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Preface

Language has always been a crucial part of being human. From the basic sounds
our ancestors made to the detailed conversations we have today, language helps us
connect and understand each other. It goes beyond just talking; it is the foundation
of our culture and civilization. However, teaching machines to understand human
language is a big challenge. This book explores the journey of Natural Language
Understanding (NLU), showing how we have gone from simple human interactions
to advanced computer-human conversations.

Natural Language Understanding is about bridging the gap between human
language and computers. It involves making machines understand, interpret, and
respond to human language accurately and in context. NLU is essential in today’s
world, from virtual assistants that help us daily to AI systems driving innovation in
many fields.

The development of NLU has been amazing. At first, researchers used rule-based
systems to create language rules. These early systems, like ELIZA and SHRDLU,
were groundbreaking but struggled with the complexity of natural language.
Creating rules for every possible scenario was tough and often impractical.

Then came statistical methods. Researchers started using statistical models to
understand the probabilities in language, moving away from rigid rules. This
opened new ways to handle language tasks like text generation and classification.
Techniques like n-gram models and Hidden Markov Models helped, but they still
had limitations, especially with long-range dependencies and rare events.

Machine learning took NLU further. Algorithms like decision trees, support vec-
tor machines, and logistic regression were used for language tasks. These methods
allowed computers to learn from data, leading to applications like sentiment analysis
and machine translation. But the real breakthrough came with deep learning.
Deep learning has changed NLU by using neural networks similar to the human
brain. These networks, like recurrent neural networks (RNNs), convolutional neural
networks (CNNs), and transformers, have greatly improved language processing.
Innovations like word embeddings and models like BERT and GPT have enhanced
our understanding of language even more.

v



vi Preface

One key lesson from NLU’s progress is that understanding language depends on
the situation. Effective communication needs commonsense reasoning and context.
Large language models like GPT-3 and GPT-4 are powerful but still struggle with
context and nuance, showing the need for better NLU techniques.

NLU can be used in many ways. From improving customer service with
chatbots to enhancing accessibility with speech recognition, NLU technologies are
transforming many areas. But there are challenges too. NLU systems need to be
context-aware, culturally sensitive, and capable of nuanced understanding.

This book will guide you through the history, current advancements, and future
of NLU.

Chapter 1: Introduction to Natural Language Understanding Chapter 1 lays
the foundation by tracing the evolution of NLU from early human communication
to modern computer-human interactions. It underscores the significance of language
in human society and the challenges in making machines understand and respond to
human language.

Chapter 2: Prerequisites and Glossary for Natural Language Understanding
Chapter 2 serves as a foundational resource, consolidating essential prerequisites
and key terminologies drawn from across the book’s chapters. This chapter aims
to provide clarity and insight into the foundational principles underlying NLU and
dialogue management.

Chapter 3: Single-Turn Natural Language Understanding Chapter 3 looks at
Single-Turn NLU, focusing on tasks that involve interpreting and processing user
inputs in a single interaction. It covers essential tasks like Intent Classification and
Slot Filling, exploring both traditional and modern machine learning approaches.
The chapter also examines the role of external resources and key datasets in
enhancing NLU systems.

Chapter 4: Multi-Turn Natural Language Understanding Chapter 4 moves to
Multi-Turn NLU, where dialogue systems have extended interactions with users.
It explores techniques for managing dialogues, using context, and integrating
external knowledge bases. Prominent datasets and methods for handling multi-turn
conversations are also discussed.

Chapter 5: Evaluating Natural Language Understanding Chapter 5 focuses on
the methods for evaluating NLU systems. It discusses the annotation of datasets and
various performance assessment methods, covering different levels of understand-
ing, from intent recognition to slot filling and domain classification.

Chapter 6: Applications and Case Studies in Natural Language Understanding
Chapter 6 shows practical applications of NLU in various fields, including finance,
medicine, and law. It features case studies that highlight the impact of NLU
technologies in real-world scenarios.
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Chapter 7: Challenge, Conclusion, and Future Direction Chapter 7 explores
the core obstacles hindering the advancement of NLU, including ambiguity, domain
adaptation, data scarcity, and ethical concerns. By understanding these challenges,
this final chapter highlights the ongoing work needed to advance NLU.

This book aims to inspire and equip everyone interested in NLU with the
knowledge and tools to advance this field. Join us to explore the details of Natural
Language Understanding and see its profound impact on our past, present, and
future.

Welcome to the exciting world of Natural Language Understanding!

Melbourne, VIC, Australia Soyeon Caren Han
Sydney, NSW, Australia Henry Weld
Sydney, NSW, Australia Yan Li
Sydney, NSW, Australia Jean Lee
Sydney, NSW, Australia Josiah Poon
Aug 2024
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Chapter 1
Introduction to Natural Language
Understanding

1.1 Overview

In the vast tapestry of human civilization, one thread binds us all together, the
language. From the primal grunts of our ancestors to the eloquent prose of
modern literature, language has been the cornerstone of human communication
and understanding. Yet, for machines, deciphering the intricate nuances of language
has long been an enigma.

Welcome to the exploration of Natural Language Understanding (NLU), a
journey that spans centuries of human ingenuity, technological innovation, and
linguistic curiosity. In this book, we embark on a quest to unravel the mysteries
of how machines have endeavored to comprehend the language that defines our
existence.

NLU represents humanity’s quest to bridge the gap between human language
and computational systems. It encompasses the formidable challenge of enabling
machines to comprehend, interpret, and respond to human language in a manner
that is not only accurate but also contextually aware and meaningful.

The significance of NLU permeates every facet of modern society, from powering
virtual assistants that help us navigate our daily lives to driving advancements in
artificial intelligence that revolutionize industries. Whether we realize it or not,
NLU plays a pivotal role in shaping the technological landscape of our world.

This book embarks on a journey through the annals of time, tracing the evolution
of NLU from its humble beginnings to its current state of sophistication. We will
explore the ingenuity of early pioneers who dared to dream of machines that
could understand human language, the watershed moments that marked paradigm
shifts in NLU methodologies, and the relentless pursuit of innovation that propels
us toward a future where seamless human-machine communication is not just a
possibility but a reality. We briefly delve into the earliest attempts to automate

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
S. C. Han et al., Natural Language Understanding in Conversational AI
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2 1 Introduction to Natural Language Understanding

language understanding and explore the transformative impact of machine learning
and neural networks. Along the way, we encounter the practical applications that
have reshaped industries and revolutionized human-machine interaction.

Through the pages that follow, we invite you to delve into the captivating
narrative of how humanity’s quest to understand language has intertwined with the
relentless march of technological progress. Join us as we unravel the mysteries of
Natural Language Understanding and discover the profound impact it has had on
our past, present, and future.

Welcome to the fascinating world of Natural Language Understanding!!

1.2 A Brief History of Natural Language Understanding
(NLU)

Natural Language Understanding (NLU) has been a pursuit since the early days
of computing. While the concept may seem straightforward to humans, teaching
computers to understand human language presented significant challenges that early
pioneers bravely tackled.

1.2.1 Early Rule-Based NLU

In the nascent stages of NLU, researchers focused on rule-based systems. These
systems attempted to codify language understanding through explicit sets of rules.
One of the earliest notable efforts was by Alan Turing, who proposed the Turing
Test in 1950 as a benchmark for gauging a machine’s ability to exhibit intelligent
behavior indistinguishable from that of a human.

A milestone in NLU came with Joseph Weizenbaum’s introduction of
ELIZA [230] in the mid-1960s. Although primitive by today’s standards, ELIZA
simulated conversation by recognizing keywords in a user’s input and generating
pre-scripted responses. Despite its simplicity, ELIZA sparked interest in human-
computer interaction and laid the groundwork for future chatbot development
(Fig. 1.1).

In the late 1960s, Terry Winograd developed SHRDLU [239], a program
capable of understanding and executing commands in a simulated world of blocks.
SHRDLU demonstrated the power of symbolic reasoning in NLU, as it manipulated
symbols representing objects and actions according to predefined rules. While
limited in scope, SHRDLU showcased the potential of symbolic approaches to
language understanding (Fig. 1.2).
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Fig. 1.1 A sample screenshot from a conversation with ELIZA [230], which recognizes the
keywords by using predefined patterns and rules

Fig. 1.2 A sample screenshot from a conversation with SHRDLU [239], which recognizes the
keywords from the user’s query by using a parser to analyze the syntactic structure

Early rule-based systems faced several challenges. They struggled to handle the
complexity and ambiguity inherent in natural language. Crafting exhaustive rule
sets to cover all possible linguistic nuances proved daunting and often impractical.
Additionally, these systems lacked the ability to learn from data, relying instead on
handcrafted rules that required constant maintenance and updating.

Despite their limitations, early attempts at NLU laid the groundwork for future
advancements. They introduced foundational concepts and inspired researchers to
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explore new approaches. The experiences gained from working with rule-based
systems highlighted the need for more flexible and adaptive methods, leading to
the emergence of statistical and, later, machine learning-based approaches to NLU.

In retrospect, these early endeavors serve as important milestones in the ongoing
quest to bridge the gap between human language and machine understanding. While
the journey was fraught with challenges, the lessons learned paved the way for the
remarkable progress that followed in the field of natural language processing.

1.2.2 Statistical Approach-Based NLU

In the mid-twentieth century, there was a notable shift toward statistical approaches
in NLU. Rather than relying solely on handcrafted rules, researchers began to
leverage statistical models to capture the probabilistic nature of language. This
transition marked a significant departure from the deterministic nature of rule-based
systems and opened new avenues for tackling the complexities of natural language.

One of the earliest statistical models used in NLU is the n-gram model. N-grams
are sequences of n words or characters that are used to model the probability of a
word occurring given its context. By analyzing the frequency of n-grams in a corpus
of text, language models can predict the likelihood of different word sequences,
enabling tasks such as language generation and text classification. Hidden Markov
Models (HMMs) [173] also played a significant role in statistical approaches
to NLU. HMMs are probabilistic models that represent sequences of observable
events generated by underlying hidden states. In the context of language processing,
HMMs can be used for tasks such as speech recognition, part-of-speech tagging,
and named entity recognition by modelling the sequential nature of language.

