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Speech to Text to Semantics:
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Chair of the Supervisory Committee:
Gina-Anne Levow
Linguistics

Spoken language understanding entails both the automatic transcription of a speech utter-
ance and the identification of one or more semantic concepts being conveyed by the utterance.
Traditionally these systems are domain specific and target industries like travel, entertain-
ment, and home automation. As such, many approaches to spoken language understanding
solve the task of filling predefined semantic slots, and cannot generalize to identify arbitrary
semantic roles.

This thesis addresses the broader question of how to extract predicate-argument frames
from a transcribed speech utterance. I describe a sequence-to-sequence system for spoken
language understanding through shallow semantic parsing. Built using a modification of the
OpenSeq2Seq toolkit, the system is able to perform speech recognition and semantic parsing
in a single end-to-end flow. The proposed system is extensible and easy to use, allowing for
fast iteration on system parameters and model architectures.

The system is evaluated through two experiments. The first experiment performs a speech
to text to semantics transformation and uses n-best language model rescoring to generate the
best transcription sequence. The second experiment executes the same transformation pro-
cess, but generates transcriptions through shallow language model fusion. Both experiments

evaluate several combinations of speech recognition models and semantic parsers.
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Chapter 1

INTRODUCTION

A key facet in building artificially intelligent systems is providing the computational
means to understand human language, and enabling a machine to exhibit generalized spoken
language understanding (SLU) has been at the forefront of Al research for many decades
[24]. Indeed, finding robust techniques to identify, for example, who did what to whom given
some speech utterance is a crucial step in facilitating such an understanding. This thesis
investigates one such technique through the design and implementation of a neural system
for mapping speech to semantically annotated transcriptions.

The system described herein is designed with an end-to-end philosophy, in that it tran-
scribes speech and classifies predicate-argument roles in a single shot without requiring
hand-engineered features. It accomplishes this by treating SLU as a multi-stage sequence-
to-sequence task and uses encoder-decoder neural network architectures to generate data
representations at each stage of the pipeline. The pipeline for this task is comprised of three
distinct and configurable modules: a speech recognizer, a language model, and a semantic

role labeler.

1.1 DMotivation

Spoken language data is notoriously difficult to leverage in higher-level natural language
processing (NLP) tasks like classification and tagging; many automatic speech recognition
(ASR) systems focus solely on generating word transcriptions, without giving regard to
concepts such as punctuation boundaries and syntax. Moreover, data sources are often noisy
and unreliable in physical world environments, and ASR tools tend to perform rather poorly

as a result. This can be attributed to both the complexity of modeling natural human speech



and the inability for many ASR systems to generalize to out-of-domain speech phenomena

([49],[61]).

Certain semantically-oriented speech tasks like dialogue slot-filling suffer from similar
problems. Nonetheless, dialogue systems have demonstrated promising results in extensible
SLU across domains like travel, media, and more. For example, Yu, et al. [93] describes
a task-oriented state tracking system which is adaptable to new dialogue domains through
a combination of rule-based and statistical modeling. The model is evaluated across two
question answering domains, namely, restaurant search and tourist information, and is found
to be domain extensible. There are several other similar examples of handling generalized
and non-task-specific conversational dialogue systems which map speech to text to semantics

([89], [72], [13], [35], among others).

The broader question of how to derive meaningful and consistent semantic information
from spoken language remains largely unanswered. While the recent advancements in con-
versational slot-filling are critically important to dialogue-based tasks, other speech tasks
which require higher levels of semantic abstraction might not necessarily benefit from the
same advancements [8]. For example, tasks like predicate-argument identification entail more
universal semantic roles than a dialogue system operating within the context of travel sup-
port [34]. Systems that perform tasks like semantic parsing must be generalizable and robust

to the many potential issues of an ASR transcript.

The research presented herein addresses the technical challenges of building and eval-
uating an end-to-end system for semantically annotating speech transcripts. I describe a
cohesive architecture for jointly transcribing speech and identifying full predicate-argument
frames within the transcription. I evaluate the system performance by cross-validating with
unseen speech corpora. The system is modular and allows for quick experimentation with
different types of models, with a particular focus on models within the sequence-to-sequence

domain that can be represented through encoder-decoder architectures.

Specifically, this research investigates:



e Joint cross-domain speech recognition and semantic analysis,

e Modular system compositions, and

e Practical training procedures for multi-task systems.

I seek to answer two central questions through this investigation. The first question is
whether or not end-to-end systems are suitable for this type of task. End-to-end machine
learning has become a prevalent focus for nearly every NLP discipline, and popular models
tend to learn direct alignments between input data and corresponding labels without re-
quiring hand-engineered features. Semantic role labeling (SRL) models are traditionally de-
pendent on linguistically-informed features like syntax, and generating those features would
require significant processing for data such as speech transcriptions. To mitigate this issue,
my system takes inspiration from recent developments in syntax-agnostic SRL, where models
are not reliant on discrete linguistic features.

The second question is to understand the levels at which certain model architectures can
interoperate to provide salient outputs. Encoder-decoder models learn in a two-step process:
firstly, they encode data into a latent vector representation; and secondly, they decode that
representation into output symbols. The fidelity of the output symbols is heavily influenced
by the type of network used to encode the data. Particular attention is given to output

samples of each model architecture used in the experimentation.

1.2 Preliminary Concepts

This section provides a review of fundamental concepts in spoken language processing and
computational semantics. The experimentation described in subsequent chapters of this
thesis is inspired by recent work in neural speech processing and semantic classification, and
the remainder of this chapter begins to lay the necessary foundation for deeper understanding

of both disciplines.



1.2.1  Automatic Speech Recognition

Speech recognition is the process of transcribing waveform data into discrete sequences of
words. This process traditionally utilizes two primary components: an acoustic model for
aligning spectral features to grapheme sequences, and a language model for aligning grapheme
sequences with word transcriptions. In the simplest case, speech decoding can be mathe-
matically formalized:

A

W = arg max P(W|O) (1.1)
weD

where W = wy, ws, ..., w, is a sequence of words for all w; € D, and O = 01,09, ..., 0, is a set

of acoustic observations. Using Bayes’ Rule, equation P(W|O) may be computed as follows:

O[w)P(W)
P(0)

Equation 1.2 effectively defines the usage of both the acoustic and language models.

pawio) = 2 (12)

During the training process, the two models are tuned to accurately estimate P(O|W) and

P(W), respectively.

Acoustic Modeling

An acoustic model is a collection of statistics about the sounds which make up a particular
word. The most widely adopted methodology for acoustic modeling is through a combination
of Gaussian mixture models (GMMs) and hidden Markov models (HMMs) [29]. GMMs are
immensely useful for modeling complex data distributions, and with enough data they can
model probabilities with high accuracy using the Expectation-Maximization (EM) algorithm
[92].

For speech data, however, the GMM alone is insufficient; GMMs have no concept of
temporality and are thus unable to model sequence information. The GMM-HMM paradigm
mitigates this shortcoming with the addition of the HMM component, which provides the



ability to model the sequential nature of speech. An HMM models sequences of states such
that for some state s; € S, the probability of symbol or € O occurring at step ¢ is b;(k) =
P(X; = og|s; = i), where X, is an observable event sequence. For GMM-HMM acoustic
models, each state transition represents a phoneme or grapheme which helps constitute the

pronunciation of a word. State emissions contain a GMM probability density function:

NE

bj(x) = N (X, fjk, Xijk) (1.3)

T

1

where ¢;;, is a component weight value, and N(x, f;1, ;1) is a Gaussian density function
with observation vector x, mean vector (i, and covariance matrix X .

The GMM-HMM model is particularly important because an observation sequence com-
prised of acoustic data is not part of a discrete space [46]. In outputting GMM probability
density functions with every state emission, the model is able to seamlessly map the obser-
vation data from a continuous space into a discrete space. In the case of speech recognition,
this means training a GMM-HMM model to map spectral feature vectors to sequences of
labels. The model would estimate b;(x) for each frame of the input signal.

The downside to the GMM-HMM approach is that training a good model is somewhat
inefficient when the data is on a non-linear manifold in vector space. Research has shown
that human speech data indeed lies on a lower dimensional manifold embedded within a
higher dimensional feature space [28]. Similarly, GMM-HMM models are unable to process
large chunks of contextual information, potentially missing long-distance dependencies which
could benefit the target output sequence. Deep learning is one mitigation technique for these
shortcomings.

Deep learning has taken ASR research by storm; effectively all modern speech systems
use some type of neural network at the acoustic level as an alternative to GMMs, since they
can both model nonlinear data and capture contextual information during training. Hybrid
systems, such as the ones described by Li et al. [58] and Dahl, et al. [22], use DNN-HMM

acoustic models to learn frame-level alignments between acoustic features and grapheme



sequences. While neural networks are inherently better classifiers than GMMs, the hybrid
systems nonetheless suffer from inefficiently complex training mechanisms and the inability
to support robust large-vocabulary speech recognition [37].

End-to-end speech recognition is an area of research which seeks to solve the shortcomings
of hybrid systems and simplify the entire ASR pipeline [5]. End-to-end models accomplish
this by providing architectures with are more cohesive and flexible. For example, the model
described by Graves & Jaitly [37] is a recurrent neural network (RNN) encoder which maps
spectral feature inputs to latent vector representations, and then uses a separate neural
network model to decode the latent vectors as grapheme sequences. Because of the separa-
bility of the encoder and decoder, the model can map a variable-length input sequence to a
variable-length output sequence. RNN models iterate over equations 1.4 and 1.5, which are

adapted from Graves & Jaitly [37]:

he = g(Winxy + Wyphe—q + by) (1.4)

Y = Wiohy + b, (1.5)

where input vector x is a sequence of input features, h; denotes the latent vector output
at timestep t, and W is a trainable weight matrix. ¢ denotes the specific RNN function,
which can be anything from a Long Short-Term Memory (LSTM) to a Gated Recurrent Unit
(GRU) ([44], [16]). Utilizing multiple layers of RNNs has been shown to outperform hybrid
systems ([37], [4]).

Language Modeling

The language model component of an ASR system estimates the conditional probability of

a token given the set of previous tokens:

P(W) = Hp(wiml,wg, Wi1) (1.6)



When the size of vocabulary D is large, equation 1.6 becomes computationally expensive
to calculate. Practical applications of language modeling often apply an equivalence function
®(W)_1) which bounds the context of the feature space to Wy_1 = wq, ws, ..., wg_1. This type
of context constraint makes the language modeling problem much simpler to compute. For
example, a language model using a trigram equivalence function estimates the probability of

a token given only the last n — 2 tokens:

n

PW) = Hp(wi’wif%wifl) (1.7)

i=1

Setting higher values for n allows the model to consider more context. Estimating equa-
tion 1.7 is indeed more practical than equation 1.6, but models are still significantly limited
in their ability to generalize to previously unseen tokens. Neural language models seek to
mitigate the generalization issue by jointly learning both a probability function for the lan-
guage model and a feature vector embedding for each word in the vocabulary, such that
contextually similar words are mapped closer together in vector space [6]. The experiment
in Bengio, et al. [6] is shown to support out-of-vocabulary words by predicting a potential

feature vector based on the context of the unseen words.

1.2.2  Semantic Role Labeling

Semantic classification is the task of identifying semantic relationships among constituents
in a sentence [34]. SRL is a shallow parsing technique and sequence labeling task, where a
token string is aligned with corresponding labels indicating the semantic role of each token.
Semantic roles traditionally encompass various predicate types and argument types.

