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To Arike and Olayiwola, beloved, beloved

By your eyes, in your voice, I write
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ABSTRACT

END-TO-END OPEN VOCABULARY KEYWORD
SEARCH

Keyword search (KWS) solves the problem of searching written queries in spo-
ken documents, thereby facilitating cataloging of and information retrieval from large
archives of speech. Conventional keyword search entails transcribing the archive into
text with an automatic speech recognition (ASR) system and then searching queries
in the resulting transcriptions. Although this approach has grown into a mature and
reliable technology, ASR-based cataloging is a complicated undertaking. In this disser-
tation, we propose a novel end-to-end neural-network-based KWS paradigm in which
we replace the graph decoding and symbol matching of ASR-based systems with a
simpler search method based on dot products on the outputs of a pair of encoding
neural networks. In our method, documents are transformed into sequences in the
output space of one encoder, and queries are projected to the same vector space by
another encoder. Search is then conducted by comparing, by means of dot products,
the query vector to the vectors representing frames of the document. Locations in
the document with high dot product similarity to the query are returned as hits and
locations with low dot products are ignored as background. We further adopt a mul-
tilingual training strategy which increases the viability of the proposed framework for
KWS in languages for which low amounts of training data are available. Finally, we
propose a scheme which jointly learns the KWS task of searching for text in speech
with a task of searching for text in text, with the latter task allowing us to integrate
unpaired text into the proposed KWS model. We conduct in-depth experiments across
several languages analyzing the various properties of the proposed KWS method and
showing its viability for competitive KWS performance both as an alternative and as

a complement to ASR-based KWS.
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OZET

UCTAN-UCA ACIK SOZVARLIKLI ANAHTAR SOZCUK
ARAMA

Anahtar Sozciik Arama (ASA), yazih olarak verilen sorgu sozciiklerinin konugma
kayitlarinda aranmasi1 problemini ¢ozer ve boylece biiyiik konugma argivlerinden arzu-
lanan bilginin edinilmesini ve bu argivlerin otomatik olarak kataloglanmasini kolaylagtirir.
Geleneksel ASA yontemi, konugma argivinin bir otomatik konugma tanima (OKT) sis-
temi kullanilarak metne ¢evirilmesi ve ardindan elde edilen transkriptlerde sorgularn
arama slrecini igerir. Bu yaklagim olgunlasmig ve giivenilir bir teknolojiye doniigmiig
olsa da, OKT tabanh kataloglama karmagik bir islemdir. Bu tezde, OKT tabanh
sistemlerdeki ¢izge ¢oziimlemesi ve sembol eglestirmesini iki adet kodlayici sinir ag
aktisinin i¢ carpim tabanh daha basit bir arama yontemi ile degistiren, uctan uca
yapay sinir agl tabanl 6zgiin bir ASA yontemi 6nerilmektedir. Bu yontemde, konugma
belgeleri bir kodlayia ile vektorel dizilere dontigtiiriilmekte ve sorgu metinleri de bagka
bir kodlayia vasitasiyla ayni vektor uzayina yansitilmaktadir. Sonrasinda arama iglemi,
sorgu gosterimlerininin konugsma dokiimanina ait vektorel dizileri ile i¢ carpimlarim
karsilagtirarak gerceklegtirilir. Konugma gosterimleri i¢inde sorgu gosterimine yiiksek i
garpim skoruna sahip bolgeler isabet olarak degerlendirilir ve diigiik i¢ carpim degerine
sahip yerler ise ilgisiz konugma olarak degerlendirilerek goz ardi edilir. Ayrica, kisith
egitim verisine sahip diller i¢in bu tezde 6nerilen yontemin uygulanabilirligini artiran
cok dilli bir egitim stratejisi benimsenmistir. Son olarak, konugma i¢indeki metni arama
problemi olan ASA ile metin i¢indeki metni arama problemi birlikte 6grenen bir yontem
de 6nerilmigtir; boylece 6nerilen konugma kaydi olamayan metinlerin de ASA modeline
entegre edilmesi saglanmigtir. Cegitli dillerde gerceklestirilen derinlemesine deneyler
ile, 6nerilen yontemin bircok 6zelligi analiz edilmig ve OKT tabanli ASA sistemlerine
hem alternatif hem de bu sistemlerin eksiklerini giderebilen bir tamamlayia olarak

giiclii bir ASA sistemi olarak uygulanabilirligi ortaya konmustur.
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1. INTRODUCTION

Search lies at the center of much of the world wide web’s utility. With the colossal
number of documents on the web, and as this number continues to grow, users rely on
the existence of search engines which have the capacity to efficiently crawl and index
these documents, enabling the user to retrieved desired information from the sea of
irrelevant data. The fact that that a large part of the content online is in multimedia
form has necessitated research into techniques to allow accurate and efficient search of

such content. This thesis focuses on one such technology—Keyword Search (KWS).

KWS, which is also called spoken term detection (STD) in some literature, aims
to solve the problem of information retrieval from large archives of speech such as
recordings of lectures, broadcast news, podcasts etc. A KWS system takes a user’s
query—containing one or more words—and returns a list of documents (recordings) in
the archive where it hypothesizes that the query was uttered, timestamps for each such
hypothesis for ease of browsing, and scores denoting its confidence in each hypotheses

so that the hypothesis list can be sorted or filtered by relevance.

order: uqy, 6.4, 6.7
laguerre: u1, 6.7, 7.2

polynomial: uy, 7.2, 7.8

MW ASR

L

(f

bye: Uur5089, 20.5, 20.7
Spoken archive Inverted index

"laguerre polynomial”

uy, 6.7, 7.8

Figure 1.1. Simplified schema of ASR-based keyword search.



Since text is a more amenable modality to work with compared to speech, a
natural solution to KWS; illustrated in Figure 1.1, involves first transcribing the speech
archive into text form by means of an automatic speech recognition (ASR) system, and
then creating an index of the resulting text for search. However, since ASR is inherently
an erroneous process, simply indexing one-best transcriptions can result in low recall
because any erroneously transcribed terms would become irretrievable. The widely
adopted solution to mitigating the impact of such errors is to construct the index
from the graph of alternate transcription hypotheses—known as a lattice—or other
similar structures from the ASR system, with each entry in the index weighted by the
probability assigned to it by the ASR system. Doing so allows terms to be potentially
retrieved even if they are not in the single most likely transcription of a particular
speech segment. Storing and searching these graph structures—typically implemented
as operations on finite state transducer (FST)—incur memory and computational costs
which are sub-linear in the total length of the archive, allowing ASR-based KWS to be

deployed in large-scale state-of-the-art retrieval systems.

This traditional approach to KWS however has pitfalls that result from of its
reliance on an ASR back-end. First, indexing requires decoding with a large vocabulary
continuous speech recognition (LVCSR) system, which incurs—in addition to the cost
of running the speech through an acoustic encoder—the cost of the costly graph search
decoding algorithms required to compute the ASR hypotheses, and obtain timing and
confidence information. While there are end-to-end (E2E) ASR methods which feature
otherwise simpler training and decoding procedures, they have to resort to the complex

graph-based decoding to extract timing information required for KWS.

Furthermore, conventional LVCSR uses word language models (LM) and lexicons
which limit the LVCSR output space to the set of valid words. Although this signif-
icantly reduces the recognition error rates, it also limits the entries in the resulting
index and, ergo, the set of queries that can be retrieved to the set of words that have
been seen at training time. Thus, out-of-vocabulary (OOV) queries, i.e., queries which

contain words that are not anticipated at training time, cannot be directly retrieved.



This especially poses a problem for agglutinative languages whose rich morpohologies
preclude the possibility of full coverage by any word LM. Even for languages with more
contrained morphologies, neologisms, technical terms, proper nouns and other named
entities constitute a large source of OOV terms, whose influence can be especially
outsized in retrieval since they are often the more “interesting” terms to users. For
instance, the terms “Fourier transform” and “Lebesgue measure” are far more likely
search terms in an archive containing engineering lecture recordings than would be

suggested by their frequencies in common parlance and in most training corpora.

Although there are methods for retrieving OOV terms in LVCSR-based KWS
such as the use of subword indexes or query expansion, they tend to complicate the
retrieval system even further, often leading to different processing pipelines or multiple
indexes for in-vocabulary (IV) and OOV queries with the OOV pipeline incurring higher
computational cost. For instance, subword indexes are larger than word indexes and
are therefore significantly costlier to search through, while query expansion involves
simultaneously searching for several “proxy” IV terms deemed acoustically-similar to
an OOV term, a process which increases the search cost by a factor proportional to

the number of proxies.

These complications open the question of research into KWS systems which can
avoid some of the pitfalls of operating downstream of ASR: the cost and complexity
of indexing new data, and the inability to handle OOVs naturally without further

increasing the complexity and computational cost of search.

In this thesis, we propose an an alternative KWS paradigm, End-to-end Keyword
Search, to address the aforementioned issues in conventional KWS. In this paradigm,
we rely on the ability of neural networks to model complex interactions to directly
learn to search, i.e., we train a neural network to directly predict the locations of
queries in spoken archives. A naive way of doing this would be to build a neural
clagsifier of queries. However, such an approach would be limited to classifying queries

which are seen during training, making it unsuitable for the inherently open-vocabulary



nature of KWS. We instead propose a vector-space query matching framework. In this
framework, we use a neural network to learn a vector transformation such that when
a query and a frame of a document are projected by the network to its output vector
space, their dot product is high if and only if the frame is part of a span of the document

where the query has been uttered.

Our framework, illustrated in Figure 1.2, uses a pair of neural encoders which are
trained jointly. The first encoder, the document encoder, is trained to generate embed-
dings (vector representations) for each time frame of each document in the archive to
be searched. This can be viewed as a continuous-space analog of index creation. The
second encoder, the query encoder, similarly generates a corresponding embedding for
each query. Then the query embedding is compared (by taking dot products) with
each document frame embedding, and locations with high similarities to the query are

returned as KWS hypotheses.

When training the model, we use word-level time boundary information which we
obtain by forced-alignment with a simple Hidden Markov Model (HMM)-based ASR
system with Gaussian Mixture Model (GMM) emission probability distribution. While
this means that we still rely on an ASR model for training, it is important to note that
indexing and search do not involve are entirely vector based and do not involve any

complex graph search methods.

Archive

Training data

...peons in all but...

ligh Ll

..like the skeleton..

Model

Document
encoder
Query Document embeddings
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4L 7
LT
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: Search results
Query Query F
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Figure 1.2. E2E KWS.
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Overall, we make the following contributions in this thesis:

We introduce a novel open vocabulary end-to-end keyword search model, which
replaces discrete indexes with continuous ones and uses dot products to effect
index lookup. More concretely, the model contains a pair of neural encoders:
a document encoder for generating the vector index and a lightweight query
encoder for generating the query encoding which can be searched in the vector
index with frame-wise dot products. The dot products at each time frame of
the document yields a score which we interpret as log-likelihood ratio between
the hypothesis that the query has been uttered in a span including that time
frame and the null hypothesis that it has not. Contiguous frames with higher
query occurrence probability than null probability are combined and returned as
a single hypothesis. This contribution has been published in [1] and [2].

We propose a training objective function based on modification of the binary
cross-entropy objective. The proposed objective improves modeling efficiency
through the use of a tolerance term which excludes easily classified locations
from the training loss computation, thereby allowing the model’s capacity to be
focused on more difficult locations. This contribution has been published in [2].
We explore multilingual training as a way of increasing the effective amount of
training data. Noting that several languages can have similar phonetic constructs
if not semantic ones, we propose sharing the model across several languages,
training it in a multilingual fashion, and then finetuning it with language-specific
data from target languages. This contribution has been published in [1].

We propose joint speech and text retriever (JOSTER), a training scheme in which
we modify the E2E KWS model to allow not only text retrieval from speech
but also text retrieval from text. By sharing parameters, the text-speech re-
trieval is able to benefit from text-text retrieval which can be trained on any
text corpus. This is analogous to LM training in ASR-based KWS which allows
large unpaired text corpora to be used to improve performance, and like LM
training, opens the possibility of domain adaptation with unpaired text data.

