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ABSTRACT

UNSUPERVISED TERM DISCOVERY FOR SIGN
LANGUAGE

Current sign language recognition systems rely on supervision for training suc-
cessful models. However, in order to utilize the large amount of unlabeled sign language
resources, unsupervised learning methods are needed. Motivated by the successful re-
sults of unsupervised term discovery in spoken languages, this work explores how to
apply similar methods for sign terms discovery. The goal is to find the repeating terms
from continuous sign videos without any supervision. Using visual features extracted
from RGB videos, it is shown that discovery algorithms designed for speech can also
discover sign terms. The experiments are run on a large scale continuous sign cor-
pus and the performance is evaluated using gloss level annotations, for which time
boundaries are given. The evaluation metrics are also inherited from spoken term dis-
covery. This work unveils the potential use of unsupervised term discovery algorithms

for continuous sign languages. .



OZET

ISARET DILINDE GOZETIMSIZ TERIM KESFI

Gozetimsiz terim kegfi (GTK) son yillarda konugma igleme alaminda konusulan
terim kesfi adiyla calisilan bir problemdir. Amag s6z konusu dildeki tekrar eden
sozciiklerin sadece konugma sinyali kullanilarak kesfedilmesidir. Boylece kaynaklarin
az oldugu dillerdeki terimler 6grenilmektedir. Etiketli veri kiimesi sayisinin az oldugu
bir alan olan igaret dili igleme da gozetimsiz yontemlere ihtiyag vardir. Bu tezde,
tekrar eden igaret terimlerinin gozetimsiz kesfi icin konugma islemede uygulanan GTK
algoritmalar1 igaret dili videolarina uyarlanmigtir. Ses oznitelikleri kullanmak yerine
videolardan ¢ikarilan gorsel 6znitelikler kullanilmigtir. Konusulan terim kesfinde kabul
goren bagarim olciitlerinden faydalanarak, GTK yontemlerinin igsaret terimi kesfindeki
basarisi Olgiilmiistiir. Elde edilen sonuclara gore, GTK yontemi isaret diline uygu-

landiginda, konusulan terim kesfindeki uygulamasina benzer basarim gostermektedir.



vi

TABLE OF CONTENTS

ACKNOWLEDGEMENTS . . . . . ... o . iii
ABSTRACT . . . . e iv
OZET . .o v
LIST OF FIGURES . . . . . . . . . ix
LIST OF TABLES . . . . . . . e xii
LIST OF SYMBOLS . . . . . . . e xiv
LIST OF ACRONYMS/ABBREVIATIONS . . . . . ... .. ... ... .... Xvi
1. INTRODUCTION . . . . . e 1
2. BACKGROUND . . . . . . 4
2.1. Continuous Sign Language Recognition . . . . . . . . ... .. ... .. 4
2.1.1. HMM-GMM Training . . . . . . . . .. ... ... ... .. .. )

2.1.2. Hybrid HMM-CNN Training . . . . . . .. ... ... ... ... 6

2.1.3. Tandem Approach . . . . . . . ... .. ... ... .. ... . 7

2.2. Unsupervised Methods for Sign Language Processing . . . .. .. . .. 7
2.3. Zero Resource Speech Processing . . . . . . . . ... ... ... ... 8
2.3.1. Unsupervised Subword Modeling . . . . . .. ... ... .... 8

2.3.2. Unsupervised Spoken Term Discovery . . . . . . . .. ... ... 9

2.3.2.1. Partial Coverage Systems . . . . . ... .. ... ... 9

2.3.2.2. Full Coverage Systems . . . . . . .. ... ... .... 10

2.3.3. Evaluation Metrics . . . . . . . ... .. L oL 11

2.3.3.1. Matching Stage . . . . . . ... ... 11

2.3.3.2. Clustering Stage . . . . . . . . . ... ... ... .. 11

2.3.3.3. Parsing Stage . . . . .. ... oL 12

24. DTW Overview . . . . . . . .. o 12
2.4.1. Dynamic Time Warping . . . . . . . ... ... ... .. .... 12

2.4.2. Segmental Dynamic Time Warping . . . . ... ... ... ... 14

3. METHODS . . . . . 15

3.1. Pairwise Discovery . . . . . . . . .. 15



vii

3.1.1.  Segmental DTW Based Discovery . . . . ... ... ... .... 15
3.1.2. Efficient SDTW Baseline Algorithm . . . . . . . ... ... ... 20
3.1.2.1.  Similarity Matrix Approximation . . . . . . . .. ... 21

3.1.2.2. Finding the Matching Fragments Using Image Processing 22

3.1.2.3. Path Refinement with Local SDTW . . ... .. ... 22

3.1.3. K-Nearest Neighbours Based Discovery . . . . . .. ... .. .. 23
3.1.3.1. Temporal Segmentation . . . ... ... ... .. ... 23

3.1.3.2. Fixed-Length Representations . . . . . . .. ... ... 24

3.1.3.3.  Nearest Neighbour Search . . . . . ... ... .. ... 25

3.1.3.4. Pair Selection . . . . . ... ... oL 25

3.2. Clustering . . . . . . . . . 26
3.2.1. Pairsas Clusters . . . . .. . .. ... ... ... .. ... 26
3.2.2. Clustering with Word Centers . . . . . . ... ... ... ... .. 27
3.2.2.1.  Adjacency Graph Construction . . . . . ... ... .. 27

3.2.2.2. Graph Clustering . . . . . ... ... ... ... .... 29

3.2.2.3. Finding Segment Boundaries . . .. ... ... .. .. 30

3.2.3. Clustering by Joining Overlapping Segments . . . . . . . . . .. 30

4. DATA AND EXPERIMENTAL SETUP . . . ... ... ... .. ...... 32
4.1. Sign Language Corpus and Labels . . . . . . . ... ... .. ... ... 32
4.2. Features . . . . . . . . e 34
4.2.1. Hand Shape Features . . . . . . . .. .. ... ... ... .... 34
4.2.2. Pose Features . . . . . . . ... oo 35

4.3. Evaluation Metrics . . . . . . . . ..o 36
4.3.1. Coverage . . . . . . . ..o 38
4.3.2. Normalized Edit Distance . . . . . . .. .. .. ... ... ... 38
4.3.3. Grouping Quality . . . . . . . . ... 39

4.4. Experiment Pipeline . . . . . . . .. .. ... 0L 40
4.4.1. Adjusting Cost Threshold . . . . . .. ... ... ... ..... 40
4.4.2. Cross Validation Scheme . . . . . . . .. .. ... ... ... .. 40
4.4.3. Hyper-Parameter Optimization . . . . . .. ... .. ... ... 40

5. EXPERIMENTS AND RESULTS . . . . . . .. ... .. ... .. ..... 42



viil

5.1. Segmental DTW Based Experiments . . . . . . .. ... ... ... .. 42
5.2. Efficient SDTW Baseline Algorithm . . . . . .. ... . ... ... ... 43
5.3. KNN Based Discovery . . . . . . . .. .. ... 0. 46
5.4. Comparison and Fusion of E-SDTW and KNN Experiments . . . . . . 51
6. CONCLUSION AND FUTURE WORK . . . .. .. ... ... ... .... 55
REFERENCES . . . . . . . . 58

APPENDIX A: DISCOVERED CLUSTERS . ... ... ... ... ......



Figure 2.1.

Figure 3.1.

Figure 3.2.

Figure 3.3.

Figure 3.4.

Figure 3.5.

Figure 3.6.

Figure 3.7.

Figure 3.8.

Figure 4.1.

Figure 5.1.

LIST OF FIGURES

Dynamic Time Warping Algorithm. . . . . . . ... .. ... ...

Example of SDTW warp paths, searched on a pairwise cost matrix

computed from features of two sign language sentences.

Example of SDTW warp paths, obtained by comparing sign feature
sequences belonging to two sentences from RWTH Phoenix 2014

dataset. . . . ...
Length Constrained Minimum Average Algorithm. . . . . . . . ..

Flow diagram of the efficient SDTW based discovery algorithm.

Flow diagram of the KNN based discovery algorithm.

An adjacency graph is formed using the pairs of matching segments.

Similarity profile for a sign sequence. The peaks represent esti-

mated word centers. . . . ... ...
[lustration of the steps of overlap edges and connected components
clustering method. . . . . . .. .. oo
[lustration of evaluation scheme. The capital letters are hypothet-

ical gloss labels. . . . . . . ... oo

NED and average segment length vs. Coverage curves for various

values of the parameters C' and d, for the E-SDTW (DH) setup.

1X

13

16

18

19

20

24

28

29

30

36

44



Figure 5.2.

Figure 5.3.

Figure 5.4.

Figure 5.5.

Figure 5.6.

Figure 5.7.

Figure 5.8.

Figure 5.9.

Figure 5.10.

The relation between the DTW alignment costs and average pair

lengths, for E-SDTW algorithm and hand shape features.

The segment lengths vs purity of matching pairs for E-SDTW (DH)
setup, where the colors indicate matching purity and the sizes are

proportional to the total number of pairs at those lengths.

The effect of different segment intervals ({,uin, lmaz) On matching

performance, for hand shape (DH) and pose (OP) features.

The segment lengths vs purity of matching pairs for KNN (DH)
setup, where the colors indicate matching purity and the sizes are

proportional to number of pairs. . . . . ... ... ... ... ..

Examples of the most confused pairs of glosses for hand shape (DH)
and pose (OP) features. Darker lines represent more confused pairs

and circle radii are proportional to discovered gloss frequencies.

SignWriting entries of some of the most confused gloss pairs. Notice

that a-b and c-d have similar signings. . . . .. .. .. ... ...

Examples of correctly discovered gloss n-grams for both algorithms,

together with the number of occurrences of existing gold n-grams

The relation between the normalized matching costs and average

pair lengths, for the fusion of KNN (DH) and E-SDTW (DH).

NED - Coverage curves for the fusion of KNN (DH) and E-SDTW
(DH). . .

45

45

A7

48

50

50

o1

52



Figure 5.11. The segment lengths vs purity of pairs for the fusion of KNN (DH)
and E-SDTW (DH) matches at 10% Coverage, where the colors

indicate purity. . . . . . ...

X1



Table 4.1.

Table 4.2.

Table 5.1.

Table 5.2.

Table 5.3.

Table A.1.

Table A.2.

Table A.3.

LIST OF TABLES

Corpus statistics for training set of RWTH-PHOENIX-Weather Multi
Signer dataset. A sign type is discoverable if it occurs two or more

tImes. . . ..

Partitions of the Phoenix 2014 MS [1] for cross-validated experi-

ments ... L e e

Discovery results using the SDTW algorithm and hand shape fea-
tures, at 10% Coverage. . . . . . . . . . ... ...

Discovery results using the Efficient SDTW algorithm and hand

shape features, at 10% Coverage. . . . . . . . .. .. ... ....

Discovery results using the KNN based algorithm for both hand
shape (DH) and pose (OP) features, at 10% Coverage. . . . . . .

Largest clusters and most frequent labels using the SC based method,
for the KNN (DH) setup, at 10% Coverage. The frequencies are in

% of segments of the same label and are sorted by cluster sizes.

Largest clusters and most frequent labels using the OE based method,
for the KNN (DH) setup, at 10% Coverage. The frequencies are in

% of segments of the same label and are sorted by cluster sizes.

Largest clusters and most frequent labels using the SC based method,
for the KNN (OP) setup, at 10% Coverage. The frequencies are in

% of segments of the same label and are sorted by cluster sizes.

xii



xiil

Table A.4. Largest clusters and most frequent labels using the OE based method,
for the KNN (OP) setup, at 10% Coverage. The frequencies are in

% of segments of the same label and are sorted by cluster sizes.

Table A.5. Largest clusters and most frequent labels using the SC based method,
for the E-SDTW (DH) setup, at 10% Coverage. The frequencies are

in % of segments of the same label and are sorted by cluster sizes.