1) Variations of semantic alienments for the predicate ‘gave’
( g p g

a. Bob gave Alice a gift .

[giver Bob | gave [Leceiver Alice ] [entity-given a gift | .

b. Bob gave a great tour of the building .

[giver Bob | gave [entity-given a great tour of the building ] .



c. The senator gave a great speech to last night’s crowd .

The senator | gave | a great speech | to [ last night’s

[giver entity-given receiver

crowd | .

SRL tasks can be subcategorized into predicate identification, argument identification, or
a combination of the two. The seminal work by Gildea & Jurafsky [34] focused on argument
identification by chaining together multiple classifiers. Some modern approaches provide a
unified model to jointly predict predicates and arguments ([42], [11]). This thesis focuses on

the joint task of full frame predicate-argument identification.

Semantic Roles

In the examples provided by (1), the semantic roles of giver, receiver,and entity-given
annotate the context sentences, filling the expected roles of the predicate gave. The collection
of a predicate and its roles is called a semantic frame.

Identifying the actors which constitute a semantic frame is typically a two-step process:
firstly, the model identifies the context predicate; and secondly, the model infers the ar-
guments associated with that predicate. This process is aligned with Fillmore [31], who
proposes that multiple types of roles exist which are specific to their corresponding predi-
cate. That kind of verbal analysis assumes that any given frame has argument roles which
may not be present for a different frame.

Proper predicate-argument characterization is a pervasive issue for computational seman-
tics in general. Specific roles like giver and receiver are only applicable in certain contexts,
and training a classifier to accurately align every possible role is implausible. PropBank
labeling [62] is a common semantic annotation convention which specifies a more widely
applicable label set. Argument labels are represented through an incremental numbering
schema, namely, Arg-0, Arg-1, and so forth. Using PropBank styling, predicate usages are
grouped with associated argument types in framesets, which specify both the syntactic usage

of the predicate as well as the associated arguments:



(2) Frameset excerpts for predicate ‘gave’

a. Frameset give.0l, ‘transfer’
Arg-0: giver
Arg-1: thing given
Arg-2: entity given to
Ez: [Arg-O Bob | gave [Arg-2 Alice | [Arg-l a gift | .
b. Frameset give.17, ‘yield’
Arg-0: thing yielding
Arg-1: to what
Ez: | Arg-0 Bob ] will eventually give in to | Arg-1 the pressure of his work ].

The examples provided by (2) are adapted from the PropBank frame file repository.
Palmer, et al. [62] note that the argument naming convention is extensible to an any num-
ber of predicates; the exact mapping from argument label to semantic role is defined per
predicate, but a classifier would only need to identify the high-level label. This dramatically

decreases the size of the label space, making the task much more tenable.

Machine Learning for SRL

Some of the earliest successful attempts at SRL involved machine learning techniques, includ-
ing classical methods like maximum entropy [7], support vector machines [10], and log-linear
models [39]. SRL has also become a common application for neural network architectures.
Collobert, et al. [21] provides an early architecture comprised of n-gram word selections,
word vectors, and feed-forward computation for successful (best reported F; = 74.15) se-
mantic parsing. In recent years, RNNs and convolution neural networks (CNNs) have also
been successfully applied to SRL [84].

Traditional SRL models use syntactic features to inform a downstream classification
model [90]. Several neural approaches to SRL encode syntactic labels as part of a feature

vector ([88], [51], among others). For example, a model might represent words as concate-
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nated vectors w = w® @ wP*, where w® € R% are word embeddings and wP** € Ros
are part of speech embeddings. The additional context provided by w??® helps the model
learn that words with certain parts of speech are frequently associated with certain semantic
roles. He, et al. [41] defines the SRL task as a prediction of the best label sequence y € T

associated with the embedding vector:
y = w 1.8
y = arg Ig}g% f(w,y) (1.8)

where f(w,y) computes a probability distribution over the label set.

The specific syntactic features vary depending on the model architecture, and no set
standard exists. In the simplest case, generating the alignments in (1), for example, can be
done by estimating P([|#), where [ is the semantic role and 6 is a set of parameters. In Gildea
& Jurafsky [34], the parameter set includes features such as the constituent head word, phrase
type, and parse tree paths because the authors claim that such features help to characterize
the syntax-semantics relationship between predicate and argument. Alternatively, Kasai, et
al. [51] presents a state-of-the-art SRL model using tokens, parts of speech, lemmas, and
syntactic features derived from dependency parses. Some models, such as the one described

in Strubell, et al. [82], are trained to jointly predict predicates, arguments, and syntactic

labels.

1.3 Roadmap

Chapter 2 is a deep dive into two sets of encoder-decoder neural networks: three ASR models
and two SRL models. Focus is placed on evaluating different variations of encoder-decoder
architectures and how they function as end-to-end solutions for their respective tasks. After
reviewing each model, I introduce a different approach to semantically annotating speech

transcripts [79], which I use as a baseline system.

Chapter 3 begins with an introduction to the OpenSeq2Seq toolkit [54] for sequence-
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to-sequence experimentation®. Then, I discuss the primary contributions of this thesis: an
augmented OpenSeq2Seq pipeline for bootstrapping an arbitrary number of postprocessing
models for tasks like language model rescoring and semantic tagging. I also describe a novel
implementation of the popular Listen, Attend and Spell model to be compatible with the
toolkit. The chapter concludes with a discussion on the system compositions which are used
to evaluate the speech to text to semantics task, including the concepts of data augmentation
and model fusion for establishing an end-to-end flow.

Chapter 4 provides an experimental analysis of the system’s performance. I briefly
overview the training environment hardware and review the comprehensive training pro-
cedures for both the ASR and SRL model sets. I then describe the implementation of the
baseline system and present all experiment results. The chapter concludes with an analysis
of the results and potential error mitigation techniques.

Chapter 5 concludes the thesis by reviewing the major contributions and experimentation
results. The primary conclusions are that (i) end-to-end approaches to the ASR-SRL task
are viable, and spoken language data can indeed be annotated with semantic roles without
requiring intermediate feature extraction; and (ii) more sophisticated system structures to
incorporate techniques like joint multi-task training or deep fusion could further improve the

state of the art.

IThe base toolkit is freely available at https://github.com/NVIDIA /OpenSeq2Seq
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Chapter 2
MODEL SURVEY

The previous chapter overviewed the foundations of speech processing and shallow seman-
tic parsing. With the necessary groundwork in place, this chapter surveys recent literature in
encoder-decoder models for the ASR and SRL tasks. The two foci of the chapter are model
descriptions and prior research efforts in semantically parsing speech transcriptions. I focus
the model discussions entirely on encoder-decoder architectures, providing a description of
each model and how they function as end-to-end solutions for their respective tasks. The
final section of this chapter introduces work from Shrestha, et al. [79], which I use as a

baseline system.
2.1 End-to-End ASR

For the speech recognition module, three encoder-decoder variations are considered: Deep-
Speech2, Jasper, and Listen Attend and Spell. This section provides a deep dive into the

architectures, training procedures, and nuances of each model.

2.1.1 DeepSpeech?2

DeepSpeech?2 is an end-to-end encoder-decoder model from Baidu Research [2], and one of
the first successful ASR systems built entirely with a neural network. The model learns a
direct alignment between spectrogram features and output graphemes. The network accepts
a time-windowed vector of audio features x,gi),t =0,...,7% —1 as input and learns an output
distribution y(;) corresponding to the input utterance. The label distribution at each time

step is p(ls|x), where [; is an entry in the lexicon of the target language. The model uses

a GPU-enabled Connectionist Temporal Classification (CTC) loss function [36] to learn the
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character-level alignment.

DeepSpeech2 contributed several major breakthroughs in ASR research. Firstly, the au-
thors note that the model is extensible to multiple languages, with successful experiments
on both English and Chinese corpora. Secondly, the model has become a mainstream ASR
commodity; training a sufficient speech-to-text model requires no expertise in the target lan-
guage and several implementations are available for further experimentation or production
use. Finally, and perhaps most importantly, the DeepSpeech2 authors contribute evidence
that useful end-to-end models need substantial compute capacity to support large-scale dis-
tributed training, as well as large training corpora. The authors note that the English
DeepSpeech2 model had a total of 11,940 hours of labeled speech and 8 million utterance
samples in total. It trains over 20 epochs.

The reference implementation of DeepSpeech?2 is very large, with 11 layers in the network:
3 layers of 2D CNNs, 7 bidirectional RNNs, and a single fully-connected layer to output the
grapheme probability distribution. Figure 2.1 illustrates the general architecture of a Deep-
Speech2 model Throughout each layer, batch normalization [48] is used as a regularization

technique and accelerate training times.

CTC

| RNN,, |

| RNN; |

CNN,,

CNN;

Spectrogram

Figure 2.1: DeepSpeech2 architecture. The spectrogram features are given as input to a
hybrid CNN-RNN encoder, and decoded into character outputs through a CTC layer.
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The DeepSpeech2 encoder is a hybrid CNN-RNN architecture. The CNNs employ 2D
temporal convolutions to model time and frequency information, and feed the convolved
vector into a unidirectional multi-layer RNN. According to the DeepSpeech2 authors, the
unidirectional RNNs are placed on top of a row convolution operation, which can make
predictions at a given timestep without requiring the entire input sample. The decoder is a

feedforward network into the CTC computation.

2.1.2 Jasper and 1D Convolutions

The Jasper (Just Another Speech Recognizer) model is a recent end-to-end CNN-based model
[57] which achieves a new state of the art WER for the LibriSpeech corpus [63]. Jasper is
unique in many ways: not only is the model significantly larger than DeepSpeech2, with 54
total layers in the most accurate model, but it is also reported to be much more efficient
to train, supports real-time audio decoding, and has implementations that run on hardware
with low size, weight, and power. Jasper’s efficiency is attributed to the components within
its architecture; the authors focused the architecture on operations suitable for distributed
GPU computation. The core operation within Jasper is the 1D convolution. Unlike 2D
convolution operations, which are largely popular for image processing since imagery data
have patterns across 2 dimensions (i.e., height and width), 1D convolutions model sequential
data that have a single spatial dimension. 1D convolutions can efficiently model time series
data much like RNNs. For example, given an input vector v and kernel g, the 1D convolution

operation is defined as:
(v 9)(i) = D g(j) vl —j+ ) (2.1)

where m is the length of g (adapted from [94]). Intuitively, this operation slides the kernel
across the input vector and applies an element-wise dot product between f and g.

1D convolutions are nearly identical to RNN operations, with some notable differences.



15

A convolution can only model sequential data within a finite receptive field, dictated by the
size of the kernel. This often makes CNN-based models undesirable for both variable-length
sequence-to-sequence tasks and modeling long-distance dependencies. While RNNs are the
most common solution to sequence modeling, they suffer from phenomena like the vanishing
gradient problem and are difficult to train for large models [65]. One of the most beneficial
properties of convolution operations is that they can be easily parallelized and generally train
faster than their RNN counterparts [9].