This part of the thesis has been accepted for publication in a future volume



of the IEEE/ACM Transactions on Audio, Speech, and Language Processing
(https://doi.org/10.1109/TASLP.2024.3407476).

The rest of the thesis is organized thus:

In Chapter 2, we provide background information on the problem domain and
give a more expansive coverage of extant literature.

In Chapter 3, we describe the proposed E2E KWS model and the multilingual
training scheme, along with experiments analyzing the various components, ad-
vantages and disadvantages of the method.

In Chapter 4, we describe the JOSTER method for integrating unpaired text into
E2E KWS training, and provide experimental analyses thereof.

In Chapter 5, we summarize the findings of this thesis, draw conclusions and

outline avenues for future work.



2. BAGKGROUND

The focus of this thesis is using a neural end-to-end keyword search framework.
In this chapter, we provide a coverage of existing keyword search literature: both the
traditional ASR-based approaches and more recent E2E approaches, and we summarize

the key relationship between these techniques and our framework.

2.1. ASR-Based Keyword Search

The dominant KWS paradigm entails using an LVCSR system to transcribe
the search archive, construct an inverted index—mapping terms to locations in the
speech—on the transcription in the archive, search queries in the inverted index [3-8].
Since ASR inevitable produces some errors, directly indexing one-best transcriptions

would make any mistranscribed terms irretrievable.

To alleviate the drop in recall rate that results from transcription errors, it is
common practice to index ASR lattices instead. A natural by-product of decoding an
HMM-based ASR system, a lattice is a structure [9] which encodes competing ASR
hypotheses. It can be efficiently represented as a weighted finite state transducer [10]
(depicted in Figure 2.1) with arcs carrying words and their likelihoods as well as con-

nectivity and timing information.

The contents of the lattice are then used to construct an inverted index, which
should map any query into the locations that contain it. If only single word queries were
allowed, the solution would be to have a map of the arcs in the lattice, with the words
as keys and the confidence, utterance and timing information as values. However, this
solution is infeasible since queries can contain multiple words. Some prior works use
approximate structures such as confusion networks [11] and position-specific posterior

lattices [12] in lieu of the full lattice to construct manageable indexes.



inverse/0.9

é bfourier/ 1»@transformll©

in/0.1 __ that's/1

O

Figure 2.1. Simplified schema of an ASR lattice output.

In [13], a method of indexing the full lattice was proposed which avoids lossy
approximations to the lattice. The method involves using a factor-transducer-based
inverted index. The factor transducer, depicted in Figure 2.2, is an FST which accepts
all factors (i.e., substrings) of a document by augmenting the original arcs in the lattice
with empty-label arcs from the initial state to any internal state, and from any internal
state to the final state. Interested readers are referred to [13,14] for more information

about factor-transducer-based indexing.

Note that the lattice and factor transducer in Figures 2.1 and 2.2 are only depicted
as finite state automata for the sake of simplicity. In reality, they are finite state
transducers, i.e., their arcs have not one but two labels: an input and output label.
It is the output label which carries the location (utterance identification and timing)

information.

Searching for a query in this FST inverted index entails constructing an automa-

ton of the query (depicted in Figure 2.3) and composing [10,15] it with the index.

inverse/0.9

é bfourier/ 1»Qtransform/1©

in/0.1 __that's/1

O

Figure 2.2. Factor transducer constructed from ASR lattice.
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Figure 2.3. KWS query finite state transducer.
2.1.1. Open-Vocabulary ASR-Based Keyword Search

Since ASR language models are trained with a limited number of words due to
computational and data availability constraints, the ASR output is limited to the closed
vocabulary used in training. However, user queries can—and often do—include words
that are not part of this limited vocabulary. Therefore, dealing with the challenge
of seamlessly searching such OOV queries has been studied extensively within the
context of ASR-based KWS systems. The solutions in literature generally fall into two

categories: using subword units and query expansion.

Based on the rationale that the words in a language—even OOV ones—can be
composed from a limited set of subword units, using subword-based ASR has been
the cornerstone of KWS in morphologically-rich languages [16,17], as well as open-
vocabulary search in other languages [3,5,8,18]. Some works use linguistic units such
as syllables, morphs and phones, while others use data-driven units like graphones and
multigrams [17,19,20]. While subword units do increase the recall of the model, this
comes at the cost of larger lattices which are more costly to index and search. Consider,
for instance, how the size of the transducer in Figure 2.2) would grow if a syllabic (or

e 9

worse, phonetic) model were used: the arc labelled “inverse” would be split into “in

and “verse”, “fourier” into “fou”, “ri” and “er”; with each new sub-arc also accepting
arcs from the initial state and extending an arc to the final state. The storage size and
the cost of graph traversal (in the composition operation) clearly grows significantly.

Furthermore, subword search tends to achieve have lower precision for IV queries.

Therefore, it is common to use a hybrid approach where word indexes are used for
IV queries and subword indexes are reserved for OOV ones [4,6]. This has the drawback

of incurring the cost of double-indexing for every new utterance. This drawback can be
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partly reduced by converting word indexes into subword ones for OOV search instead
of having a separate subword decoding step [4,21], an approach limited in that it can

only generate phone sequences which are substrings of some IV words.

Query expansion is an alternative approach to subword decoding (which can
be viewed as index expansion) for OOV search. Based on the rationale that OOV
words are likely to be mistranscribed by the ASR system into similar-sounding IV
ones, query expansion involves searching for phrases that are acoustically-similar to the
query in order to account for such ASR errors [22-24]. This is typically implemented
by composing a query FST with an FST of phone confusions, before composing the
expanded query FST with the index. While query expansion can be used with subword
indices, it can be leveraged to avoid double indexing by composing the expanded-query
FST with the decoder vocabulary, resulting in acoustically-similar IV “proxy” queries
which can be searched in a word-based index. Figure 2.4 shows an expanded query
transducer for the query in Figure 2.3 with the OOV word “fourier” replaced by similar
sounding words “foyer” and “for” with probabilities 0.75 and 0.25 respectively.

Overall, while these approaches alleviate ASR-based KWS’ inability to handle
OOV queries, they invariably further complicate either the indexing or the search for
the already complex ASR-based KWS system. The framework that we propose in this
thesis, on the other hand, not only offers simpler indexing and search than ASR-based

KWS,; it makes no distinction between IV and OOV queries.

foyer/0.75

for/0.25 transform/l@

Figure 2.4. Expanded query transducer.
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2.2. End-to-End Keyword Search

Leveraging the ability of neural networks to model complex relationships, KWS—
which traditionally comprised several disparate, separately-optimized, modules—can
now be simplified by formulating and optimizing appropriately designed neural archi-
tectures and objectives. One such simplification involves using end-to-end ASR models
to construct the KWS index as in [25-28]. While these works simplify ASR training,
they still have complex KWS indexing pipelines since the simpler decoding algorithms
for end-to-end ASR do not readily yield the timing and confidence information neces-
sary for KWS. Therefore, another direction, in which our work falls, involves training

a model able to avoid the ASR decoding entirely while indexing or searching.

The authors of [29] propose a Siamese neural architecture which jointly learns a
distance metric for speech documents represented as phone posteriorgrams along with
a query representation and conduct search with subsequence dynamic time warping
(DTW). The method was extended in [30] to account for query dynamics and in [31]
to learn better document representations. While it showed impressive search accu-
racy, especially for OOV queries, this approach is limited in practice by the significant
computational cost of DTW.

The authors of [32] similarly proposed a Siamese architecture which learns text
and speech representations for the related task of open-vocabulary keyword spotting.?
Since the task there does not involve localization of the keywords, there is no associated
cost of DTW. In [33], a meta-network was proposed that, for a given query, generates
the parameters of a model to classify whether or not a speech segment contains that
query. Thus the parameters of the model grow with the number of queries, which
makes the model more suitable for limited, but adaptable, query sets as opposed to
the unlimited vocabulary as in KWS. Moreover, like the model featured in [32], it also

lacks the ability to localize the queries, which makes both approaches unsuitable for

Keyword spotting, as we use it here, involves spotting a limited set of phrases from a closed
vocabulary. We note, however, that some other literature use keyword spotting to refer to keyword
search of the kind that we tackle.
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keyword search where the timestamps of each query’s occurrences are required.

In [34], a model was proposed with a pair of encoders for computing fixed-length
representations of speech utterances and text respectively, and a feedforward search
network classifying whether or not the encoded text occurs in the encoded utterance.
While the model was innovative in showing that the open-vocabulary search pipeline
can be greatly simplified with this dual-encoder structure, it was limited to the utter-
ance classification task where the probability of existence of a query was artificially set
to 0.5 (by sampling positive and negative test utterances with equal probability at test
time) and could not work in the highly imbalanced scenario of realistic KWS, where
the number of negative trials far outnumber the number of positive ones. Moreover,
since the speech encoder outputted a fixed-length representation of each utterance,
the model could not temporally localize the keywords, although the authors did ex-
periment with a coarse form of localization by classifying whether the query occurs in
the first or second half of the utterance. This method was improved in [35] by using
better pretraining objectives, although it still had the limitations of [34] with regards
to handling realistic KWS settings.

The most relevant related work to ours are those in [36] and [37] who contem-
poraneously with us proposed dual encoder architectures capable of open-vocabulary
keyword search in realistic settings, complete with the ability to temporally localize
the queries. Like us, they ensure that the speech encoders do not lose temporal infor-
mation, and use forced alignment to obtain the query locations at training time. We
shall revisit these works in more detail in the next chapter after we describe our model

so that we can point out the similarities and differences of our respective approaches.
2.3. Multilingual Data for Keyword Search
Using multilingual data to improve KWS has been explored in prior work in the

context of both ASR-based and ASR-free KWS. In the context of ASR-based KWS

systems, a common recipe is to improve the ASR, and consequently KWS, in low-
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resource settings by training the acoustic model multilingually [38-42]. This generally
entails sharing the lower layers of the acoustic model and using either a shared output

layer [43-45] or separate output layers for each language [46-49].

In [31], a joint metric and representation learning method is used to incorpo-
rate multilingual bottleneck features into dynamic-time-warping-based KWS. Multilin-
gual bottleneck features and posteriorgrams have also been used for query-by-example
(where both query and audio are spoken) with [50-52] or without [53] dynamic time
warping. While these works use multilingual data to train the feature extractor for

ASR-free search, they do not train the search model itself multilingually.

These methods inspire our use of multilingual training to improve the data effi-

ciency of our proposed framework in low resource settings.

2.4. Unpaired Text for Keyword Search

Due to their modular nature, classical ASR-based methods can naturally incor-
porate unpaired text. Various works have shown that using external text can signifi-
cantly improve ASR-based KWS by using such text to augment the ASR pronunciation
lexicon [54,55] and the language model [56,57]. These works show that the KWS im-
provements can be substantial even when improvements to the underlying ASR system

are less pronounced, due to the effect on rare and out-of-vocabulary (OOV) queries.

Another line of work involves using unpaired text data directly in ASR training.
One way of doing so is using a text-to-speech (TTS) system to generate matching
speech, and including the resulting paired data as part of ASR training [58-60]. How-
ever T'TS adds its own significant computational and modeling complexity. Moreover,
robust T'TS systems are generally a luxury only available for high resource languages.
Therefore, joint speech-text models such as MMDA [61], PSDA [62], MUTE-L [63],
USTED [64], Textogram [65] and MAESTRO [66] have gained interest as a way of

integrating unpaired text into end-to-end ASR to improve performance on ASR, as
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well as other downstream tasks such as spoken language understanding [67] and spo-
ken machine translation [68]. These models incorporate unpaired text by treating the
entire ASR model as part of a larger multimodal text generator, some of whose pa-
rameters can be jointly trained for text-to-text transduction without any explicit TTS
synthesis. By improving the underlying ASR system, these methods can plausibly be
used to improve ASR-based KWS systems, especially recently proposed KWS systems
based on end-to-end ASR [26-28,69]. However, they cannot work for ASR-free E2E

KWS systems which are generally discriminators rather than text generators.