The rise of machine learning further propelled the adoption of statistical methods
in NLU. Researchers began applying algorithms such as decision trees [148],
support vector machines (SVMs) [39], and logistic regression [42] to various
language processing tasks. These algorithms allowed computers to learn patterns
and associations from labelled data, enabling tasks like sentiment analysis, text
categorization, and machine translation.

While statistical approaches represented a significant advancement in NLU,
they were not without challenges. These methods often struggled with capturing
long-range dependencies in language, as well as handling rare or unseen events.
Additionally, statistical models require large amounts of annotated data for training,
which could be costly and time-consuming to acquire.
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1.2.3 Rise of Machine Learning-Based NLU

In the latter half of the twentieth century, researchers increasingly turned to machine
learning methods for NLU tasks due to the advances of hardware performance
and efficiency. Unlike rule-based systems and early statistical approaches, machine
learning algorithms could automatically discover patterns in data, reducing the need
for handcrafted rules and heuristics.

Various machine learning algorithms were applied to NLU tasks, including
decision tree [148], support vector machines (SVMs) [39], and logistic regres-
sion [42]. A key advantage of machine learning in NLU was its data-driven
approach. By training models on large amounts of labelled data, researchers could
capture the complex patterns and structures inherent in natural language. This data-
driven paradigm enabled computers to generalize from examples and adapt to new
linguistic phenomena.

One notable example of a traditional machine learning-based NLU system is
IBMWatson [55]. IBMWatson NLU utilizes a combination of traditional machine
learning algorithms and rule-based techniques to analyze and understand text data
(Fig. 1.3).

IBMWatson initially processes unstructured text data, such as documents, social
media posts, or customer feedback, to extract relevant information and insights.
The system employs various feature extraction techniques to transform raw text
into numerical representations that machine learning algorithms can process. These
features include word frequencies, part-of-speech tags, syntactic patterns, and
semantic representations. Watson employs a range of traditional machine learning

Fig. 1.3 A snapshot of the Jeopardy! challenge when Watson competes against humans and wins
the round
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algorithms, including decision trees, support vector machines (SVM), and logistic
regression, to perform tasks such as sentiment analysis, entity recognition, and topic
classification. It also incorporates rule-based processing to handle specific linguistic
phenomena or domain-specific rules. These rules help enhance the accuracy and
robustness of the system’s NLU capabilities.

1.2.4 Deep Learning-Based NLU

Deep learning, a subfield of machine learning, has emerged as a powerful paradigm
for natural language understanding (NLU). Deep neural networks, inspired by the
structure and function of the human brain, have revolutionized language processing
by enabling computers to learn hierarchical representations of text data.

Neural networks, originally proposed in the 1940s, experienced a resurgence in
interest in the twenty-first century due to advances in computational power and
data availability. Various neural network architectures, including recurrent neural
networks (RNNs), convolutional neural networks (CNNs), and transformer models,
have been developed for NLU tasks.

One of the key innovations in deep learning for NLU is the concept of word
embeddings. Word embeddings are dense vector representations of words learned
from large text corpora. These representations capture semantic relationships
between words, enabling models to better understand and manipulate language.

Recent advancements in deep learning have focused on transfer learning and
pre-trained models. Contextualized word representations, exemplified by models
like BERT (Bidirectional Encoder Representations from Transformers) [48]
and GPT (Generative Pre-trained Transformer) [174], have further improved
semantic understanding in NLU. These models capture the context in which
words appear in a sentence, leading to more nuanced and contextually appropriate
representations of meaning.

One prominent example of a Deep Learning-based Natural Language Under-
standing (NLU) system is OpenAI’s GPT (Generative Pre-trained Transformer)
series of models. GPT models, including GPT-2 [175] and GPT-3 [21], represent
a significant advancement in NLU using large-scale deep learning architectures,
specifically transformer models. GPT models are based on the transformer archi-
tecture, which allows them to capture long-range dependencies in text data. This
architecture consists of multiple layers of self-attention mechanisms, enabling the
model to weigh the importance of different words in a sentence dynamically. During
pre-training, the model learns to predict the next word in a sequence given the
preceding context, thereby capturing rich semantic and syntactic information from
the data. After pre-training, GPT models can be fine-tuned on specific NLU tasks
using supervised learning techniques. One key feature of GPT models is their ability
to generate contextualized word representations. These representations capture the
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meaning of words in context, allowing the model to produce more accurate and
contextually appropriate responses to queries.

By pre-training large neural network models on massive text corpora, researchers
have created models that can be fine-tuned on specific NLU tasks with relatively
little labelled data, leading to improved performance and efficiency. The NLU is
now likely to be shaped by ongoing advances in deep learning and its integration
with other fields such as reinforcement learning and multimodal learning.

The history of natural language understanding (NLU) is a testament to human
ingenuity and perseverance in bridging the gap between human language and
machine understanding. From early rule-based systems to the rise of machine
learning and deep learning, researchers have continuously pushed the boundaries
of what computers can achieve in understanding and processing natural language.

Throughout this journey, we have witnessed remarkable advancements in NLU,
driven by a combination of theoretical insights, algorithmic innovations, and
exponential growth in computational resources and data availability. These advance-
ments have led to transformative applications in areas such as virtual assistants,
chatbots, sentiment analysis, and machine translation, reshaping the way we interact
with technology and each other.

1.3 Unveiling the Limitations of Large Language Models
in NLU

In the ever-evolving landscape of Natural Language Understanding (NLU), the
advent of Pre-trained Language Models (PLMs) and their larger counterparts, Large
Language Models (LLMs), has sparked a revolution in conversational systems.
These models capture audiences with their uncanny ability to engage in seemingly
human-like dialogue.

Yet, amid the marvel of their performance, there exists a paradox: the belief that
these sophisticated models have rendered further advancements in NLU redundant.
However, beneath the surface lies a labyrinth of challenges haunting LLM-based
NLU. Despite their prowess, these models often stumble when it comes to grasping
the intricate nuances of context and identifying pivotal information, occasionally
conjuring perplexing or downright nonsensical responses. These shortcomings serve
as a stark reminder of the ongoing need for innovative NLU techniques that can
adeptly navigate the complexities of human language and cognition.

Let’s go through some qualitative and quantitative examples together!
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1.3.1 Qualitative Analysis

For a qualitative example illustrated in Fig. 1.4, consider a scenario where an LLM
is tasked with solving the classic puzzle: “Move the wolf, sheep, and cabbage to
the opposite shore using the boat. Each time, the boat can only take three items, so
multiple crossings are possible. Be careful; when the man is not around, the wolf
will eat the sheep, and the sheep will eat cabbage.” When ChatGPT-4 [6] attempts
to solve this, it erroneously selects just one item (the sheep) and takes it across
the river, despite the instruction that three items can be taken at once. Even more
intriguingly, when the user reiterates, “I said you can take three items,” ChatGPT-
4 initially makes the man take three items but then illogically returns with two items.

Furthermore, when the user queries, “Can you find the value of intent and
slot tokens from the user’s query?” ChatGPT-4 identifies the intent as solving the
river crossing puzzle and recognizes the slot tokens as the items (wolf, sheep, and
cabbage) and the transport (boat). However, it fails to grasp the crucial information
that “three items” can be taken, a key detail necessary for correctly answering the
question (Fig. 1.5).

These errors made by ChatGPT4 occur from several fundamental limitations
inherent in Large Language Models (LLMs):.

• Contextual Understanding: LLMs, including ChatGPT, often struggle with
maintaining complex contexts, especially when multiple steps or conditions are
involved. If the conversation requires a nuanced understanding of constraints, it
can be challenging for LLMs to navigate the key information.

• State Management: LLM models normally do not have a persistent memory or
state-tracking mechanism. They process each query in isolation to some extent,
which can lead to inconsistencies when handling multi-step problems that require
remembering previous actions and their outcomes.

• Training Data Limitations: The models are trained on vast amounts of text from
the Internet. However, this training does not always equip them to handle specific
logical puzzles or niche scenarios that they have not encountered frequently
during training.

• Reasoning: While LLMs are good at generating plausible-sounding text, they
are not as adept at reasoning through problems in a logically consistent manner.
Tasks requiring step-by-step reasoning, such as the river crossing puzzle, often
expose these weaknesses.

LLMs primarily rely on pattern recognition rather than a deep understanding
of underlying concepts. They might recognize common patterns in text related to
puzzles but fail to internalize the logic needed to solve them accurately.

These limitations illustrate why LLMs, despite their impressive capabilities, can-
not fully replace more sophisticated Natural Language Understanding techniques
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Fig. 1.4 A snapshot of the limitation of LLM (ChatGPT4—June 9, 2024)
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Fig. 1.5 A snapshot of the limitation of LLM (ChatGPT4—June 9, 2024)

Table 1.1 Evaluation on MultiWoz (MWOZ) and M2M datasets

Intent detection (ID) Slot filling (SF)

MWOZ (Acc.) M2M (Acc.) MWOZ (F1) M2M (F1)

LLaMa2-7b-chat 0.4751 0.3363 0.0217 0.0751

LLaMa2-13b-chat 0.1679 0.2013 0.0891 0.1092

LLaMa2-70b-chat 0.3896 0.3275 0.0619 0.0883

Gemma-7b 0.6515 0.4588 0.6653 0.4357

GPT3.5 0.6971 0.5100 0.8175 0.5516

Our best model 0.8502 0.9427 0.9928 0.9856

that are designed to handle context, maintain state, and perform logical reasoning
with greater accuracy.

1.3.2 Quantitative Analysis

A similar interesting pattern can be found in the quantitative analysis by using
various LLMs on the widely used, publicly available multi-turn conversation
dataset, including MultiWoz (MWOZ) and M2M.

Table 1.1 presents the experimental results of each baseline compared to the
performance of our best model. It is evident that GPT-3.5 [155] achieves the highest
performance across all tasks in zero-shot testing, yet it still significantly lags behind
our model. In the ID and SF tasks, LLaMa’s performance is notably inferior to that
of Gemma and GPT, indicating that factors such as architecture, training data, and
training methods impact LLM performance beyond just the number of parameters.