Jasper uses 1D convolutions in a block architecture; each layer is encapsulated in a block
which contains several sub-block operations. Each block has a different kernel size and thus
models different features at each level. Architectural variations of Jasper are denoted as
BxR, where B is the number of blocks and R the number of sub-blocks. An illustration
of the Jasper architecture is provided in Figure 2.2, adapted from the authors’ architecture

diagram.

cTC
CNNg
CNN3

CNN2

‘ Blockg | l Sub-blockg l

‘ Blocky [ | Sub-blocky l

CNNj
Spectrogram
Figure 2.2: Jasper Bx R architecture. Every sub-block contains a series of Conv1D + Batch-

Norm + ReLU + Dropout operations, repeated R times. Similarly to DeepSpeech2, Jasper
uses a CTC decoder to output grapheme tokens.

Similarly to DeepSpeech2, the Jasper model requires significant computational resources
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to adequately train. The authors note that Jasper’s architecture helps facilitate efficient
GPU utilization, such that each block can allocate its sub-block operations to a single GPU.
The reference implementation of Jasperl0x5 reports using 8 GPUs for 400 epochs with
the LibriSpeech corpus. Jasper also uses the CTC loss computation to generate character

alignments.

2.1.8 Listen, Attend & Spell

Listen Attend and Spell (LAS) is an encoder-decoder architecture inspired by sequence-to-
sequence models with attention mechanisms [12]. LAS uses bidirectional RNNs for both
the encoder and decoder components, and the latent encoded vector undergoes an attention
operation which maps the variable-length input sequence to a fixed-length representation.
The decoder aligns the latent vector with an output sequence of graphemes. This type of
architectural paradigm has been previously successful in tasks like machine translation [17]
and question-answering [91], where the input and output vectors often have different lengths.

The LAS architecture is presented in Figure 2.3. The two primary modules are the
Listener, a bidirectional RNN encoder, and the Speller, an attention-equipped RNN de-
coder. LAS approaches end-to-end ASR with a fundamentally different philosophy than
DeepSpeech2 or Jasper; while those two models (and other CTC-based models) assume that
output tokens are conditionally independent of each other, LAS learns an implicit language
model within the decoder, and is thus able to generate salient transcriptions without the need
for CTC. Specifically, the model learns a probability distribution for an output character y;

given the previous tokens and the input vector x:

Plyix) = ] T Pilyir. - 0, %) (2.2)

The equation in 2.2 is given by the C'haracter Distribution function, which is parameter-
ized by an attention vector ¢ and RNN state s;, such that at every timestep, P(y;|y<;, x) =

Character Distribution(s;, c).
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LAS is able to model variable-length input sequences by leveraging its attention mecha-
nism. The authors note that a direct mapping from input sequence to latent vector results in
slow convergence and poor results. The proposed solution to this problem is the pyramidal-
RNN encoder, where each layer of the RNN provides a reduction in the time dimension by
a factor of 2. The authors claim that this allows the model to learn a salient latent vector

from a smaller input representation.

e - ™
| 1 Y2 OO0 0 Yn | CharacterDistribution

‘ BLSTM Transducer

AttentionContext

pBLSTM3 |

pBLSTM, |

‘ pBLSTM;

‘ BLSTM

Spectrogram

Figure 2.3: Listen, Attend and Spell architecture. The encoder contains one BLSTM and a
stack of pyramidal-BLSTM layers. The decoder uses the output of Listen and generates an
attention vector ¢ from the AttentionContext function. The BLSTM transducer feeds into
Character Distribution to generate grapheme probabilities at each timestep.

The reference implementation of LAS uses a 3-layer pyramidal-RNN encoder and a 2-layer
RNN decoder. The authors use a 2000-hour dataset and report a training time of two weeks.

The standard LAS model does not outperform its baseline (best reported WER on clean
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speech: 10.3), but an improved architecture presented by Chiu, et al. [15] is reported to be
competitive with state-of-the-art ASR models. Improvements include multi-headed attention

and various optimization refinements such as asynchronous training and label smoothing.
2.2 Syntax-agnostic SRL

For the semantic role labeling module, Google’s frame-semantics parser SLING and an im-

plementation of the model described in Cai, et al. [11], both syntax-agnostic, are considered.

2.2.1 SLING

SLING is an end-to-end system for dynamically producing semantic parses without inter-
mediate syntactic knowledge [73]. The model is a transition-based parser, where the output
of the decoder is a sequence of (state,decision) tuples. The SLING system constructs a
frame graph to identify semantic frames within a sentence, using its encoder-decoder model
to predict the most likely semantic connections. SLING can also be trained to jointly predict
named entities.

SLING provides semantic parses using only lexical features from the input sequence. The
encoder is a bidirectional LSTM which accepts word, affix, and shape embeddings as features.
The decoder is a multi-layered stack of Transition Based Recurrent Units (TBRU), which
dynamically update an internal state vector to describe the current state of the frame graph.
TBRUs were introduced as the core component of the DRAGNN model [53] which used
them to predict intermediate parse tree structures for the dependency parsing task. SLING
can therefore be considered a type of semantic analogue to DRAGNN. Other systems, like
DeepCx, take inspiration from the transition-based approaches to parsing [26]. The SLING
architecture is presented in Figure 2.4.

The model supports a special type of attention mechanism called the attention buffer,
which represents stateful information from previous outputs. The authors note the signif-
icance of this custom mechanism as it allows SLING to continually refine and re-prioritize

existing frames based on the output of its TBRU layer.
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Figure 2.4: SLING architecture. The model maintains an internal transition state to keep
track of the frame parses. This state continually informs the recurrent features fed into the
TBRU layer.

The SLING system maintains an internal semantic ontology that defines roles, predicates,
and named entity types. The model uses this ontology during training. For example, a
SLING parser trained to output Propbank annotations would have an ontological definition
for each predicate frameset. The predicate gave might have entries for /pb/give.01 and
/pb/give.17, among others. Argument roles would be denoted as /pb/arg0, /pb/argl,
and so on. A number of transition types are supported in SLING. Transitions like EVOKE
and CONNECT are parameterized functions expecting type definitions within the SLING
ontology, and the system uses the outputs of these functions to compose its semantic graph.
The examples in (3) are adapted from Ringgaard, et al. [73] and illustrate the SLING output
progression.

Each transition step incrementally builds semantic frames from the sentence. In (3a),
the first EVOKE establishes the token Bob as an entity of type /saft/person. The second
EVOKE establishes gave as a Propbank predicate, and CONNECT provides a semantic

linking between Bob and gave.



(3) SLING output examples

a. Bob ate the pizza.
EVOKE(/saft/person,1)
SHIFT
EVOKE(/pb/ate, 1)
CONNECT(0, /pb/arg0, 1)
SHIFT

20

b. Bob gave Alice a pizza.

EVOKE(/saft/person,1)
SHIFT

EVOKE(/pb/ate, 1)
CONNECT(0, /pb/arg0, 1)
SHIFT

SHIFT EVOKE(/saft /person,1)
EVOKE(/saft/consumer_good, 1) CONNECT(0, /pb/arg2, 1)
CONNECT(0, /pb/argl, 1) SHIFT
SHIFT SHIFT
STOP EVOKE(/saft/consumer_good, 1)
CONNECT(0, /pb/argl, 1)
SHIFT
STOP

The SLING API comes with utilities for interactive parsing, retraining on new data, and

defining new ontologies.

2.2.2  Biaffine Syntaz-agnostic SRL

The research in Cai, et al. [11] introduces a fully syntax-agnostic semantic role labeler (here-
after BSAT, the biaffine syntax-agnostic tagger) which outperforms state of the art syntax-
aware models. Their model uses a bidirectional LSTM encoder to generate two distinct
latent vectors: one for predicate representation and one for potential argument representa-
tions. The decoder uses biaffine attention [25] to score the most likely argument associations
in each predicate-argument word pairing.

The model performs joint predicate-argument identification by producing two vector rep-

resentations for each potential pairing:
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hgpred) _ ReLU(W(pred)gi + b(pred)) (23)

hga’/‘g) _ RSLU(W(arg)gi + b(‘”‘g)) (24)

where ¢; = glf @ ¢? is the concatenation of the forward and backward LSTM states at
the current timestep. The authors note that the ReLLU operation provides the necessary
nonlinearity to model the potentially ambiguous features for each role in that particular
context. Typical SRL models have external syntactic knowledge to categorize predicates and
arguments, but the syntax-agnostic approach must rely on implicit mappings to differentiate

which tokens belong in which semantic roles. Such relationships are potentially nonlinear.

| Score Vector

Biaffine Scorer
hPred harg

LSTM Encoder

Embeddings |

Figure 2.5: BSAT architecture. The encoder produces two distinct latent representations
given as input to the biaffine scorer mechanism. The output of the model is a score vector
indicating predicate-argument likelihood pairings.

The model architecture is presented in Figure 2.5. As input, the LSTM encoder expects a
rich feature vector for each token. For every token in the input sequence, the model generates
an embedding vector e = e @ e @ e @ eP?) @ e which captures randomly initialized
embeddings e, pretrained word embeddings e, part of speech embeddings e®**), lemma

embeddings e, and predicate indication embeddings e”. The decoder is inspired by Dozat
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& Manning [25] and Luong, et al. [59], which use a type of attention mechanism to model
uneven class distribution likelihoods P(y; = ¢|z;).

Class sparsity is a pervasive problem in many language tagging tasks. Tasks like named
entity recognition (NER) and slot filling suffer from a very uneven label distribution. Clas-
sical probabilistic models like conditional random fields have been successfully leveraged in
end-to-end neural models and are shown to improve metrics when the class distribution is
uneven ([32], [55]). Rather than rely on a classical model to improve their system, Cai et al.
[11] uses the biaffine attention scorer to generate predicate-argument likelihoods in one pass.
Specifically, the mechansim outputs a score vector and selects the label with the highest
score as its prediction. The authors describe the score computation as:

S — hg(aTg)W(role)hEPTCd) + U(Tole) (hl(arg) D hg'im’ed)) + b(TOlE) (25)

)

where W) U and b are learnable weights. The reference model is trained on

the CoNLL-2009 [40] dataset in English and Chinese, with a best reported F1 score of 89.6.

2.3 Previous Work in ASR-SRL

SRL for ASR is still a nascent problem. There has been little substantial progress in semantic
role labeling for automatic speech recognition outputs, especially compared to slot-filling or
dialogue modeling systems. This lack of progress can be attributed to several important
factors: as Favre, et al. [30] observes, speech recognition transcripts often lack important
linguistic features needed to adequately predict semantic phenomena, including sentence
boundaries, punctuation, and even properly formed words. If an ASR system produces
low-fidelity outputs, one can expect similarly low-fidelity semantic annotations as a result.
Fortunately, the word error rate (WER) of a transcription sequence can be minimized
given a properly trained ASR system. The problem of sentence boundaries in SRL has
been previously explored in Shrestha, et al. [79], in which the authors propose an SRL

system classifying segments rather than sentences. The segment approach is analogous to
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a sliding window over a speech transcript, where a given predicate might overlap several
windows. Eventually, when a transcription is fully windowed, the SRL system would have
classified the predicate and all of its associated arguments in separate segments. This type
of incremental frame building is similar in theory to SLING’s process.

The solution presented in Shrestha, et al. [79] uses a windowing algorithm to generate new
predicate segments in order to minimize the amount of times the SRL model is used. In their
two-pass system, the authors first identify a predicate by using the SRL model to classify the
semantics in the current segment. Once a predicate is detected, their solution identifies all
segments in which the predicate occurs and merges them according to a predefined heuristic,
and again applies the SRL model to detect the associated arguments for the context predicate
within the merged segment. The system uses a take-shortest or take-longest heuristic to

create the final segment Table 2.1 illustrates the algorithm with a window size of 3.