In Chapter 4, inspired by these joint training approaches, we introduce a method
for using unpaired text for training E2E KWS methods which possess neither lexicons
nor language models by developing a surrogate objective for incorporating text into

the discriminative framework ASR-free KWS systems.
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3. END-TO-END OPEN VOCABULARY KEYWORD
SEARCH

The framework which we propose for end-to-end keyword search involves soft
indexing and matching in a vector-space. Where ASR-based KWS methods index
a spoken archive by decoding it into a graph of symbolic units and conduct search
by matching with a corresponding graph of the query, our approach uses a dense
representation in a vector space and conducts search by matching the query with dot

products.
3.1. Problem Formulation

We formulate keyword search as the task of classifying whether a keyword occurs
at any given location in the document. Given a query phrase q = (ql, Q2 - -, qK) where
each ¢ is a letter, and an utterance represented as a sequence of acoustic features X =
(a:l, . a:N), we seek the sequence of occurrence indicators y(q, X) = (y1,...,yn) €
{0, 1} such that

1, if q is spoken in X in a time span including n

Yp = (3.1)
0, otherwise.

We take a probabilistic view that each y,, is a Bernoulli random variable, which we pa-
rameterize with a neural network with parameters @, so that its probability distribution

conditioned on the query and utterance is Py(y,|q, X).

To train the model, we assume that we have a dataset of training utterances
X ={XxW X® X} and their transcriptions. We use the phrases in the tran-
scriptions as training query phrases Q@ = {qV, ¢?,...,q®™}. Our aim is then to train

the network to minimize the total negative log-likelihood of the occurrence indicators

L S

N
0" = argmind- D7 > —log Py (unla”, X1V). (3.2

=1 s=1 n=1
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Note that although, for simplicity, we use /N to denote the upper bound of the innermost

sum, in reality, it changes per utterance as it is the length of the each utterance, X .

We note that training thus requires the indicators for the training data, i.e.,
it requires knowledge of the beginning and end times of each training query in the
utterance which contains it. To get this timing information, we train an HMM-GMM-

based ASR system on the training data and use it to do word-level forced alignment.
3.2. Model Definition

Our keyword search model, depicted in Figure 3.1, comprises a recurrent docu-
ment encoder and a recurrent query encoder. We conduct the search via dot products
on the outputs of the encoders. We apply the logistic sigmoid function to the result-
ing vector of logits to obtain frame-wise posterior probabilities Py(y,|q, X ) which we
post-process to detect the locations of each keyword. Since the document encoder is
intended to act as an offline indexer, while the query encoder must be called whenever
a query is received, we ensure that the query encoder is a much smaller neural network

than the document encoder.

q= (Q17(I27---7QK) @%

"blue nile” Query
Encoder

]
—

X =( ~) hhhz, Lho )/'z(‘la X) = (thza---vzﬁ)
e * L
il

where the blue Nile flows fastest

Document
where the blue Nile Encoder
flows fastest

Figure 3.1. Overview of the neural keyword search model.
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3.2.1. Document Encoder

The document encoder is a recurrent neural network whose input is the sequence
of speech features X of length N. First, X is passed through a stack of bidirectional
long short-term memory (BLSTM) layers [70] which output U = (uy, ..., uy) of length
N. We down-sample the hidden representations between some of the BLSTM layers
so that, in general, N < N. Down-sampling decreases the storage and computational
requirements of indexing and search; additionally, we empirically found that because it
reduces the duration that higher layers in the network have to process and the amount
of information that have to be encoded in the final embeddings, down-sampling makes

it easier to model long-range dependencies and, consequently, improves search results.

The final encoder output is then Hx = (hq, ..., hy), such that for each n
hﬁ = WlUﬁ + bQ, (33)

where W and b, are the weight matrix and bias vector of a trainable affine transform
whose dimensions can be modified to change the dimensionality of each document
embedding. The affine transform ensures that the dynamic range of the document
embedding can be any real number, and not limited to (—1,1) by the hyperbolic
tangent nonlinearity at the BLSTM’s output.

3.2.2. Query Encoder

The query encoder is a recurrent neural network whose purpose is to generate
a vector representation of a query which will be similar (in a dot product sense) to
the frames of the document embedding h; which contain that query and dissimi-
lar for locations which do not. The query encoder’s input is the sequence of letters
qg = (q,...,qx) that constitute the query and its output is a fixed-length (vector)
representation e, € R”. Note that the query can be a single word or a sequence of
words. In the case of multi-word queries, g is a concatenation of the letters in each

word with the spaces between them removed. The first layer of the query encoder is
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a trainable embedding lookup layer which converts the sequence of letters into a se-
quence of vectors that are then input into a stack of bidirectional gated recurrent unit
(GRU) layers [71]. The GRU outputs another sequence of vectors V' = (vy,...,vg).
The final query representation is then computed from the sum of these GRU output

vectors along the sequence axis

K

eq = Z(ngk + bz), (3.4)

where W, and b, constitute an affine transformation with a similar function to that

at the output of the document encoder.

We choose different kinds of recurrent neural networks for the document and query
encoders (LSTM and GRU respectively) based on the different operational expectations
we have for them. We expect the document encoder to be used as an indexer which will
be run offline and can therefore be a more computationally expensive network. The
query encoder, on the other hand, would be run whenever a user searches the system,
and the time it takes for it to run is part of the latency experienced by the user. It
is therefore necessary to have it be as lightweight as possible, making the GRU an
attractive option since it has fewer parameters and lower computational requirements
than an LSTM of the same dimensions. We further reduce this computational cost in
our experiments by using a GRU with fewer layers and smaller dimensions than the

document encoder’s LSTM.
3.2.3. Search Function

We conduct the actual search by multiplying the document encoding, H x, with
the query encoding, e,. This matrix-vector product yields a temporal vector of scores
on which we apply a logistic sigmoid function to get z(q, X) = (z1,...,25) so that
each z; € (0,1) can be interpreted as the occurrence probability Py (yn = 1lg, X ),

computed as

zn = 0o(h,eg). (3.5)
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Since the document and query representations only interact through this product and
are otherwise independent, we can pre-compute and store the encodings of the doc-
uments. Consequently, at search time, only the cost of computing the query repre-
sentation (from the much smaller query encoder) and the cost of the dot product is

incurred.

Using dot products as the interaction function between document and query em-
beddings has the advantage that it can be easily parallelized across utterances, frames
and even embedding dimensions. This allows fast search with modern computing hard-
ware (such as multi-core CPUs and GPUs) and software libraries (such as variants of
BLAS [72]) which have well-optimized routines for dot product computation. This
gives it an advantage other plausible but more complex interaction functions such as

multilayer perceptrons or recurrent networks.

This however requires use to make a conditional independence assumption that
knowing a single frame of the document encoding is enough to determine the query’s

existence, i.e., that
Py (yala, X) = P(yaleq, ha). (3.6)

However, terms typically extend over several frames. For instance, if we set the frame
length at the document encoder to be 40ms, then a half-second long term occupies 12
or 13 frames. Therefore, each frame embedding needs to encode information about
the frames around it in order to be able to make the decision of whether it and its
neighbors contain that query, and the longer the query the more long term information

needs to be stored and recalled.

One consequence of this frame-independence assumption is that the document
encoder needs to be not just recurrent, but also bidirectional. To see this, consider
a document which contains the term “predict”, the encodings of each frame corre-
sponding to “pre-” need to be distinguishable from the encodings of “pre-” in, say,

“prelude” or “preface”, so that those would not be wrongly retrieved. Similarly, the
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encodings corresponding to “-sion” in “confusion”, need to be distinguishable from
those in “television” and “intrusion”. Therefore the document encoder needs to be
bidirectional because the LSTM’s forward direction is needed to disambiguate between
shared suffixes, while the reverse direction is necessary to disambiguate shared prefixes.
In other words, the reverse direction controls when occurrence probabilities should start

spiking and the forward direction controls when they should stop spiking.
3.3. Model Training

Training the model involves optimizing (3.2). Since this objective function has
no closed-form solution but is fully differentiable, we resort to gradient descent which
involves initializing the parameters to to some random values @ = 6° and taking steps
in the direction of steepest descent of the total negative log-likelihood. However, full
gradient descent is impractical because computing the gradient involves summation
over all phrases and utterances in the training set. A corpus of S utterances with W

words each would have O(SW?) elements in the double summation.

We therefore use mini-batch stochastic gradient descent (SGD), where we sample
a subset of the total dataset whose gradient approximates the gradient on the whole
dataset. At each training step, ¢, we compute the gradient with respect to the following

objective function

Ly, M

Jt = Z Z f (Z <qt,la Xt,l,m) ) y<qt,la Xt,l,m))y (37)

1=1 m=1
where {q;; ...q;,} is a mini-batch of L, queries sampled randomly from the set of
word unigrams, bigrams and trigrams of the dataset with L, < L; {X¢11,..., Xeim}
is a set of documents sampled from the dataset such that X;; contains g, ; while the
other M — 1 documents are sampled randomly; and f(-) is a modified binary cross-
entropy function defined as
N

f(Z7 y) = Z(lzn>l—¢ : (1 - yn) lOg(l - zn) + lzn<¢ A Yn log zn)a (38)

n=1
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where the labels have been down-sampled to match the output frame rate of the docu-
ment encoder. This objective function extends the binary cross-entropy objective with
the hyper-parameters A and ¢. When both are set to 1, the loss reduces to frame-wise
binary cross-entropy. A controls the relative importance of positive frames (frames
labeled 1) and negative frames (frames labeled 0), i.e., the relative cost of misses to
false detections; as A increases, positive frames labeled contribute more to the total
loss. ¢ is a strictness term controlling the sensitivity of the loss function to easily
clagsified frames; frames labeled 1 with sigmoid outputs above ¢ and frames labeled 0
with sigmoid outputs below 1 — ¢ do not contribute to the loss. Having ¢ < 1 prevents
the model from learning to better classify frames that are already well classified at the

expense of learning to classify difficult frames.

The training queries are sampled without replacement in a single epoch, i.e., a
single cycle through the entire list of training queries. In this cycle, multiple occurrences
of the same query are treated as different entries, so that, ultimately, each query is

sampled proportionally to how frequently it occurs in the training data.

As stated above, when sampling training documents for each query, we sample
only semi-randomly. For each query, we always include the document that contains it as
a positive document and randomly sample the other, negative, documents.? Although
this yields a biased estimate of the gradient, it is necessary from an optimization
perspective. Since for any specific query, the overwhelming majority of documents
do not contain it, fully random sampling virtually always yields mini-batches with
negative query-utterance pairings and, consequently, causes the model to converge to

a degenerate solution where it always outputs zero.

Finally, at training step ¢, the model update is

0" =0 — g(Vei Jy), (3.9)

2Note that although we refer to the randomly sampled documents as “negative”, there is a chance,
albeit a small one, that a negative utterance happens to contain the query. When this happens, it is
trained as if it were also a positive utterance, i.e., the scores of the frames containing the query are
increased while the scores of other frames are decreased.
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where Vg J; is the gradient of the objective function with respect to the current param-
eters of the model, and ¢(-) is a function whose specific form depends on the optimizer
used. For plain SGD, ¢(-) would be the identity function, but we use the Adam opti-
mizer [73] in our experiments, so ¢(-) also depends on moving averages of the first- and
second-order trajectories of the gradient. The update procedure is repeated until the

objective function stops improving on some held-out portion of the training queries.

3.4. Post-Processing for Keyword Search

After the model is trained, we can search by computing the vector of probabilities
z(q, X ), for a query q and each document X from the archive. Having obtained the
vector of probabilities, we still need to post-process them to obtain the timestamps
in the document hypothesized to contain the query, and the corresponding confidence

scores. The procedure, which is illustrated in Figure 3.2, is as follows:

(i) We zero-out the probabilities (z,) below some threshold a. This thresholding
is a necessary first step because it is otherwise impossible to determine discrete
values, {0, 1}, of y, since sigmoid outputs are strictly non-zero. « is a hyper-
parameter which we set to a = 0.5, although we found search performance to be
stable for settings of o between 0.4 and 0.7.