Table A.6. Largest clusters and most frequent labels using the OE based method,
for the E-SDTW (DH) setup, at 10% Coverage. The frequencies are

in % of segments of the same label and are sorted by cluster sizes.



H(z,y)

Folap<8ka Sl)

X1iv

LIST OF SYMBOLS

Interval of segmentation for KNN based method
Cosine distance between two vectors x, y
Length of u-percentile filter

Length of Gaussian smoothing kernel
Triangular function

Bit signature of vector x

Number of neighbours for KNN search

Length of i" segment in a pair

Start index of a segment

End index of a segment

The first segment belonging to p** pair

HMM state at time ¢

Word sequence of N words

Feature vectors from time 1 to T

Beam width of neighbour search for E-SDTW method
Diagonal probe length for SDTW search
Warping distortion between two sequences vectors
Set of edges

Adjacency graph

Hamming distance between two bit signatures
Fraction of overlap between two segments
Length of a segment

Length constraint for LCMA

Similarity or distance matrix

Binarized similarity matrix

Normal distribution

Set of matching segment pairs

Number of sorting permutations



Width of the Segmental DTW band

Set of nodes or vertices

Scaling ratio for fusion

Similarity threshold for E-SDTW method

Ratio of matches to keep for KNN based method
Cost threshold

Threshold for p-percentile filter

Alignment cost for segment pair p

Threshold for Hough transform

Gloss transcription of a segment

DTW warp path

XV



2D
ASLR
BLSTM
CAE
CNN
DGS
DH
DTW
DPGMM
EM
E-SDTW
GMM
GPU
HMM
KNN
LCMA
LSH
MFCC
NED
NMS
OE

OopP
PCA
PLEB
RGB
SC
SDTW
UTD

Xvi

LIST OF ACRONYMS/ABBREVIATIONS

Two Dimensional

Automatic Sign Language Recognition
Bidirectional Long-short Term Memory
Correspondence Auto Encoder
Convolutional Neural Network

German Sign Language, (Deutsche Gebérdensprache)
Deep Hand

Dynamic Time Warping

Dirichlet Process Gaussian Mixture Model
Expectation Maximization

Efficient Segmental Dynamic Time Warping
Gaussian Mixture Model

Graphical Processing Unit

Hidden Markov Model

K-Nearest Neighbour

Length Constrained Minimum Average
Locality Sensitive Hashing

Mel-Frequency Cepstral Coefficients
Normalized Edit Distance

Non-maximal Suppression

Overlap Edges

Open Pose

Principal Component Analysis

Point Location in Equal Balls

Red Green Blue

Segment Center

Segmental Dynamic Time Warping

Unsupervised Term Discovery



XVvil

VAE Variational Auto Encoder

ZR Zero Resource



1. INTRODUCTION

Sign languages are the most important tool of communication for the deaf or
mute people, whereas they are foreign languages for most of the society. This brings
a communication gap between the deaf and the rest of the world. In addition, some
sign languages are used only by small village communities, which makes them more
difficult to study due to lack of language resources. In order to close this communication
gap, sign language researchers have been making use of computational tools such as

automatic sign language recognition (ASLR) systems.

Most of the modern ASLR systems rely on supervision and linguistic expertise for
training. Supervision is provided with the annotation of manual features (hand-shape,
location), non-manual features (facial expression) or gloss information. With the recent
advancements in computer vision and deep learning, ASLR systems are becoming more
complex and the demand for annotated data is increasing even more. Even though there
exist plenty of sign language recordings, most of them are not annotated since manual
annotation is a labor intensive task and has to be carried out by linguistic experts.
The lack of annotated corpora hinders the development of ASLR systems and it is one
of the reasons that explains the slow accomplishments in this field compared to other
computer vision fields. However, there exist plenty of sign language video datasets
comprised of broadcast TV news, movie interpretations, conversations, where some of
them are accompanied with weak text or speech labels, whereas some do not have any
kind of labels at all. In order to make use of these unlabeled datasets, there arise the
need for language independent, unsupervised learning procedures. With this goal set,
it is worth investigating and get inspiration from the unsupervised learning methods
in spoken language processing, since both sign language and speech share common

properties.

Unsupervised learning has been an active research area in speech processing. Mo-

tivated by the fact that infants learn to recognize words without access to orthographic



labels, speech researchers aimed to develop models that learn subword representations
and word-like units from speech, from the speech signal itself. The extreme case, where
there is neither knowledge of linguistic structure nor labeled training data, is referred
as the zero resource setting [2,3]. Zero resource speech processing research focuses on
two main topics; subword modeling and spoken term discovery. Unsupervised subword
modeling aims to learn speech representations that capture linguistic structures and
that are robust for speech recognition. On the other hand, the aim of unsupervised
term discovery (UTD) is to find repeating patterns (phonological, lexical or phrasal

units) given the raw acoustic signal, without any supervision.

In general, UTD systems take feature time series as input and the output is the
discovered clusters of segments, where each cluster is hypothesized to be a unit in
that language. For spoken languages, the repeating units may correspond to phones,
words or common phrases in that language. Usually UTD systems employ three stages.
The first one is the matching stage, in which pairs of similar segments are discovered.
The second stage involves the clustering of these pairs, so that similar pairs are joined
together to form clusters of hypothesized units. The last stage concerns the parsing of
the input sequences with discovered word-type IDs. The performance of the clustering
and parsing stages depends on the quality of the matching stage. Hence, it is mandatory

to obtain good quality matches before moving on to clustering stage.

In this work, we define a new task for processing of sign language videos. Unsu-
pervised discovery of sign terms is the task of discovering and segmenting sign glosses
automatically, without using any supervisory information (additional modalities, lexi-
cal knowledge etc.). This work is the first to explore the applicability of unsupervised
term discovery algorithms in sign language. This task may provide numerous benefits
to sign language and action recognition fields. It can be used as a segmentation tool
that proposes gloss time boundaries and it can speed up manual annotation. Moreover,
clustered segments can be treated as weak labels and supervised models can be trained

based on these labels.



The contributions of this thesis can be summarized as follows:

e The main contribution of this work is to demonstrate that unsupervised term
discovery algorithms that are used in speech processing can be used to discover
sign terms, if given good quality visual features. It is shown that the SDTW based
algorithm [4], a more efficient SDTW (E-SDTW) discovery algorithm [5], and a
KNN based algorithm [6] can be run using hand shape features to discover sign
glosses in a zero resource setting. The experiments are carried out on a large scale
continuous sign dataset and results are evaluated using a set of metrics adapted
from spoken UTD task. The experiments with E-SDTW method resulted in a
workshop proceeding [7].

e The KNN based UTD algorithm [6] can be successful using two different types
of visual features. Thus it is shown that UTD algorithms may be generalized to
work with other types of features as well.

e The fusion of the results of different UTD algorithms can improve the discovery
performance.

e A cross-validated evaluation scheme for the Phoenix Weather sign dataset is
proposed, which might later be used to benchmark different UTD algorithms or

feature types.

The rest of this thesis is organized as follows. The related works are presented
in Chapter 2. The details of the employed term discovery algorithms are explained in
Chapter 3. The setup with regard to the dataset, features and evaluation metrics for
sign language experiments are given in Chapter 4. Results of the sign term discovery
experiments are discussed in Chapter 5. The conclusions and future directions are

discussed in Chapter 6.



2. BACKGROUND

Section 2.1 is dedicated to explanation of Hidden Markov Model training strate-
gies for ASLR. These explanations provide a background for better understanding the
works by Koller et al. [1,8,9] which constitute integral parts of this thesis, namely the
dataset and feature extraction. It is best to review these works in relation to each
other, since they use the same dataset and have commonalities in learning methods. In
Section 2.2, unsupervised learning methods that have been applied for sign languages
are reviewed. In Section 2.3, the concepts of zero resource speech processing are in-
troduced. In Section 2.4, technical overview of DTW methods which constitute the

backbone of employed algorithms in this work are provided for reference.
2.1. Continuous Sign Language Recognition

The recognition scheme for continuous sign language is very similar to ASR. Given
a sequence of processed images (or features) =T, the aim is to find the most probable
sequence of target terms w{. In general, this problem is formulated by the mazimum
a-posteriori (MAP) decision rule,

i = [wy

}Opt = argmax Pr (wy'| z7) (2.1)

wy
which states that the input sequence is assigned to the term sequence that maximizes
the class posterior probability. Using Bayes’ theorem, the class posterior can be written

as the product of class prior and conditional likelihood
Pr (wy| 1) = Pr(w)) Pr(z] [wy). (2.2)

The prior is often approximated by n-gram language models, whereas the conditional

likelihood term is modelled by the employed generative model. The generative model

parameters are learnt during training, by providing the true word sequence w?.



2.1.1. HMM-GMM Training

In traditional setups, the generative visual process have been modelled by Gaus-
sian mixture models (GMM) and Hidden Markov Models (HMM). With the incorpora-
tion of hidden states by HMM, the generative visual process p(z! [w]’) can be modelled

as

a7 Jwy’) ZP 1,81 [wl) (2.3)

- ZHP(IDSAI?_I?S?_I?U}{V) (24)
T =1
T

= T plse w) plsifsia, wl) (2.5)
ST t=1

where the sum in Eq. 2.3 is taken over all possible paths that are allowed by wi"
word sequence, whereas Eq. 2.4 follows from the chain rule. Since s is not observable,
assuming first order Markov dependency between hidden states allows us to write Eq.
2.5 as a product of observation model and transition model. During the expectation
phase of the expectation maximization (EM) algorithm, the most likely path sT is
selected using Viterbi training. With the substitution of HMM equations, overall MAP

rule becomes,

T
[w{v]opt = argmax {p (wy) max {Hp Te|se, wy) p(se]si—1,wy) }} (2.6)
N

wy st t=1

in which the observation model p(x;|s;, wl) is traditionally modelled as Gaussian mix-

ture. If we let k := s;, w) represent the state s of word w it can be written as

p(x|k) = Zka N (5 o ke, 2) (2.7)

m=1



which means each unique state s; has its own mixture of multivariate Normal distri-

butions N (z; i, X)) and the mixture weights sum up to 1 such that,

Z Cm,k = 1. (28)

Typically a global covariance X is used in order to ease training. Employing the
expectation maximization (EM) algorithm helps us to estimate the GMM parameters
c, i, 2 iteratively. State transition probabilities p (st\st_l,w{\’ ) are generally pooled
across words and assigned fixed values. So after training iterations, the frame-state
alignments can be used to associate each frame with the corresponding word w, thus

achieving forced alignment of true labels.
2.1.2. Hybrid HMM-CNN Training

In hybrid HMM-CNN training, the CNN discriminator p(k|z) is embedded into
the observation model p(x|k), by using the Bayes’ rule

p(klz)
p(k)

p(xi|k) = p(a:) (2.9)

where p(k) can be estimated using the state occupation frequencies, assigned during

expectation phase. Neglecting the constant evidence p(z;) we achieve the relation

p(k|z)
p(k)

plak) o (2.10)

which can be inserted into the overall equation together with the scaling hyper-parameter

Q as

[wﬂ opt = ATMAX {p (w{v) m?x {H p}féflgi) D (3t|5t717 w{\’) }} (2.11)

N
wy § t=1



thus we can embed the class posterior probabilities obtained by a very complex visual
model (CNN) into the generative process. The labels k for training the CNN is obtained

by HMM training, where initialization strategies may differ according to application.

2.1.3. Tandem Approach

The tandem approach unifies the HMM-GMM model and CNN in separate steps.
However the CNN is not trained in conjunction with HMM, rather a pre-trained CNN
is used as a feature extractor. Then these features are used to train the HMM-GMM
model. It is computationally more expensive since an extra GMM training is performed
in addition to CNN training, but there are cases where this tandem approach proved

useful, which we shall in the following sections.