Iteration | Window State

1 IN SEPTEMBER THE COMPANY RECEIVED NINETY SIX MILLION
2 IN SEPTEMBER THE COMPANY RECEIVED NINETY SIX MILLION
3 IN SEPTEMBER THE COMPANY RECEIVED NINETY SIX MILLION
4 IN SEPTEMBER THE COMPANY RECEIVED NINETY SIX MILLION
) IN SEPTEMBER THE COMPANY RECEIVED NINETY SIX MILLION
6 IN SEPTEMBER THE COMPANY RECEIVED NINETY SIX MILLION

Segment | THE COMPANY RECEIVED NINETY SIX

Table 2.1: Example iterations of the SRL segmenting algorithm with a window size of 3

As shown in Table 2.1, the final segment created for the predicate RECEIVED contains only
a portion of the full transcription sequence. The segment captures the first argument for the
predicate, COMPANY , but fails to merge with the object MILLION due to its small window size.

Larger window sizes lets the algorithm consider more context and identify more argument
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roles.

Favre, et al. [30] proposes a series of tools for evaluating the semantic annotation of
speech recognition transcripts in the same way one would evaluate dependency parses. They
provide an evaluation using several off-the-shelf SRL tools to label a portion of the Ontonotes

v3 corpus [45].

Model P R F1

baseline | 0.2646 0.1865 0.2188
win-5-L | 0.2452 0.1825 0.2093
win-8-L 0.2344  0.1775  0.2020
win-10-L | 0.2266 0.1724  0.1958
win-13-L | 0.2176  0.1659  0.1883
win-15-L | 0.2139 0.1636  0.1854
win-17-L | 0.2096  0.1603  0.1817
win-20-L | 0.2062 0.1593  0.1797
win-23-L | 0.2045 0.1565  0.1773
win-25-L | 0.2024  0.1547  0.1754
win-28-L | 0.2023 0.1544  0.1751
win-30-L | 0.2008 0.1532  0.1738

Table 2.2: Full frame predicate-argument metrics for the baseline ASR-SRL system. The
baseline system from Favre, et al. [30] outperforms the best model from Shrestha, et al. [79]

Shrestha, et al. [79] uses Favre, et al. [30] as a baseline system and fails to surpass it in

full frame predicate-argument identification. Table 2.2 illustrates these results.
2.4 Summary

This chapter introduced a series of model architectures for the ASR and SRL tasks. Deep-
Speech2, Jasper, and LAS were described in detail as end-to-end ASR solutions. Each of
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the three speech recognition systems adhere to the encoder-decoder paradigm, but leverage
vastly different architectures: DeepSpeech2 uses a hybrid CNN-RNN encoder mechanism
to extract spectral features and encode sequence information into a latent representation.
Jasper exploits the 1D convolution operation in a CNN-based encoder, which functions iden-
tically to RNN operations but can be easily distributed and is faster to train. LAS exclusively
uses RNN layers in both the encoder and decoder.

For SRL, this chapter reviewed SLING and the BSAT model created by Cai, et al. [11].
SLING uses a TBRU to output transition prediction updates to its internal semantic graph,
and then uses the internal graph to parse semantic frame information from a raw sentence.
BSAT is unique in that it encodes the source data to two distinct latent representations
describing the predicate token and all potential predicate-argument pairs. The two latent
vectors are decoded using a biaffine scoring function to produce a probability distribution
for each predicate-argument pairing.

Finally, this chapter reviewed work from Shrestha, et al. [79], which describes an alter-

native system for producing semantic annotations over speech transcript data.



26

Chapter 3

SPEECH TO TEXT TO SEMANTICS: AN END-TO-END
APPROACH

The previous chapter introduced several deep learning models for automatic speech recog-
nition and semantic role labeling. This chapter describes a system for applying those models
to the end-to-end speech tagging task with the OpenSeq2Seq toolkit. Specifically, the chapter

objectives are to explain:

1. OpenSeq2Seq postprocessor extension: OpenSeq2Seq is designed to be extensible such
that different modules can be easily added to the toolkit. I describe an extensible mod-
ule for adding arbitrary postprocessors to derive additional features from the outputs

of the primary encoder-decoder model.

2. OpenSeq2Seq LAS extension: The toolkit contains several implementations of popular
ASR models, including DeepSpeech2 and Jasper. 1 describe an OpenSeq2Seq imple-
mentation for a LAS-like model with a more complicated attention mechanism inspired

by recent research in end-to-end ASR.

3. Model compositions for single-shot speech tagging: The compositions of each model in
the system are more sophisticated than a simple ordered pipeline of processing steps.
From data augmentation to shallow model fusion, I discuss how to tie each of the

various components together to form a cohesive end-to-end flow.

The motivation for evaluating different arrangements of ASR-SRL models is to better
characterize different facets of the speech to text to semantics task. The major contributions

of this thesis are described in the following sections of this chapter.
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3.1 Extending OpenSeq2Seq

The system I describe in this section is a an extension of OpenSeq2Seq [54], a neural network
toolkit designed for rapid experimentation with sequence-to-sequence models. The toolkit
is built with Tensorflow [1], which expresses mathematical models as computation graphs;
it symbolically represents machine learning operations as vertices and the communication
between operations as edges. While these graphs can be used to express generic mathematical
computations, in the case of deep learning the inbound and outbound data are tensors
which can capture stateful information about the model (i.e., weight matrices). Tools like
Tensorflow allow for the construction of sophisticated graph topologies to control the ordering
of operation executions [56]. Other deep learning libraries like Pytorch [66] and MXNet [14]

use computation graphs to represent neural network models.

OpenSeq2Seq expands upon Tensorflow’s expressiveness and provides logical abstrac-
tions for complex deep learning concepts; specifically, the notions of data provisioning, en-
coder subgraphs, and decoder subgraphs are abstracted such that each of the three compo-
nents can be architected individually but utilized together as a global computation graph.
With OpenSeq2Seq, users can create encoder-decoder models for machine translation, speech
recognition, speech synthesis, and more [54]. The OpenSeq2Seq authors provide a huge tool-
box of reusable components for crafting encoder-decoder models. For example, there are
out-of-the-box encoder architectures for Transformer models [86], time-delay neural network
(TDNN) models [87], and many more. Additionally, OpenSeq2Seq can fully exploit Ten-
sorflow’s computation graph architecture and support distributed training across multiple

GPUs. Figure 3.1 depicts the flow of an OpenSeq2Seq-based system.

The authors designed the toolkit to be modular and high-level. Architecting a custom
model with OpenSeq2Seq entails the creation of a configuration script which informs all
the components and hyperparameters of a model. Likewise, the configuration also specifies
parameters for the three main OpenSeq2Seq modes: training, evaluation, and inference. A

configuration script might contain a JSON structure with entries similar to:
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Figure 3.1: An OpenSeq2Seq system flow is structured like a directed acyclic graph (DAG).
The architecture of the DAG is specified in the configuration script. This flow is used for
training, evaluation, and inference of OpenSeq2Seq architectures.

‘encoder’: DeepSpeech2Encoder,

‘encoder_params’: {

+,
‘decoder’: TransformerDecoder,

‘decoder_params’: {

T,
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Appendix A contains a full configuration JSON and some descriptions for a DeepSpeech2

model implementation.

3.1.1 FEaxtension: Bootstrapping Additional Models via PostProcessors

OpenSeq2Seq has a mechanism to bootstrap downstream language models as an external
resource and re-score the outputs of the primary encoder-decoder model. For the speech
recognition task, the LM is used to find the n-best transcription sequences given the output
of the ASR model. The external LM is pretrained apart from the OpenSeq2Seq system and
added as a postprocessing operation. Intuitively, this process serves as a biasing function
to generate the most likely transcriptions applicable to the targeted domain [71]; the LM is
external from the DAG and can thus be trained on entirely separate data from the primary
ASR model. OpenSeq2Seq natively supports ARPA-formatted n-gram LMs with KenLM
[43] or a pretrained Transformer-XL model [23]. Figure 3.2 illustrates the bootstrapping

flow.

Language
Model

l

Character Outputs =g

Best Transcription
Sequence

Decoder
Subgraph

Figure 3.2: The bootstrapped language model rescores the initial output sequence from the
OpenSeq2Seq decoder and generates new transcription sequences.

The bootstrapping concept can be extended beyond LMs to support any number of
postprocessing steps for the core DAG flow. In order to enable the system to perform speech

to text to semantics transformations, I provide an additional bootstrapping extension to
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postprocess the transcription sequence by providing it as input to an SRL model. The
postprocessing components are appended to the flow similarly to the natively supported LM
resource, apart from one major difference: because OpenSeq2Seq’s native LM integration
provides transcription sequences as output, it can be used during all of training, evaluation,
and inference to help achieve better WER metrics. Outputs from postprocessors like SRL
have no relevance to WER and do not influence the speech recognition process, so the
postprocessor additions are only supported during evaluation or inference. The joint output
of the system is thus (i) the most likely speech transcription and (ii) the semantic label

alignment for the transcription. Figure 3.3 illustrates the new flow.

Spectrogram

PostProcessingBlock

Character Outputs

Joint Outputs

Figure 3.3: The extension to OpenSeq2Seq allows the system to bootstrap additional models
downstream from the decoder and enables joint output sequences.

The extension, called a PostProcessingBlock, can be used to add an arbitrary number
of external resources and derive additional information from the output sequence. With this
extension in the JSON configuration, users can cascade postprocessors by integrating the
logic directly into the OpenSeq2Seq pipeline. Unlike the natively supported LM rescorer, this
extension is run automatically and requires no manual inputs beyond the implementation of a
single Python class per postprocessor. A PostProcessingBlock configuration specifies both

the desired processor to use as well as the data source for the processor. For a single processor,
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the source is the output sequence of the encoder-decoder model provided by OpenSeq2Seq. In
order to support more complicated flows, users can redirect outputs of other postprocessors
as inputs to downstream postprocessors. For example, the augmented configuration script

is exemplified as follows:

‘eval _params’ = {
‘data_layer’: Speech2TextDatalayer,
‘data_layer_params’: {

‘dataset_files’: [

1,
‘shuffle’: False,
},
‘postprocessing_block’: {
‘enable_joint_outputs’: True,
‘processors’: [
{‘processor’: TransformerXLProcessor, ‘data_source_idx’: -1,
‘fuse’: True, ‘lambda’: 0.4,
1,

{‘processor’: SlingProcessor, ‘data_source_idx’: 0},

As shown by the JSON entry, the configuration contains a sequence of two postprocessors:

one Transformer-XL for LM rescoring, and one for invoking SLING. The ‘data_source_idx’
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expects a value which corresponds to an index for the block entries. An index value of —1
indicates that the processor operates on the primary encoder-decoder output sequence. The
‘fuse’ and ‘lambda’ fields are hyperparameters which are discussed further in subsequent
sections of this chapter. An LM in the PostProcessingBlock functions the same as the
native LM rescoring mechanism. Within the augmented OpenSeq2Seq toolkit, I provide
postprocessor implementations for Transformer-XL, SLING, and BSAT.