(ii) We pick the resulting “islands” of non-zero elements as our system hypotheses.
We return the locations of the first and last frame of each island as the timestamps
of query hits with the median probabilities of the islands serving as the confidence.

(iii) Finally, we prune out spurious hits by discarding hypotheses which are shorter

than 40msxnumber of letters in the query.

—— Model output
Ground truth

3
Time (s)

Figure 3.2. Post-processing of model output into KWS hypotheses.
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3.5. Multilingual Training

Modern neural networks require large and ever-increasing quantities of data to
train. This makes them difficult to apply in low resource settings, such as for languages
with scare annotated training resources. As most of the languages spoken in the world
fit in this low-resource categorization, it is necessary to explore training strategies
which can operate in the low-resource setting. One such strategy is transfer learning,
which involves increasing the effective training data by pretraining the neural network

on some related data and then finetuning it on the target data.

A popular transfer learning method for speech applications is multilingual pre-
training. The crux of multilingual pretraining is the observation that although dif-
ferent languages define different phonemic categories, the sounds that make up those
phonemes are often similar or shared across several languages. Therefore, it stands to
reason that a neural network trained with large quantities of data from other languages
could learn robust representations of human sounds which could then be finetuned to
the target language. We hypothesize that although the queries are (language-specific)
graphemes, the space to which they are transformed by the query encoder is an acoustic
one, i.e., that the search is transformed into the problem of searching for pseudo-speech
in actual speech. We further contend that beyond the grapheme representation, the
rest of the framework can be shared across various languages and propose to do mul-

tilingual training as a way of making our model usable in low-resource settings.
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Figure 3.3. Multilingual pretraining of E2E KWS system.
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Figure 3.4. Finetuning of E2E KWS after multilingual pretraining.

Our multilingual scheme, depicted in Figure 3.3 and 3.4, involves pretraining the
model with a pool of annotated data from several languages, and then finetuning it
on the target language. During multilingual training, the entire model is shared by all
languages, with the exception of the query encoder’s input embedding layer (since the
graphemes are language-specific). We train the model with the same objective as in the
monolingual setting (as described in Section 3.3). When sampling negative utterances
({ X2, .-, X)) for any given training query, g, ,;, we have the choice of sampling
utterances randomly across languages or sampling from within the same language as
the query. Empirically, we found no significant difference between either choice so we

stick sample negatives across language boundaries for simplicity.

When finetuning to a new language, we transfer only the pretrained document en-
coder and reinitialize the entire query encoder with random weights, then we train the
entire model on the target language’s training data. Empirically, we found that trans-
ferring the multilingually-pretrained query encoder as well (with the input embedding

layer randomly initialized) results in worse KWS performance.
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3.6. Discussion of Related Work

As we alluded in Section 2.2, the most relevant related work to ours are the con-
temporaneous works of [36] and [37] which also use dual-encoder architectures capable
of open-vocabulary keyword search in realistic settings, complete with the ability to
temporally localize the queries. Like us, they ensure that the speech encoders do not
lose temporal information, and use forced alignment to obtain the query locations at

training time.

In [36], the authors extend their prior work on closed-set keyword detection and
localization [74] to cover open vocabularies. A feedforward network takes the speech
and text encodings from a pair of encoders and returns a vector to be compared with
the text encoding. Their model has three outputs for each speech segment, a score in
(0,1) indicating the likelihood that the query was spoken and a pair of real numbers
denoting the timestamps of the hypothesized hit in the segment. By directly predicting
the temporal locations, they avoid the need to have any post processing step. This
however comes at the cost of having to run the feedforward network for every query-
utterance pair at search time, as opposed to the simpler matrix-vector product that
we use for the query-utterance interaction. Therefore, the search can become orders
of magnitude slower since each feedforward layer with output dimension of F' is a

matrix-matrix product which has F' times the cost of matrix-vector product.

In [37], the authors propose a very similar structure to our model with the dif-
ference that, instead of acoustic features, they use phonetic confusion networks output
from an external ASR system as the speech representation. This allows language model
information to be indirectly incorporated into the KWS model. However, it also means
that creating the document representation requires full ASR decoding. Note that in
some of our experiments, we will use acoustic features extracted from neural networks
including features from a pretrained ASR model, extracting these features only requires
passing data through the neural network—comparable to acoustic modelling—and not

the costs and complexities associated with traversing the ASR decoding graph.
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3.7. Experiments and Results

In this section, we conduct experiments to analyze various components of the
proposed model. First, we describe experiment setup. Then we analyze how various
training parameters affect the model performance. Finally, we analyze how the perfor-
mance of the model changes with different query properties and compare and contrast

to how those same properties affect a conventional ASR-based model.

3.7.1. Setup

In this section introduce the setup for our experiments: the dataset on which
we experiment, the acoustic feature representations used in our experiments and the
metrics which we use to quantify the outcomes of those experiments. Additionally, we

provide details on the model and training hyper-parameters for the proposed model.

3.7.1.1. Dataset. We conduct our experiments on the IJARPA Babel corpus of con-

versational telephone speech [75]. The Babel dataset contains recordings of telephone
conversations across 26 languages. Of these languages, we select 5 target languages—
Assamese, Bengali, Pashto, Turkish and Zulu—on which we evaluate the performance
of various models. These languages cover a large geographic span from northern India
to South Africa and feature various idiosyncrasies including: the syllabic Assamese and
Bengali, the exclusion of vowels from Pashto orthography, the agglutinative morpholo-
gies of Turkish and Zulu, and the clicks and tones that feature extensively in Zulu.
The wide linguistic coverage of our experiments make it unlikely that any inferences

we draw will be hyper-specific to some language or language clusters.

For each language, we use the limited language pack (LLP) training set as the
paired training data for training models. The LLP contains 10 hours of training data
for each language. Although our models benefit from having larger training sets, this
setting mirrors the reality for most languages of the world for which training data is

scarce.
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Table 3.1. Query distribution per language.

LANGUAGE | ARCHIVE | QUERIES | OOV RATE
Dev 1959 30%
Assamese
Eval 2709 13%
Dev 1966 35%
Bengali
Eval 2597 15%
Dev 1757 25%
Pashto
Eval 2370 14%
Dev 283 28%
Turkish
Eval 1625 28%
Dev 1986 40%
Zulu
Eval 1408 27%

Furthermore, the Babel dataset is curated not just for ASR but also KWS with
standard query sets for each language and test archives with transcriptions aligned, a

standardization which facilitates reproducible KWS experiments.

In addition to the training data, each language has a pair of spoken archives from
which we search for various queries. The development (Dev) set contains 10 hours
of speech. It is on this set that we tune hyperparameters of our models such as the
normalization, fusion parameters and the score thresholds. The evaluation (Eval) set
is a five-hour? archive on which we solely test our models which we have trained on the
training dataset and whose hyperparameters have tuned on the development dataset.
Each archive is provided with a list of test queries, some of which are OOV, i.e., they
contain words which are not encountered in the training data. Table 3.1 shows the

number of queries per language as well as the proportion of queries which are OOV.

For experiments involving multilingual pretraining, we use the LLP data from 17

other Babel languages—totaling around 170 hours—to pretrain the KWS model.

3The full Eval set contains around 15 hours of speech per language. However reference annotations
required for performance evaluations have been released publicly for only five-hour subsets.
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3.7.1.2. Acoustic Features. We consider three types of acoustic features—one spectral

and two neural-network-based—as the input document representations:

()
(i

(iii)

13-dimensional Mel-frequency cepstral coefficients (MFCC) with 10ms frames.
42-dimensional multilingual bottleneck features (BNF) with frame length of 10ms.
Our BNF extractor is a multilingual acoustic model with a time delay neural
network [76] architecture which we trained in block-softmax fashion [48] to classify
clustered context-dependent triphone states on 19 Babel languages’ LLP data.
1024-dimensional XLS-R features with frame length of 20ms. The features are
extracted from the transformer architecture of [77] which was pretrained on data
from 128 languages with the unsupervised Wav2vec2 objective [78]. We extract
features from the 15th layer of the 300-million-parameter XLS-R model using the
code published with the paper? .

3.7.1.3. Metrics. We report results in terms of the variants of the term weighted value

(TWYV) [79] which are widely used for evaluating KWS performance [79-81]. For each

query, a KWS system returns a list of hits, i.e., a list of locations (utterance identifier

and timestamps) within the archive purported to contain query, each with an associated

confidence score. For any nontrivial test setting, some of these hypotheses are bound to

be false, so the system also provides a threshold below which the scores are considered

to be irrelevant. In this setting, there are two kinds of errors:

e Misses occur when the system returns no hits for a location which contains the

query, or if it does return a hit but with a score lower than the threshold. Note
that it is extremely unlikely to get an exact match in timing between the system
hits and the reference. Even human annotators might disagree about the exact
word boundaries at a resolution smaller than a few tens of milliseconds. There-
fore, we follow a convention of accepting a hit if its midpoint is within a 500ms

neighborhood of each other of an actual reference location of the queried term.

4https://github.com/facebookresearch /fairseq/tree/main/examples /wav2vec/xlsr
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e False alarms (FA) occur when the system returns a hit with a score above the

threshold at a location which does not actually contain the queried term.

TWYV provides a measure of recall and precision at a global, query-independent, thresh-

old. For a set of queries Q and threshold &, the TWYV is defined as

qeQ
where
C
ﬁ—‘—/(P%—l). (3.11)

C' is the cost of a false alarm, V is the value of a correct detection and Pr is the
prior probability assigned to a query in a single trial. Following the NIST STD evalu-
ations [80,82], we set ‘Q/ to 0.1 and Pr to 107%, yielding 8 = 999.9. For each query q,
the quantities Pp;ss(q, &) and Pra(q, &), which respectively denote the probabilities of

misses and false alarms at threshold &, are defined as

Neorreet(q,€)
Ntrue(q)
Nra(q,§)

nrps X 1T — Ntrue(q)’

Pmiss(Q)S) =1-

Pra(q,§) = (3.12)

where

Neorrect(q,€) is the number of correct hits of ¢ with a confidence score above the

threshold &.

Nirue(q) is the actual number of occurrences of ¢ in the archive.

Nra(g,€) is the number of false detections of ¢ with confidence score above &.

T is the length of the archive in seconds.

nrpg is the number of trials per second. Following [82], we set nrpgs = 1.

Overall, we observe that a higher TWYV value corresponds to a better system; a
perfect system which returns hits in all the correct locations and no false alarms would
have a TWV of 100, while a system with no outputs whatsoever (no false alarms and

no misses) would have a TWV of 0. Finally, a system with a preponderance of false



30

alarms could have negative TWV up to —1005.

Since different queries tend to have different score distributions and term weighted
value requires setting a single global threshold, it is necessary to normalize scores per

query. For this, we use the keyword specific thresholding normalization method [83].

We report the following variations of the TWV to measure different aspects of

KWS system performance:

(i) The actual term weighted value (ATWYV) is the measure of TWV at the selected
threshold. We report ATWV on Eval sets after tuning the threshold on the
corresponding Dev set.

(ii)) The maximum term weighted value (MTWYV) is the value of the TWV at the
threshold that maximizes it. Generally, we report MTWYV on the Dev sets.

(iii) The optimum term weighted value (OTWV) is the MTWV with a term specific
optimal threshold for each query. The OTWYV shows how well the scores are
ordered for each query.

(iv) The supremum term weighted value (STWYV) is the TWV if the cost of false

alarms is considered to be zero. It measures the overall recall rate of the system.

3.7.1.4. Model Configuration. We use a pair of recurrent encoders in our E2E KWS

model: an LSTM-based document encoder and a GRU-based query encoder.

The query encoder has a 32-dimensional input embedding layer for converting
the (discrete) text query into a sequence of vectors. The embedding layer is followed
by two bidirectional GRU layers with 256 units each and a final affine projection layer

with 400-dimensional output.