Within the LLaMa series, the number of parameters doesn’t always correlate with
better performance; the 7b model occasionally outperforms the 13b and 70b models.
It’s worth mentioning that only the 70b model was used with 4-bit quantization.
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Across both tasks, LLMs sometimes generate out-of-scope class names despite
being provided with all class names. Additionally, in the SF task, LLMs often fail
to produce answers matching the length of the original text. Despite prompts indi-
cating that no explanation is necessary for efficiency, LLMs occasionally generate
explanations. These observations suggest that LLMs do not fully understand the
input.

1.4 Conclusion

In this chapter, we have journeyed through the intricate landscape of Natural
Language Understanding (NLU) and examined the limitations of Large Language
Models (LLMs) like GPT-3.5 and LLaMa. While these advanced models have
revolutionized conversational systems and demonstrated remarkable feats in zero-
shot tasks, they also exhibit significant shortcomings that underscore the ongoing
necessity for robust NLU techniques.

We observed that factors beyond the sheer number of parameters—such as
architecture, training data, and methodologies—play crucial roles in determining
model performance. Despite GPT-3.5’s impressive performance, our experiments
revealed that it still falls short when compared to our optimized models, particularly
in tasks that require nuanced understanding and logical reasoning. These models
sometimes generate out-of-scope class names, fail to match the length of responses
to the original input, and misunderstand key instructions, indicating that they do not
fully grasp the input context.

In the following chapters, we will delve deeper into the detailed techniques
and applications pushing the boundaries of NLU. We will explore state-of-the-art
methods, examine practical applications, and uncover how emerging technologies
are addressing the current limitations of LLMs. Join us as we continue to navigate
the fascinating and complex world of natural language understanding, striving for a
future where machines can truly comprehend and interact with human language.



Chapter 2
Prerequisites and Glossary for Natural
Language Understanding

Welcome to Chap. 2 of our book on Natural Language Understanding (NLU) for
conversation agents. This chapter is a foundational guide, combining essential
prerequisites and a comprehensive glossary of critical terminologies drawn from
Chaps. 1, 3, 4, 5, and 6. These terms are fundamental to understanding the
intricate workings of modern NLU systems and their application in developing
intelligent dialogue systems. In our exploration of NLU, we delve into a diverse
array of concepts and technologies from artificial intelligence, machine learning
and Natural Language Processing. Whether you are new to the field or seeking to
deepen your understanding, this chapter aims to provide clarity and insight into the
foundational principles that underpin effective NLU and dialogue management. The
glossary presented here defines and elaborates on terms essential for comprehending
NLU and its practical applications. Each definition is accompanied by a detailed
description that illuminates its significance in dialogue systems and illustrative
examples showcasing real-world implementations and scenarios. By understanding
these foundational concepts and terminologies, readers can navigate through the
subsequent chapters, which explore advanced topics in depth. From Multi-Head
Attention and Task-oriented Chatbots to Integrated Learning and Dialogue State,
these terms provide a comprehensive framework for understanding and developing
NLU systems.

Annotate (Annotation) Annotation in the context of natural language processing
refers to the process of adding notes or labels to text data, which help machines
understand the structure, meaning, and context of the text.

Detailed Description Annotation is essential for training machine learning mod-
els. It involves marking parts of the text with labels such as named entities
(like names of people, organizations, or locations), parts of speech (nouns,
verbs, adjectives), and other linguistic features. This labelled data serves as a
foundation for teaching models to recognize and understand similar patterns in
new, unlabelled text.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
S. C. Han et al., Natural Language Understanding in Conversational AI
with Deep Learning, https://doi.org/10.1007/978-3-031-74364-1_2
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Example For instance, in the sentence “Alice went to Paris,“ an annotator might
label “Alice” as a person (PER) and “Paris” as a location (LOC). This helps
the machine learning model to learn these entities’ roles and recognize them in
future texts.

Annotated Data Annotated data refers to datasets that have been enriched with
labels or notes, providing additional information about the data’s content and
structure, which is crucial for training machine learning models.

Detailed Description Annotated data is a key resource in supervised learning,
where the model learns from input-output pairs. These annotations guide the
learning process by explicitly showing the model what to look for and how
to interpret the data. High-quality annotated data is vital for the accuracy and
performance of natural language understanding systems.

Example Consider a dataset of customer reviews with sentiment labels. Each
review might be annotated as positive, negative, or neutral. These labels help the
model to learn how to classify new reviews based on their sentiment.

Attention Mechanism The attention mechanism is a technique used in neural
networks, especially in sequence-based models, to dynamically focus on the most
relevant parts of the input sequence when making predictions.

Detailed Description The attention mechanism allows models to weigh different
parts of the input data differently, giving more importance to some parts while
ignoring others. This is particularly useful in tasks like translation, where certain
words in a sentence may be more critical for understanding the context than
others. It helps the model to handle long-range dependencies and improve
performance on various tasks.

Example In machine translation, when translating the sentence “The cat sat on
the mat” from English to French, the attention mechanism helps the model to
align “cat” with “chat” and “mat” with “tapis,” ensuring accurate translation.

Attention Score The attention score is a value that indicates the importance of a
particular part of the input data relative to others, as determined by the attention
mechanism in a neural network.

Detailed Description Attention scores are calculated during the training of the
model and indicate how much focus the model should place on each part of the
input data when making a prediction. These scores are used to create weighted
combinations of the input features, which can significantly improve the model’s
ability to understand and process complex data.

Example In a sentiment analysis task, if the attention mechanism assigns higher
scores to words or phrases that express strong emotions or sentiments, the model
can more accurately determine the overall sentiment of the text. For instance,
in a product review, words like “excellent,” “terrible,” or “disappointed” might
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receive higher attention scores, helping the model to better classify the review as
positive or negative.

Benchmark In machine learning, a benchmark is a standard or point of reference
against which models or algorithms can be compared to measure their performance.

Detailed Description Benchmarks are used to evaluate and compare the effec-
tiveness of different models on specific tasks. They often involve standardized
datasets and evaluation metrics, allowing researchers and developers to under-
stand how well a model performs relative to others and to identify areas for
improvement.

Example A well-known benchmark in natural language processing is the General
Language Understanding Evaluation (GLUE) benchmark, which includes a
variety of tasks like sentiment analysis and question answering. Models are
evaluated on their performance across these tasks to provide a comprehensive
assessment.

Binary Classification Binary classification is a type of classification task where the
objective is to assign one of two possible classes to each input.

Detailed Description In binary classification, models are trained to differentiate
between two classes, such as “spam” and “not spam” in email filtering, or
“positive” and “negative” in sentiment analysis. This is one of the simplest and
most common types of classification tasks in machine learning.

Example An example of binary classification is a model that predicts whether an
email is spam or not. The input data (email content) is analyzed, and the model
assigns a label (spam or not spam) based on its training.

Capsule Network A capsule network is a type of artificial neural network that aims
to better model hierarchical relationships within data, addressing some limitations
of traditional convolutional neural networks (CNNs).

Detailed Description Capsule networks use groups of neurons, called capsules,
that output a vector rather than a scalar value. These vectors represent different
properties of objects and their instantiation parameters, such as pose, texture,
and spatial relationship. Capsule networks can better understand the spatial
hierarchies and improve the robustness of models to transformations in the input
data.

Example In image recognition, a capsule network might better recognize a rotated
or scaled image of a cat compared to a traditional CNN, as it understands the
spatial relationships between the cat’s features more effectively.

Chatbot A chatbot is a software application designed to simulate human conver-
sation, often used in customer service, information retrieval, and other interactive
applications.
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Detailed Description Chatbots can be rule-based or powered by artificial intel-
ligence. Rule-based chatbots follow predefined rules and patterns to respond
to user inputs, while AI-powered chatbots use natural language processing
and machine learning to understand and generate more complex and natural
responses. They are commonly used in Web sites, messaging apps, and customer
support systems to provide immediate assistance and automate repetitive tasks.

Example When you visit an online store and see a chat window pop up asking if
you need help, the software behind that chat window is likely a chatbot. It can
answer questions about products, help with order tracking, and even assist with
returns.

Cluster Merger Algorithm A cluster merger algorithm is a technique used in
clustering analysis to combine smaller, similar clusters into larger ones, enhancing
the overall structure and coherence of the clustered data.

Detailed Description Clustering is the process of grouping similar data points
together. A cluster merger algorithm iteratively examines the clusters formed
and merges those that are similar or close to each other based on a predefined
criterion, such as distance or similarity measures. This helps in forming more
meaningful and less fragmented clusters.

Example In customer segmentation, a cluster merger algorithm might combine
clusters of customers with similar purchasing patterns to create broader segments
that can be targeted with specific marketing strategies.

Conditional Random Field (CRF)A Conditional Random Field (CRF) is a type of
statistical modelling method often used for structured prediction, where the output
depends on the entire input sequence rather than just individual input components.

Detailed Description CRFs are used in natural language processing tasks such
as part-of-speech tagging, named entity recognition, and information extraction.
Unlike other models that make independent predictions for each part of the input,
CRFs consider the context of the entire input sequence, which helps in making
more accurate predictions by capturing dependencies between adjacent labels.

Example In named entity recognition, a CRF can be used to label words in a
sentence as person names, organizations, locations, etc., while considering the
context provided by surrounding words to improve accuracy.

Context Management Context management refers to the techniques and processes
used to handle and utilize context information in conversation agents to maintain
coherent and relevant interactions.

Detailed Description Effective context management enables conversation agents
to remember and appropriately use information from previous interactions. This
can include user preferences, past questions and answers, and other relevant
data. Proper context management is crucial for providing a seamless and natural
conversational experience.



2 Prerequisites and Glossary for Natural Language Understanding 17

Example If a user asks a virtual assistant, “What’s the weather like today?”
followed by “And tomorrow?”, the system uses context management to
understand that the second question is also about the weather, but for the next day.

Context Retention Context retention is the ability of a conversation agent to
remember and utilize information from earlier parts of a conversation to provide
coherent and relevant responses in subsequent interactions.