3.1.2  FEaxtension: Listen, Attend and Spell with Location-Awareness

Currently, OpenSeq2Seq has predefined configuration files for several variations of Deep-
Speech2 and Jasper models. As part of its toolbox of encoders and decoders, OpenSeq2Seq
also contains definitions for a ListenAttendSpellEncoder and a ListenAttendSpellDecoder,
but no accompanying configuration file for a standard LAS model. For the experimentation
in Chapter 4, I define and utilize a configuration for a LLAS-like model which uses both the
LAS encoder and LAS decoder provided by OpenSeq2Seq'. Evaluation metrics and training
times for the model are discussed in Chapter 4.

The encoder architecture for the LAS model is defined in terms of the following configu-

ration sample:

‘encoder’: ListenAttendSpellEncoder,
‘encoder_params’: {
‘convnet_layers’: [ ],
‘recurrent_layers’: [
{ ‘type’: ‘gru’, ‘num_layers’: 1,
‘hidden_dim’: 512, ‘dropout_keep_prob’: 0.8,
‘pool’: True, ‘pool_size’: [2], ‘stride’: [2],
1,

{ ‘type’:

‘gru’, ‘num_layers’: 1,

IPart of a core research & development deliverable while the author was at L3Harris Technologies.
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‘hidden_dim’: 256, ‘dropout_keep_prob’: 0.8,

‘pool’: True, ‘pool_size’: [2], ‘stride’: [2],

s
{ ‘type’: ‘gru’, ‘num_layers’: 2,
‘hidden_dim’: 256, ‘dropout_keep_prob’: 0.8,
‘pool’: False, ‘pool_size’: [-1], ‘stride’: [-1],
1,

1,
}’

The LAS encoder exclusively uses RNN-based layers, similarly to the original LAS model
described in Chapter 2. After each RNN layer, the encoder uses convolution operations to
simulate the temporal reduction from the pyramidal-RNN layer. The LAS encoder accepts
either LSTM or GRU RNNs. Although the authors of LAS chose LSTM-based encoders, this
implementation uses a 4-layer GRU encoder, with reductions in the time dimension across
the first and second layers. This choice is partially inspired by the end-to-end ASR system
presented in Bahdanau, et al. [4], wherein the authors describe an RNN encoder-decoder
which uses GRU operations in a 4-layer encoder structure.

The decoder subgraph is defined according to:

‘decoder’: ListenAttendSpellDecoder,
‘decoder_params’: {
‘tgt_emb_size’: 256,
‘pos_embedding’: True,

‘rnn_type’: ¢

gru’,
‘hidden_dim’: 256,
‘num_layers’: 1,
‘dropout_keep_prob’: 0.8,

‘attention_params’: {
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‘attention_dim’: 256,
‘attention_type’: ‘chorowski’,
‘use_coverage’: True,

‘num_heads’: 4,

The LAS decoder implements the function AttendAndSpell as defined by Chan, et al. [12].
The target embedding size parameter specifies the dimension of the vocabulary embeddings.
For this model, the 26-character English alphabet is used as the target vocabulary. The
decoder implementation in OpenSeq2Seq supports positional encodings, which are intended
to model token order [86] and assist in producing high-fidelity output sequences. The main
decoder architecture is a single-layer GRU with a hidden dimension of 256. The output of
the decoder is a softmax operation which predicts the most likely character sequence. This
operation is denoted as the CharacterDistribution by Chan, et al. [12].

The attention parameters presented in this implementation are inspired by the model in
[4], which leverages location-awareness in its attention mechanism. The chorowski atten-
tion type is known as location-aware, as it creates a positional vector f;; = F * a;_; for
each position j of the previous alignment vector «; 1 [18]. By convolving the vector with
parameter matrix F, the attention mechanism learns to extract salient features from previ-
ous alignments. The equations in 3.1 and 3.2 are adapted from Bahdanau, et al. [4] and

Chorowski, et al. [18], and demonstrate how attention scores are generated from f; ;.

€ij = w' tanh(Wsi,l + Vh] + Uf@j + b) (31)

Qi = M (32)
Zj exp(e; ;)

where W, V, and U are weight matrices, and w is a weight vector. The operation Ws,;_;
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computes a matrix from the previous RNN timestep s;_;, and Vh; generates a matrix from
the current content vector h;. The addition of Uf;; lets the scorer account for previous
alignments. Finally, the alignment vector for the current timestep is taken from the softmax-
normalization in 3.2.

The implication of using location-aware attention in speech processing is that the model
will eventually learn to attend to only the salient features of the audio signal from its latent
vector encoding while simultaneously accounting for signal history. Attention functions which
can robustly capture location contexts have been demonstrated to outperform standard
content-based attention [18]. Chiu, et al. [15] observes that extending the LAS model to
support multi-headed attention helps it isolate clean speech from degraded background noise
by allocating noisy features to a single attention head, and ultimately benefits performance
metrics. In my LAS implementation, I couple the location-awareness of chorowski attention
with the multi-headed processing and report a WER competitive to the base LAS model.

OpenSeq2Seq’s toolbox of attention tools contains functions for chorowski attention and

multi-headed processing.
3.2 System Compositions for Single-shot Speech Tagging

To properly construct an end-to-end flow for the speech tagging task, the experimental
system is set up such that it can transform speech to text to semantics in a single pass. By
leveraging the concepts discussed in Section 3.1, when the OpenSeq2Seq DAG is loaded into
evaluation or inference mode the ASR outputs are automatically routed to the desired series
of postprocessors for further analysis, which can include predicate-argument identification.
This pipeline is the experimental framework used to evaluate a set of system compositions
for the ASR-SRL task.

I evaluate 6 different combinations of ASR and SRL models, such that each of the three
supported ASR models are evaluated alongside both SRL models. For every system com-
position, a Transformer-XL model is used as the intermediate LM. I compare the different

evaluations to a baseline system which uses a standard HMM-GMM ASR model and an algo-
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rithm similar to the one discussed in [79]. In general, the system is designed to characterize
three facets of ASR-SRL experimentation: (i) whether or not end-to-end neural systems can
outperform traditional systems for this particular task; (ii) which encoder-decoder architec-
tures are most conducive for downstream processing given a balanced training procedure;
and (iii) the effect of model coupling in the end-to-end system. Section 3.2.1 elaborates on
strategies for model coupling.

In terms of system architecture, OpenSeq2Seq is the implementation platform for each
ASR model. I provide a novel configuration for LAS and a heavily modified configuration
for DeepSpeech2. To implement JasperlOx5, I utilize a pretrained model released by the
authors [57] and the corresponding open-sourced configuration file. Every configuration file

is augmented with the PostProcessingBlock field in the evaluation and inference sections

of the JSON.

All ASR models are equipped with similar training, evaluation, and inference parameters
to the Jasper10x5 configuration recipe: the models have a data augmentation step akin to
SpecAugment [64], wherein audio features undergo time warping and time-frequency mask-
ing to help make the model robust to noise and benefit model generalization. The SpecAug-
ment authors report competitive WER metrics for LibriSpeech and Hub5‘00 (LDC2002S009,
LDC2003T02) with an augmented LAS model. The SLING and BSAT models are trained

on the same dataset. Chapter 4 describes training procedures in greater detail.

3.2.1 Model Fusion Strategies

Each supported system composition for transcribing speech and identifying semantic struc-
ture adopts a philosophy of shallow model fusion [38], whereby the ASR model and the LM
compute a joint decoding function similar to the one described in Stahlberg, et al. [81] and

Toshniwal, et al. [85]:

§ = argmax, log Pasr(y[x) + Alog Pra(y) (3.3)
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where log Pasg(y|x) is the log probability distribution given by the ASR decoder and
AMog Pry(y) is the weighted log probability distribution of the best LM hypothesis. Similar
to standard LM rescoring operations, this type of log-linear interpolation with the LM is
typically invoked at inference time using standard decoding algorithms like beam search or
greedy search [50].

Shallow fusion has become a common mechanism for integrating LMs into end-to-end
ASR models ([95], [19], [50], [5]). Other variations of model fusion provide a tighter coupling
between the LM and the core encoder-decoder model, such as deep fusion [38] and cold fusion
[80]. In both deep fusion and cold fusion, the LM is integrated into the primary computation
graph to be used during training, and thus influences how the ASR model learns. For shallow
fusion, Equation 3.3 could potentially be aggregated into a single computation graph or
support more sophisticated scoring mechanisms. For example, an experiment in Kannan, et
al. [50] performs shallow fusion between a LAS model and an external LM with a weighted

penalty coefficient ve(x,y):

§ = argmax, log Pasr(y|x) + Alog Pry(y) +ve(x,y) (3.4)

o(x,y) = Z log(min(z a;j,0.5)) (3.5)

where q; ; is a probability from the attention vector at the frame-level. Sriram et al. [80] and
Chorowski, et al. [19] both posit that by including frame-level values in a penalty calculation,
the decoder is biased toward outputting full transcripts over shorter sequences. Equation
3.4 can be extended to combine more complex sequences of scores: Seki, et al. [75] discusses
shallow fusion with an RNN-LM which performs log-linear interpolation with CTC prefix
scores, decoder scores, and LM scores. Shallow LM fusion may be applied with n-gram

models or neural LMs.
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Currently, only shallow model fusion is supported in the PostProcessingBlock for
OpenSeq2Seq. Shallow fusion is traditionally applied at inference time, which is more closely
aligned with the purpose of the overall extension. The motivation for integrating the shal-
low fusion strategy is twofold: (i) model fusion is noted as a potential improvement for the
system described in Bahdanau, et al. [4], wherein the authors suggest that an external LM
trained on larger text corpora could be fused for improved performance; and (ii), a tight
integration of the ASR and LM models ultimately makes the system closer to being truly
end-to-end. Figure 3.4 depicts the end-to-end flow coupled with LM fusion.

Spectrogram

PostProcessingBlock

OpenSeq2Seq Fusion
DAG Decoder
Transcript Annotations

Figure 3.4: Fusion decoding with an LM postprocessor.

As part of the PostProcessingBlock extension, a shallow fusion decoder has been im-
plemented to perform the same kind of log-linear interpolation described in Equation 3.3.
Currently greedy search is the only supported decoding algorithm. To enable shallow fusion,
the extension configuration must set the boolean flag ‘fuse’ and specify a weight value.
Fusion is only supported between the core OpenSeq2Seq DAG and an LM postprocessor.
If fusion is disabled in the LM configuration, the system will default to using the LM for
standalone rescoring. The SRL postprocessors remain decoupled from the core computation

graph and function as external resources.
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3.3 Summary

Chapter 3 has described the major contributions presented in this thesis. I have described
an OpenSeq2Seq system for rapidly building end-to-end pipelines for speech transcription
and joint semantic annotation. The system uses a custom extension for adding additional
downstream models to postprocess the output of the primary encoder-decoder network.
The PostProcessingBlock extension allows users to specify a set of postprocessing op-
erations which can derive additional features from the output sequence. Furthermore,
postprocessors can be arranged such that the output of one processor can feed into an-
other processor. For the task of speech transcription tagging, the supported extensions
include a TransformerXLProcessor and two SRL operations: the SLINGProcessor and
BSATProcessor. The extension is usable at the evaluation and inference stages.

Beyond the PostProcessingBlock, I presented a novel implementation of the LAS model
which is compatible with the OpenSeq2Seq DAG. This model takes advantage of several
components contained natively within the toolkit, including encoder and decoder subgraphs
designed for LAS-like models. This implementation of LAS takes inspiration from [15] and
uses multi-headed attention with a locative attention mechanism designed by [18].