The document encoder has six BLSTM layers with 512 output units each, fol-
lowed by an affine projection layer with output dimension of 400. We apply Dropout
regularization [84] with probability 0.4 between successive BLSTM layers. We down-
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sample the output of some of the BLSTM layers so that the each output frame spans
a duration of 40ms; when using MFCC or BNF which have 10ms frames at the input,
we down-sample after the first and fourth BLSTM layers each time by a factor of two;
for XLS-R which has 20ms input frames, we down-sample by a factor of two after the

fourth layer.

3.7.1.5. Training Hyper-Parameters. By default, we set the parameters of the training

objective (Equations 3.7 and 3.8) to be ¢ = 0.7, A =5 and M = 4. We will analyze

the impact of each of these parameters in turn in subsequent sections.

When training, we randomly sample and set aside 10% of the training query
n-grams for validation. We use the Adam optimizer [73] for stochastic gradient opti-
mization. We use a mini-batch size (L;) of 32 for monolingual training and finetuning;
for multilingual pretraining, we use a batch size of 256. We start optimization with
a learning rate of 2 x 10™* and halve the learning rate whenever the validation loss
stagnates for four epochs (with an epoch defined as a single loop over the training

queries). We stop training whenever the validation loss stagnates for 10 epochs.

1 ?‘ ———————— ground truth
$=0.6
f - —— ¢=07
— ¢=0.38
— ¢=0.9
— ¢=1.0
.
0 2 4 6

Time (s)

Figure 3.5. Outputs from the KWS model for an example query-utterance pair from

the Turkish development set under various settings of the training objective tolerance

(#).
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Figure 3.6. Variation of ATWYV with ¢ on the evaluation sets.

3.7.2. Effect of Loss Function Parameters

In this section, we analyze the impact of the hyper-parameters of the loss function,
¢ and A from Equation 3.8. Recall that A is the weight given to positive training frames
(frames which contain the training phrase), while ¢ controls the allowable margin
beyond which no loss is incurred. When both values are set to 1, the objective becomes
the classic binary cross-entropy objective. All models here use bottleneck features as
input without any pretraining or speed perturbation. First we vary the tolerance (¢) of
the loss function with A fixed to 5. Figure 3.5 depicts the output, z(q, X ), of models
trained with various values of ¢ on an example from the Turkish dev set. All settings
of ¢ track the correct shape, outputting high values where the ground truth, y(q, X ),
is 1 and low values where the ground truth is 0. However, the degrees with which they
do so vary, with increasing ¢ unsurprisingly resulting in more extreme separation of

positives from negatives.

Figure 3.6 shows the ATWYV as ¢ changes. We observe that ATWYV shows little
variation with the choice of ¢ except for ¢ = 1 where we observe significant ATWV

degradation, implying that the exact value of ¢ is not crucial so long as it is not 1.
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Figure 3.7. Variation of STWV with ¢ on the evaluation sets.

Figure 3.7 shows the variation of STWV (which solely measures recall) with ¢.
We find that setting higher values of ¢ generally increases the STWV and may be

preferred for applications requiring higher recall at the expense of precision.

40 !

—— Assamese
—— DBengali
—=— Pashto
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Figure 3.8. ATWYV on the evaluation sets as the weight of positive frames A in the

training objective is varied.
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Figure 3.9. STWV on the evaluation sets as the weight of positive frames A in the

training objective is varied.

Figures 3.8 and 3.9 show the TWV as A is varied with ¢ fixed to 0.7. The
ATWYV increases with A until around 5 where it peaks, and then falls off as A is further
increased. This indicates that the decrease in precision that accompanies increasing
A starts to hurt the overall ATWV. Thus, the correct setting of A seems tied to the

relative costs of false alarms to misses and must be set based on the task at hand.

However, we note that the recall, as measured by STWYV increases monotonically
with A. This behavior is expected as increasing A makes the training objective prioritize
detecting positive locations over suppressing negative ones. Thus, a higher setting of
A is more appropriate when recall is paramount e.g. when another, higher-precision,

model will be used to rescore the hits.

3.7.3. Effect of the Ratio of Negative to Positive Training Utterances

For each training phrase, we sample M utterances, one of which is the utterance

from which the current training phrase is taken. The other M —1 “negative” utterances

are sampled randomly. In the experiments so far, we have set M = 4.
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Figure 3.10 and 3.11 show the result of varying M in BNF-based models. In-
creasing M has two obvious effects on the optimization; it reduces the approximation
error due to the sampling process and it inadvertently up-weights the contribution of

negative samples to the loss function (effectively, it reduces A).

We argue that the ATWV improvements we observe in Figure 3.10 are a result
of the first effect, because, as we have already seen in Section 3.7.2 (and Figure 3.8),
decreasing A does not improve the ATWV; furthermore, doubling (or even quadrupling)
it does not degrade the term weighted value to the extent that reducing the number of

negatives by setting M = 2 does.

However, the second effect has an impact on STWYV, which, as Figure 3.11 shows,
decreases strictly as M increases. This is due to a “broken-clock” effect, where models
trained with lower M (similar to models trained with smaller A) have higher recall sim-
ply by virtue of returning far more hits, whether spurious or correct, as a consequence

of seeing a lower number and diversity of negative training utterances.

40 \
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Figure 3.10. ATWYV on the evaluation sets as the ratio of negative training utterances

is varied.
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Figure 3.11. STWYV on the evaluation sets as the ratio of negative training utterances

is varied.

Finally, we see that with M = 8, we get a good enough approximation and that
increasing M further does not lead to significant improvements in ATWV-even slightly

degrading the performance for Bengali and Pashto.

3.7.4. Effect of Down-Sampling

Our document encoder features a pair of down-sampling steps after the first and
fourth BLSTM layers. Thus, the output document encodings are down-sampled by a
factor of 4, resulting in smaller document storage and computational requirements. In
this section, we analyze the effect of the total amount of down-sampling on keyword

search performance.

Figure 3.12 shows the ATWYV as the total down-sampling factor varies between
1, 2, 4, 8 and 16. We note that the ATWV improves as we introduce down-sampling,
decreases slightly as the down-sampling factor is increased from 2 to 4, and starts to
degrade upon further down-sampling. With a down-sampling factor of 16, the ATWV

becomes almost equal to not having any down-sampling at all.
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Figure 3.12. ATWYV on the evaluation sets as the down-sampling rate is varied.

Overall, we infer that having down-sampling—within some bounds—does not
just maintain accuracy but actually improves it, while also being faster. We ascribe
this improvement to the difficulty of learning very long range dependencies within the
model encodings. For instance, to correctly localize a query of length 500ms at a frame
rate of 10ms, each BLSTM hidden state would have to contain information spanning at
least 50 frames; after down-sampling by a factor of 2, this burden reduces to 25 frames
etc. Beyond the optimal down-sampling rate, the search fidelity starts to degrade,

ostensibly due to the excessive loss in resolution.

These arguments are supported by the results in Figure 3.13 which shows the
ATWYV improvement or degradation for queries of different length as the down-sampling
rate is varied. The systems with down-sampling generally perform better as the query
length increases supporting the hypothesis that without down-sampling, the system
struggles to model long-term dependencies. On the other hand, as the rate of down-
sampling is increased, the model struggles with detecting shorter queries (see for in-
stance the performance with down-sampling rate of 16), supporting the idea that loss

of resolution eventually limits feasible amount of down-sampling.
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Figure 3.13. Average difference in ATWYV of systems with various down-sampling

factors when compared to the system with no down-sampling.

3.7.5. Impact of Multilingual Pretraining

In this section, we experiment with methods to increase the effective training data
by using speed perturbation [85] and multilingual pretraining. As is common practice
in speech recognition, for speed perturbation, we create two extra copies of the training

data by perturbing the speaking rates by factors of 0.9 and 1.1 respectively.

First, Table 3.2 shows the effect of speed perturbation on KWS performance.
In the “System” column of the table, “Raw” denotes models trained without speed
perturbation or multilingual pretraining, “+SP” denotes models trained with the speed
perturbation on the target language, and “4Pretrain” indicates multilingual pretrained

models which are finetuned with speed perturbation on the target language.

We observe that speed perturbation leads to significant improvements regardless
of input feature, with much higher relative improvements on MFCC. Therefore, in

subsequent experiments, we use speed perturbation by default.



and augmentations.

Dev MTWV Eval ATWV

Language | System | MFCC | BNF | XLS-R | MFCC | BNF | XLS-R
Raw 6.1 16.3 26.4 6.6 18.2 25.1
Assamese +SP 6.8 18.8 31.2 8.9 214 | 313
+Pretrain | 13.2 | 23.2 | 33.8 14.3 | 23.4 | 33.8
Raw 5.2 16.4 29.8 5.8 16.0 274
Bengali +SP 8.9 205 | 323 8.8 21.1 | 308
+Pretrain | 13.9 | 23.5 | 374 13.0 | 22.4 | 33.5
Raw 4.9 11.7 224 6.9 15.2 26.3
Pashto +SP 7.9 14.5 | 259 10.6 18.1 | 28.8
+Pretrain 9.4 16.3 | 27.8 11.4 | 20.3 | 32.2
Raw 18.1 29.1 41.2 7.9 17.8 34.8
Turkish +SP 244 | 31.0 | 44.2 135 | 23.7 | 36.8
+Pretrain | 31.6 | 37.6 | 47.2 18.2 | 24.7 | 40.3
Raw 4.7 16.4 | 31.3 6.6 179 | 289
Zulu +SP 9.9 235 | 358 12.3 | 253 | 34.1
+Pretrain | 15.9 | 26.4 | 38.0 17.7 | 26.8 | 36.0
Raw 7.8 18.0 | 30.2 6.8 17.0 | 285
Average +SP 11.6 21.7 33.9 10.8 21.9 324
+Pretrain | 16.8 | 25.4 | 36.9 14.9 | 23.5| 35.1

39

Table 3.2. TWYV of E2E KWS on the Babel Dev and Eval sets with various features

Table 3.2 also shows the effect of multilingual pretraining on KWS performance.
Here, in order to limit computational costs, we only use speed perturbation when
finetuning, and not when pretraining. We observe significant improvements on the
baseline, on top of the improvements from speed perturbation, regardless of input
feature type. This is despite the fact that both the BNF and XLS-R already contain

multilingual information.
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3.7.6. Performance of Queries with Various Properties

In this section, we analyze the performance of the proposed model on queries of
various properties. Specifically, we analyze how the performance of the model changes
depending on whether the query in question is in-vocabulary or out-of-vocabulary, as
well as how the performance changes with length of the query. We compare the result

to how the same factors affect conventional ASR-based systems.

Table 3.3. Evaluation set IV and OOV term weighted values for the proposed system,
a hybrid ASR-based KWS system and the fusion of both systems.

ATWV OTWV
Language System IV | OOV | Al IV | OOV | Al
ASR-based 34.6 | 16.2 | 32.2 | 50.1 | 29.2 | 474
Assamese Proposed 23.6 | 19.0 | 23.0 | 40.9 | 33.5 | 39.9
ASR-based + Proposed | 40.7 | 26.1 | 38.7 | 55.8 | 44.5 | 54.3
ASR-based 35.8 | 27.8 | 34.6 | 50.8 | 39.0 | 49.0
Bengali Proposed 26.3 | 22.0 | 25.6 | 41.1 | 374 | 40.5
ASR-based + Proposed | 41.1 | 33.8 | 40.0 | 56.4 | 50.5 | 55.5
ASR-based 35.0 | 12.7 | 31.9 | 51.5 | 244 | 47.8
Pashto Proposed 22.0 | 135 | 209 | 39.3 | 284 | 37.8
ASR-based + Proposed | 38.0 | 18.9 | 36.2 | 55.1 | 36.2 | 52.5
ASR-based 46.2 | 279 | 40.5 | 62.5 | 41.9 | 56.7
Turkish Proposed 29.0 | 26.7 | 284 | 46.1 | 454 | 45.9
ASR-based + Proposed | 50.3 | 35.0 | 46.6 | 65.9 | 54.0 | 62.6
ASR-based 37.6 | 23.5 | 33.8 | 50.8 | 36.5 | 47.0
Zulu Proposed 279 | 25.3 | 272 | 41.3 | 39.7 | 40.9
ASR-based + Proposed | 41.3 | 33.2 | 39.7 | 56.3 | 48.8 | 54.3
ASR-based 37.8 | 21.6 | 346 | 53.1 | 34.2 | 49.6
Average Proposed 25.8 | 21.3 | 25.0 | 41.7 | 36.9 | 41.0
ASR-based + Proposed | 42.3 | 29.4 | 40.2 | 57.9 | 46.8 | 55.8
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For this comparison, we use BNF as the E2E KWS model input with speed
perturbation and multilingual pretraining, and we increase the number of training
negative utterances by setting M = 8. For the ASR-based system, we build a TDNN-
based [76] hybrid ASR model.