2.2. Unsupervised Methods for Sign Language Processing

Unsupervised learning has been a rather inactive area in sign language recogni-
tion. Previous works that focus on lexicon discovery usually rely on weak supervision,
in the form of subtitles [10,11] or text translations [12] that accompany sign videos.
A similar work to ours [13] finds common signs among continuous sentences. They
make use of the relational distributions to find the co-occurring signs from continuous
sign sequences given the information that the sequences share a common sign. An
improved version is presented in [14], where they report the system performance based
on localization of most common signs in 155 sentences from American Sign Language.
Even though they do not use labels, their work differs from ours since they use the
knowledge of how many sign segments should be discovered from each sequence be-
forehand. These works rely on weak supervision or incorporate linguistic information

to the discovery process.

From the perspective of sub-unit representation, [15] introduce a sign language
phonetic modelling framework in which signs are segmented into dynamic and static

sub-units, in an unsupervised fashion. Evaluation of subunit modelling is carried out



with regard to ASLR performance on isolated sign datasets. The works that focus
on extracting sub-units [15-17] do not perform discovery at sign level. They are data
driven approaches for finding basic sub-units. Doga et al. [18] applies the correspon-
dence autoencoders (CAE) training method to perform unsupervised clustering of key
hand shapes from isolated sign sequences. These works focus on finding the smallest
sign units, such as hand shapes. However, our aim is to discover longer units such
as sign glosses or sequences of signs, from a large scale dataset, without using any

supervision.

2.3. Zero Resource Speech Processing

The fully unsupervised methods for learning acoustic models and lexicon dis-
covery are referred as zero resource speech processing. In the recent years, Zero Re-
source speech challenges [2, 3] were held to allow comparison of various zero-resource
approaches using standardized metrics. The two main tasks of these challenges are
summarized in the following subsections. Our focus is on the second task, namely
unsupervised term discovery. The most notable UTD algorithms are mentioned in Sec-
tion 2.3.2 and the algorithms that we utilize are explained in great detail in the next

chapter.

2.3.1. Unsupervised Subword Modeling

The first task defined in Zero Resource Speech challenges [2,3] is a representation
learning task, where the aim is to map the features to a new feature space. The new
features should better capture linguistic information and be robust to speaker variance.
The quality of the frame-level features are evaluated using the ABX discriminating task.
Given two different tokens of phonemic minimal pairs (e.g. A:‘beg’ - B:‘bag’) that differ
by one syllable and a query token (X:‘beg’), the good quality features would result in
less DTW distortion between A-X than B-X. In other words, ABX score measures
the probability that A-X are closer than B-X, in the representation space. Using this

principle, the results are averaged over all A,B X triplets.



The bottom up approaches cluster the frame level representations to discover
acoustic units. The representation learning methods using neural networks are dis-
cussed in [19]. The correspondence autoencoders (CAE) [20] use the similar pairs
discovered from UTD systems as the input and output for autoencoder networks. The
bottleneck representations then serve as features that are robust to non-linguistic vari-
ances. Siamese networks [21-23] can be used to learn better embeddings or distances,
again using the pairs discovered by UTD systems. Unsupervised learning of fixed-
length representation methods are compared in [24,25]. The CAE idea is extended
to sequence to sequence autoencoders with fixed length bottleneck features in [26].
Nonetheless, the focus of this work is the second task, namely unsupervised (spoken)
term discovery, therefore we shall discuss notable UTD works in detail in the following

sections.

2.3.2. Unsupervised Spoken Term Discovery

The unsupervised spoken term discovery algorithms can be grouped into two
categories. The first group of algorithms finds isolated pairs of segments and per-
forms clustering of those segments, thus resulting in partial coverage of the input data
whereas the second group of algorithms perform full coverage segmentation of the in-
put sequences, so that each segment is assigned to a cluster label. Notable works that
belong to both of these categories are discussed briefly below. Moreover, details of the
three partial coverage type UTD algorithms that are used in our work are presented

in the following chapter.

2.3.2.1. Partial Coverage Systems. The pioneering work [27] in spoken term discovery

introduces the segmental variant of dynamic time warping (SDTW) algorithm to search
for pairs of similar segments. The input files are processed in pairs and pairwise
distance matrices between their time series feature vectors are computed. The idea
is to apply DTW in diagonal bands on a distance matrix between two sequences and
collect the path fragments with minimal distortions, so that similar sub-sequences

can be paired. In a later version [4], the discovered diagonal path fragments with
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high similarities are clustered to form hypothesized word categories. A similar but
more efficient algorithm [5] uses locality sensitive hashing to approximate distance
matrices. The diagonal fragments with high similarities are searched using efficient
image processing techniques. Costly SDTW search is applied only in the vicinity of

these candidate fragments, thus reducing runtime significantly.

The system proposed by Muscariello et al. [28] builds a library of templates as
the input stream is processed. The candidate query segments are compared to a library
of motifs that are previously discovered. If there are no similar motifs, the segment
is compared to the search buffer. Thus if a pattern is not in the library, it can be
discovered by matching it with another pattern from the past buffer stream. The
search buffer is composed of the past stream of a certain duration which is determined

by the expected period for a unit to repeat itself.

2.3.2.2. Full Coverage Systems. The systems that perform full coverage segmentation

into word labels usually employ Bayesian models to group together similar acoustic
units. The pioneering work by Lee & Glass [29] uses unsupervised HMM training
to segment and learn phonetic units. The model is a hierarchical Dirichlet process
Gaussian Mixture Model (DPGMM) [30] where the HMM components are used to
model the sub-word units. The inference is carried out using Gibbs sampling. Heck
et al. [31] uses linear discriminant analysis to better map feature space for DPGMM
clustering. A similar approach is proposed by Ondel et al. [32], where they employ
a variational Bayes procedure [33] for inference. This work is used as the baseline
acoustic unit discovery system for ZR 2019 Challenge [34]. The HMM alignments
found by DPGMM method can be used to train a HMM-VAE models [35,36]. The
method proposed by Kamper et al. [37] uses fixed-dimensional embeddings to represent

variable length sequences instead of frame level representations and HMM’s.

The Bayesian methods [32,37] that perform full-coverage, require large amounts
of data to be trained and are usually fit to represent phoneme like sub-word units. The

number of phonemes in a spoken language is usually limited around 50 and different
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tokens of the same phoneme do not possess much variability compared to tokens of sign
language words. Our focus in this work is to discover longer, word-like units, therefore

we have not considered full-coverage systems in our experiments.

2.3.3. Evaluation Metrics

The term discovery systems can be made up of three stages, namely matching,
clustering and parsing stages. These stages can be evaluated using different metrics,
which are described in detail by Ludusan et al. [38]. The metrics are computed using
the gold transcriptions of discovered segments. In Zero Speech challenges [2, 3], the
transcriptions are usually at phoneme level and a segment is associated with gold
phones if the segment interval overlaps with more than 50% or 30ms of the phone
duration. The related metrics for each of these stages are summarized below. Moreover,

the metrics that we use for sign language are explained in detail in Chapter 4.

2.3.3.1. Matching Stage. The matching stage outputs a set of pairs of similar seg-

ments. The evaluation of this stage concerns normalized edit distance (NED) and
coverage. NED measures the quality of pairs, in terms of Levenshtein distance, which
simply is the minimum number of modifications (insertion, deletion, substitution) re-
quired to make two discrete sequences the same, normalized by the length of the longer
sequence. The final NED score is averaged over all pairs. Coverage is the ratio of non-
overlapping discovered tokens to the discoverable tokens in all input sequences. It is

computed as discovered phones over all discoverable phones.

2.3.3.2. Clustering Stage. The clustering stage is also referred as the lexicon discovery

stage, in which the matched pairs are grouped into clusters. The clusters become the
hypothesized lexical types in that language. The evaluation of this stage is done using
grouping and type quality metrics, where the metrics are defined in terms of precision,
recall and F-score. The grouping quality is similar to cluster purity and inverse purity.

If the pairs within a cluster has the same transcription, then the precision is high. If
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pairs from separate clusters have the same transcriptions, then the recall is low.
Type quality metrics analyse whether discovered groups correctly represent the

lexical types. If the discovered fragments segment the words incorrectly, type scores

are going to be poor even though the clusters may be pure.

2.3.3.3. Parsing Stage. This stage is also named as the word segmentation stage, in

which the input stream is transcribed and segmentation boundaries are assigned. The
token and boundary qualities are again measured in terms of precision, recall and
F-score. The token quality measures the amount of word tokens that are correctly
segmented. The boundary quality is measured such that if a proposed boundary is
within close proximity of a gold boundary, it is counted as correct. So, these metrics

give an idea of the quality of word token segmentation.

2.4. DTW Overview

Dynamic time warping is a well-known algorithm that is used for achieving non-
linear alignment of two time series, which might have different durations. This enables
the similarity comparison of signals, while accounting for small variations. Segmental
DTW is a variant of the well known dynamic time warping algorithm and it is intro-
duced by Park and Glass [4]. The following sections describe the details regarding the
DTW algorithm and the segmental DTW variant.

2.4.1. Dynamic Time Warping
Given a pair of vector time series as X' := (xy,...,xy,) and Y = (y1,...,¥n,);
distortions computed using a frame-wise cost function d, which may or may not be a

distance metric. The alignment path ¢ gives the warping relation between two time

series. More formally, a warping relation is a sequence of ordered pairs,

o =A{lig,Jx)} , k=1,..T (2.12)
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where the mapped elements are x;, and y;,. In the case of global alignment, ¢, is (1, 1)

and ¢rp is (N, Ny). Another constraint,

¢kz - gbk:—l € {(07 1)7 (170)’ (17 1)}

ensures that the alignment is monotonic. With these constraints, the optimal alignment

path is the one that minimizes the total distortion

T

D¢(X7y) = Zd(xik’ij) (2'13)

k=1
where distortion matrix is computed using dynamic programming techniques, which
keeps track of minimum accumulated distortion, as described in Figure 2.1. Then

starting from D(N,, N,), optimum path ¢* is found by using back-tracking.

DTW (x,y)
D(1,1) < 0 > Initialize the distortion matrix, D
for j =2to N, do
D(1,7) < D(1,5 — 1) + d(x1,y;)
end for
for i =2 to N, do
D(i,1) < D(i—1,1) + d(x;,y1)
end for
> Accumulate distortions
fori=2to N, j=2to N, do
T {(i= 15— 1),(0j — 1), (i~ 1))}
t* <= argmin, . (D(1))
D(i,j) < D) + d(x:, ;)

end for

Figure 2.1. Dynamic Time Warping Algorithm.
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2.4.2. Segmental Dynamic Time Warping

The DTW algorithm described above (Figure 2.1) tries to find a global alignment
path by considering the totality of sequences. However if the task is to find similar
sub-sequences, then global alignment fails. For example, if we compare two sequences

of features corresponding to the sentences

(i) The Chinese markets are open this weekend.

(ii) These firms are subsidized by the Chinese government.

with the aim of finding the common word ‘Chinese’, a global alignment would map
the features of different words to each other. This is where the segmental dynamic
time warping (SDTW) algorithm proves to be useful. In SDTW, multiple alignment
paths are searched in different diagonal bands. This is achieved by imposing locality
constraints on the warp paths as well as starting the search from different seed points.
The locality constraint, introduced by Sakoe et al. [39], forces the k' coordinate of the

warp path to obey

|(ix —41) = Gk —J)| < R (2.14)

for the starting coordinate (i1, j;), where R is the width of the diagonal search band.
The locality constraint together with these starting coordinates ensure that the warp
paths are inside diagonal bands. The set of start coordinates {(ix, jx)} are chosen to

be the union of

{((2R+1)k,1) | 0<k< BVREJ}

and

{(1,(2R+1)k) | 0<k< BV}%IH}
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3. METHODS

This chapter is focused on the UTD algorithms that are used in our experiments.
These algorithms are originally intended to be applied in spoken language, using speech
features. Nevertheless, we make use of these algorithms using sign language features
and our term discovery pipeline is almost the same once the features are extracted.
Therefore, throughout Section 3.1, the algorithms are described as general purpose
term discovery algorithms given the time series feature vectors. Section 3.2 describes

the various strategies for grouping the pairs of segments.