The final section of this chapter discussed practical and philosophical motivations for
the various end-to-end system combinations. In order to fairly evaluate each system com-
positions, each model within the ASR and SRL model sets undergo an identical training
and evaluation procedure with the same data augmentation steps inspired by SpecAugment.
Each system composition uses Transformer-XL as the intermediate LM. Finally, the broader
question of how to properly establish a comprehensive end-to-end neural network flow was
partially addressed. Techniques like model fusion are one way to tightly couple two distinct
computation graphs as a single cohesive network. The PostProcessingBlock can be en-
abled with shallow model fusion to perform joint decoding using probability distributions

from both the ASR model and the LM.
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Chapter 4
EXPERIMENTS & ANALYSIS

Having now defined the end-to-end architecture and its various features, Chapter 4 de-
scribes the experimental setup used to evaluate the speech to text to semantics process.

Specifically, this chapter explains:

1. Experimental environment: Because OpenSeq2Seq allows GPU distributed training,
the entirety of this system takes advantage of a multi-GPU environment to accelerate

training times.

2. Training & evaluation procedures: In order to fairly evaluate the different model com-
binations, I use a common training procedure for each of the ASR and SRL models.
ASR models are pretrained on clean data and are then fine-tuned on a more challenging
dataset. This process is necessary since the end-to-end evaluation corpus containing
speech data, transcriptions, and semantic annotations is an out-of-domain conversa-
tional speech corpus and proves to be quite challenging. The SLING and BSAT models
are each trained on the CoNLL-2012 dataset [69]. I additionally describe the construc-

tion of the baseline system.

3. Results & discussion: To conclude the chapter, I list the evaluation results for the
joint outputs of the end-to-end system as compared to the baseline system. In all
cases, the end-to-end system outperforms its baseline. Specifically, model compositions
using both CTC decoders and SLING perform most competitively on synthetically
tagged data in terms of WER and F1. The system performs significantly worse on the

conversational speech corpus. I discuss potential error mitigation techniques.
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4.1 Experimentation Environment

All training procedures described in this chapter are conducted on an NVIDIA DGX Station
! with 4 Tesla V100 GPUs and 256GB of RAM. Like the base OpenSeq2Seq implementation,

my extended system uses Horovod [77] to enable asynchronous training across multiple GPUs.

4.2 'Training & Evaluation Procedures

This section elaborates on the training and evaluation procedures for both the ASR and SRL

model sets.

4.2.1 ASR Training Procedure

The targeted evaluation corpus for the end-to-end system is a portion of the CallHome
conversational English corpus. A set transcripts from this corpus is provided as part of
the OntoNotes v5 release [45] and has PropBank annotations. This is the same dataset
used to evaluate the Shrestha, et al. [79] system. CallHome is a particularly challenging
dataset, since the speech is conversational and not always clean [74]. Moreover, the corpus
only contains 120 hours of speech data, which is rather small for training end-to-end neural
network implementations. To mitigate this issue, the ASR models are trained with a complex
multi-stage procedure that ensures each model is trained sufficiently in one domain, and then

fine-tuned to adapt to the more challenging domain.

For all stages of the ASR training procedure, I use 64-dimensional log-mel filterbank
features and a data augmentation mechanism, inspired by SpecAugment, which applies time

and frequency masks of size 2 to the features.

'Hardware provided by L3Harris Technologies, ComCept division. More information on the hardware is
available at https://www.nvidia.com/en-us/data-center/dgx-station/
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Pretraining

The reference implementations of the DeepSpeech2, Jasper, and LAS models undergo vastly
different training processes. For example, as noted in Chapter 2, the original DeepSpeech?2
and Jasper models are trained in a distributed environment with vastly different training
requirements (20 epochs and 400 epochs, respectively) and on different datasets. The original
LAS implementation is similarly distributed, but trains until convergence on an internal
dataset.

The procedure starts with a pretraining step using clean speech data from the LibriSpeech
corpus. The ASR models train on the clean data until convergence. Table 4.1 shows the
results of the pretraining step. Note that because I use an off-the-shelf Jasper model that
has already been trained on LibriSpeech, it does not need further pretraining. I use the
train-clean splits and train-other-500 split for the pretraining step, with a total corpus size

of about 1324 hours of English speech.

Model Epochs GPUs Training time (hours) WER

DeepSpeech?2 96 4 218 8.38
LAS 125 4 539 16.57
Jasper N/A  N/A N/A 3.61

Table 4.1: ASR pretraining procedure results over 1324 hours of LibriSpeech data

DeepSpeech2 converged fastest, with only 96 epochs of training time across 4 GPUs. LAS
took significantly longer, at 125 epochs and nearly 3.5 weeks of training time on 4 GPUs.
Even with the GPU distribution, per-batch processing time was observed to be significantly
longer with LAS. The off-the-shelf Jasper model comes pretrained to production quality for
English ASR. Jasper and DeepSpeech2 use CTC loss calculation, and LAS uses a weighted
cross-entropy sequence loss. The models all use polynomial loss decay with a learning rate

floor of 0.000001.
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For evaluating the pretrained models, I use the dev-clean split from LibriSpeech. The
initial WER metrics are raw with no LM rescoring. The DeepSpeech2 model performed
competitively with OpenSeq2Seq’s open-source alternative, which has a 6.71 WER?2. The
raw LAS WER is 2.47% worse than the best-reported reference model with a 14.1 WER,
and 10.77% worse than the best LM-free LAS in Chiu et al. [15]. The difference could be
attributed to the amount of data used to train this model versus the amount used to train
the reference models: Chiu et al. [15] train the improved LAS on 12,500 hours of data, and

the amount of data in the LibriSpeech corpus might be insufficient for the LAS architecture.

Fine-tuning

The main training cycle is intended to fine-tune the pretrained models such that they adapt
to an alternate domain. To that end, the main training cycle uses two datasets: (i) the SI-284
split from the WSJ corpus [67], a broadcast news dataset containing English read speech,
and (ii) a portion of the CallHome corpus. Both of these datasets are more challenging than

the clean LibriSpeech splits.

Data from the CallHome corpus is dual channeled; to properly utilize the dataset, each
audio file in the corpus is split and aligned to is corresponding transcript. This was largely
a manual process, with some utilization of Kaldi [68] tooling. The resulting training set
contains 105 hours of English speech. Figure 4.1 illustrates the WER results at 10-epoch

increments during the fine-tuning process.

As expected, every model WER is increased when adapted to the new domain. The
losses for DeepSpeech2 and Jasper diverged early in the training process but ultimately
converged to a reasonable level. The LAS loss is observed diverging throughout the entirety
of the training process. Each model is fine-tuned for 50 additional epochs beyond the initial

pretraining step.

2More information is available at https://nvidia.github.io/OpenSeq2Seq/html/speech-recognition.html
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4.2.2  Synthetically Annotated WSJ Transcripts

In addition to evaluating the CallHome corpus for both speech recognition and semantic
annotation, I evaluate the full system on an internal synthetic dataset derived from the WSJ
eval92 split. For each transcript in the dataset, I use the AllenNLP [33] implementation
of He, et al. [41]’s SRL model to generate PropBank annotations and create a CoNLL-
formatted corpus. The synthetic corpus is then manually reviewed for errors and corrected.

The synthetic corpus contains 333 lines of annotated transcript data.

4.2.8 SRL Training Procedure

The procedure for training the SRL models is not quite as advanced as the ASR procedure;
there is no need for domain adaption since the SRL training data is from the same corpus
as the end-to-end evaluation data. As a result, I use the CoNLL-2012 data set to train both
SLING and BSAT with the standard train split.

Neither SRL model implementation supports distributed GPU training, so both models
are retrained using CPU resources from the same hardware described in Section 4.1. Table

4.2 provides the training results for both models.

Model F1
SLING 78.48
BSAT 74.31

Table 4.2: SRL training procedure results over 50000 steps on the CoNLL-2012 corpus

The SLING authors report that their best model converged after 120,000 steps with an
F1 of about 90 for frame parsing. Their argument role parsing is reported to be much worse,
converging with an F1 of roughly 60. The results reported in Table 4.2 are for the best full-
frame parses (all predicate and argument labels). More steps could potentially yield higher

scores, but both models were observed converging slightly before training was stopped.
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For the BSAT model, Cai, et al. [11] use a rich embedding representation which includes
part-of-speech embedddings. In my implementation, I alter the embeddings to exclusively
use pretrained word embeddings, lemma embeddings, and predicate-indicator embeddings as
described in Chapter 2. The complete embedding representation is thus e = e® @ e @ e®.
Including the part-of-speech embeddings would require an additional system postprocessor
to assign the corresponding labels upstream from the SRL model, which is beyond the scope

of this research task.

4.2.4 Baseline

The baseline system used to benchmark this experiment is an implementation of the SRL
algorithm inspired by Shrestha, et al. [79]. The baseline uses a trigram HMM-GMM ASR
model using the Kaldi toolkit following the ‘s5” WSJ recipe®. The LM is a 4-gram ARPA-
formatted model created from the same recipe. The baseline ASR model is trained similarly
to the procedure described in Section 4.2.1, using both clean splits from LibriSpeech as well
as the SI-284 split from WSJ. I evaluate the baseline ASR training on two evaluation corpora,

the results of which are given in Table 4.3.

Corpus WER

LibriSpeech dev-clean  7.99
WSJ dev93 10.48

Table 4.3: Baseline ASR system results for two evaluation corpora

As hyperparameters for the segment selection algorithm, I evaluate three window sizes
following the reference implementation: 5, 8, and 10. I use the take-shortest heuristic. Unlike
Shrestha et al. [79], I find that using larger window sizes yields better semantic annotations.

This difference is likely due to the types of semantic parsers used to infer the predicate-

3https://github.com/kaldi-asr /kaldi/tree/master /egs /wsj/s5
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argument annotations; SLING and BSAT are sequence models, and thus can properly handle

long input sequences. Section 4.3.3 discusses this phenomenon further. Table 4.4 presents

the results of the algorithm given the ground-truth transcription sequences.

SLING BSAT
Window | CallHome WSJ eval92 | CallHome WSJ eval 92
10 54.38 67.68 44.07 61.91
8 50.69 67.39 46.13 55.73
5 37.88 52.48 39.72 48.58

Table 4.4: Baseline SRL F1 results given ground-truth transcripts

4.2.5 Aligning Hypotheses with Gold Standard Annotations

[ follow a convention similar to the one described by Favre, et al. [30] for aligning hypothesis
annotations to their gold standards. The authors note that because the hypothesis annota-
tions for speech transcripts might not be directly aligned with their reference annotations,
using standard CoNLL tools for evaluation is not a viable option. As such, I use their
open-sourced evaluation scripts? to generate WER and F1 scores.

To align references and hypotheses, Favre, et al. [30] perform a forced alignment be-
tween head-words of the two sequences. Figure 4.2 is adapted from Favre, et al. [30] and
provides an example alignment. In the example, the head-words are aligned, but the speech
recognition system generates an insertion wys between the hypothesis head w3 and its cor-
responding relation wy;. This insertion disrupts alignment between other sequence features.
To compensate, a set of matching heuristics is enforced such that if a semantic relation arc

has a properly aligned predicate, the arc is considered correct. The authors note that this

decreases F1 correlation with WER, but is a more straightforward evaluation mechanism

4https://code.google.com /archive/p/srleval /
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Figure 4.2: Example reference and hypothesis alignment

than attempting to align at the annotation-level. The latter approach would entail remedi-
ating insertions and deletions in the hypothesis to ensure the proper annotations are given
to the proper tokens.