In order to have a fair comparison, the TDNN acoustic model is pretrained on the
same data we use for multilingual pretraining of our model, and finetuned on each target
language with speed perturbation applied for both pretraining and finetuning. We use
a word-subword hybrid index where IV queries are searched in a word-based index while
OOV queries are searched in a syllabic one. Both the word and the subword lattices
are obtained using respective word and syllabic trigram Kneser-Ney-smoothed [86]
language models which we found to perform better than higher order language models
in this low-resource setting. We use the official lexicon provided in the Babel corpus to
get IV word pronunciations and to train a Sequitur grapheme-to-phoneme converter [87]

for generating OOV pronunciations.

3.7.6.1. In-Vocabulary vs Out-Of-Vocabulary Queries. Table 3.3 shows the performance

of the ASR-based KWS system and proposed system on IV and OOV queries. We find
that the proposed model has much smaller discrepancy between IV and OOV perfor-
mance than the ASR-based system. With the exception of Pashto, the difference in
between IV and OOV queries is always under 5 ATWYV points.

In terms of ATWYV, the proposed system slightly outperforms the ASR-based
baseline system for OOV queries but lags it significantly for IV queries. This is some-
what expected, especially in the low-resource settings, as the baseline has a strong
guide for IV queries in the word language model, an advantage that is diminished for

OOV queries, even with a subword language model and index.

We also report the OTWYV, which slightly favors the proposed model compared
to the baseline. For IV terms, the relative average degradation between the proposed

system and the baseline is reduced from 32% in ATWV to 21% OTWYV. For OOV
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terms, the relative improvement is increased from par to 8%. This suggests that part
of the performance difference is due to the score normalization being better suited to

the baseline rather than qualitative differences in the models.

Finally, we report the results of fusion, where we combine the hitlists from both
systems by weighted summation of scores with weights tuned on the development
sets. We find that the performance of the baseline is significantly improved by score
fusion; around 12% on IV and 36% on OOV ATWYV, with similar improvements in
OTWYV. This underscores the potential benefit of deploying both systems in tandem
where computationally feasible. Note that we use BNF as our E2E models’ acoustic
features in the comparisons in this section. The equivalent model with XLS-R features
outperforms the ASR-based system on all queries by an average of +2.6 ATWV (and
constitutes, to our knowledge, state-of-the-art performance on this dataset). However,
we do not use it in the following comparisons these as we believe the BNF model, which
does not include any more external pretraining data than the ASR system, makes for

a fairer comparison than XLS-R.
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Figure 3.14. Average difference in ATWYV of various systems when compared to the

ASR-based baseline as query length varies.
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3.7.6.2. Query Length. We have seen that while our approach does not distinguish

much between IV and OOV queries, its IV performance trails that of a strong ASR-
based KWS baseline. To find the root of this difference, we compare the performance

of the systems on queries of various length.

Figures 3.14 and 3.15 show the average (across languages) difference in ATWV
between the proposed model and the baseline. Negative values indicate query lengths
for which the baseline is better and positive values indicate query lengths for which
the proposed system is better. Note that although it is not conveyed in these fig-
ure, all systems—including the baseline—have better performance as the query length
increases. Even so, we find that in general, the baseline performs better for shorter
queries, both systems perform comparably for mid-length queries, and the proposed
system performs better for long queries. Finally, we observe that fusion outperforms
the baseline regardless of query length.  These results are not surprising as short
queries are both easier to miss and easier to falsely spot, and the ASR-based system
being able to leverage contextual information provided by the language model helps it

better find short queries.
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Figure 3.15. Average difference in OTWYV of various systems when compared to the

ASR-based baseline as query length varies.
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Figure 3.16. Cumulative distributions of query lengths for each evaluation set.

Figure 3.16 shows the distribution of query lengths per language. As the figure
shows, the queries in the Pashto evaluation set are quite short, with over 50% of queries
being less than 5 letters long. This partly explains why our model performs worse for

Pashto than the other languages.
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4. JOINT SPEECH AND TEXT RETRIEVAL

Keyword search, like other speech applications, benefits significantly from lin-
guistic information. Consider a search for the query “eyeful” in an archive containing
an utterance whose transcription is “I fully agree with you on this, Doctor Adigun”. If
the search were conducted based solely on acoustic characteristics, the beginning of the
utterance “I full-” would be wrongly returned as a hit. The only way to disambiguate
in such situations is through linguistic context, e.g., the knowledge that “Eyefully agree

with...” is syntactically implausible.

The paired speech-text data used to train the KWS model provide a crucial
source of this linguistic information. However, if we trained solely to such paired
data, we would be ignoring a readily-available source of linguistic information, namely
unpaired text corpora. Since these text corpora typically dwarf the size of paired
corpora, they cover larger vocabularies with more expansive linguistic constructs that
could significantly benefit KWS. Furthermore, incorporating text from an unpaired text
corpus which covers a domain for which no paired training data is readily available could
make the improve the KWS system’s ability to accurately index and search archives in

that domain.

The probabilistic formulation of ASR provides a principled mechanism for in-
corporating such unpaired text into ASR-based KWS models, namely the language
model. The unpaired distribution can be used to train a better, possibly more domain-
appropriate, LM, i.e., to better estimate the prior probability distribution over words
which, when combined with the likelihood model (a neural network), yields a better

estimate of the posterior distribution of words given audio.

The E2E KWS framework which we have introduced in Chapter 3 simplifies
the KWS pipeline by directly modelling probabilities of query locations without going

through intermediate step of modelling probabilities of words. However, due to this
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loss of modularity, it cannot incorporate linguistic knowledge in the form of an LM.
Therefore, we propose an alternative approach of integrating linguistic knowledge from

external text corpora into the model.

In the proposed text integration framework, we generalize the location prediction
paradigm to text modality. In addition to training the model to search for text in
speech, we simultaneously train it to search for text in text. Doing so allows us to
better learn from text-only corpora the linguistic contexts that can support various

queries.

4.1. Baseline End-to-End Keyword Search

This section recapitulates the E2E KWS model described in Chapter 3—which we
refer to as Baseline End-to-End Keyword Search(BeKWS) in this chapter. BeKWS—
depicted in Figure 4.1—is a model trained to predict the probabilities of a query oc-

curring in each frame of a spoken document.

-

Query encoder

Document encoder

)
X
|
{ Feature extractor }

|

kilimanjaro MM»

Figure 4.1. Simplified schema of the BeKWS model.
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For a (possibly multi-word) query ¢ = (q1, 2, - - ., qx) comprising a sequence of
K letters and a document X = (x;, x,, ..., xy) comprising a sequence of N acoustic
frames, the model is used to predict the sequence y(q, X) = (y1,...,yn), where each
yn € {0,1} is a binary random variable indicating the existence of the query, i.e.,
1, if q is spoken in X in a time span including n

Yn = (4.1)
0, otherwise.

The model has parameters @ comprising a document encoder and a query encoder.
Given the query g and the document X, the model outputs the sequence z(q, X) =

(21,...,25) of query occurrence probabilities where

2p = a(hgeq,), (4.2)

where h; is the nth frame of H x, a down-sampled representation of X computed by
the document encoder; e4 is the vector representation of the query computed by the
query encoder, and o(-) is the logistic sigmoid function. Thus, z; can be interpreted

as P(;(yﬁ = 1lq, X)

Given a training dataset, X', containing a set of spoken utterance and their tran-
scriptions, the model is trained by stochastic gradient descent to minimize the negative
log-likelihood of the indicators

0" = argminz Z Z—long<yn|q, X), (4.3)

¥  geoxex n
where the training queries are taken from Q, the set of all unigrams, bigrams, trigrams
in the transcripts of X', and the word-level timestamps required for training are obtained
by forced-alignment with an HMM-GMM-based ASR system trained on the KWS

training data.
4.2. Joint Speech and Text Retriever

The approach we propose for incorporating unpaired text into E2E KWS, Joint
Speech and Text Retriever(JOSTER)—depicted in Figure 4.2—involves modifying the
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document encoder of BeKWS to accept not just acoustic inputs but also textual ones,

so that queries can be retrieved from not just spoken documents but also written ones.

To achieve this, we introduce a text document pre-encoder with trainable pa-
rameters, 8"**. The pre-encoder transforms a written sentence into a sequence in the
space of acoustic features. The resulting sequence is fed into the document encoder
as if it were a sequence of actual acoustic features in which a query’s location will be

searched.

The pre-encoder’s input is a written document presented as a sequence W' =
(w1, ..., wy) of N containing letters {w;} with no spaces between them. We mask and

repeats the letter in the document before inputting them into the pre-encoder.

First, we mask the sentence to obtain W = (1, ...,Wy), where

. with probability 7,
W, = (4.4)
wy,, with probability 1 — 7,
where _is a special mask symbol. The masking acts as a form of regularization, a la
Dropout, on the input sequence.
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Figure 4.2. Proposed JOSTER model.
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After masking, we incorporate a rudimentary duration model transforming the

~ text . . ~
input to W = (w1, ...,wy) where each w, is obtained by simply repeating w, p
times. For instance, the phrase W' = thecat might be converted by masking to

=~ text ~ text

= t_ec_t, and then, if p =2, to W = tt__eecc__tt.

This final representation is then input into the text pre-encoder—a recurrent
neural network with an embedding lookup input layer with parameters 8°“*—to obtain
X' which can then be used in the same way as document in BeKWS. Note that
X" depends on both the written document and the parameters of the neural network,
and would perhaps more correctly be denoted as X' (W' '*'). However, here

and henceforth, we omit this dependency from the notation for better readability.

As explained in Section 4.1, for spoken documents, we seek the sequence of oc-
currence indicators, y(q, X ), which is defined by whether the query is spoken at a time
span of the document. For written documents, the we seek the corresponding sequence,
y(q, X"*") which is similarly defined by whether the query occurs exactly at a given
location. For each letter in the document, the occurrence indicator is 1 if it occurs as
part of a subsequence of words which are identical to the query; otherwise it is 0. In the

~ text

example above, with document sentence W*** = thecat and W = tt__eecc__tt,

for a query g = cat,

y(g, X*"") = 000000111111. (4.5)

For any query q, we can use Equation 4.2 to get the occurrence probabilities

z(q, X) and z(q, X"*"), corresponding respectively to the sequence of probabilities
N

{Po(yalq. X) }2[:1 and { Py (ya|q, X'") }ﬁzl, with the parameters @ shared by both

the text-speech retriever and the text-text retriever.
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4.3. Training

The JOSTER training procedure closely follows the BeKWS training procedure
described in Section 3.3, with modifications made to accommodate the differences

between the models.