3.1. Pairwise Discovery

In this section, the matching stages of the three spoken UTD algorithms [4-6]
are described in great detail. The first algorithm that we describe is the pioneering
spoken UTD algorithm, referred as SDTW. The second one is a more efficient version
(E-SDTW) proposed by Jansen and Van Durme [5]. The last one is a KNN based
algorithm [6]. The inputs to the matching stage are the feature vector time series and

the output is a collection of segment pairs, with accompanying matching scores.

3.1.1. Segmental DTW Based Discovery

The SDTW algorithm [4] compares two sequence of vectors, which are typically at
sentence level in UTD applications. Given a set of sequences for UTD task, segmental-
DTW search is run for all possible pairs of sequences. This yields a set of local alignment
paths for each pair combination. Then, shorter fragments with low costs are isolated
from these paths. The low cost fragments are used to construct an adjacency graph,
where nodes correspond to the low cost segments from the signal and edge weights are
inversely proportional to the warping cost between the segments. Using this graph,
a community detection algorithm is run to discover clusters of similar segments. At

the end, the clusters represent the hypothesized word types and the segments of each
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cluster represent the word tokens. These steps are explained below in more detail.

—— warp paths
we LCMA fragments

140

120

100

80

time (frames)

60

40

20

0 20 40 60 80 100 120 140
time (frames)

Figure 3.1. Example of SDTW warp paths, searched on a pairwise cost matrix

computed from features of two sign language sentences.

Given a set of feature sequences that can have variable lengths, pairs of sequences
are selected for segmental-DTW search. If we denote these two vector time series as
X € R™Ne and Y € RN, a pairwise distance matrix M € RM=*Nv is computed
using cosine distance. Then, DTW alignment paths are searched in non-overlapping
diagonal bands over M. These searches start from different seeds and are subject to
locality constraints. Here, locality threshold is denoted by w, which determines the

width of the diagonal band. Once the local alignment paths are obtained, a fragment of
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minimum length L,,;, with the lowest average cost is isolated for each path (as shown
in Figure 3.1). Repeating this for all pairs of input sequences, we end up with a set
of candidate fragments. From these isolated fragments, a fraction of 6 with the lowest
alignment costs are retained and the rest are discarded. Then, node centers are found

by selecting the peaks from similarity profile as described in [4].

After warping paths ¢! for each diagonal band r are found, the next step is to
discard the parts of the paths that have high distortion. This is achieved by finding
the length constrained minimum average (LCMA) fragment from each path. Given a

sequence of real numbers

S = (51, S92,y .uy SN)

and a length constraint L,,;,, the length constrained minimum average fragment is the
consecutive sub-sequence whose length is at least L,,;, elements and which has the
minimum average. The problem can be stated formally as finding the start and end

indices, m*, n*, of the fragment such that

n

. 1
m*,n* = argmin E Sk (3.1)
1<m<n<N T0.— M k

=m

which is subject to n — m > L,,;,. The original work [4] uses the LCMA algorithm of
[40], whereas we implemented a slower version for the sake of implementation simplicity.
The LCMA algorithm that we use is described in Figure 3.3. Using this algorithm,
warp paths are refined to shorter fragments that present the highest similarity. So

given an alignment path

¢ ={(ig,Jx)}, k=1,...T

and the corresponding alignment cost

D¢ = {d(xim}Ijk)}, k= 1, 7T‘
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the LCMA (D, L) function yields the onset and offset indices m*, n* together with

—— label boundary

= warp path
LCMA fragment
—

the minimum average path distortion ft,,,.

Sequence 1

1.24

1.04

0.6

0.4 4

1.24

1.01

0.6

0.4 1

0 0 40 60
time (frames)

Figure 3.2. Example of SDTW warp paths, obtained by comparing sign feature

sequences belonging to two sentences from RWTH Phoenix 2014 dataset.

Example of LCMA fragments are shown as yellow lines on top of red warp paths in
Figure 3.1 and Figure 3.2. As it can be seen from Figure 3.2, the LCMA fragment cor-
responds to the same gloss type, ‘FREUNDLICH’, along the warp path. The segmental
DTW makes the search in different regions so it enables the discovery of subsequences.
The value of L,,;, controls the granularity of the discovered units, where smaller L,,;,
would likely to result in many subunit-like segments and larger L,,;, would result in

fewer word or phrase-like segments.

Running these steps for all input pairs (x;,%;), the result is a collection sub-

P

sequence pairs P = {(s},s2, j1p) },_;, where each sub-sequence s/, is identified by a

triple ( ;;, m;, n;) that contains the unique input file identifier f;, for i'" file, onset and
offset time indices (m;, n;), whereas i, is the associated warping cost. These pairs of

segments are referred as matching segment pairs throughout the rest of this work.
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LCMA (sequence S, constraint L,,)
C<=S5(1)
for n=2to N do
Cn) <= C(n—1)+S(n) > Compute cumulative sum vector C
end for
m'<=1ln"< N
fomin <= (C(N) = C(1))/N
for m =1to N do
for n=m+ L to N do
fmp = (C(n%) = C(m*)) [(n = m)
if ftomp < tmin then
Hmin < Htmp
m*<=m;n' <n
end if
end for
end for

return m*, n*, min

Figure 3.3. Length Constrained Minimum Average Algorithm.
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3.1.2. Efficient SDTW Baseline Algorithm

Despite being fairly successful, the SDTW based discovery algorithm of Park and
Glass [4] had one drawback: it was not scalable because of the O(n?) time complex-
ity. In order to combat this shortcoming, Jansen et al. [5] proposed a more efficient
algorithm, which we shall refer as Efficient-SDTW algorithm throughout this the-
sis. Efficient SDTW algorithm is said to compromise accuracy for speed by achieving
O(nlogn) time complexity. There are important modifications to the discovery step,
which involve approximations at different stages. The details for these steps are ex-

plained below.

P feature pairwise
. . time .
extraction — comparison ] o
E m _____ e L g
X ! \\i:-:j/—‘—
x, S e
2 . o J
) n Ly

similarity matrices
)
(M,}

feature vector
sequences

locate

= diagonals
ﬁ clustering graph‘
s construction —

/ ) \x .\. / Tico
S segments /// S / l [

o g = Y% s iy

clusters of discovered matched diagonals ,r_/-_ :
sign segments

-
Y&
I
f

.

Figure 3.4. Flow diagram of the efficient SDTW based discovery algorithm.

The discovery step of the E-SDTW algorithm [5] expects the same kind of input
as the first algorithm [4]; a set of feature vector time series for each utterance, X :=
{X; i€ {l,..,N}, X; € R™%} where d is the number of feature dimensions and T;
is the length of each sequence and N is the total number of input utterance. Again,
the input sequences are compared in pairs. However, the novelty begins with the
computation of the similarity matrix M € R?*%i. Instead of filling all of the elements
by making T; x T; comparisons, the matrix M is populated sparsely, by taking into

account only the comparisons that are likely to yield high similarity. This is achieved
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by making use of randomized algorithms: namely locality sensitive hashing (LSH) and
point location in equal balls (PLEB), which are to be explained in the following sections.
The second novelty is to treat M as an image and search the similar sub-segments by
efficient image processing techniques, avoiding the exhaustive SDTW search as done
in [4]. Only after the candidate matches are found, the SDTW search is performed

locally around these regions, thus limiting the expensive O(n?) search area.

3.1.2.1. Similarity Matrix Approximation. The main idea behind the approximation

of the similarity matrix relies on using the Hamming distances of the hashed features
(LSH), as an approximation for the cosine similarity and then, using the sorted hash
signatures to compute pairwise similarity only between close vectors (PLEB). The
feature vectors x € R? are hashed to b dimensional bit signatures h(x) € {0,1}" using
random projections. A random transformation matrix 7 € R%® whose elements are
drawn from A(0, 1), is used to project x onto R®. Then, the elements of the projected
vector are mapped to 0’s and 1’s according to their signs and the result is the hashed
features h(x). This transformation enables the approximation of the cosine similarity

by the following relation,

) o FL60).) o

where H (hy, hy,) is the Hamming distance between two bit signatures h,, h, and simply

gives the number of different bits. The relation achieves equality as b goes to infinity.

The bit signatures are used in PLEB algorithm which performs a fast approximate
nearest neighbour search. The algorithm may be run for P iterations. In each iteration,
the bit orders of signatures are shuffled, and the set of shuffied signatures are sorted.
The purpose of the sorting comes from the idea that if two signatures are similar to each
other, their sorted signatures will fall within a close proximity. Therefore each signature
in the sorted lists is compared to B of its nearest neighbours. If the similarity exceeds
a threshold 9, the corresponding entry of the M is populated with the similarity value.

Repeating the shuffling and sorting steps for P iterations decreases the approximation
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error. An additional diagonal search with probe length D is performed around the high

similarity points, in order to compare +£D /2 temporal neighbours.

The time complexity of this routine for an input of length n can be derived as
follows. For a single iteration, the sorting of n signatures costs O(nlogn) time, whereas
the beam search costs O(nB). Repeating this P times makes the overall complexity
O(P(nlogn + nB)) time. The complexity approaches O(nlogn) as n get much larger
than B and P, whose values are typically in the order of 10.

3.1.2.2. Finding the Matching Fragments Using Image Processing. With the PLEB rou-

tine, the elements of M are populated sparsely. This routine introduces some noise
to the similarity matrix. The idea is to treat the M as an image and locate diagonal

segments using well-known image processing techniques.

The first step in this routine is to binarize M according to the similarity threshold
0, to obtain the binary matrix M’. Then, a diagonal 1-dimensional u-percentile filter of
length d,, with orientation parallel to the target lines, is applied to reduce the noise in
diagonal lines. A p-percentile filter is a more general form of the median filter, where
p can take values between 0% and 100%, whereas u = 50% for the median filter. Next,
a 1-dimensional Gaussian smoothing filter of length d,, is applied in the orientation
orthogonal to the target lines, in order to allow variations in articulation speed of the
same word. After these filtering operations that make the diagonal line segments more
apparent, the next step is to locate these diagonal segments using Hough transform. A
Hough transform, whose orientation angle is fixed at —45° with respect to the z-axis,
is used to accumulate the number of pixels that are projected onto y = —xz line. The
peaks of the accumulations that are greater than p, gives the locations of the diagonal

rays.

3.1.2.3. Path Refinement with Local SDTW. The previously described routines make

up the first pass of this algorithm [5]. The second pass proceeds with the time consum-
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ing SDTW search (O(n?)) on the located diagonal segments. For each line segment,
SDTW search is carried out both forward and backward in time, where both searches
start from the mid-point of the located diagonal. The searches are limited to a diag-
onal band of width R frames. For both directions the search is terminated when the
path integral of 1 — M;; exceeds a distortion budget C'//2. The last operation trims the
points on the two ends of the path, if their similarity is less than T}.;,. At the end,
the discovery step outputs a set of matching pairs of segments, (sll,, Sf,, o,) € P, where

o, € [0,1] is the similarity score of each match.

3.1.3. K-Nearest Neighbours Based Discovery

We adopt the KNN based discovery pipeline in [6], which begins with extracting
large number of overlapping segments from the input sequences. These segments, which
may have variable lengths, are transformed into fixed dimensional representations us-
ing smoothed sampling. Then, for each segment representation, k nearest segments are
searched so that, each segment is paired with k& other segments. From these segment
pairs, the ones that overlap and that have lower similarities are discarded. The re-
maining pairs are the discovered pairs. The flow diagram of this algorithm is displayed

in Figure 3.5 and details of these steps are explained in the following sections.