Detailed Description Maintaining context over multiple turns in a conversation
is essential for creating natural interactions. This involves storing and retrieving
relevant information as the conversation progresses, enabling the agent to provide
responses that are contextually appropriate and informed by prior exchanges.

Example In a customer service chatbot, if a user first asks about a product’s
availability and then inquires about shipping options, context retention allows
the chatbot to remember the specific product being discussed when providing
shipping information.

Context Window A context window in natural language processing refers to the
span of text surrounding a target word or phrase that is considered when analyzing
or predicting the meaning or function of that word or phrase.

Detailed Description The context window is crucial for understanding the mean-
ing of words that depend on their surroundings. By examining the words
immediately before and after a target word, models can better grasp its meaning
and how it relates to the overall sentence or document. The size of the context
window can vary depending on the application and the complexity of the text.

Example In the sentence “She opened the door with a key,” a context window
might include the words “opened,” “the,” and “with” to help determine that “key”
refers to an object used to unlock the door.

Contextual Continuity Contextual continuity refers to the smooth and logical flow
of context within a conversation, ensuring that responses are coherent and relevant
to the preceding dialogue.

Detailed Description Maintaining contextual continuity is essential for creating
natural and effective conversations. It involves tracking and updating the context
as the conversation progresses, ensuring that each response logically follows
from the previous interactions. This helps in maintaining user engagement and
providing accurate information.

Example If a user is asking a series of questions about a travel itinerary, contextual
continuity ensures that the conversation agent can provide consistent and relevant
information about flights, hotels, and activities without losing track of the overall
context.
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Contextual Dependency Contextual dependency refers to the reliance of a word,
phrase, or sentence on its surrounding text to convey its complete meaning.

Detailed Description Many words and phrases in natural language depend on the
context in which they appear to be fully understood. Contextual dependency is
a critical consideration in natural language processing, as it allows models to
interpret the meaning based on the surrounding text, rather than in isolation.

Example The word “bank” can refer to a financial institution or the side of a river.
Its meaning depends on the surrounding words, such as in “She deposited money
at the bank” versus “They had a picnic on the river bank.”

Contextual Reference Contextual reference involves using information from the
surrounding text or conversation to resolve ambiguities and provide specific,
relevant responses.

Detailed Description Contextual reference is essential for understanding and
generating natural language. It helps in identifying what or whom a particular
word or phrase refers to, based on the context. This is especially important in
conversation agents to ensure that responses are accurate and relevant to the
ongoing dialogue.

Example In a conversation, if someone says, “I spoke to John yesterday. He said
he will join us,” the pronoun “he” refers to “John” based on contextual reference.

Contextualized Word Representation Contextualized word representation is a
method in natural language processing where the meaning of a word is determined
based on the context in which it appears.

Detailed Description Unlike traditional word embeddings that assign a single
representation to each word regardless of context, contextualized word repre-
sentations adjust the representation based on the surrounding text. This allows
models to understand the nuances of language better and disambiguate words
that have multiple meanings.

Example The word “bat” can mean a flying mammal or a piece of sports
equipment. In the sentence “The bat flew out of the cave,” a contextualized
word representation would interpret “bat” as the animal, while in “He swung the
bat and hit the ball,” it would interpret “bat” as the sports equipment.

Continuous Learning Continuous learning in machine learning refers to the ability
of a model to keep learning from new data and experiences after its initial training.

Detailed Description Continuous learning enables models to adapt to new infor-
mation and improve over time without requiring retraining from scratch. This
is particularly useful in dynamic environments where data evolves, such as
personalized recommendation systems or autonomous vehicles. Continuous
learning can help maintain the model’s relevance and accuracy.
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Example A spam detection system that continuously learns can adapt to new
spam tactics and remain effective over time, improving its ability to filter out
unwanted emails as new patterns emerge.

Conversation Topic Detection Conversation topic detection is the process of
identifying the main subject or theme of a conversation within a dialogue system.

Detailed Description This involves analyzing the content of the conversation
to determine the topics being discussed. Effective topic detection helps con-
versational agents provide relevant responses, maintain context, and manage
conversations more effectively. It can also aid in summarizing and categorizing
dialogues for further analysis.

Example In a customer service chatbot, conversation topic detection might
identify that the user is inquiring about billing issues, enabling the bot to provide
specific and relevant information related to billing.

Conversation-Level Domain The conversation-level domain refers to the broader
context or subject matter that a conversation is centered around, guiding the
direction and nature of the dialogue.

Detailed Description Understanding the conversation-level domain is crucial for
maintaining relevance and coherence in interactions. It involves recognizing the
overall topic or field the conversation pertains to, such as healthcare, finance, or
travel. This helps in providing domain-specific information and responses that
align with the user’s needs and expectations.

Example In a virtual health assistant, recognizing that the conversation-level
domain is medical advice helps the agent provide accurate and relevant health
information, avoiding off-topic responses.

Conversational Agent A conversational agent is a software application designed
to interact with users through natural language, often performing tasks, providing
information, or engaging in dialogue.

Detailed Description Conversational agents can be powered by rule-based sys-
tems or advanced artificial intelligence techniques, including natural language
processing and machine learning. They are commonly used in customer service,
virtual assistants, and interactive platforms to simulate human conversation and
perform automated tasks.

Example Popular examples of conversational agents include virtual assistants like
Amazon’s Alexa, Apple’s Siri, and chatbots used on customer service Web sites
to help users navigate services and answer queries.

Conversational AI Conversational AI refers to the technologies and methods used
to enable machines to understand, process, and respond to human language in a
conversational manner.
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Detailed Description Conversational AI encompasses natural language process-
ing, machine learning, and speech recognition technologies to create systems that
can engage in dialogue with users. These systems can handle a variety of tasks,
from simple question answering to complex multi-turn conversations, providing
personalized and contextually relevant responses.

Example A customer service chatbot that can understand customer issues, ask
follow-up questions, and provide solutions, all while maintaining a natural
conversational flow, is an application of conversational AI.

Convolutional Neural Network (CNN) A Convolutional Neural Network (CNN)
is a type of deep learning model particularly effective for processing grid-like data,
such as images.

Detailed Description CNNs use convolutional layers to automatically and adap-
tively learn spatial hierarchies of features from input data. They are designed to
recognize patterns such as edges, textures, and shapes by applying filters that
slide over the input data. CNNs are widely used in image and video recognition,
medical image analysis, and natural language processing tasks that can be
represented as spatial data.

Example CNN can be used to classify text into different categories by learning to
recognize patterns in the sequences of words. For instance, in sentiment analysis,
a CNN can learn to detect specific phrases and word combinations that indicate
positive or negative sentiment, enabling the model to accurately classify a given
piece of text as expressing positive, negative, or neutral sentiment.

Crowd-Sourcing Crowd-sourcing is the practice of obtaining input, ideas, or
services by soliciting contributions from a large group of people, typically from
an online community.

Detailed Description In the context of machine learning and data annotation,
crowd-sourcing involves gathering large amounts of labelled data by engaging
a broad and diverse group of contributors. This approach leverages the collective
intelligence and efforts of many individuals to perform tasks that would be time-
consuming or difficult for a small team. Crowd-sourcing is often used to collect
training data for supervised learning models.

Example Platforms like Amazon Mechanical Turk allow businesses to crowd-
source data annotation tasks, such as labelling images, transcribing audio, or
categorizing text, by distributing the work to a large pool of online workers.

Customer Service System A customer service system is a set of tools and
processes designed to assist customers in resolving issues, obtaining information,
and enhancing their overall experience with a company or service.

Detailed Description These systems often include various channels such as phone
support, email, live chat, and automated chatbots. The goal is to provide
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timely and efficient assistance to customers, improving satisfaction and loyalty.
Advanced customer service systems leverage technologies like artificial intelli-
gence and natural language processing to handle inquiries more effectively and
personalize interactions.

Example An online retailer might use a customer service system that includes
a chatbot to answer common questions, a live chat feature for more complex
issues, and a ticketing system to track and resolve customer complaints.

Decision Tree A decision tree is a type of algorithm used in machine learning and
statistics that models decisions and their possible consequences, including chance
event outcomes and resource costs.

Detailed Description Decision trees use a tree-like model of decisions, where
each internal node represents a test or attribute, each branch represents the
outcome of the test, and each leaf node represents a class label or decision.
They are simple to understand and interpret, making them popular for both
classification and regression tasks. Decision trees can handle both numerical and
categorical data.

Example In a medical diagnosis application, a decision tree might help doctors
determine a diagnosis by asking a series of yes/no questions about a patient’s
symptoms, leading to a final diagnosis at the leaf nodes.

Deep Learning Deep learning is a subset of machine learning that involves neural
networks with many layers (deep neural networks), which are capable of learning
from large amounts of data.

Detailed Description Deep learning models are designed to automatically dis-
cover representations and patterns in data, often achieving superior performance
in tasks like image recognition, natural language processing, and speech recog-
nition. These models consist of multiple layers of interconnected neurons, with
each layer learning increasingly abstract features from the data.

Example A deep learning model might be used in a self-driving car to recognize
and respond to traffic signals, pedestrians, and other vehicles by processing
camera images in real time.

Delexicalization Delexicalization is a technique used in natural language process-
ing where specific words or phrases in a sentence are replaced with placeholders to
generalize the sentence structure.

Detailed Description This process involves substituting variable information such
as names, dates, and locations with generic tokens. Delexicalization is often used
to simplify and standardize input data, making it easier for models to recognize
patterns and learn from the data without being distracted by specific, infrequent
terms.
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Example The sentence “John will meet Mary in London on Monday” might
be delexicalized to “X will meet Y in Z on W,” where X, Y, Z, and W are
placeholders.

Dependency Parsing Dependency parsing is a technique in natural language
processing that involves analyzing the grammatical structure of a sentence to
identify the dependencies between words.

Detailed Description Dependency parsing aims to determine how words in a
sentence are related to each other, mapping out the syntactic structure in terms
of a dependency tree. Each node in the tree represents a word, and the edges
represent the dependencies between words. This is essential for understanding
the meaning of a sentence and is used in various applications like machine
translation and information extraction.