We train the model jointly on a paired speech-text dataset, X', and an unpaired
text-only one, X% using gradient descent. At each training step, t, we sample be-
tween the datasets with 50 : 50 probability. When the paired dataset is sampled, then
the training step is identical to that described in Section 3.3. When the unpaired

dataset is sampled we compute gradients with the analogous objective

Ly, M

Jo=3 12 (@ X e, XI5 ), (4.6)

I=1 m=1
where {qy;...q;,} is a mini-batch of L, queries sampled randomly from the set
of unigrams, bigrams and trigrams of X", { X1, ... X%} are the pre-encoder
outputs from {W',ffftl, ey W'}ff'}w}, a set of documents sampled from the dataset such
that {W',ffftl} contains gy, while the other M — 1 documents are sampled randomly;

and f(-) is the same modified binary cross-entropy function used in BeKWS

N

flz,y) =— Z(]lzn>1_¢ (1 —yn)log(l —z,) + 1., <4 A-yylog zn>. (4.7)

n=1
The parameters € and 8°** are trained with a stochastic gradient-based optimizer. This
entails initializing them with random parameters and the updating them iteratively,

as in Equation 3.9, in the direction of steepest gradient descent.
4.4. Keyword Search with Joint Speech and Text Retriever

After the model is trained, we discard the text pre-encoder as it is not required
for KWS. Thus, for indexing and search, JOSTER becomes effectively identical to
BeKWS. Finally, we post-process the output of the query and document encoders for

KWS using the procedure described in Section 3.4.
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Table 4.1. Statistics of the training text corpora.

Language Assamese | Bengali | Pashto | Turkish | Zulu
LLP vocabulary size 7661 7993 6186 10110 | 13764
FLP vocabulary size 22033 24339 | 17640 | 38311 | 54295
LLP OOV rate (%) 12.6 13.1 114 19.2 20.3
FLP OOV rate (%) 1.6 2.1 2.3 6.5 6.7

4.5. Experiments and Results

In this section, we conduct experiments to analyze various aspects of the pro-
posed JOSTER model. First, we describe the experiment setup including datasets,
input features, metrics and model configuration. Next we present a macro KWS per-
formance comparison between JOSTER and BeKWS. Then we analyze the effect of the
text representation hyperparameters on search performance. Afterwards, we conduct
experiments to understand how JOSTER achieves its improvements with analyses of
the effect of the size and choice of unpaired text, the performance difference on various
kinds of queries and, finally, the effect of the domain of the unpaired text on KWS

performance.

4.5.1. Experimental Setup

The setup of the experiments in this chapter follows those in the previous chapter

(Section 3.7.1) with a few differences, which we highlight in this section.

4.5.1.1. Datasets. We conduct the bulk of our experiments on the IARPA Babel corpus

described in Section 3.7.1.1. As with the experiments in Chapter 3, we use the limited
language pack which contains about 10 hours of training data per language as the
paired training data. In addition, we use the text from the full language packs (FLP)
as the unpaired text for each language. These contain 5-6 times as many sentences per

language as the LLP subsets.
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We also use the same 10-hour Dev sets and a 5-hour Eval sets, with the same
query sets. Table 4.1 gives a summary of the text data for each language including the
size of the paired text lexicon, the size of the unpaired text lexicon, and the proportion
of evaluation queries which are OOV with respect to each text source. We note that

Turkish and Zulu, both agglutinative languages, have larger vocabulary sizes and higher

OOV rates.

In addition to these, we use the LLP data from 19 other languages of the Babel
corpus (about 190 hours in total) for multilingual pretraining of the KWS model—
which we showed to significantly improve KWS performance for BeKWS in Chapter 3—
in order to measure whether and how well the proposed method can be used to improve

a strong multilingually-pretrained KWS baseline.

In addition, we experiment with data from the Turkish Broadcast News (BNTR)
in the multi-domain experiments of Section 4.5.8, and we use the Librispeech corpus
of read speech [88] in Section 4.5.9 where we compare with a TTS-based text augmen-

tation scheme.

4.5.1.2. Acoustic Features. We mainly use features from the pretrained 300 million

parameter XLS-R model [77] as the acoustic input to our KWS system. In Section 4.5.2,
we also report results using multilingual BNF as an alternative acoustic input, giving
us another axis along which to analyze the performance of the proposed joint training

method. See Section 3.7.1.2 for more information about these acoustic features.

4.5.1.3. Metrics. We use the same TWYV metrics as in the previous chapter as the

main metrics for measuring system performance. In addition, we report Detection
Error Tradeoff (DET) curves in Section 4.5.2. The DET curves show a plot of miss
probabilities vs false alarm probabilities for a KWS system, giving a more holistic view
of keyword search performance. KWS systems with DET curves closer to the lower-left

corner of the plot have better false alarm to miss trade-offs and are thus considered
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better.

4.5.1.4. Model Configuration. We base the architecture of our model on the architec-

ture described in Section 3.7.1.4. The only difference is the text pre-encoder, for which
use a configuration comprising an 32-dimensional embedding layer for computing vec-
tor representations of each grapheme in the written document, followed by a single

BLSTM layer with 512 output units per direction.

The other difference is that here, we use the same amount of down-sampling (a
single down-sampling by a factor of 2 after the fourth encoder BLSTM layer) in the
document encoder for both the BNF and XLS-R input. Therefore, the frame length at
the encoder output for XLS-R features remains 40ms while the BNF encoder output

has 20ms frames.

4.5.1.5. Training Hyper-Parameters. For the text-document representation, we set the

masking probability to 7 = 0.3 and the duration to p = 2. For the training loss function,
we set the positive frame weight to A = 5, the tolerance parameter to ¢ = 0.7 and the

number of training utterances per query to M = 4.

For JOSTER training, we randomly sample and set aside 10% of the training
query n-grams from the paired data for validation and we use the Adam optimizer for
stochastic gradient optimization. We use a mini-batch size (number of queries per train-
ing step) of 32 for monolingual training and finetuning; for multilingual pretraining,
we use a batch size of 256. We start optimization with a learning rate of 2 x 10™* and
halve the learning rate whenever the validation loss stagnates for four epochs and stop
training whenever the validation loss stagnates for 10 epochs. This is nearly identical
to BeKWS training, with the exception that, since training involves sampling batches
uniformly between the paired and much larger unpaired datasets, here we define an

epoch as 10000 training steps instead of the size of either dataset.
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Table 4.2. TWV comparison between the BeKWS and JOSTER models.

BNF XLS-R XLS-R*
Language | System | Dev | Eval | Dev | Eval | Dev | Eval
BeKWS | 17.3 | 179 | 26.4 | 25.1 | 34.0 | 34.0
Assamese

JOSTER | 22.5 | 23.5 | 30.2 | 30.5 | 37.9 | 37.6
BeKWS | 184 | 17.0 | 29.8 | 274 | 35.1 | 34.2

Bengali
JOSTER | 24.8 | 23.1 | 34.2 | 32.7 | 40.9 | 38.7
BeKWS | 135 | 16.3 | 224 | 26.3 | 29.9 | 334

Pashto
JOSTER | 14.9 | 18.5 | 25.9 | 30.4 | 31.5 | 35.2
BeKWS | 29.2 | 21.6 | 41.2 | 344 | 46.0 | 42.0

Turkish
JOSTER | 35.3 | 26.8 | 46.6 | 39.2 | 48.6 | 43.8
BeKWS | 214 | 22.5 | 31.3 | 289 | 39.8 | 36.2

Zulu

JOSTER | 25.9 | 25.7 | 39.0 | 35.8 | 44.4 | 42.2
BeKWS | 20.0 | 19.1 | 30.2 | 284 | 37.0 | 36.0

Average
JOSTER | 24.7 | 23.5 | 35.2 | 33.7 | 40.7 | 39.5

4.5.2. Performance Comparison to Baseline End-to-End Keyword Search

In this section, we compare the performance of JOSTER to BeKWS across lan-
guages and feature kinds. Table 4.2 shows the term weighted values for each of the five

test languages.

For the baseline (BeKWS), as already noted in Section 3.7.5, XLS-R features
significantly outperform BNF across languages—with a difference on average of 4+10.2

MTWYV on the Dev sets and +9.3 ATWYV on the Eval sets.

Furthermore, the XLS-R* setting—which uses speed perturbation, multilingual
pretraining of the document encoder (Section 3.5) and increased the number of training
utterances per query, with M increased from 4 to 8—improves the BeKWS performance

is increased by an additional +6.8 Dev MTWYV and +7.6 Eval ATWYV on average across
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languages, showing that BeKWS with XLS-R features can be improved with multilin-

gual KWS pretraining despite the fact that XLS-R feature extractor is a multilingually

trained neural network.
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Figure 4.3. DET plots showing the evolution of misses and false alarms on the (a)

Assamese, (b) Bengali, (c) Pashto, (d) Turkish and (e) Zulu evaluation sets for

BeKWS (B)

and JOSTER (J).
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We find that JOSTER invariably improves the TWV by considerable margins
compared to BeKWS in each setting (BNF, XLS-R, XLS-R*). For BNF, the improve-
ments across languages average +4.7 for Dev set MTWYV and +4.4 for Eval set ATWV.
For raw XLS-R features, the respective improvements increase slightly to +5 and +5.3.
When finetuning the multilingually pretrained model with XLS-R features, we get av-
erage improvements of +3.7 and +3.5 by using JOSTER instead of BeKWS. Note
that we use the same multilingual model-—which is trained without unpaired text—to

initialize the document encoders for both BeKWS and JOSTER.

The DET plots in Figure 4.3 provide an even more comprehensive picture of the
performance difference. In each test language, JOSTER outperforms BeKWS across
virtually all operating points of the plots; i.e., at any given recall rate, JOSTER incurs
fewer false alarms than BeKWS, further strengthening the significance of JOSTER’s

performance superiority.

4.5.3. Text Pre-Processing

As described in Section 4.2, when computing the representation of written doc-
uments during training, we first mask with probability = = 0.3 and repeat each token
p = 2 times. In this section, we quantify the significance of these choices on retrieval

performance.

Figure 4.4 shows the MTWV as 7 is varied with p fixed to 2. We find that
even without masking (at 7 = 0), JOSTER already outperforms BeKWS by +3.5
MTWYV. This runs counter to our original intuition that without masking, retrieval
from written sentences could be too trivial to aid learning. Nevertheless, setting 7 to
0.15 further improves MTWYV by an average of +1.9. Increasing 7 further starts to
worsen performance. We note that although MTWYV varies with the masking rate,
only at extreme values (7 > 0.9) does it get worse than the baseline, indicating that
the joint training is robust across a large range of 7. We surmise from these results

that having unpaired text input is crucial, and the masking acts as extra regularization



o7

in the vein of Dropout.

Figure 4.5 shows the performance of JOSTER as p is varied with 7 fixed to 0.3.
JOSTER outperforms the baseline across all the settings of p we tried. Although the
average MTWYV at p = 2 is better than the MTWV at p = 1, by 1.4, the latter may
still be preferred as the computational cost of the text document pipeline increases
linearly with p. Finally, we consider a more involved duration model (denoted p in the
figure), where we set p for each letter to be its average duration—estimated by forced-
alignment with graphemic HMMs trained for each language. We find that this added
complexity yields no TWV improvements. In fact, it generally degrades performance

compared to fixed duration with 1 < p < 4.

Overall, we note that although both parameters can change the performance of
the system, the variance is low enough that JOSTER still outperforms BeKWS over

large ranges of either parameter.
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Figure 4.4. MTWYV on the development sets as the masking rate of text documents is

varied.
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Figure 4.5. MTWYV on the development sets as the duration of each letter in text

documents is varied.

4.5.4. Number of Negative Utterances per Training Step

In this section, we measure the impact of the number of negative examples in
each training step. Instead of fixing M = 4 for both paired and unpaired batches, we

vary them in turn:

e M(audio): We set M = 4 for unpaired batches and vary it between 2, 4 and 8
for paired batches.
o M(text): We set M = 4 for paired batches and vary it between 2, 4 and 8 for

unpaired batches.

Figure 4.6 shows the impact of these variations. In both cases, increasing M increases
the MTWV | although M (audio) has higher impact compared to M (text). This however

comes at the cost of increased compute and memory cost for each training step.
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Figure 4.6. Average MTWYV on the development sets as the number of negative

utterances per training step is varied.

4.5.5. Number of Shared Layers

So far, the we have fed the output of the text pre-encoder into the document
encoder. In this section, we experiment with feeding the text pre-encoder into inter-
mediate layers of the document encoder, so that the number of layers shared between
the paired and unpaired objectives is varied and the pre-encoder learns to generate

features in the LSTM hidden space instead of the input feature space.