3.1.3.1. Temporal Segmentation. For an input sequence, the points that are a frames

apart are selected as candidate segmentation points. The segments are extracted for
all possible combinations of these candidate points. As the parameter a decreases,
the chance of finding correct boundaries increases at the expense of more computa-
tional cost. The segment lengths are constrained to an interval, which can be adjusted

according to the expected term lengths.

More formally, for a given d dimensional feature vector time series X € R¥7T of

length T, a set of segments {X;;} are extracted such that

m,n € {0, a, 2a, ...,|T/a] -a} (3.3)
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Figure 3.5. Flow diagram of the KNN based discovery algorithm.

Lnin <1 —m < Lz (3.4)

where [,,;, and [, set the bounds for segment lengths. This procedure considers all

possible segments as candidates.

3.1.3.2. Fixed-Length Representations. We apply the embedding method described

in [6], which simply is the sampling of input vectors, weighted by Gaussian kernels. A

segment X;; of Ly frames is multiplied with a transformation matrix F' € R¥*% o be

lth

mapped to L-frame representation. The [** column of F' is the kernel defined as

fl=./\/'(ﬂ

T Lo+ s- gL(l)> (3.5)

where g;,({) is a triangular function such that g, (1) = £ — |% — l|, r and s are weighting
parameters for the kernel’s variance. The triangular function makes the frames in

the middle smoother. This is a very simple method for obtaining fixed dimensional
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representation and more complex representation learning methods can be incorporated

to this step.

3.1.3.3. Nearest Neighbour Search. Fixed-length representations are reshaped to 1d

vectors so that each segment is represented by one of these vectors. The next step is to
collect all of them to a search index, using the FAISS [41] framework, which builds a
very efficient search index on GPU and can be scaled up easily. Then, for each segment
representation, the k nearest segments are found using Euclidean distance. If there are

N segments, the search yields N x k pairs of similar segments.

3.1.3.4. Pair Selection. The pairs after the KNN search are mostly redundant because

they overlap with each other. Therefore a series of elimination steps are required, so
that only non-overlapping high confidence matches remain. The first step is to retrieve
and sort all neighbours for an input file, and select only the top ¢ percent of the pairs.
In other words, for an input file 7, there are N; X k pairs and we select the best { x N; x k
pairs. The next step is to remove the self-overlapping pairs, whose segments overlap
with each other. For a pair p = (s1, s2), the self-overlap ratio between the segments
s1, 89 is computed as the lengths of intersection over union

s1Ms
Tself(817 82) = M (3-6)

a |81 U 82| ’
The final step removes the remaining overlapping pairs by using non-maximal suppres-
sion (NMS). All pairs are sorted by decreasing similarity scores. Beginning from the
top, the pairs are compared to worse pairs. Worse pairs are discarded if they overlap
with a better pair, where the pair-overlap ratio is computed as
_IsiiNisja] - [siz N sja

arr\Miy Vj) — . 37
rp (p p]) |3i,1|'|5z’,2| ( )
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The ¢ parameter is adjusted to control accuracy-coverage trade-off in the original
work [6]. In our implementation, we fix ( = 5% and apply another similarity threshold
0 at the very end, in order to perform NMS only once and adjust the coverage after all

computations are complete.

3.2. Clustering

All of the algorithms described in Section 3.1 have a matching stage, where pairs
of similar segments are discovered. Then follows the clustering stage, where the pairs
are clustered into larger sets which are hypothesized to be word-like units. Although the
clustering methods employed by SDTW [4] algorithm and E-SDTW [5] algorithm are
different, they can be applied interchangeably to any set of matching pairs. Therefore,
the clustering methods are described with more detail in Section 3.2, as a separate

section of their own.

3.2.1. Pairs as Clusters

As discussed earlier, the discovery step yields pairs of matching segments (511), 512),
0p) € P. Then, these segments are clustered to obtain hypothesized unit types. If
the discovery step can not find good quality matches, then no clustering algorithm can
find pure clusters. Therefore it is best to evaluate these stages separately and shift our

focus to improving the discovery stage.

In order to evaluate the performance of discovery algorithms, we need to skip
clustering step and treat each matching pair as a cluster on its own, as suggested
in [38]. Then, there will be as many cluster centers as there are matches. However the
pairs of matching segments (311), 3129, 0,) € P may overlap. If we do not eliminate the
overlapping segments, very similar matches may dominate the overall performance.
For this reason, we apply the pair selection strategy described in Section 3.1.3.4 to

de-duplicate the matches.
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3.2.2. Clustering with Word Centers

This clustering strategy is originally intended to work with the pairs obtained
from SDTW based discovery [4]. However, we apply it on the matches of the other two
algorithms [5,6] as well. This clustering method will be referred as Segment Centers

(SC) throughout the rest of this work.

The first step is to use the matching fragments and their associated matching
costs to build an adjacency graph G = (V| E), where V is the set of nodes and E is
the set of weighted edges. The edge weights are inversely proportional to the warping

cost between the nodes.

3.2.2.1. Adjacency Graph Construction. The first step is to convert the average align-

ment costs p, of the sub-sequence pairs to similarity scores o,. This is accomplished

using the following formula,

0 —
Foo it p, <0
op = 0 (3.8)

0 , otherwise

which applies an inverse transformation to retain a certain ratio ry of the matches
that have average distortion less than 6. This enables us to continue with only the
high confidence matches. As shown in Figure 3.6, the idea is to represent all of the
matching pairs in a graph structure, where segments s; correspond to vertices (nodes)

and similarity scores o, correspond to edge weights in this representation.

Two segments are treated as the same node, if they overlap significantly. The
overlaps are determined via what Glass et al. [4] call similarity profile for each input
sequence. A similarity profile for an input sequence gives the time instances that
are most likely to be part of a repeating unit. This is computed by aggregating the
similarity scores associated with each time instance that may be part of matching pairs.

More formally, for an input sequence x; = {x1, ..., 27} the aggregated similarity score
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time

Figure 3.6. An adjacency graph is formed using the pairs of matching segments.

at time ¢; is given by

S(t;) = Z Lim,...n} (i) 0p (3.9)

(m,n)€sp, speP

where 1y, . ,1(%;) is the indicator function that is 1 when the time index is included
in the interval (m,n) for that match and 0 otherwise. Then, it can be deduced that
the regions where the similarity profile is high are the regions that are more likely
to contain a common word. For example in Figure 3.7, similarity profile for a sign
sequence is shown in blue lines, where the y-axis gives the aggregated similarity of
each time index. The intuition is, if some regions in the input sequences are contained

in multiple matches, these regions are likely to include a repeating unit.

These similarity profiles are smoothed with a triangular window of length 0.5
seconds as shown in Figure 3.7, so that the peaks become more obvious. These peaks
are the estimated word centers and used as nodes v € V in the adjacency graph G.
Edge weights e;; € E are assigned between two nodes (v;, v;), if there are matching pairs
(sp, 52, 11p) € P whose time intervals (m),n}), (m2,n?) include v; and v; respectively.
Edge weights are aggregation of similarity scores o, of the related match pairs, if more

than one pair overlap both nodes. Finally, an adjacency graph is obtained where the
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Figure 3.7. Similarity profile for a sign sequence. The peaks represent estimated word

centers.

nodes are possible word centers and the edges are the measure of their similarity:.

3.2.2.2. Graph Clustering. The next step is to group similar nodes together. Park

and Glass [4] suggest using a modularity based community detection algorithm that
is developed by Newman [42]. An adjacency graph is constructed in which the edge
weights are inversely proportional to warping cost between the nodes. Using this
graph, a community detection algorithm is run to discover clusters until a modularity
condition ¢ is satisfied. Modularity is a measure of the strength of division of a graph
into clusters. High modularity indicates intra-cluster edges are fewer than inter-cluster
edges. Once the clusters are found, time intervals for each node center are calculated
by averaging the start and end times of the alignment paths which are in the same
cluster and include that node center. At the end, the UTD algorithm outputs the
clusters of segments (nodes), where each segment is specified by the related filename

and time interval.
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3.2.2.3. Finding Segment Boundaries. After the clustering step, each vertex v; is as-

signed to a cluster C. At this stage, the vertices correspond to single time instances,
that are supposed to be centers of words. In order to obtain the word boundaries,
the time intervals of the original segments that include the clustered word centers
are retraced. The average of onset and offset indices are calculated to determine the

boundary of a word corresponding to a graph node.

3.2.3. Clustering by Joining Overlapping Segments

The initial work of Jansen and Van Durme [5] does not include the clustering
step. The details of the clustering step are explained in another paper [43], which
we shall discuss briefly in the following paragraphs. This clustering strategy will be
referred as Querlap Edge (OE) throughout the rest of this work. An illustration of the
steps for this strategy is given in Figure 3.8.

discovered pairs add overlap edges threshold edge weights de-duplicate

Figure 3.8. Mlustration of the steps of overlap edges and connected components

clustering method.

The matching pairs are thresholded with 7T, according to their similarity scores
before the clustering step, in order to eliminate poor matches and proceed with the
confident ones. An adjacency graph is constructed from the confident matching pairs,
by adding two kinds of edges between the vertices that represent the discovered seg-

ments. The acoustic edges are simply the edges that connect the matching pairs
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(311), 5127, 0p) € P, where the edge weights are proportional to the similarity scores o,,.

Furthermore, the overlap edges are added between the vertices, if the corresponding

segments 527 sf are in the same file and overlap more than a certain 77, threshold.

The overlap fraction is given as
Foap(st, s7) = max(0,7(sh, s]) — 1) (3.10)
for

ni —mi +n —m] (3.11)

Pshys) = —h TR T T
max(nj, nf) — min(mj, mj)

where (m, n) are onset and offset indices of the related segments.

Once the edges are assigned between vertices, clustering using simple connected
components is carried out. The edges whose weights are less than T, are removed from
the graph and vertices are clustered together if they are connected to each other. At
the end the resulting clusters may contain overlapping segments. Therefore the clusters
are de-duplicated as a last step, such that the segments that overlap more than Ty,

with another segment from the same cluster are removed.
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4. DATA AND EXPERIMENTAL SETUP

We test the term discovery algorithms described in the previous chapter on sign
language videos, by feeding visual features instead of acoustic features. The visual
features consist of hand shape and pose features which are obtained by running pre-
trained models on each video frame. We use the Phoenix Weather 2014 [1] dataset,
in which the gloss time boundaries are labelled, enabling us to evaluate the quality of
discovered segments. Using the metrics for spoken UTD [38], we compare the perfor-
mances of three UTD algorithms and comment on their differences. In the following
sections, the dataset, features and experiment setups are explained. The results are

presented and analyzed in Chapter 5.

4.1. Sign Language Corpus and Labels

The first version of this dataset is presented in 2012 [44] which consisted of
weather forecast interpretations of spoken German to German Sign Language (DGS),
aired in a German public TV. The total duration of videos were three hours and signed
by seven different signers. An extension is released in 2014 [45], in which the signer
count became nine and total duration is tripled to 10 hours. It is split into sentences
where sign glosses for each sentence are annotated by human experts. Transcriptions
of accompanying spoken German narration are also available as well as hand shape
and orientation annotations for some sentences in SignWriting [46] system. The fi-
nal version of this dataset is presented in [1], with established recognition schemes for
multi-signer (MS) and signer independent (SI) setups. The signer independent setup
is split into training, development and test sets such that the test set is comprised of
videos from an unseen signer (ID 05) and this signer is not included in training and
development sets. Whereas the three subsets of the MS setup contain a mix of all nine
signers. In our work, the MS setup is used for all of the experiments. Corpus statistics

for different signer subsets are given in Table 4.1. All videos are recorded in a studio in
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similar lighting conditions, have a resolution of 210 x 260 pixels, have constant frame

rate of 25 frames per second and RGB modality only.

Table 4.1. Corpus statistics for training set of RWTH-PHOENIX-Weather Multi

Signer dataset. A sign type is discoverable if it occurs two or more times.