Example In the sentence “The cat sat on the mat,” dependency parsing would
identify “cat” as the subject of the verb “sat,” and “mat” as the object of the
preposition “on.”

Dialog State Tracking Dialog state tracking is the process of maintaining and
updating the state of a conversation in a dialogue system to manage context and
guide future interactions.

Detailed Description Dialog state tracking involves keeping track of user goals,
system actions, and the history of the conversation. This helps the system to
understand the current context and provide relevant and coherent responses. It
is crucial for creating effective conversational agents that can handle multi-turn
interactions and maintain context over the course of the conversation.

Example In a restaurant reservation system, dialog state tracking would involve
keeping track of information like the number of guests, reservation time, and
user preferences as the conversation progresses.

Dialogue Act A dialogue act is a function or purpose that a speaker’s utterance
serves within a conversation, such as asking a question, making a statement, or
giving a command.

Detailed Description Dialogue acts are crucial for understanding the intent
behind a user’s words and guiding the appropriate response in a dialogue system.
Recognizing dialogue acts helps in structuring conversations and maintaining
coherent interactions.

Example In the sentence “Can you tell me the time?”, the dialogue act is a
question, as the speaker is seeking information.

Dialogue State Dialogue state refers to the current context or status of an ongoing
conversation, including the user’s goals, preferences, and any relevant information
that has been exchanged.
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Detailed Description Maintaining an accurate dialogue state is essential for man-
aging context and ensuring that the system responds appropriately to the user.
It involves tracking various elements like the history of interactions, unresolved
queries, and any specified user details.

Example In a hotel booking conversation, the dialogue state would include
information such as the check-in date, number of guests, and room type
preferences as provided by the user.

Domain-Specific Domain-specific refers to techniques, applications, or systems
that are tailored to operate within a particular area of knowledge or industry.

Detailed Description Domain-specific systems are designed to address the unique
requirements and challenges of a specific field, such as healthcare, finance, or
education. These systems incorporate specialized knowledge and terminology
relevant to the domain, enabling more accurate and effective solutions.

Example A domain-specific natural language processing system for healthcare
might be trained to recognize medical terminology and understand patient
symptoms and diagnoses.

Dynamic Dialogue Management Dynamic dialogue management refers to the
ability of a conversational agent to adaptively manage the flow of conversation based
on real-time context and user inputs.

Detailed Description This involves adjusting the conversation strategy as new
information is obtained, ensuring that the dialogue remains coherent and relevant.
Dynamic dialogue management helps in handling unexpected user responses and
changing contexts, providing a more flexible and natural interaction experience.

Example If a user starts talking about a different topic in the middle of a
conversation with a customer service chatbot, dynamic dialogue management
allows the system to shift focus and respond appropriately to the new topic.

Edge Case An edge case refers to a situation or condition that occurs at an
extreme (maximum or minimum) operating parameter, often unanticipated and not
commonly encountered.

Detailed Description Edge cases are important in software and system design
because they can reveal vulnerabilities and potential failures that are not evident
under normal conditions. Handling edge cases ensures that the system remains
robust and reliable even in rare or extreme situations.

Example In a conversational agent, an edge case might be a user input that
includes extremely long or nonsensical text, which the system needs to handle
gracefully without crashing or providing inappropriate responses.
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End-to-End End-to-end refers to a system or process where all components
are integrated and function together from start to finish, without the need for
intermediate steps or external intervention.

Detailed Description In machine learning, an end-to-end model is trained to
perform a complete task by learning directly from input data to output results,
without requiring hand-engineered features or intermediate steps. This approach
simplifies the pipeline and can lead to more efficient and accurate models.

Example An end-to-end speech recognition system takes raw audio as input and
directly outputs transcribed text, learning the mapping from speech to text in a
single, unified model.

Ensemble Method An ensemble method is a technique in machine learning where
multiple models are combined to improve overall performance and accuracy.

Detailed Description Ensemble methods leverage the strengths of different mod-
els by combining their predictions, often leading to better results than any single
model alone. Common ensemble techniques include bagging, boosting, and
stacking, each of which uses different strategies to integrate multiple models. In
Joint NLU tasks, ensemble methods can be particularly effective by combining
various NLU models to handle multiple subtasks simultaneously, such as intent
detection and slot filling.

Example In a Joint NLU task, such as a virtual assistant’s understanding of user
queries, an ensemble method might combine the outputs of separate models
trained for intent detection and slot filling. For instance, one model might excel
at identifying the user’s intent (e.g., booking a flight), while another model
accurately extracts relevant details (e.g., departure city, destination, date). By
integrating these models’ predictions, the ensemble method provides a more
accurate and comprehensive understanding of the user’s query.

Entity Recognition Entity recognition, also known as named entity recognition
(NER), is a process in natural language processing that identifies and classifies key
information (entities) in text into predefined categories such as names of persons,
organizations, locations, dates, and more.

Detailed Description Entity recognition helps in extracting structured informa-
tion from unstructured text, making it easier to analyze and utilize in various
applications. It involves identifying entities mentioned in the text and categoriz-
ing them into specific types, which is crucial for tasks like information retrieval,
question answering, and text summarization.

Example In the sentence “Alice visited Paris last summer,” entity recognition
would identify “Alice” as a person, “Paris” as a location, and “last summer” as a
date/time expression.

Feature Extraction Feature extraction is the process of transforming raw data into
a set of characteristics or features that can be used for machine learning tasks.



2 Prerequisites and Glossary for Natural Language Understanding 25

Detailed Description The goal of feature extraction is to reduce the complexity
of data while retaining the most relevant information for analysis. In natural
language processing, this might involve extracting features like word counts,
n-grams, or syntactic dependencies. Effective feature extraction is essential for
improving the performance of machine learning models.

Example In sentiment analysis, feature extraction might involve identifying
positive and negative words in a text to determine the overall sentiment.

Few-Shot Few-shot learning refers to the ability of a machine learning model to
learn and generalize from a very limited number of training examples.

Detailed Description Traditional machine learning models require large amounts
of data to perform well. Few-shot learning, on the other hand, aims to mimic
human learning, where a model can understand and perform tasks with only a
few examples. This is particularly useful in scenarios where data is scarce or
expensive to obtain.

Example In an intent recognition task, a few-shot learning chatbot model might
learn to recognize a new intent (e.g., ordering food) after being provided with
only a few example sentences demonstrating that intent. This allows the chatbot
to quickly adapt to new user requests with minimal training data.

Fine-Tune (Fine-Tuning) Fine-tuning is the process of taking a pre-trained machine
learning model and making small adjustments to it using a new, often smaller dataset
that is specific to a particular task.

Detailed Description Fine-tuning leverages the knowledge already gained by the
model during its initial training phase and adapts it to perform well on a new
task. This approach saves time and computational resources compared to training
a model from scratch and often leads to better performance because the model
starts from a more informed state.

Example A language model pre-trained on a large corpus of general text can be
fine-tuned on a smaller dataset of medical documents to improve its performance
in medical text processing tasks.

GatedMechanismA gated mechanism in neural networks is a type of structure that
controls the flow of information through the network, allowing the model to learn
which information to keep and which to discard.

Detailed Description Gated mechanisms, such as those used in Long Short-Term
Memory (LSTM) networks and Gated Recurrent Units (GRUs), help manage the
problem of vanishing and exploding gradients in training deep networks. They
work by using gates to regulate the addition or removal of information at each
step of the learning process.
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Example In an LSTM network, there are input, output, and forget gates that
control the cell state and help in learning long-term dependencies in sequential
data.

Generative Model A generative model is a type of machine learning model that
learns to generate new data instances that resemble the training data.

Detailed Description Generative models are trained to understand the underlying
distribution of the data and can create new examples that fit within that
distribution. They are used in tasks such as image generation, text generation, and
data augmentation. These models include techniques like Generative Adversarial
Networks (GANs) and Variational Autoencoders (VAEs).

Example A generative model can be used for text generation. For instance, a
generative model trained on a large corpus of news articles can generate realistic
news articles on new topics, capturing the style and structure of the training
data. This can be particularly useful for applications such as automated content
creation or conversational agents that need to generate human-like responses.

Hidden Markov Model (HMM) A Hidden Markov Model (HMM) is a statistical
model that represents systems which are Markov processes with hidden states.

Detailed Description HMMs are used to model time series data where the system
being modelled is assumed to be a Markov process with unobserved (hidden)
states. They are particularly useful in applications like speech recognition, where
the observable data (audio signals) is influenced by hidden states (spoken words).

Example In speech recognition, an HMM can model the sequence of spoken
words by associating each word with a sequence of hidden states that generate
the observed audio signal.

Hidden State In the context of neural networks and sequence models, a hidden
state is an internal state that captures information about the input sequence up to the
current point.

Detailed Description Hidden states are crucial in models like Recurrent Neural
Networks (RNNs) and their variants, where the state evolves as the model
processes each element of the input sequence. The hidden state helps the model
to maintain context and make informed predictions based on previous inputs.

Example In a language model processing the sentence “The cat sat on the mat,”
the hidden state at each word position captures the context of the words seen so
far, helping the model predict the next word.

Hierarchical Model A hierarchical model is a type of model that organizes data or
concepts into a tree-like structure with multiple levels, where higher-level concepts
encompass or depend on lower-level ones.
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Detailed Description Hierarchical models are used in various fields to represent
relationships and dependencies in data. In machine learning and natural language
processing, they can be used to model complex relationships, such as the
structure of a document, where paragraphs are composed of sentences, which
in turn are composed of words.

Example In topic modelling, a hierarchical model might represent topics at
different levels of granularity, such as general topics at the top level and more
specific subtopics at lower levels.

Hierarchical Representation Hierarchical representation refers to the way data
or concepts are organized in a multi-level structure, where each level provides a
different degree of abstraction or detail.

Detailed Description This type of representation allows for efficient processing
and understanding of complex data by breaking it down into manageable
components. In neural networks, hierarchical representations can help in learning
and recognizing patterns at various levels, from simple features to complex
structures.