In order to properly use the modified srleval scripts, I annotate the hypothesis and
reference sequences with syntactic dependency labels using SyntaxNet [3]. The evaluation
script requires full syntax annotations in CoNLL’09 format to align references and hypotheses
by head-word. From there, the evaluation mechanism computes micro- and macro-averaged
F1 values for the syntactic and semantic feature sets.

For each computed F1 score, I report only the semantic measurements. Semantic frames
are considered correct when both the predicate and all accompanying arguments are properly

identified.

4.3 Experiments

This section quantitatively and qualitatively presents the results of two separate end-to-end
experiments. The first experiment evaluates the neural speech to text to semantics transfor-
mation process with n-best rescoring in comparison with the baseline system. The second

experiment re-evaluates the transformation pipeline with shallow fusion enabled during beam
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search decoding. The chapter concludes with a discussion of the results and potential error

mitigation techniques for future research in this domain.

Model CallHome WS&SJ eval92
baseline-10 30.8 11.31
DeepSpeech?2 15.75 9.29
Jasper 10.18 6.42
LAS 18.83 16.99

Table 4.5: Experiment 1 - End-to-end WER metrics for the CallHome and WSJ eval92
evaluation corpora

CallHome WSJ eval92

Model P R F1 P R F1

baseline-10 + SLING 0.437 0.233 0.304 | 0.679 0.482 0.564
baseline-10 + BSAT 0.399 0.186 0.254 | 0.614 0.426 0.503
DeepSpeech2 + SLING | 0.495 0.431 0.461 | 0.568 0.502 0.533
DeepSpeech2 + BSAT | 0.463 0.411 0435 | 0.549 0.494 0.520

Jasper + SLING 0.599 0.568 0.583 | 0.671 0.658 0.664
Jasper + BSAT 0.557 0.532 0.544 | 0.643 0.610 0.626
LAS + SLING 0.427 0418 0422 | 0455 0426 0.44
LAS + BSAT 0.374 0.251 0.300 | 0.403 0.349 0.374

Table 4.6: Experiment 1 - Full-frame annotation metrics over the generated transcription
sequences for CallHome and WSJ eval92
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4.3.1 FExperiment: End-to-End Transformation with LM Rescoring

Tables 4.5 and 4.6 detail the experiment results in terms of WER and F1, respectively, for
the CallHome corpus and the synthetically annotated eval92 split from WSJ. The baseline
ASR system is rescored with the 4-gram ARPA LM, and all neural system transcripts are
generated by rescoring with an (un-fused) Transformer-XL model pretrained on WSJ and
fine-tuned with parts of CallHome. The baseline segment selection is set to a window of size
10 (denoted as ‘baseline-10’). The baseline system is evaluated using CPU resources and

each neural system combination uses 1 Tesla v100 GPU to speed up evaluation time.

Model CallHome WSJ eval92
DeepSpeech2 14.43 9.08
Jasper 8.77 6.03
LAS 17.42 15.95

Table 4.7: Experiment 2 - End-to-end WER metrics using a pretrained shallow-fused
Transformer-XL language model

4.3.2  Experiment: End-to-End Transformation with Shallow Fusion Decoding

Tables 4.7 and 4.8 describe WER and F1 results when each neural network model uses a
shallow fusion beam search decoder to generate transcription sequences. I use a A value of
0.4 and a beam width of 100. Similarly to the first experiment, the neural systems use a
single GPU during evaluation. Note that the baseline ASR system does not support shallow
fusion, so I omit it from this experiment.

The fusion decoder implemented for this experiment computes a linear interpolation
between the Transformer-XL LM and the ASR log-probability distributions, which can be the
native log-linear probability tensors emitted from Tensorflow’s CTC decoder or the softmax

probability distributions emitted from the LAS implementation.
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CallHome WSJ eval92

Model P R F1 P R F1

DeepSpeech2 + SLING | 0.502 0.441 0.469 | 0.573 0.515 0.542
DeepSpeech2 + BSAT | 0.422 0.472 0.445 | 0.563 0.509 0.534

Jasper + SLING 0.572 0.558 0.564 | 0.691 0.677 0.683
Jasper + BSAT 0.61 0.586 0.597 | 0.657 0.629 0.642
LAS + SLING 0.433 0.401 0.416 | 0.463 0.441 0.451
LAS + BSAT 0.361 0.195 0.253 | 0411 0.352 0.379

Table 4.8: Experiment 2 - Full-frame annotation metrics over the output of the Transformer-
XL model for CallHome and WSJ eval92

4.3.8  Results Analysis

The final section of this chapter concludes with an analysis and discussion of the experimen-
tation results. In both experiments, system combinations using the Jasper model outperform
all others in both WER and F1. DeepSpeech2 performs comparably, with only a 4.43% rel-
ative WER difference on CallHome and a 2.87% relative WER difference on eval92. SLING
seems to provide the best F1 metrics, which is not surprising since it outperforms BSAT in

terms of both SRL training and evaluation metrics.

Section 1.1 described two central questions for this thesis: 1) could an end-to-end syntax-
agnostic system be adequate for the speech to text to semantics task, and 2) what variations

of encoder-decoder architectures are most suitable for such a system.

As an empirical answer to the first question, the experimentation results indicate that
end-to-end systems could indeed be suitable for generating semantically annotated speech
transcriptions, even without relying on linguistically-informed features like syntax or punctu-
ation. The answer to the second question is more multi-faceted: although the results indicate

that CTC ASR models with SLING yield the best performance, it would be unfair to claim
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that RNN-based models like LAS are unviable. A more personalized training procedure for
the OpenSeq2Seq LAS might yield better results; it is well known that CNN-based models
are easier to train than RNN models. Similarly, SLING consistently outperforms BSAT, but
the retrained BSAT model used in these experiments is worse than the reference implemen-
tation reported by Cai, et al. [11], which has state-of-the-art performance. A future research
endeavour could properly investigate model tradeoffs for this end-to-end system and provide
a more concrete answer to the second central question of this thesis.

The end-to-end results are encouraging overall. Certain areas like fusion decoding and
the LAS model performance could still be improved, but evidence shows the viability of
a neural speech to text to semantics transformation pipeline. This section concludes the
chapter with an analysis of (i) the performance of the OpenSeq2Seq LAS implementation,

(ii) the shallow fusion decoder, and (iii) the viability of the baseline algorithm.

Improving LAS Results

The LAS model did not perform quite as well as DeepSpeech2 or Jasper, and only out-
performed the baseline system on the CallHome evaluation corpus. As a follow-on to this
experiment, my implementation of LAS could be enhanced with additional optimizations in
Chiu, et al. [15] such as label-smoothing or wordpiece integration. Evidence shows that a
longer training time could also result in better performance:

As we can see in Figure 4.3, the training loss converges to a local minimum quite early. A
more personalized training procedure for LAS could include a manual annealing step, such
as the one described for the RNN encoder-decoder in Bahdanau, et al. [4], which restarts
the optimizer with a lower learning rate value. The learning rate is continually decreased
until the log-likelihood value stops improving. The reference implementation of Bahdanau,
et al. [4]’s model has 2 annealing steps®. Such a procedure could help the model to continue

converging beyond the local minimum.

Shttps://github.com /rizar /attention-lvesr
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Figure 4.3: LAS training loss after every epoch

Effects of Shallow Fusion

The primary goal of enabling shallow fusion is to generate higher-fidelity transcriptions
which could benefit more accurate semantic tagging. As shown in Table 4.7, the shallow
fusion decoder in this system does not drastically improve WERs. For the end-to-end task,
the semantic annotation results do improve. Systems using the Jasper model still outperform
the other combinations; Jasper+BSAT and Jasper+SLING show the best performance on
the CallHome and eval92 evaluations, respectively.

The WER results seem to be in contrast with other fusion experiments; for example,
the experiments with shallow fusion decoding in Zeyer, et al. [95] report a 27% WER
improvement by integrating an LSTM LM trained on a byte pair encoding (BPE) vocabulary
[76]. BPE is a type of subword encoding commonly used in machine translation tasks ([76],
(78], [20], among others). Evidence shows that using BPE units to decompose the target
sequences can greatly benefit model accuracies, especially when used alongside other units
like characters [27].

Apart from modifying the target unit set, incorporating a more sophisticated interpola-
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tion is one potential way to improve outputs from the fusion decoder. Applying coverage
penalties like the one described in Kannan, et al. [50] or Chorowski & Jaitly [19] is one po-
tential improvement for the decoder. Inaguma, et al. [47] compute Pasr(y|x) as a log-linear
interpolation of the CTC probability distribution and the softmax distribution from the de-
coder, and then perform shallow fusion with an RNN-LM. In their monolingual experiments,
shallow fusion shows obvious improvements over the baseline. By comparison, the fusion
implementation evaluated for this experiment is less sophisticated, but nonetheless provides

a worthy baseline for future fusion experimentation with OpenSeq2Seq.

Baseline FEvaluation

One of the major differences between the baseline system and the end-to-end neural pipeline
is that the baseline flow did not provide the entirety of the transcription sequence as input to
the SRL models in one pass, but instead used Shrestha, et al.[79]’s segmentation algorithm
to generate windowed snippets as an incremental process. For classical SRL systems, the
incremental approach seems valid; the experiments in Shrestha, et al. [79] used the ASSERT
SRL system [70] to generate semantic annotations. ASSERT is an SVM classifier and thus
does not have the benefits of LSTM-centric systems like SLING or BSAT, namely, it does not
innately model long-distance dependencies within sequences. By feeding in transcriptions at
the segment-level, the baseline system occasionally misses long-distance dependencies. When
observing the results of the baseline compared to any of the neural systems, this is one of
the most apparent issues. An example of this phenomenon is provided in Table 4.9, which
depicts output annotations from the baseline-10 system in comparison to the gold standard.

The example in Table 4.9 is centered around finding the semantic frame anchored at the
ROOT predicate RECEIVED. The hypothesis sequence is able to correctly identify all frame
arguments to the left of the predicate, but only identifies parts of ARG-4 and none of ARG-2.
This misclassification is due to the segment window moving out of context for RECEIVED,
and subsequent inputs to the SRL model do not contain the target predicate. Upon deeper

inspection of the output sequence, the hypothesis annotations do correctly identify other
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semantic frames, such as the frame anchored at AWARD.

As shown by the earlier results in Table 4.2, neither SRL model is perfect at sequence
tagging, so it would not be fair to discount the viability of a segmentation algorithm like
the one used in the baseline system. Certain applications of a speech to text to semantics
system, like real-time audio streaming, could potentially benefit from a windowing-based
algorithm to select relevant portions of the streaming output for semantic annotation. But
for single-shot sequence transformations where the system has access to the entirety of the

transcription, segment selection seems detrimental to the annotation results.