Signer | Duration # Discoverable
ID (min) # Sentences Types | Tokens
1 130 1475 462 15928

5 125 1296 445 13795

4 82 836 345 7642

8 64 704 327 7242

7 60 646 390 7493

3 45 470 260 5227

9 17 165 203 1763

2 6 49 111 576

6 3 30 69 307
Total 533 5671 803 | 60927

In order to evaluate the performance of unsupervised term discovery algorithms,

time interval of each gloss token needs to be labelled. Fortunately, these frame level

labels are provided for training set of MS setup in Phoenix 2014 dataset [1]. The forced

alignment procedure is used to obtain frame-level gloss annotations from sentence level

manual gloss annotations. The automatic annotations are aligned by the method of

Koller et al. [9] which employs a hybrid CNN-BLSTM-HMM model. The general

training method for hybrid approach is described in Section 2.1.2. The gloss sequence

w) is initialized as flat-start for the HMM frame-state alignment, and re-aligned at

each iteration of EM training. FEach gloss is modelled by 3 state left-right HMM’s.

Garbage labels, similar to silence phones in ASR, are also employed to model movement

epenthesis. Therefore the frame-level labels provided in Phoenix 2014 dataset contain

garbage labels denoted as ‘si” and the state index s; € 0, 1, 2 is appended to gloss labels,
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such that WOLKEO, WOLKE1, WOLKE2 map to sign gloss WOLKE. Therefore we
run our experiments on the training set of Phoenix 2014 MS setup [1] in order to make

use of the automatically aligned labels for evaluation.

In addition to having time boundaries for labels, this corpus possesses other ben-
efits for our task. The vocabulary is limited to weather related terms; there are only
1081 unique gloss types. Moreover, the signers are professionals which makes the inter-

signer variability minimal.

4.2. Features

Among various visual features that are widely used for sign languages, we opt
to utilize hand shapes and pose coordinates. Two set of high level visual features are

used, which are extracted by running pre-trained models on each video frame.

4.2.1. Hand Shape Features

In 2016, Koller et al. [8] proposed a training procedure for training a CNN from
weakly labelled data by employing the hybrid HMM-CNN training using iterative EM
algorithm. They introduced the DeepHand convolutional network, which performs
frame level classification between 60 different hand shapes from Danish taxonomy [47].
It is trained on about one million hand crops, belonging to three different sign lan-
guage datasets: isolated Danish sign language [47] and New Zealand sign language [48]

datasets, as well as a continuous RWTH Phoenix German sign language dataset [45].

The training procedure is initialized with flat start, meaning the sentence level
annotations are distributed in equal intervals. The hand shape classes are modelled
by left-to-right 3 state with 2 repetition HMM’s, with global transition probabilities
whereas the garbage class is modelled by an ergodic state to which transitions are

possible from all other states.
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The hand shape annotations for the RWTH Phoenix data [45] are derived from
gloss annotations, by mapping glosses to corresponding entries in SignWriting [46]
lexicon. The SignWriting lexicon is an open online database where users can add entries
that link written language to sign notation consisting of hand shape, orientation and

movement information.

The trained network is evaluated on two tasks, namely single frame hand shape
recognition and continuous sign language recognition. The hand shape recognition
performance is evaluated on the manually annotated subset of the RWTH Phoenix
2014 dataset [45]. The continuous sign recognition scheme is similar to [1] but the
trained CNN is used as a feature extractor for the tandem HMM-GMM recognition

model.

In our work, the DeepHand classifier is used as hand shape feature descriptor.
For each video frame, we extract the 61 dimensional final layer activations before the
softmax layer. We observed that reducing the dimensions to 40 by applying whitened
PCA transformation improved the results in the discovery experiments. We only use

the right hand features for all experiments.

4.2.2. Pose Features

Locations of skeleton joints are able to capture the form of signs. Therefore we
use the joint coordinates for each frame as visual features. We use the 2D joint coor-
dinates that are found by running OpenPose [49] estimator. We use the 25 keypoints
pose output format for the main body joints and 21 keypoints for each hand. Con-
catenating the 8 upper body joints together with 21 keypoints for right and left hand
each, we obtain 100 dimensional pose feature vectors per frame. The coordinates are

normalized by subtracting the neck location and dividing by shoulder length.
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Figure 4.1. Illustration of evaluation scheme. The capital letters are hypothetical

gloss labels.

4.3. Evaluation Metrics

The evaluation is performed with regard to the gold transcriptions of the discov-
ered segments. For a segment s; = (f;, m;,n;), the corresponding transcription 7(s;)
gives the gold unit labels from file f;, which satisfy the overlapping conditions with
the interval (m;, n;). In spoken UTD, the overlapping conditions are defined as 50% of
phoneme duration or at least 30 ms [38]. For the sign language UTD, 50% condition
may still be applicable but the 30 ms duration should be changed according to the ex-
pected sign unit length. For sign languages, we only apply the 50% condition, in order
not to make assumptions on the expected term lengths. A simple visualization of the
evaluation process is given in Figure 4.1. We modified the evaluation toolkit [50] pro-
vided for ZR speech challenges [34]. Some definitions that will be used in the evaluation

measure descriptions are given below.
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The set of discovered clusters is defined as

Odz’sc - {Cnl ne {17 ‘-7Nclus}} (41)

where N, is the total number of clusters and a single cluster ¢, is composed of
a set of discovered segments {s;}.
The set of non-overlapping discovered pairs that are clustered together is denoted

by
Prise = {{5i,8;} | Fotap(8i,5j) =0, si €c¢, s; €c, ¢ € Cuise} (4.2)
where F,,, is defined in Eq. 3.10.

The gold set of non-overlapping discovered pairs that can be created using the

discovered segments is denoted by

Pyotdcius = {{5i,5;} | Fe1,¢2 € Chise 8 € 1, 55 € o, (4.3)
7(si) = 7(55), Foiap(si; s5) = 0}.
The set of individual segments belonging to a set of pairs is denoted by
flat(P) = {s; | 3s; : {si,s;} € P}. (4.4)
The set of unique types that belong to a set of pairs is denoted by
types(P) = {7(s) | s € flat(P)}. (4.5)

The set of segments that belong to a set of pairs P and have the same transcription

t is denoted by

match(t, P) = {s € flat(P) | 7(s) = t}. (4.6)
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e The frequency of term ¢ in set of pairs P is denoted by

|match(t, P)|

freq(t, P) = Hat(P)]

(4.7)

4.3.1. Coverage

Coverage gives the fraction of input stream for which there are discovered seg-
ments. It does not take the quality of the clusters into account. In the original spoken
UTD application [38], it is computed as the number of discovered phonemes over total
number of phonemes in the corpus. The number of unique phonemes in a spoken lan-
guage is around 50 for most of the worlds languages. For a long enough speech input,
each of these phonemes occur many times, rendering the discovery of each possible.
However for the sign languages, our target units are sign glosses and some of them may
occur only once even in a large-scale dataset. Since a term must appear at least two
times for it to become a motif, it would not be fair to expect 100% coverage for a sign
UTD system. Therefore we modified the denominator of this metric such that only the
discoverable terms are considered. Here, discoverable terms are the terms which occur

more than once in the input stream. A formal definition of coverage metric is given as

|cover(Pyise)|
C = 4.8
overage cover(Poy)| (4.8)
where
cover(P) = U [m,n] (4.9)

(m,n)eflat(P)

and P, is the set of all discoverable pairs.

4.3.2. Normalized Edit Distance

Normalized edit distance (NED) is a metric that is used to evaluate the pairwise

similarity of discovered tokens. It is based on the Levenstein distance between a pair
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of strings, normalized to 0-1 interval. For a given pair, the Levenstein distance is the
minimum edit distance between two sequence of discrete symbols, where the allowed
editions are insertion, deletion and substitution. Then, the number of required edits
are normalized by dividing the required number of edits by the length of the maximum
length sequence. Finally, NED scores for all possible within-cluster pairs are averaged
across all discovered pairs. Lower NED scores mean better matching. The formal

definition can be made as

ned(s;, s;)

Siy8j ePdisc

where ned(s;, s;) is the normalized Levenstein distance between two strings.
4.3.3. Grouping Quality

This set of metrics is computed in terms of precision (P), recall (R) and F-score
(harmonic mean of P and R). It is similar to cluster purity and inverse purity. If
the pairs within a cluster has the same transcription, then the precision is high. If
pairs from separate clusters have the same transcriptions, then the recall is low. The

grouping precision and recall are defined as

|match(t, Pdisc N Pgoldclus)|

Grouping P. = > freq(t, Puic) et P (4.11)
tetypes(flat(Pyisc)) » 4 disc
. match tu Pdisc N P, oldclus
Grouping R. = Z freq(t, Pyoldetus) | |ma(tch(t 5 g 1 ) (4.12)
tetypes(ﬁat(Pgaldclus)) ’ gOZdClUS
and then
2
F-score = (4.13)

1/Precision + 1/Recall

is their harmonic mean.
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4.4. Experiment Pipeline

4.4.1. Adjusting Cost Threshold

The cost threshold # enables us to adjust the trade-off between coverage and
matching quality. NED score is used to assess matching quality and typically NED
increases as the coverage increases. In order to achieve fair comparison to spoken term
discovery results, we aimed around 10% for coverage values. However, the appropriate
threshold that achieves 10% coverage varies, according to the parameter combination.

Therefore the cost threshold is swept until the Coverage value is between 9% and 11%.

4.4.2. Cross Validation Scheme

The dataset is partitioned into three folds for cross-validation, as shown in Table
4.2. The sizes in terms of number of sentences are matched while partitioning into
three subsets. At each fold, 1/3 of the data is used as development set and the re-
maining is used as unseen test set. The best parameter combinations are found for
the development sets as described in Section 4.4.3, and those combinations are used
for the unseen test sets. Then, the development is changed and the tuning procedure
is re-run. The results are then reported using the average of test results, weighted by
number of sentences. For each experiment, the final cost threshold 6 is adjusted so
that Coverage is about 10%, and NED score is used as decision criterion. The signers
are distributed into separate development and test partitions in order to observe the

discovery performance when the algorithms are tested on new signers.

4.4.3. Hyper-Parameter Optimization

Out of the three discovery algorithms that we use, each has a set of hyper-
parameters that need to be optimized. However not all hyper-parameters affect the
results significantly. Therefore for each algorithm, the effect of individual parameters

on the matching performance is assessed by sweeping the value of one parameter while
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Table 4.2. Partitions of the Phoenix 2014 MS [1] for cross-validated experiments

Subsets | Signer IDs | # Sentences | Total Size
4 836
1 8 704 1705
9 165
1475
470 1975
30
1296
646 1991
49

N 3 Ot |y W o~

fixing the rest. Then, only the parameters which influence the results are considered
for tuning at the development set. A Bayesian optimization procedure named Gaussian
process regression is applied, where the cost function is approximated by a Gaussian
process. The function values are assumed to be drawn from a multivariate Gaussian.
The cost value to be minimized is chosen to be NED score at 10% coverage. The
Gaussian process regression method allows us to make as few assumptions as possible

about the nature of the cost function.
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5. EXPERIMENTS AND RESULTS

The results that are presented in this chapter are obtained using three different
UTD algorithms, which are described in detail in Chapter 3. All three of these algo-
rithms share a common pipeline for discovery and evaluation. This pipeline is explained
in Section 4.4. The first algorithm that we experimented with is the segmental DTW
(SDTW) based algorithm (see Section 3.1.1), which is the pioneering spoken UTD
algorithm. This SDTW based algorithm is very slow, therefore the results presented
in Section 5.1 are not comprehensive but rather preliminary results. Instead, more
comprehensive experiments are carried out using the efficient SDTW (E-SDTW) [5]
algorithm and the KNN based [6] algorithm. The matching performances of these two
algorithms are compared. Moreover, two different clustering strategies are applied for
KNN and E-SDTW based matches. The examples of discovered clusters are displayed
in Appendix A. For all setups, nearly 1% of the perfect matches come from different
signers, most of the correct matches belong to the same signer. Therefore we can think

of these results as the average of signer dependent experiments.