Example In the task of parsing a sentence, the first layers of a neural network
might detect basic linguistic features like parts of speech (nouns, verbs, etc.),
while deeper layers recognize more complex structures like phrases and clauses.
The highest layers might understand the overall meaning of the sentence, forming
a hierarchical representation of the text.

Informable Slot An informable slot is a field or category in a dialogue system that
a user can provide information about, often used in task-oriented dialogue systems
to collect specific details required to complete a task.

Detailed Description Informable slots are crucial in systems like booking assis-
tants or customer service chatbots, where gathering accurate information from
the user is necessary to perform a service. These slots represent the pieces of
information the system needs to fulfill the user’s request.

Example In a restaurant booking system, informable slots might include the date,
time, number of people, and restaurant location. The user provides information
for these slots to make a reservation.

Integrated Learning Integrated learning involves combining multiple learning
tasks or models into a unified framework, allowing them to benefit from shared
information and improve overall performance.

Detailed Description This approach leverages the strengths of different models
or tasks, enabling them to share knowledge and learn from each other. Integrated
learning can lead to better generalization and robustness by incorporating diverse
perspectives and data sources.
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Example In a language understanding system, integrated learning might combine
tasks like entity recognition, intent detection, and sentiment analysis into a single
model, allowing each task to benefit from the shared contextual understanding.

Intent Classification Intent classification is the process of identifying the user’s
goal or purpose behind a given input in a natural language processing system.

Detailed Description This involves analyzing the user’s utterance to determine
what action they want to perform or what information they are seeking. Intent
classification is a key component in conversational agents and chatbots, enabling
the system to understand and respond appropriately to user requests.

Example In a virtual assistant, if a user says “Set a reminder for 3 PM,” the system
would classify the intent as “set reminder” and proceed to create the reminder at
the specified time.

Intent Recognition Intent recognition is the broader process of understanding and
interpreting the user’s intent within the context of a conversation, which may involve
identifying multiple intents and related entities.

Detailed Description Intent recognition involves not only classifying the user’s
primary intent but also understanding the nuances and additional information
provided in their input. This comprehensive understanding helps in delivering
more accurate and relevant responses.

Example If a user says, “Book a flight to New York for next Monday,” intent
recognition involves identifying the primary intent to book a flight and extracting
related details like the destination (New York) and date (next Monday).

Joint Model A joint model in machine learning simultaneously handles multiple
related tasks, leveraging shared information and dependencies between them to
improve overall performance.

Detailed Description Joint models are designed to solve interconnected tasks
together rather than independently, which can lead to better results by exploiting
the relationships between tasks. This approach is common in natural language
processing, where tasks like entity recognition and intent detection are often
related.

Example In a dialogue system, a joint model might simultaneously perform intent
classification and slot filling, ensuring that the identified intent and extracted slots
are consistent and contextually accurate.

Joint Natural Language Processing (NLU) Joint Natural Language Understand-
ing (Joint NLU) refers to models that simultaneously perform multiple natural
language understanding tasks, such as intent detection and slot filling, within a
unified framework.
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Detailed Description Joint NLU models aim to improve the efficiency and accu-
racy of understanding user inputs by handling related tasks together. This
integrated approach allows the model to consider the dependencies between
tasks, leading to more coherent and accurate interpretations of the input data.

Example In a virtual assistant, a joint NLU model might process the
utterance “Find me a nearby Italian restaurant” by identifying the intent
(finding a restaurant) and filling slots (cuisine type: Italian, location: nearby)
simultaneously.

Knowledge Base A knowledge base is a repository of structured information that
a system uses to answer queries, provide information, and support decision-making
processes.

Detailed Description Knowledge bases contain facts, rules, and relationships
about specific domains or topics, which can be accessed and utilized by various
applications, including search engines, chatbots, and expert systems. They enable
systems to retrieve and use relevant information efficiently.

Example A knowledge base for a customer service chatbot might include
information about products, troubleshooting steps, and company policies,
allowing the chatbot to provide accurate and relevant responses to customer
inquiries.

Knowledge Graph A knowledge graph is a structured representation of knowledge
in the form of entities, their attributes, and the relationships between them, organized
in a graph format.

Detailed Description Knowledge graphs are used to store and retrieve complex
information by representing data in nodes (entities) and edges (relationships).
They enable systems to understand and reason about data by connecting related
pieces of information in a meaningful way. Knowledge graphs are widely used
in search engines, recommendation systems, and AI applications.

Example An example of a knowledge graph is Google’s Knowledge Graph, which
helps improve search results by connecting facts about people, places, and things
to provide more relevant information.

Label (Labelling) Labelling in machine learning refers to the process of assigning
meaningful tags or categories to data points, indicating what they represent or what
action should be taken based on them.

Detailed Description Labelling is crucial for supervised learning, where models
are trained on labelled datasets to learn the relationship between input data
and the corresponding output labels. This process involves annotating data with
information such as class names, categories, or relevant properties.

Example In a sentiment analysis task, labelling might involve tagging text reviews
as “positive,” “negative,” or “neutral” based on the expressed sentiment.
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Labelled Data Labelled data refers to datasets that have been annotated with
labels, providing ground truth information that is used to train and evaluate machine
learning models.

Detailed Description Labelled data is essential for supervised learning, where the
model learns to predict labels based on input features. The quality and quantity
of labelled data significantly impact the performance and accuracy of machine
learning models.

Example A dataset of images labelled with categories such as “cat,” “dog,” and
“bird” is an example of labelled data used to train an image classification model.

Large Language Model (LLM) A large language model (LLM) is a type of
neural network-based model that has been trained on vast amounts of text data to
understand and generate human language.

Detailed Description LLMs, such as GPT-3, are capable of performing various
natural language processing tasks, including text generation, translation, summa-
rization, and question answering. These models leverage their extensive training
data to produce coherent and contextually relevant responses, making them
useful in a wide range of applications.

Example GPT-3, which can generate human-like text based on prompts, is a
prominent example of a large language model.

Logistic Regression Logistic regression is a statistical method used for binary
classification that models the probability of a binary outcome based on one or more
predictor variables.

Detailed Description Logistic regression uses the logistic function to transform
the linear combination of input features into a probability score between 0 and
1. This score indicates the likelihood of the outcome belonging to the positive
class. It is widely used for tasks such as spam detection, disease diagnosis, and
credit scoring.

Example In a spam detection system, logistic regression might be used to predict
whether an email is spam (1) or not spam (0) based on features like word
frequency and sender information.

Long-Range Conversation Long-range conversation refers to dialogue systems’
ability to maintain context and coherence over extended interactions, involving
multiple exchanges between the user and the system.

Detailed Description Long-range conversation capabilities are crucial for creat-
ing natural and effective dialogue systems that can remember previous interac-
tions and respond appropriately in the context of an ongoing conversation. This
involves tracking the conversation history and managing the dialogue state over
long interactions.
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Example A customer support chatbot that can remember a user’s previous
inquiries about an order and provide follow-up assistance in subsequent
interactions demonstrates long-range conversation capabilities.

Long-Range Dependency Long-range dependency refers to the relationships or
dependencies between elements in a sequence that are far apart from each other in
the input data.

Detailed Description In natural language processing, capturing long-range
dependencies is important for understanding the context and meaning of text,
especially in lengthy documents or conversations. Models that effectively handle
long-range dependencies can better understand and generate coherent text.

Example In the sentence “The book that John, who lives in New York, gave me is
fascinating,” the model needs to understand the long-range dependency between
“book” and “is fascinating” to grasp the correct meaning.

Machine Learning (ML)Machine learning (ML) is a field of artificial intelligence
that involves developing algorithms and statistical models that enable computers to
learn from and make predictions or decisions based on data.

Detailed Description Machine learning encompasses a variety of techniques,
including supervised learning, unsupervised learning, and reinforcement learn-
ing. These methods allow systems to improve their performance on a given task
over time without being explicitly programmed for each specific task.

Example Examples of machine learning applications include image recognition,
speech recognition, recommendation systems, and autonomous driving.

Machine TranslationMachine translation is a subfield of computational linguistics
that focuses on the use of software to translate text or speech from one language to
another.

Detailed Description Machine translation systems can be based on rule-based,
statistical, or neural methods. Neural machine translation (NMT) models, which
use deep learning techniques, have significantly improved translation quality by
learning to capture the context and nuances of the source and target languages.

Example A neural machine translation model might be used to translate a medical
report from Spanish to English. For example, the original Spanish text “El
paciente presenta síntomas de fiebre y tos persistente” would be accurately
translated to “The patient presents symptoms of fever and persistent cough,”
ensuring that medical professionals can understand the patient’s condition
without any loss of critical information.

Memory Network A memory network is a type of neural network architecture that
incorporates a memory component to store and retrieve information, enabling the
model to use long-term information to enhance its performance on tasks.
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Detailed Description Memory networks are designed to address tasks that require
reasoning over long-term dependencies and large contexts. They consist of a
memory component that can store information and a mechanism for reading
from and writing to this memory, allowing the network to utilize past information
effectively.

Example In a question-answering system, a memory network might store previous
dialogue contexts or external knowledge sources, allowing it to answer questions
more accurately by referring to relevant stored information.

Multi-Head Attention Multi-head attention is a mechanism used in neural net-
works, particularly in transformer models, which allows the model to focus on
different parts of the input sequence simultaneously.

Detailed Description Multi-head attention works by applying multiple attention
mechanisms (heads) in parallel, each focusing on different parts of the input
sequence. The results are then concatenated and transformed to produce the final
output. This approach helps the model capture various aspects of the data and
improves performance on tasks like translation and text generation.

Example In a transformer-based virtual assistant for intent classification, multi-
head attention enables the model to consider multiple words and phrases in a
user query. For instance, in the query “Book a flight to New York next Friday,”
different heads might focus on “Book a flight,” “New York,” and “next Friday,”
allowing the model to accurately identify the user’s intent and relevant details
for booking the flight.

Multi-turn Context Management Multi-turn context management refers to the
capability of a dialogue system to maintain and utilize context over multiple
exchanges in a conversation, ensuring coherence and relevance throughout.