Figure 4.7 shows that the Dev set MTWYV generally improves as more layers
are shared. It is particularly noteworthy that when no layers are shared by the two
modalities” document encoders the MTWYV is almost identical to the BeKWS MTWYV,
even though the query encoder shared as always. This indicates that the performance
improvements result from using the unpaired text to improve the (acoustic) represen-
tations learned by the document encoder rather than simply having more text data for

training the query encoder.
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Figure 4.7. MTWYV on the development sets as the number of layers shared between

the two training tasks is varied.

4.5.6. Size of Unpaired Text

In this section, we measure the impact as we change the amount of unpaired text
used for the auxiliary text-to-text task and report the results in Figure 4.8. First, we
compare using the FLP text as has been done so far to using the LLP text (denoted as
LLP and FLP respectively in the figure), i.e., using the transcripts of the paired data
as the “unpaired” text. The LLP text performs significantly worse than using the FLP

text and, in three of the five languages, worse even than BeKWS.

Next, to test how much of this degradation is due to data size and how much of it
results from using the same text as the paired data, we create three random subsets of
the FLP text (with the LLP text excluded) each with the same number of sentences as
the LLP text. We report the MTWYV of the best (S-max) and worst (S-min) performing
of these splits for each language. We observe that even the best split performs much
worse than the full FLP indicating the size of the augmentation text matters. However,
we also observe that even the worst random split outperforms the LLP text, indicating

that textual diversity is also crucial.
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Figure 4.8. MTWYV on the development sets as the size and composition of unpaired

text is varied.

Finally, we report a topline (Dev+Eval) where we use the text from the tran-
scriptions of the Dev and FEval sets as the unpaired text for training, and find that,
unsurprisingly, it outperforms using even the larger FLP text. While it is unrealistic
to assume that the transcription of the test set can be obtained beforehand, this shows

that further improvements can be obtained if it can be somewhat anticipated.

4.5.7. In-Vocabulary and Out-of-Vocabulary Queries

In this section, we quantify how much improvement we get on various queries

depending on whether or not they exist in the unpaired text.

Figure 4.9 shows the ATWYV difference between JOSTER and BeKWS across

languages for queries that are:

(i) OO: OOV with respect to both the KWS LLP training data and the FLP text.
(ii) OI: OOV with respect to the KWS LLP training data but in the FLP vocabulary.
(iii) II: In-vocabulary with respect to both the LLP training data and the FLP text.
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Figure 4.9. ATWYV differential between the proposed system and the baseline on

different subsets of the eval sets’ queries.

The worst average improvements over BeKWS (40.84 on average ATWV) are
achieved for OO queries (which form a minute proportion of all queries as shown in
the OOV-F column of Table 4.1), with performance even degrading for two of the five
languages. For Ol and 11 queries, we get consistent significant improvements (+5.7 and

+5.3 average ATWYV respective improvements).

Overall, we infer that JOSTER improves the document encoder’s representation
of words which are in the augmentation text regardless of whether or not they actually

exist in spoken form in the paired data.
4.5.8. Performance in Mismatched Domain Setting
So far, we have trained and tested exclusively with Babel data. In this section,

we experiment with Turkish data from various domains with various configurations of

paired and unpaired data. The objective for doing so is twofold:
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(i) To what extent is the matching domain necessary? In other words, can we im-
prove the TWV in one domain by using text from a different domain?

(i) Is text-only domain adaptation possible? Given paired training data in one do-
main and a test set in another domain, how much can we improve the test set

performance using unpaired text from the target domain?

To answer these questions, we conduct experiments on two Turkish language datasets.
In addition to the Turkish Babel dataset used in previous experiments, we use Turkish

Broadcast News (BNTR) for KWS training and testing.

To match the training data size of the Babel LLP corpus, we use a 10-hour
subset of BNTR from the VOA channel® for training. We select two 10-hour subsets
from the remaining BNTR data as Dev and Eval sets. Since the BNTR dataset has no
official keyword lists, we randomly select 1500 queries composed of equal proportions
of unigrams, bigrams and trigrams for each of the Dev and Eval sets with OOV rates
of 11.7% and 6.5% respectively. We experiment with three text corpora for unpaired
training: Babel FLP text, BNTR—unpaired text from the Broadcast News dataset
totalling around 180 hours and text from Turkish Wikipedia. The first two allow us to
measure the impact of using text from the test domains, while Wikipedia stands as a

control corpus.

Table 4.3 shows the results of training with various configurations of paired and
unpaired data on the different test sets. First, we note that the BNTR results are
generally better than the Babel ones, which is to be expected as the former corpus
contains news recordings of professional newscasters while the latter contains conver-

sational speech recorder over telephone channels.

For each test set, we get improvements by using JOSTER regardless of the un-
paired text used for joint training. However, we get the largest improvements when we

use text from the target domain to augment training.

®https://catalog.ldc.upenn.edu/LDC2012506
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Table 4.3. TWV on the Turkish Babel and Broadcast News datasets as the paired

and unpaired training data are varied.

Training data Test set
Paired | Unpaired BNTR Babel

System | speech text Dev | Eval | Dev | Eval
BeKWS | Babel - 55.8 | 56.1 | 41.2 | 34.4
JOSTER | Babel Babel 64.1 | 64.1 | 46.6 | 39.2
JOSTER | Babel | Wikipedia | 68.5 | 67.6 | 41.2 | 37.5
JOSTER | Babel BNTR | 74.6 | 74.1 | 46.5 | 40.8
BeKWS | BNTR - 84.8 | 86.1 | 24.2 | 20.5
JOSTER | BNTR Babel 86.5 | 87.8 | 29.2 | 274
JOSTER | BNTR | Wikipedia | 87.6 | 88.6 | 26.1 | 25.7
JOSTER | BNTR | BNTR | 89.0 | 89.8 | 28.3 | 25.6

In the cross-domain setting where we train with the paired Babel data and test on
BNTR, JOSTER with the Babel FLP text improves the Dev MTWYV and Eval ATWV
by +8.3 and +8.0 respectively compared to BeKWS. Augmenting with Wikipedia text
results in further +4.4 and +3.5 Dev and Eval improvements compared to using the
Babel FLP text. Finally, using BNTR (target domain) unpaired text provides further
improvements of 46.1 and +6.5 compared to Wikipedia. This final result cuts the gap
to a topline of using BNTR data for training by 65% and 60% on the Dev and Eval

sets respectively.

In the converse cross-domain setting (training with BNTR paired data and testing
on Babel), we observe a similar trend where JOSTER using Wikipedia improves on the
performance of BeKWS, with further performance gains obtained from using BNTR
text, and the best performance resulting from using Babel text. We note, however,
that the performance improvements are not as dramatic in this case—likely due to the
difficulty of transferring the BNTR-trained model to the difficult acoustic conditions
of the Babel data.
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Table 4.4. TWYV on the Libri-Light corpus.

Clean Other

System Unpaired text | Dev | Test | Dev | Test
BeKWS - 73.2 | 72.7 | 62.2 | 62.3
JOSTER Wikipedia 79.2 | 79.8 | 67.8 | 69.5
JOSTER | Librispeech-100 | 82.6 | 83.0 | 71.7 | 72.7
TTS Librispeech-100 | 85.0 | 84.9 | 67.8 | 67.8

Finally, when training and testing within the same domain, we observe that
JOSTER generally improves the TWV compared to BeKWS even with unpaired text
from other domains. This holds even for BNTR which already has a high baseline

performance.

Overall, these results add an extra dimension to the results so far, showing that
the proposed joint training method performs well, not just across languages—as shown
in previous sections—but also across domains within the same language. Furthermore,
they suggest that training JOSTER with unpaired text from a domain most improves
search performance on test sets in that domain, providing a good alternative when

domain-specific data is limited.

4.5.9. Comparison with Text-to-Speech-Based Text Augmentation

In this section, we compare our proposed method with TTS-based unpaired text
integration, where we use an off-the-shelf T'TS model to synthesize speech for the
unpaired text and train with the resulting data. Here, we experiment with English
language corpora due the difficulty of obtaining high-quality open-source TTS systems
for other languages. Specifically, we use the 10-hour Libri-light corpus [89] as the paired
KWS training data and the 100-hour Librispeech training set [88] as the unpaired data
for JOSTER and TTS. For JOSTER, we also experiment with text from Wikipedia.

We use the Coqui xXTTS system [90] for speech synthesis. We test on the standard
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Librispeech test splits (Dev-clean, Test-clean, Dev-other and Test-other) with around

1300 randomly generated queries for each test split.

Table 4.4 shows the results of these experiments. JOSTER, even with Wikipedia
text, improves across all dev and test sets, and further, although the best performance
is achieved when the in-domain Librispeech-100 text is used. Similarly, using TTS for

data augmentation significantly improves KWS compared to BeKWS.

Compared to JOSTER, we note that TTS performs better on the “clean” test
sets and performs worse on the more acoustically-challenging “other” sets. This high-
lights a difference between the two approaches. JOSTER, being text-based, is more
channel-agnostic and is more influenced by linguistic similarities between the unpaired
text and the target. TTS, on the other hand, is also influenced by channel match
between the output of TTS (which is typically clean speech by design) and the test au-
dio. Although, the impact of TTS augmentation on KWS could plausibly be improved
by augmentation with artificially generated noise, reverberations or room impulse re-
sponses, an in-depth exploration of TT'S-based augmentation is out of the scope of this

paper. Moreover, these add extra complications which JOSTER does not have.
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5. CONCLUSION

In this thesis, we have presented a novel end-to-end framework for keyword search.
We introduce a dual-encoder architecture which converts the KWS problem into a
vector matching problem, with vector representations of queries compared with frame-
wise representations of documents. Thus, we avoid the cumbersome step of ASR in
cataloging and searching speech archives. For training the proposed architecture, we
propose an objective function based on a modification of the binary cross-entropy
objective. We show that the proposed method is not only efficient but also an effective

KWS system which achieves competitive performance with an ASR-based system.

Next, noting that end-to-end frameworks like ours tend to be data intensive, we
adopt multilingual pretraining as a strategy for improving performance in low-resource
settings. We pool data from several languages for pretraining—effectively increasing
the size of the model’s training data—and then finetune on target languages. We
show that such multilingual pretraining leads to improved search performance across
all tested languages and acoustic features even when such acoustic features already

have a multilingual provenance.

Finally, we present a joint speech and text retriever for improving E2E KWS by
learning from unpaired text. While training the KWS model to retrieve text queries
from spoken documents, we simultaneously train it to retrieve text queries from written
documents. Since this latter objective only requires text, it allows us to train on
large text corpora which we would otherwise be unable to utilize. We show that
this joint training objective improves KWS across several languages, acoustic features
and domains by improving the document representations of the terms in the unpaired
corpora. We further show that by jointly training on paired data from one domain
and unpaired text from another, we can obtain significant improvements in search
performance in the latter domain, demonstrating the utility of joint training for text-

only domain adaptation.
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We see several avenues for future work to build on the work presented in this

thesis:

(i)

(iii)

Our framework uses a dot product as the only interaction function between doc-
ument and query embeddings. While this allows very efficient search, it also
places a heavy burden on the document embeddings by forcing them to encode
enough information about their neighborhoods to confidently make search deci-
sions. Future work could improve the search accuracy by incorporating (possibly
recurrent) decoders that allow more complex interaction between the query and
document embeddings. To mitigate the resulting explosion in computational cost,
a two-pass approach could be utilized, whereby a first pass based on the efficient
method we have presented here retrieves a list of hypotheses from the full archive
and the costly second-pass would only be run on this much reduced set.
Although we have limited our explorations so far to KWS, having a vector-space
framework allows more intricate retrieval that would not be feasible in an ASR-
based system. Slight modifications of the proposed network and objective func-
tion can allow other forms of spoken content retrieval such as (possibly multilin-
gual) query-by-example, or searching by speaker or language identity within the
same model.

The JOSTER method which we proposed for integrating unpaired text into train-
ing could be extended to improve end-to-end training of other spoken retrieval
tasks, such as spoken question-answering, for which the size of extant text training

data far exceeds the size of available paired speech data.
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