5.1. Segmental DTW Based Experiments

The effect of each parameter on the matching performance is assessed by sweeping
the value of one parameter while fixing the rest. Cosine distance is used as the distance
metric between hand shape feature vectors. We fixed the minimum path length L,,;,
to 6 frames, the width of diagonal search band R to 8 frames and extension ratio
extend,qi, to 1 of the LCMA length. Initial experiments showed that the width of
the diagonal band R did not have much effect on the results, but setting a larger R
decreased the number of computations. Therefore we fixed R = 20 frames for the
rest of the experiments. For the remaining parameters, the optimization procedure in
Section 4.4.3 is followed. However, due to the time complexity of the SDTW algorithm,
which is O(n?), it is extremely slow. Moreover, due to the fact that each input file is

compared to all other input files, the computation time is also quadratic as a function
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of number of input sequences. Therefore, we did not carry out the experiments on
the entire partitions but instead divided each partition into 5 subsets and used the

averaged results.

Table 5.1. Discovery results using the SDTW algorithm and hand shape features, at
10% Coverage.

NED Grouping Avg. Seg. # Discovered
Clustering
(%) |P (%) | R (%) | F (%) | Length (sec) | Clusters | Segments
Pairs 51.0 | 54.8 | 53.9 | 54.2 0.43 303.5 607.1
Word Centers || 75.3 | 71.0 | 82.0 | 76.0 0.40 23.5 351.3

The results for SDTW experiments with hand shape features are shown in Table
5.1. The clustering method that is applied here is the same with the original work [4].
These results are not directly comparable to the results of the other two algorithms
because here we average the results of smaller subsets due to long computation times.
Nevertheless, we can observe that the matching phase discovers meaningful pairs, and

clustering stage yields high quality clusters.

5.2. Efficient SDTW Baseline Algorithm

For the E-SDTW algorithm, we modified the baseline software provided for Zero
Resource challenges [2] so that it runs on the extracted visual features. The procedure
described in Section 4.4.3 is carried out to determine the optimum combination of
parameters for each development set. Even though the optimum values of parameters
for each development set vary, they are not much different from each other. Among
the default parameters for spoken UTD, the parameters that needed to be optimized
together with their optimum values are 6 = 0.35, d, = 30, u = 0.45 and C = 7. The
effect of changing C' and d, on matching performance and average segment lengths
are shown in Figure 5.1. The C' parameter determines the threshold to terminate the
SDTW search, thus increasing C' yields longer segments. Similarly, d, is the length of

diagonal u — percentile filter, thus increasing d, enables longer diagonals to be filtered
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out of the sparse similarity matrix.
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Figure 5.1. NED and average segment length vs. Coverage curves for various values

of the parameters C' and d,, for the E-SDTW (DH) setup.

The relation between match similarity and average length of segment pairs is
shown in Figure 5.2. Here, the cost values relate to the DTW alignment costs that
are normalized by path lengths. It is easy to observe that as the segment lengths
increase, the matching costs decrease. This might be due to the implementation of
path normalization in ZRTools software [51], such that warping cost is divided by

[1 + I3 instead of the total path length.

As mentioned earlier, the desired coverage is obtained by adjusting the cost
threshold. Since lower cost pairs have longer segment lengths, as coverage increases,
shorter segment pairs are also included. This statement can be verified by observing
Figure 5.3, where the pairwise matches at different coverage values are displayed. The
axes are the lengths of each segment of a pair, and the colors indicate the average
purity of all matches that fall into corresponding bins of lengths. Another observation
that can be made is that as the segment length ratio of a pair diverges from unity, the

matches tend to become less pure.

The results using hand shape features are displayed in Table 5.2. These results

are obtained by optimizing the parameters for NED scores at 10 % coverage of the
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Figure 5.2. The relation between the DTW alignment costs and average pair lengths,

for E-SDTW algorithm and hand shape features.
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total number of pairs at those lengths.
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matching stage. Then, the two clustering methods are run using these matches. The
clustering method (SC) proposed by Park and Glass [4] performs better compared to
the overlap edges (OE) based method, in terms of both grouping precision and recall.
We can observe that SC clustering achieves the same coverage with less segments. This
is due to the fact that segments are not allowed to overlap with another segment from
the same cluster but are allowed to overlap with segments from another cluster. Since
there are more segments per cluster with the SC method, the amount of overlap is less

compared to OE method.

Table 5.2. Discovery results using the Efficient SDTW algorithm and hand shape

features, at 10% Coverage.

NED Grouping Avg. Seg. # Discovered
Phase Set
(%) |P (%) |R (%) |F (%) | Length (sec) | Clusters | Segments
Dev |[39.1| 19.6 | 51.7 | 28.1 2.12 1017.3 2034.6
Matching
Test | 41.0 | 18.9 | 51.8 | 274 2.10 994.9 1989.7
Clustering (SC) || Dev | 78.4 | 20.5 | 88.0 | 32.9 1.95 99.2 611.7
(Modularity) | Test| 74.1 | 22.3 | 88.9 | 35.3 1.96 041 | 576.7
Clustering (OE) || Dev | 75.8 | 17.5 | 76.2 | 28.0 2.04 213.2 730.8
(C.Comp) Test | 72.8 | 19.3 | 80.9 | 30.8 2.02 208.6 738.8

5.3. KNN Based Discovery

We first explored the effect of different hyper-parameters on discovery perfor-
mance. The expected term length for the Phoenix dataset [1] is about 10 frames
(0.4s). Using this information, we set the minimum segment length ,,,;, as 6 frames
(240ms) and segmentation resolution a to be 3 frames. We observed that increasing
the maximum segment length /., to 45 frames (1.8s) allowed discovery of n-grams.
We tried different segment length constraints using both types of features, in order to
observe whether the type of feature affects the optimum interval. The NED - Coverage

curves that resulted from these experiments are shown in Figure 5.4. Here, interest-
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ingly, the hand shape features behave differently for longer segments. For the hand
shape features, the NED scores improve as the cost threshold is increased. This implies
that there is a discrepancy between the NED scores and matching costs, such that the
embeddings for hand shape features of high quality long matches have somehow high

cost and thus not included in low coverage settings.
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Figure 5.4. The effect of different segment intervals (1,in, lmaz) On matching

performance, for hand shape (DH) and pose (OP) features.

With a, l,,;, and [, fixed, we then perform cross-validated grid search to find
the best combination of embedding dimension L and smoothing parameters r and s.
Even though the optimum values for these parameters vary for each signer and type of
feature, we observed that setting r = 0.1, s = 0.5 and L = 6 frames yield good results

in general.

The distribution of matches with respect to both segment lengths are displayed
in Figure 5.5. Here, the colors indicate the purity of the matches and the marker sizes
indicate the number of matches having those lengths. We can observe that increasing
the coverage does not affect the segment lengths significantly, as opposed to the case for
E-SDTW experiments (see Figure 5.3). We can also observe that as the ratio between

lengths of segments diverge from unity, the pairs become less pure.
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Figure 5.5. The segment lengths vs purity of matching pairs for KNN (DH) setup,
where the colors indicate matching purity and the sizes are proportional to number of

pairs.
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Among the two sets of features (DeepHand and OpenPose [8,49]), the DeepHand

features yield better results as shown in Table 5.3. It can also be observed that SC

Clustering method performs better in grouping quality metrics, with higher segment

per cluster ratio.

Table 5.3. Discovery results using the KNN based algorithm for both hand shape

(DH) and pose (OP) features, at 10% Coverage.

NED Grouping Avg. Seg. # Discovered
Feature Phase Set
(%) |P (%) |R (%) |F (%) | Length (sec) | Clusters | Segments
Dev | 41.4 | 50.8 | 52.8 | 51.8 0.51 1279.9 2559.8
Matching
Test | 43.4 | 50.1 | 52.0 | 51.0 0.52 1359.2 2718.4
Clustering (SC) | Dev | 79.1 | 72.5 | 84.3 | 77.9 0.56 135.5 1240.7
DH
(Modularity) || Test| 85.6 | 72.9 | 84.0 | 78.0 0.57 139.4 1199.0
Clustering (OE) | Dev | 76.5 | 59.7 | 66.3 | 62.8 0.51 599.6 1770.6
(C.Comp) Test| 82.8 | 59.4 | 65.3 | 62.1 0.52 599.6 1751.4
Dev | 48.6 | 43.7 | 40.0 | 41.5 0.36 1090.6 2181.1
Matching
Test | 50.7 | 43.1 | 39.7 | 41.0 0.37 1206.4 2412.8
Clustering (SC) | Dev | 88.7 | 60.4 | 72.0 | 65.4 0.44 167.5 1337.1
0)
(Modularity) | Test| 89.6 | 61.0 | 72.1 | 65.9 0.45 158.1 1352.2
Clustering (OE) | Dev | 87.3 | 49.3 | 54.3 | 51.4 0.37 627.3 1959.5
(C.Comp) Test| 82.6 | 49.2 | 53.8 | 51.3 0.38 590.6 1814.1

The most confused pairs for each type of feature are given in Figure 5.6. Here,

we observe that semantically similar signs (e.g. rain-shower, wind-storm etc.) which

also have similar forms (see Figure 5.7) are easily confused. The SignWriting nota-

tions of wind (WIND) and storm (STURM) glosses have similar hand shapes but the

movement patterns are different. Thus it is not surprising to have them confused using

the hand shape features. Interestingly, the most confused glosses differ according to

feature type. This observation leads to the conclusion that in future studies, these two

types of features can be fused together to complement each others weaknesses.
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Figure 5.6. Examples of the most confused pairs of glosses for hand shape (DH) and
pose (OP) features. Darker lines represent more confused pairs and circle radii are

proportional to discovered gloss frequencies.
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5.4. Comparison and Fusion of E-SDTW and KNN Experiments

The most important difference between the KNN based algorithm [6] and E-
SDTW baseline [5] is the length of discovered segments. The E-SDTW baseline is
able to discover longer segments, often n-grams, therefore fewer pairs are needed to
satisfy 10% Coverage. Correctly discovered n-grams for both algorithms are displayed
in Figure 5.8.

WIE-AUSSEHEN | MORGEN - JETZT | WETTER I
g jerzr | wetTer [l L WETTER | WIE-AUSSEHEN |
g MORGEN | WETTER [l o WIE-AUSSEHEN | MORGEN |
~ WETTER | WIE-AUSSEHEN . (? MEHR | KUEHL
SCHAUER | GEWITTER I LANG | REGEN
0 100 200 0 100 200
WETTER | WIE-AUSSEHEN | MORGEN [N JETZT | WeTTER | MORGEN [
£ JETZT | WETTER | MORGEN [l 2 WETTER | WIE-AUSSEHEN | MORGEN [
g MORGEN | WETTER | WiE-AUSSEHEN [l g MORGEN | WETTER | WiE-AUSSEHEN [N
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# Occurrences # Occurrences
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Figure 5.8. Examples of correctly discovered gloss n-grams for both algorithms,

together with the number of occurrences of existing gold n-grams

The reason for the difference in segment duration might be explained as follows.
The E-SDTW algorithm uses a sparse approximation of the distance matrix. Then,
the SDTW search is performed on the diagonal segments that remain after the median
filtering of the sparse matrix. Median filtering allows only long diagonal paths to be
passed. The elements of short diagonals might not be abundant enough in the sparse
matrix to be filtered as diagonal. Therefore the segments with this method tend to be
longer. If videos with higher sampling rate are used or the degree of approximation
(thus amount of speed-up) is decreased, shorter segments may also be discovered. Con-
versely, KNN based algorithm is more receptive to shorter segments, because smoothed

embedding method may cause less distortion for shorter segments. More complex fixed-
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length representation methods may preserve the information spanning longer segments.