Detailed Description Effective multi-turn context management allows a conver-
sational agent to remember previous interactions and use this information to
inform future responses. This is crucial for maintaining natural and engaging
conversations, especially in complex tasks that require multiple steps or follow-
up questions.

Example In a customer service chatbot, multi-turn context management ensures
that if a user starts a conversation about a product issue, the chatbot remembers
the product details and previous troubleshooting steps throughout the interaction.

Multi-turn Conversation A multi-turn conversation is an interaction between a
user and a system that involves multiple exchanges or turns, where the context and
state of the conversation are carried over across turns.

Detailed Description Multi-turn conversations require the system to handle con-
text and maintain coherence across multiple user inputs and system responses.
This is important for tasks that cannot be completed in a single interaction, such
as booking a flight or troubleshooting an issue.
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Example When a user interacts with a travel booking assistant, the conversation
might include several turns to gather information about travel dates, destinations,
preferences, and payment details.

Multi-turn DialogueMulti-turn dialogue refers to an extended interaction between
a user and a system, involving several exchanges to achieve a specific goal or
complete a task.

Detailed Description Multi-turn dialogues require the system to understand and
manage the context over multiple turns, ensuring that each response is relevant
and builds upon previous exchanges. This is essential for complex tasks that
involve multiple steps and require detailed information gathering and processing.

Example In a technical support chatbot, a multi-turn dialogue might involve
diagnosing a problem, suggesting solutions, and providing step-by-step
instructions over several turns.

Multi-turn Dialogue Management Multi-turn dialogue management involves
techniques and processes used to handle and maintain coherent interactions across
multiple turns in a conversation.

Detailed Description This includes tracking the dialogue state, managing context,
handling user intents, and generating appropriate responses. Effective multi-turn
dialogue management ensures that the system can maintain a natural flow of
conversation, handle interruptions, and adapt to new information provided by the
user.

Example In a restaurant reservation system, multi-turn dialogue management
would involve keeping track of user preferences, available time slots, and
confirming the reservation details over multiple turns.

Multi-turn Intent Understanding Multi-turn intent understanding refers to the
ability of a system to accurately identify and interpret user intents over multiple
exchanges in a conversation.

Detailed Description This involves recognizing user goals and intents across
multiple turns, even if they are expressed indirectly or spread out over several
exchanges. It is crucial for providing relevant and coherent responses in complex
interactions that span multiple turns.

Example In a healthcare chatbot, multi-turn intent understanding might involve
recognizing that a user asking about symptoms, medication, and appointment
scheduling is seeking comprehensive medical advice.

Multi-turn NLU Multi-turn Natural Language Understanding (NLU) involves
comprehending and processing user inputs over multiple turns in a conversation,
ensuring that the system maintains context and responds appropriately.
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Detailed Description Multi-turn NLU systems must handle the continuity of
dialogue, track user intents and entities across turns, and update the dialogue
state accordingly. This capability is essential for creating natural and effective
conversational agents that can handle complex interactions.

Example In a virtual assistant, multi-turn NLU ensures that if a user starts a
conversation about booking a flight and later asks about hotel options, the
system remembers the travel details provided earlier.

Multimodal Learning Multimodal learning involves integrating and processing
information from multiple modalities, such as text, images, audio, and video, to
improve learning and understanding.

Detailed Description Multimodal learning enables models to leverage different
types of data and their interactions, leading to more robust and accurate pre-
dictions. This approach is useful in applications where information is conveyed
through various channels, and understanding requires combining these different
sources.

Example In a multimedia search engine, multimodal learning allows the system
to process and understand both text queries and images, providing more relevant
search results by combining information from both modalities.

N-gram An N-gram is a contiguous sequence of N items from a given sample of
text or speech, commonly used in natural language processing to analyse and model
language.

Detailed Description N-grams can consist of words, characters, or phonemes.
They are used to capture the context and dependencies in the data. The choice
of N determines the length of the sequence: bigrams (N=2), trigrams (N=3), etc.
N-grams are fundamental in tasks like language modelling, text generation, and
speech recognition.

Example In the sentence “The quick brown fox,” the bigrams are “The quick,”
“quick brown,” and “brown fox.”

Named Entity Recognition (NER) Named Entity Recognition (NER) is a subtask
of information extraction that involves identifying and classifying named entities in
text into predefined categories such as person names, organizations, locations, dates,
and more.

Detailed Description NER helps in structuring unstructured text by extracting and
categorizing key information. This process is essential for various applications,
including information retrieval, question answering, and summarization. NER
systems use linguistic features and machine learning models to accurately
identify entities.

Example In the sentence “Barack Obama was born in Hawaii,” NER would
identify “Barack Obama” as a person and “Hawaii” as a location.
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Natural Language Processing (NLP) Natural Language Processing (NLP) is a
field of artificial intelligence that focuses on the interaction between computers and
humans through natural language, enabling machines to understand, interpret, and
generate human language.

Detailed Description NLP encompasses a range of tasks, including text analysis,
sentiment analysis, machine translation, speech recognition, and dialogue sys-
tems. By leveraging techniques from linguistics, computer science, and machine
learning, NLP aims to bridge the gap between human communication and
computer understanding.

Example Applications of NLP include virtual assistants like Siri and Alexa, which
can understand and respond to spoken commands, and translation services like
Google Translate, which convert text from one language to another.

Natural Language Understanding (NLU) Natural Language Understanding
(NLU) is a branch of artificial intelligence that focuses on enabling computers
to understand, interpret, and respond to human language in a way that is both
meaningful and useful.

Detailed Description NLU is a critical component of conversation agents, like
chatbots and virtual assistants. It allows these systems to process input from
users, understand the context and intent behind the words, and generate appro-
priate responses. Unlike simple keyword matching, NLU involves understanding
the structure of sentences, identifying entities (like names, dates, and places), and
grasping the nuances of human language, such as sarcasm or idioms.

Example When you ask a virtual assistant, “What’s the weather like in London
tomorrow?” the NLU component will:

• Recognize “weather” as the subject of interest
• Identify “London” as the location
• Understand “tomorrow” as the time frame
• Use this understanding to provide a relevant weather forecast

Neural Network (NN) A Neural Network (NN) is a computational model inspired
by the way biological neural networks in the human brain process information,
consisting of interconnected nodes (neurons) that work together to solve specific
problems.

Detailed Description Neural networks are composed of layers: an input layer,
one or more hidden layers, and an output layer. Each neuron receives inputs,
processes them using weighted connections, and passes the output to the next
layer. Neural networks are capable of learning from data through a process called
training, where the weights are adjusted to minimize error.

Example A neural network might take text data as input, process it through
multiple layers to detect linguistic features like words and phrases, understand
context and sentiment, and finally output the classification of the sentiment (e.g.,
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positive, negative, or neutral). For instance, given a product review “This phone
is amazing and has great battery life,” the neural network would analyze the text
and classify the sentiment as positive

Numerical Representation Numerical representation refers to the conversion of
text or other data types into numerical format that can be processed by machine
learning models.

Detailed Description In natural language processing, numerical representation
involves encoding words, phrases, or entire documents into vectors of numbers.
Common methods include word embeddings like Word2Vec, GloVe, and more
advanced representations like BERT. These representations capture semantic
meaning and relationships between words.

Example The word “king” might be represented as a vector of numbers that
captures its relationship with other words like “queen,” “man,” and “royalty.”

Out-Of-Vocabulary (OOV) Issue The Out-Of-Vocabulary (OOV) issue occurs
when a model encounters words or terms during inference that were not present
in the training data.

Detailed Description OOV words can pose a challenge for natural language
processing models, as these models rely on having seen words during training to
understand their meaning and context. Techniques to handle OOV words include
using subword tokenization, character-level models, or leveraging contextual
embeddings from models like BERT.

Example If a model trained on news articles encounters the term “cryptozoology”
for the first time, it might struggle to process it due to the OOV issue.

Open-Domain ConversationOpen-domain conversation refers to dialogue systems
designed to engage in general conversations on a wide range of topics without being
limited to a specific domain or task.

Detailed Description Open-domain conversations are characterized by their flex-
ibility and breadth, allowing participants to discuss anything from current
events and personal hobbies to abstract concepts and general knowledge. These
conversations require a deep understanding of language and context, as well as
the ability to dynamically adapt to new topics introduced by the participants.
Unlike closed-domain conversations, which are limited to a particular area of
knowledge or a specific task, open-domain conversations do not have predefined
boundaries, enabling a more natural and fluid exchange of information.

Example Imagine two people engaging in an open-domain conversation. They
might start by talking about the weather, with one person saying, “It’s been
unusually hot this summer.” The other might respond, “Yes, it reminds me of the
heatwave we had a few years ago. By the way, have you read any good books
lately?” This shifts the topic to literature, where they can discuss their favorite
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authors and recent reads. As the conversation flows, they might even segue into
discussing advancements in renewable energy or sharing travel experiences. The
key aspect of this open-domain conversation is the seamless transition between
diverse topics, showcasing the participants’ ability to engage on a wide array of
subjects without any specific focus.

Optimal Boundary (Hyperplane) In machine learning, an optimal boundary, or
hyperplane, refers to the decision surface that best separates different classes in the
feature space, often used in classification tasks.

Detailed Description The optimal boundary is determined by algorithms like
Support Vector Machines (SVMs), which find the hyperplane that maximizes the
margin between different classes. This boundary helps in classifying new data
points by determining on which side of the hyperplane they fall.

Example In a binary classification problem with two features, the optimal
boundary might be a line that separates data points into two categories with
maximum margin between the closest points of each class.

Part-of-Speech Tag A part-of-speech (POS) tag is a label assigned to a word in a
sentence that indicates its grammatical role, such as noun, verb, adjective, etc.

Detailed Description POS tagging is a fundamental task in natural language
processing, helping models understand the syntactic structure of sentences. POS
tags are used in various applications, including parsing, named entity recognition,
and text-to-speech systems.

Example In the sentence “The quick brown fox jumps over the lazy dog,” the
word “quick” is tagged as an adjective (ADJ) and “jumps” as a verb (VERB).

Persona Consistency Persona consistency refers to the ability of a conversational
agent to maintain a coherent and stable personality throughout an interaction or
across multiple interactions.