4.4 Summary

This chapter has discussed the experimentation procedures used to evaluate an end-to-end
system for semantically annotating spoken language data, and provided an analysis of the ex-
periment results. The ASR components in the end-to-end OpenSeq2Seq system underwent a
multi-stage training procedure to compensate for the necessary cross-domain evaluation with
the CallHome corpus. One of the only accessible corpora that has both audio, transcriptions,
and semantic annotations is a portion of CallHome. Using a mixture of LibriSpeech, WSJ,
and CallHome, the speech recognition modules are trained to be competitive with several
other published ASR models. The SLING and BSAT SRL models are each retrained on the
standard CoNLL-2012 dataset and perform comparably with one another.

I execute two separate experiments for this thesis. The first experiment assesses the
viability of an end-to-end neural transformation pipeline to map spoken language data to
semantically annotated text. The experiment is evaluated alongside a traditional baseline
system using a GMM-HMM ASR model and a segmentation algorithm to select relevant
portions of the resulting transcription as input to an SRL model. The second experiment
evaluates the same end-to-end transformation with decoder that performs shallow fusion
between the ASR and LM components. I evaluate compositions of ASR and SRL models and
find that systems using CTC decoders with a SLING semantic parser outperform the baseline

by a reasonable margin. The LAS model performs quite poorly by comparison, though could
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potentially be improved through longer training times and additional optimizations.

Enabling shallow fusion in the decoder did not heavily influence the result metrics, but
showed similar results to decoding with n-best LM rescoring. This phenomenon contradicts
related research in shallow fusion, where enabling fusion with beam search decoding will
typically improve WERs for sequence-to-sequence models. There are some optimizations
which could improve OpenSeq2Seq shallow fusion in future research. One potential improve-
ment is modifying the LM unit set to support BPE or other subword units has been shown to
yield better results during fusion decoding. Alternatively, incorporating more a sophisticated
interpolation has been demonstrated to improve decoding.

The experiments have indicated that the baseline system is unable to properly handle
long-distance semantic dependencies. Because the baseline algorithm processes transcrip-
tions at the segment-level, rather than the full transcription, certain frame elements are not
properly identified when the segment window is too small. Given that modern SRL models
like SLING and BSAT are LSTM-based, using entire transcription sequences is as input is a
more natural way to perform semantic annotation.

In general, the results of these experiments are quite encouraging and have demonstrated
the viability of an end-to-end transformation to generate semantically annotated speech
transcriptions. Transcription sequences can be properly annotated without needing syntactic
feature enrichment, assuming the system is equipped with an adequate ASR model and a

syntax-agnostic SRL model.
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Chapter 5

CONCLUSION

This thesis presents an end-to-end system for transforming speech to text to semantics,
without requiring an intermediate representation dependant on syntactic annotation. This
type of generalized spoken language understanding is still a nascent research area: advance-
ments in the fields of spoken dialogue systems or conversational Al are typically geared to
one or more topic areas in the form of slot-filling. Slot-filling systems solve the task of pars-
ing transcribed text to fill predefined semantic slots, and thus cannot generalize to identify
arbitrary semantic roles. The system described in this thesis uses shallow semantic parsing,
or SRL, to annotate full frame predicate-argument roles across the transcription sequence

using Propbank-style annotations.

The introduced system uses a series of sequence-to-sequence neural networks. The foun-
dation of the pipeline is OpenSeq2Seq, a modular toolkit for building encoder-decoder models
built on top of the Tensorflow deep learning platform. Using a set of predefined building
blocks within the toolkit, the system supports three ASR models with distinct architectures:
DeepSpeech2, Jasper, and LAS. DeepSpeech2 and Jasper both use CTC decoders to gener-
ate the most likely character alignment given the audio signal. DeepSpeech2 uses a hybrid
CNN-RNN encoder, in which the CNN layers allow the model to extract spatial features
from the audio signal, and the downstream RNN layers act as sequence encoders to a la-
tent vector representation. Jasper exclusively uses CNN layers in its encoder, and leverages
1D convolution operations for fast and distributed sequence learning. LAS is different from
DeepSpeech2 and Jasper in that it exclusively uses RNN layers for both the encoder and
decoder modules and decodes to a standard softmax probability distribution rather than a

CTC distribution.
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The system uses two SRL models to infer semantic annotations: SLING and BSAT, a
biaffine syntax-agnostic tagger. SLING is a state-of-the-art semantic parser which uses an
LSTM encoder and a TBRU decoder. With its TBRU layers, SLING is able to dynamically
update an internal model state to make efficient parsing decisions. Uniquely, SLING outputs
a sequence of transition commands to generate semantic frame parses. Alternatively, BSAT
is unique in the way it represents predicate-argument data: its LSTM encoder generates two
distinct vector representations for both predicates and arguments, and the decoder uses a
biaffine scoring function to predict the most likely predicate-argument pairs.

The experimentation conducted in this thesis is driven by an extension to the OpenSeq2Seq
toolkit: the PostProcessingBlock configuration. The new configuration block is supported
in either evaluation or inference modes for OpenSeq2Seq and allows users to design custom
logic for sequence processing downstream from the decoder. To support the full transfor-
mation pipeline, two types of postprocessors are defined in this thesis: the first is an LM
processor which performs either n-best transcription rescoring or shallow fusion decoding,
and the second is an SRL processor to generate predicate-argument labels for a transcription.
The SRL processor has out-of-the-box support for SLING or BSAT.

Using these extensions, I describe two experiments. In the first experiment, I create and
run an end-to-end transformation pipeline using combinations of the previously described
ASR and SRL models. Outputs from the ASR component are rescored using a Transformer-
XL LM and then given as input to the corresponding SRL model. The second experiment is
a similar end-to-end transformation flow, except ASR outputs are generated using shallow
fusion decoding with Transformer-XL. In the fusion decoder, log probabilities for the ASR
model and LM are linearly interpolated to generate the best transcription sequence. Both
experiments are jointly evaluated in terms of WER and F1 metrics.

The end-to-end results are indicative of a promising research direction. Further endeav-
ours could explore more sophisticated system compositions, such as deep LM fusion or a
joint multi-task model architecture for ASR and SRL. Additionally, various optimizations

can be applied to the system to improve the end-to-end results, including more a robust LAS
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training procedure and shallow fusion computation. There are implications for other NLP
tasks as well: OpenSeq2Seq supports a number of sequence-to-sequence models, including
machine translation and speech synthesis, and the PostProcessingBlock could be a conduit

for research into system design for joint sequence-to-sequence problems in general.
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Appendix A
DEEPSPEECH2 CONFIGURATION

This section describes a complete DeepSpeech2 configuration JSON along with the
PostProcessingBlock definition for LM rescoring and SRL. The configuration is largely
a derivative of the open-sourced pretrained DeepSpeech2 configuration from OpenSeq2Seq?,
but contains several distinct modifications.

The configuration is discussed in three parts: (i) the base hyperparameters, which include
the encoder and decoder architecture definitions and training parameters, (ii) the training

procedure recipe, and (iii) the evaluation procedure recipe.
A.1 Base Parameters

base_params = {
"random_seed": O,
"use_horovod": True, #auto-enable GPU-distributed training
"num_gpus": 4,
"batch_size_per_gpu": 32,
"max_steps": 50000, #default 50000 steps, but train until convergence
"'save_summaries_steps": 100,
"print_loss_steps": 100,
"print_samples_steps": 1000,
"eval_steps": 5000,
"save_checkpoint_steps": 10000,
"logdir": "/raid/exp/ds2",

thttps:/ /nvidia.github.io/OpenSeq2Seq/html/speech-recognition /deepspeech2.html



62

"optimizer": "Adam",

"lr_policy": poly_decay,

"lr_policy_params": {
"learning_rate": 0.0001,
"power": 0.5
s
"larc_params": {
"larc_eta": 0.001,
+s
"initializer": tf.contrib.layers.xavier_initializer,
"regularizer": tf.contrib.layers.l2_regularizer,
"regularizer_params": {

’scale’: 0.0005

T,

"summaries": [‘learning_rate’, ‘variables’, ‘gradients’, ‘larc_summaries’,
‘variable_norm’, ‘gradient_norm’, ‘global_gradient_norm’],

"dtype": "mixed", #mixed precision available for some GPU types

"encoder": DeepSpeech2Encoder,
"encoder_params": {
"conv_layers": [ # 2 layers of 2D convolutions
{
"kernel_size": [11, 41], "stride": [2, 2],
"num_channels": 32, "padding": "SAME"
s
{
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"kernel_size": [11, 21], "stride": [1, 2],
"num_channels": 32, "padding": "SAME"
s
1,
"num_rnn_layers": b, # 5 GRU layers with CUDA acceleration
"ron_cell_dim": 512,
"use_cudnn_rnn": True,
"ron_type": "cudnn_gru",
"ron_unidirectional": True,
"row_conv": True, # row convolutions enabled as in original model
"row_conv_width": 4,
"n_hidden": 1024,
"dropout_keep_prob": 0.5,
"activation_fn": tf.nn.relu,

3,

"decoder": FullyConnectedCTCDecoder,
"decoder_params": {
"use_language_model": False,
"alphabet_config_path": "/raid/exp/ds2/vocab.txt",
+s
"loss": CTCLoss,

"loss_params": {},

"data_layer": Speech2TextDatalayer, # taken from the Jasper recipe
"data_layer_params": {
"num_audio_features": 64,

"input_type": "logfbank",
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"vocab_file": "/raid/exp/ds2/vocab.txt",
"norm_per_feature": True,

"window": "hanning",
"precompute_mel_basis": True,
"sample_freq": 16000,

"pad_to": 16,

"dither": 1le-5,

"backend": "librosa"

This implementation of OpenSeq2Seq uses the Adam optimizer [52], a type of first-order
stochastic gradient descent (SGD) optimizer with momentum. In the reference implementa-
tion of DeepSpeech2, the authors use SGD with Nesterov momentum ([2]; [83]), but I find
that Adam converges faster and more consistently than the standard Momentum optimizer
provided in Tensorflow.

This DeepSpeech2 encoder is effectively structured the same as the reference implemen-
tation, except it uses fewer CNN and RNN layers. OpenSeq2Seq supports CUDA-enabled
GRU cells for accelerated RNN training.

Librosa [60] is the audio processing toolkit used to extract fbank features from the input

signal.
A.2 Training Recipe

train_params = {
"data_layer": Speech2TextDatalayer,
"data_layer_params": {
"augmentation": {

‘n_freq_mask’: 2,
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‘n_time_mask’: 2,
‘width_freq_mask’: 4,
‘width_time_mask’: 4,
s
"dataset_files": [
"/raid/data/librispeech-train-full.csv",

1,

"max_duration": 16.7,
"shuffle": True,
1,

The training parameter Speech2TextDayalLayer inherits the data layer configuration
defined in the base_params block. This recipe uses 64 log-mel filterbank features with a

sample frequency of 16000 Hz.
A.3 Evaluation Recipe

eval_params = {

"data_layer": Speech2TextDatalayer,

"data_layer_params": {
"dataset_files": [

"/raid/data/librispeech-eval-full.csv",

1,
"shuffle": False,

3,

"postprocessing_block": {
"enable_joint_outputs": True,

"processors": [
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{"processor": TransformerXLProcessor, "data_source_idx" -1},

{"processor": SlingProcessor, "data_source_idx": 0}

In the evaluation procedure, Transformer-XL. and Sling are used as postprocessors. By
default, shallow fusion is disabled and the LM processor performs n-best rescoring. The joint

postprocessor outputs are automatically logged to a file in the working directory.
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