As shown in Table 5.3 and Table 5.2, NED scores for both algorithms are simi-
lar. However, grouping precision of the KNN based algorithm is considerably better.
Another notable difference is that, using pose features does not significantly degrade
discovery performance for the KNN based algorithm, whereas we were not able to ob-
tain good results with pose features and E-SDTW setup. It should also be noted that
KNN based algorithm runs much faster; pre-computed features for 3 hours of video is

processed in about one minute using GPU, versus 10 minutes using the SDTW baseline.
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Figure 5.9. The relation between the normalized matching costs and average pair

lengths, for the fusion of KNN (DH) and E-SDTW (DH).

The E-SDTW and KNN based algorithms are better for different duration matches.
Therefore the results can be fused together to complement each other’s weaknesses. The
fusion strategy that we followed is to simply join the two set of matching pairs. In
order to adjust the coverage amount, the matching costs of the two algorithms should
be close, so that there are matches from both sets below a certain cost threshold.
However, the matches are scored differently for each algorithm. Therefore we apply a

simple cost normalization such that they have unit variance and the minimum costs for
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both are zero. The distribution of joined matches with respect to average duration and
matching costs are shown in Figure 5.9. Here, we can observe two separate clusters,
where the cluster on the right comes from the E-SDTW method (see Figure 5.2) and
the other cluster belongs to KNN matches.
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5 10 15 20 25
Coverage (%)

Figure 5.10. NED - Coverage curves for the fusion of KNN (DH) and E-SDTW (DH).

The number of matches from both methods that are below a certain threshold
may be much different and this can worsen the results. Thus, we scale the costs of
E-SDTW matches by a factor v so that the mixing ratio can be adjusted. The optimum
v is adjusted by observing NED - Coverage curves. The optimum fusion curve together
with the curves for KNN and E-SDTW matches are shown in Figure 5.10. The results
are given as curves instead of being fixed at 10% Coverage in order to better observe

the fusion characteristics at different regions.

The distribution of fusion matches with respect to both segment lengths are
displayed in Figure 5.11 on the left. Again, we observe that as the duration of segment
pairs differ from each other, the matching quality worsens. In order to combat this
effect, we apply another selection criterion such that we discard the matches whose ratio
of segment durations (shorter / longer) are below a certain threshold. The matches after

applying the duration ratio threshold of 0.7 are shown in Figure 5.11 on the right. It is



3.51

3.0 A

2.5 A

2 (s)

1.5 o o

1.0 1

0.5 1

I (s)

(a) Fusion

3.5

3.51

3.01

2.5 4

1.5 1

1.0

0.5 A

54

I1.0
e ve -0.8
[ ]
4 @ .
- 0.6
o0
L] [ ]
L] L]
- 0.4
L]
L] L X
(3 L] L
: 0.2
.
} I
T T T T T T T 0.0
05 10 15 20 25 30 35
i (s)

(b) Fusion with length ratio constraint

Figure 5.11. The segment lengths vs purity of pairs for the fusion of KNN (DH) and

E-SDTW (DH) matches at 10% Coverage, where the colors indicate purity.

clear that higher quality matches remain and impure matches are discarded. The effect

of applying duration ratio threshold can also be observed from the NED - Coverage

curves in Figure 5.10, where the improvement is evident at all coverage ranges.
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6. CONCLUSION AND FUTURE WORK

This thesis is presented as an initial exploration of unsupervised term discovery
methods for continuous sign language. The main goal is to show that spoken term
discovery algorithms can be applied on sign languages by using visual features. We
used two types of features, hand shapes and pose keypoints. We obtained the features
for each frame by running pre-trained models on RGB videos from the Phoenix Weather
2014 continuous sign dataset. These features are then fed to the three different term
discovery algorithms all of which return pairs of similar segments. We also applied
two different graph clustering strategies to obtain clusters of hypothesized words. The
gloss annotations of the dataset, for which time boundaries were given, enabled us to

evaluate and compare the performance of different discovery setups.

We first demonstrate that the pioneering spoken UTD algorithm, which employs
segmental DTW, is able to discover sign terms. However, this algorithm is very slow
and we could not run comprehensive experiments to compare with other algorithms.
Fortunately, we use a faster version of this algorithm, referred as Efficient-SDTW,
and we were able to obtain successful results using hand shape features. A KNN
based spoken term discovery algorithm is also implemented, which performs similarly
to E-SDTW algorithm and is much faster than E-SDTW method. Moreover, we were
able to get successful results using pose features with this algorithm. We show that
the E-SDTW method is better at discovering longer sequences while KNN method is
better for discovering shorter segments. A fusion of matching pairs from these two
algorithms is shown to improve results by combining both short and long matches. We
also observed that the clustering method that finds and clusters possible word centers
is more successful in terms of grouping quality metrics. Experiments also show that
the UTD algorithms perform comparable to spoken term discovery counterparts, in

terms of coverage, NED and grouping quality metrics.
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For the scope of this study, we did not focus on finding the best feature extraction
methods for sign terms discovery. Instead, we primarily relied on the DeepHand fea-
tures, which is in fact against the zero-resource constraint in the sense that the training
procedure of DeepHand network utilizes the hand shape information of the Phoenix
dataset. Our aim is to demonstrate the applicability of UTD algorithms given powerful
visual features (such as MFCC for speech). Nevertheless, we also showed that UTD
can also be successful using OpenPose features, which obey the ZR constraints since

its training is independent of sign language recognition tasks.

An area for future investigation is to learn better feature representations that will
be robust to non-linguistic variances such as signing speed, illumination differences,
camera angles etc. Using the discovered pairs, representation learning methods such
as frame-wise correspondence autoencoders (CAE) or sequence to sequence CAE’s can
be used. The KNN based method is flexible in the sense that, more sophisticated
segmentation and embedding approaches can be incorporated easily. Henceforth, a
future direction is to improve on fixed-length representation learning methods, which

may also combine non-manual modalities.

The proposed approach can aid sign language community in numerous ways. First
of all, it can be very useful in cases where there are large amounts of sign videos to be
annotated but not enough available resources. The algorithm proposes segments and
clusters them so that each cluster corresponds to a hypothesized gloss. An educated
annotator can easily purify the discovered clusters by eliminating the false segments
and then, saving the segments from pure clusters as annotations. By doing so, a

significant amount of data can be annotated in short time.

We applied the same evaluation metrics with spoken UTD, however, we used gloss
transcriptions instead of phonemes. The discovered segments in spoken UTD usually
cover at least three phonemes, therefore using NED as a criterion for matching quality
is more meaningful. In our application, most of the discovered segments correspond

to one or more glosses, therefore NED scores are influenced more if pairs are partially



57

different. Moreover, In future studies, these metrics can be tailored for the type of
labels that are available. Also, area under the NED - Coverage curves at a certain
range can be minimized to compare different setups and run parameter tuning. The
cross-validated evaluation scheme that we propose may be used in future studies to

benchmark other UTD algorithms and representation learning methods.

The quality of the segmentation boundaries is not assessed in this work. In a
future study, a psycho-linguistic experiment can be carried out, where the subjects are
shown signs that are segmented by humans versus the UTD algorithm and they are
asked to decide on which segmentation seems more natural. This would validate the
potential use case of the UTD method as an automatic segmentation tool. Another
benefit may arise when we want to train an ASLR system on a sign language that does
not have enough resources. The clusters found by the UTD algorithm can provide

weak supervision for model training.

One of the drawbacks of this work is having used only one corpus for develop-
ment and testing. Although the testing is done on unseen signers, the language is the
same and the recording conditions are almost identical. A future study should include
another sign corpus with a different sign language for testing. This would enforce the
system to be language independent and would require better feature representations

that can generalize well.
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APPENDIX A: DISCOVERED CLUSTERS

Table A.1. Largest clusters and most frequent labels using the SC based method, for

the KNN (DH) setup, at 10% Coverage. The frequencies are in % of segments of the

same label and are sorted by cluster sizes.

Clus. Size | Avg. Len. (s) Label 1 Freq 1 Label 2 Freq 2 Label 3 Freq 3
11 0.7 MORGEN 63.6 | WIE-AUSSEHEN;MORGEN| 9.1 WIE-AUSSEHEN 9.1
6 0.6 KUEHL 33.3 WIND;WEHEN 16.7 |STURM;__EMOTION_| 16.7
3 0.3 KUEHL 66.7 FROST 33.3
3 1.1 STURM 66.7 WEHEN 33.3
3 0.5 KUEHL 33.3 KALT 33.3 FROST 33.3
2 0.8 loc-WEST;BLEIBEN 50.0 loc-NORD 50.0
2 0.4 _EMOTION_;NAECHSTE| 50.0 NAECHSTE 50.0
2 0.9 SCHNEE 50.0 REGEN 50.0
2 1.0 STURM 100.0
2 0.3 UEBERWIEGEND 50.0 HAUPTSAECHLICH 50.0
2 0.5 WIND 50.0 UNWETTER 50.0
2 1.2 WIND 50.0 STURM 50.0
2 0.8 KOENNEN;STURM 50.0 KOENNEN 50.0
2 0.5 MONTAG 100.0
2 0.5 STURM 100.0
2 0.7 WIND 50.0 STURM 50.0
2 0.8 UNWETTER 50.0 ORKAN 50.0
2 0.5 KALT 50.0 FROST 50.0




Table A.2. Largest clusters and most frequent labels using the OE based method, for
the KNN (DH) setup, at 10% Coverage. The frequencies are in % of segments of the

same label and are sorted by cluster sizes.

Clus. Size|Avg. Len. (s) Label 1 Freq 1 Label 2 Freq 2 Label 3 Freq 3
46 0.6 KUEHL 19.6 FROST 15.2 STURM 13.0
36 0.4 MORGEN 97.2 MORGEN;MONTAG 2.8
34 1.2 WIE-AUSSEHEN;MORGEN | 50.0 |WETTER;WIE-AUSSEHEN;MORGEN | 38.2 MORGEN 5.9
25 0.8 WIND 32.0 STURM 16.0 KUEHL 16.0
9 0.5 MONTAG 66.7 MORGEN 22.2 MORGEN;MONTAG 11.1
8 0.6 MONTAG 87.5 MORGEN;MONTAG 12.5
6 0.7 REGEN 100.0
6 0.8 WIND 33.3 STURM 33.3 UNWETTER 16.7
5 0.3 MORGEN 100.0
5 0.5 NACHT 80.0 HEUTE;ABEND 20.0
5 1.1 WIND;SCHWACH;MAESSIG | 20.0 WEHEN 20.0 MAESSIG 20.0
5 0.6 WIE-AUSSEHEN 80.0 WIE-AUSSEHEN;MORGEN 20.0
5 0.5 NICHT-KALT 20.0 KUEHL;MEHR 20.0 KUEHL 20.0
5 0.5 AUSSEHEN;MORGEN 60.0 MORGEN 40.0
4 0.5 WIE-AUSSEHEN 50.0 __ON_;WIE-AUSSEHEN 25.0 |WETTER;WIE-AUSSEHEN | 25.0
4 0.6 MONTAG 75.0 MORGEN 25.0
4 0.7 NORD 100.0
4 0.8 STURM 50.0 WIND 25.0 KOENNEN;UNWETTER 25.0
4 0.5 NACHT 50.0 REGEN 25.0 HEUTE;NACHT 25.0
4 1.1 WETTER;WIE-AUSSEHEN | 50.0 _PU__;WETTER;WIE-AUSSEHEN 25.0 WETTER 25.0
4 0.5 MORGEN 50.0 MORGEN;MONTAG 25.0 MONTAG 25.0
4 0.5 FROST 100.0
4 0.9 loc-NORDWEST 25.0 loc-NORD 25.0 NORDRAUM;NUR 25.0
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