technology is already available to a small handful of corporations that
have access to enough data and compute resources for training. We believe that
open access is important in order to accelerate progress in the field, as well as to
enable research on defences against potential adversarial attacks [Ma et al. 2021b;
Gupta et al. 2021; Jethanandani and D. Tang 2020]. Finally, releasing our code
and models leads to democratisation of research — making strong models publicly
available rather than to only a handful of companies can accelerate research while
also making the entire process more transparent.

Overall, we believe that the benefits of the positive applications of lip reading
that we have discussed (e.g. medical) greatly outweigh the risk of malevolent uses,
the latter ones being inflated, therefore transparent research into this field should

be continued and encouraged by the community.
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Sign Recognition

Our research on sign language understanding is a promising step towards enabling
applications that are useful for deaf communities. The involvement of members
from the deaf community is crucial to reaching an end goal that actually results
in practical value-addition for the deaf community. Applications such as efficient
search and indexing of sign language videos, and the integration of sign-reading
capabilities into virtual assistants such as Siri and Alexa are now closer to reality
than ever before. There are also more applications that are a bit more futuristic:
real-time sign language interpretation in video calls, sign language translation for
critical scenarios such as hospitals, police stations, and airports. As the sign lan-
guage recognition and translation models improve in accuracy, these applications

will be a massive boon to the deaf communities.

10.3 Limitations and Future Work

We discuss some of the shortcomings of this thesis and some the promising direc-

tions for the future.

10.3.1 Lip reading and Visual Keyword Spotting

Despite the massive drop in word error rates, especially in English, the impact
of these improvements is not clearly evaluated for some of the most impactful
applications. Lip reading is particularly useful for transcribing videos that are
inherently devoid of vocal speech such as silent movies, old archival videos with
poor audio, and conversations of patients with vocalisation problems. However,
all the standard evaluation benchmarks of today contain videos where people are
vocally speaking. Even though only the lip movements are used in the evaluation,
the domain gap has not been extensively studied and benchmarked. The silent clips
can differ from the vocal counterparts in terms of utterance speed, style, continuity,
sentence structure and length. One of the promising future directions is to evaluate
the lip reading models for such practical applications with social impact. Curating
a manually-verified test set similar to the LRS3 test set [Afouras et al. 2018b] will
be a good step forward. The next goal would be to reduce the domain gap, either

with self-supervised approaches that are already used in lip reading today [B. Shi
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et al. 2022¢; Haliassos et al. 2022] or with the pseudo-labeling approach that we
employed in Chapter 6 to improve keyword spotting for sign language mouthings.

Another limiting factor of the keyword spotting and lipreading models in this
thesis is that they are trained with tightly-cropped utterance segments — the speech
starts and ends at the first and last frame respectively. This can affect the per-
formance on silent videos, where the segment boundaries cannot be determined
accurately. The models in this thesis are also further limited by the training data
diversity, given that the entire training data is mostly TED/TEDx talks. Models
do not generalize well [Djilali et al. 2024] beyond a limited range of emotions, can
struggle with conversational, casual vocabulary, informal utterances, and so on.
The goal would be to expand the training data domains and train on different
types of video data (as opposed to just TED/TEDx videos).

Another avenue for improvement would be train self-supervised representations
for multilingual lip reading. Self-supervised visual representations have had a
massive impact on English lip reading, and given the scarcity of multilingual data,

this would a fruitful path towards improving multilingual lip reading,.

10.3.2 Sign Language

In spite of creating the largest publicly available BSL dataset, the sign recognition
models today are severely limited by data quality and biases due to interpreted
signing, especially from a limited set of speakers. The BOBSL dataset [Albanie
et al. 2021b] only contains 39 signers, severely limiting the ability to generalize to
real-world signing applications. While the interpreted data provides a foundation
for learning strong visual representations of a large vocabulary of signs, it is still
not clear how well these representations generalize to conversational signing, which
brings its own additional challenges [Bragg et al. 2019]. It would be hard to realize
the goal of sign language translation for “practical use”, without training on more
diverse, large-scale datasets.

Another limitation of our current sign recognition models is that they struggle
to recognize non-lexical/partially-lexical signs such as gestures, depicting signs,
facial expressions, slang, pointing signs, etc. These sign classes are relatively more
difficult, particularly due to the lack of training data. However, recognizing these

would be an essential step in the goal towards achieving sign language translation.
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In this thesis, we circumvent the lack of training labels with weak and noisy auto-
matic labels. A promising future direction would be to also explore self-supervised

approaches to learn sign representations.

10.3.3 Learning Co-speech Gesture Representations

This thesis touches the surface of understanding co-speech gestures. JEGAL is the
first model to be able to associate gesture sequences to textual transcriptions on
such a large scale. One of its big limitations is that it fails to learn representations
that show a “monotonic alignment” between the video and text sequence. This
is partially due to the fact that we are average-pooling the representations for
the contrastive loss. The next goal should be to learn more fine-grained dense
gesture-text associations to facilitate tasks such as spotting and searching notable
gestures (e.g. tiny, big, tall, hug, pointing, you, I, we, etc.). Effective fine-grained
temporal modeling is crucial for gesture understanding (similar to sign language
and lip reading) — an feature not highly prioritized in existing video-text contrastive
frameworks [Sevilla-Lara et al. 2021; Buch et al. 2022]. In the current training
strategy, the loss can be minimized by learning to associate a single gesture cue
to the textual phrase, while ignoring the other cues. Stronger negative sampling,
training with loss functions that encourage local-to-global information aggregation
will be instrumental for learning a rich semantic embedding space for co-speech

gestures and text.

10.4 Conclusion

In this thesis, we proposed various approaches to understand three important areas
of visual communication. We proposed several approaches to scale lip reading “for-
free” to large datasets and multiple languages. The learned lip representations
also enabled tasks such as visual speech detection, visual language identification,
and visual keyword spotting. A major performance improvement in the keyword
spotting task, helps us to curate large-scale sign language datasets, allowing us
train weakly-supervised sign recognition models. We propose new benchmarks
and approaches to move from isolated sign recognition to recognizing sequences of

signs in continuous video. Finally, we explore the area of co-speech gestures and
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learn gesture representations that can solve several downstream gesture-text tasks.
We believe that these works pave the way for future research on understanding
the visual modality of communication, and how to scale these models in spite of

the lack of labeled training data.
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10.4. CONCLUSION CHAPTER 10. DISCUSSION
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