Detailed Description Ensuring persona consistency involves the agent adhering
to a set of predefined characteristics, behaviors, and responses that align with
its intended personality. This is crucial for creating engaging and trustworthy
interactions, particularly in long-term or frequent user interactions.

Example If a virtual assistant is designed to be friendly and informal, it should
consistently use casual language and friendly expressions in all its responses.

Persona Sentence A persona sentence is a statement that defines a specific
characteristic, preference, or background detail of a conversational agent, helping
to shape its personality and guide its responses.

Detailed Description Persona sentences are used to give conversational agents a
distinct personality by providing context about their character. These sentences
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help the agent maintain consistent behavior and make interactions more engaging
and relatable.

Example Examples of persona sentences might include “I love reading science
fiction novels,” or “I am an expert in digital marketing,” which help the agent
respond in ways that reflect these traits.

Pointer Network A pointer network is a type of neural network architecture that
uses attention mechanisms to select elements from the input sequence as the output,
rather than generating output from a fixed vocabulary.

Detailed Description Pointer networks are particularly useful in tasks where the
output is a subset or reordering of the input, such as in machine translation,
text summarization, and combinatorial optimization problems. The attention
mechanism allows the model to “point” to relevant parts of the input when
generating each part of the output.

Example In a coreference resolution task, a pointer network can be used to
identify and link pronouns to their corresponding entities in a text. For example,
in the sentence “Alice went to the park, and she enjoyed the sunny weather,”
the pointer network can point to “Alice” as the antecedent of the pronoun “she,”
ensuring accurate understanding and processing of the text.

Positional Encoding Positional encoding is a technique used in transformer models
to inject information about the relative or absolute position of tokens in a sequence,
enabling the model to capture the order of words.

Detailed Description Unlike recurrent neural networks, transformers do not
inherently process sequences in order. Positional encoding provides a way
to introduce sequence order information, usually by adding sine and cosine
functions of different frequencies to the token embeddings. This helps the model
understand the position of each word in the context of the entire sequence.

Example In a sentence like “The cat sat on the mat,” positional encoding helps
the transformer model know the order of the words, ensuring that “The” is
recognized as the first word and “mat” as the last.

Pre-processing Pre-processing refers to the steps taken to clean and prepare raw
data before it is used in a machine learning model, ensuring the data is in a suitable
format for analysis.

Detailed Description Pre-processing techniques vary depending on the type of
data and the specific requirements of the model. Common steps include tok-
enization, normalization, removing stop words, handling missing values, and
feature scaling. Proper pre-processing is crucial for improving model accuracy
and efficiency.
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Example In text pre-processing, tokenization involves splitting a sentence into
individual words or tokens, while normalization might include converting all text
to lowercase and removing punctuation.

Pre-trained Model A pre-trained model is a machine learning model that has been
previously trained on a large dataset and can be fine-tuned for specific tasks with
smaller datasets.

Detailed Description Pre-trained models save time and computational resources
by leveraging the knowledge they have already gained during the initial training
phase. They are especially useful in natural language processing and computer
vision, where large amounts of data and computational power are required for
training from scratch.

Example BERT and GPT are examples of pre-trained models in natural language
processing that can be fine-tuned for tasks like text classification, translation,
and question answering.

Pre-training Pre-training is the process of training a machine learning model on a
large, general-purpose dataset before fine-tuning it for specific tasks.

Detailed Description During pre-training, the model learns general features and
patterns from the data, which can then be adapted to more specific tasks with
additional, smaller datasets. This approach enhances the model’s performance
and efficiency on the target task.

Example A language model might be pre-trained on a large corpus of text from
the Internet to learn general language patterns, and then fine-tuned on a specific
dataset for sentiment analysis.

Pre-trained Language Model (PLM) A pre-trained language model (PLM) is a
language model that has been pre-trained on a large corpus of text data and can be
fine-tuned for specific natural language processing tasks.

Detailed Description PLMs leverage extensive pre-training to understand lan-
guage patterns, syntax, and semantics. They can be adapted to various down-
stream tasks, such as text classification, machine translation, and named entity
recognition, with minimal additional training.

Example GPT-3 is a one of the PLMs that can be fine-tuned for tasks like text
generation, summarization, and conversational AI.

Prompt A prompt is a piece of text or input given to a model, particularly in the
context of natural language processing, to elicit a specific response or to guide the
generation of text.

Detailed Description Prompts are used to instruct models on what kind of output
is desired. They can be questions, incomplete sentences, or specific instructions
that help the model generate relevant and contextually appropriate responses.
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Example In a named entity recognition (NER) task, a prompt can guide the model
to identify and classify entities within a sentence. For instance, given the input
text “Barack Obama was born in Hawaii,” a prompt could be, “Identify and
classify the named entities in the sentence.” The model would then recognize
and categorize “Barack Obama” as a person and “Hawaii” as a location.

Random Forest A random forest is an ensemble learning method that uses multiple
decision trees to improve classification or regression accuracy.

Detailed Description In a random forest, each decision tree is trained on a random
subset of the training data and features. The final output is determined by
aggregating the results of all individual trees, which reduces overfitting and
improves generalization.

Example Random forests are used in applications such as fraud detection, where
combining the predictions of many decision trees can yield more accurate and
robust results.

Recurrent Neural Network (RNN) A Recurrent Neural Network (RNN) is a type
of neural network designed to process sequential data by maintaining a hidden state
that captures information from previous steps in the sequence.

Detailed Description RNNs are particularly effective for tasks involving time
series data, natural language processing, and speech recognition. They can model
dependencies and patterns in sequences by passing information through the
hidden state from one step to the next.

Example RNNs are used in language modeling, where they predict the next word
in a sentence based on the previous words.

Recursive Neural Network (RecNN) A Recursive Neural Network (RecNN) is
a type of neural network that applies the same set of weights recursively over a
structured input, such as a tree, to capture hierarchical relationships.

Detailed Description RecNNs are particularly suited for processing data with
hierarchical structures, such as sentences parsed into syntax trees. They can
capture complex relationships and dependencies by recursively combining rep-
resentations from subcomponents to form a representation of the whole.

Example RecNNs are used in natural language processing to parse sentences into
hierarchical structures, which can then be used for tasks like sentiment analysis.

Reinforcement Learning Reinforcement learning is a type of machine learning
where an agent learns to make decisions by taking actions in an environment to
maximize cumulative reward.

Detailed Description The agent interacts with the environment, receives feedback
in the form of rewards or penalties, and updates its strategy to improve
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performance over time. Reinforcement learning is used in various applications,
including robotics, game playing, and recommendation systems.

Example In a task like dialogue management for a conversational agent,
reinforcement learning can be used to optimize the agent’s responses. For
instance, a chatbot might learn to improve its interaction quality by receiving
rewards for successful user engagements and penalties for poor interactions.
Over time, the agent adjusts its strategy to maximize user satisfaction and
efficiency in the conversation, leading to more natural and effective dialogue
management.

Requestable Slot A requestable slot in a dialogue system refers to a piece of
information that the system can ask the user for in order to complete a task or
provide a service.

Detailed Description Requestable slots are essential for task-oriented dialogue
systems, where the system needs to gather specific information from the user,
such as booking details, preferences, or personal data, to fulfill the user’s request
accurately.

Example In a restaurant reservation system, requestable slots might include the
number of guests, reservation time, and special dietary requirements.

Richer Annotation Richer annotation refers to the practice of providing detailed
and comprehensive labels or notes to data, enhancing the quality and utility of the
annotated dataset.

Detailed Description Richer annotations include more detailed information about
the data, such as hierarchical labels, contextual notes, or additional metadata.
This improved granularity and context help machine learning models learn more
effectively and perform better on complex tasks.

Example In named entity recognition, richer annotation might involve not only
tagging names of people, places, and organizations but also providing contextual
information like roles or relationships between entities.

Self-attention Self-attention, also known as intra-attention, is a mechanism in
neural networks that allows the model to weigh the importance of different words
in a sequence relative to each other when processing each word.

Detailed Description Self-attention helps models capture dependencies between
words regardless of their distance in the sequence. It computes a weighted sum of
all input representations for each word, enabling the model to focus on relevant
parts of the input when generating the output.

Example In a sentence like “The cat that chased the mouse was hungry,” self-
attention can help the model understand that “cat” is the subject of “was hungry”
by attending to the entire sentence context.
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Semantic Representation Semantic representation is the process of converting text
or other forms of data into a format that captures its meaning, enabling machines to
understand and work with it effectively.

Detailed Description Semantic representations can take various forms, such as
vectors in a high-dimensional space, where similar meanings are located closer
together. These representations are crucial for tasks like information retrieval,
question answering, and text summarization.

Example In an intent recognition task, semantic representations can help a model
understand the meaning behind user queries. For example, given user inputs like
“I want to book a flight” and “Can you help me find a flight?”, a model using
semantic representations can recognize that both queries share the same intent
(booking a flight) despite the different wording. By converting these queries into
similar vectors in semantic space, the model effectively captures their underlying
meaning and responds appropriately.

Sentence-Level Intent Sentence-level intent refers to the main goal or purpose
behind a user’s sentence in a conversation, often identified in natural language
processing tasks.

Detailed Description Identifying the sentence-level intent involves understanding
what the user wants to achieve with their input, such as asking a question, making
a request, or providing information. This is critical for guiding appropriate
responses in dialogue systems.

Example In the sentence “Can you book a table for two at an Italian restaurant?”,
the intent is to make a reservation at an Italian restaurant.

Sentiment Analysis Sentiment analysis is the process of determining the emotional
tone or attitude expressed in a piece of text, such as positive, negative, or neutral.

Detailed Description Sentiment analysis uses natural language processing tech-
niques to identify subjective information in text. It is widely used in applications
like social media monitoring, customer feedback analysis, and market research
to gauge public opinion and sentiment.

Example In analyzing product reviews, sentiment analysis can determine whether
the overall sentiment expressed is positive (e.g., “I love this product!”) or
negative (e.g., “This product is terrible.”).

Shared Representation Shared representation refers to a single, unified format used
to represent multiple types of data, enabling different tasks or models to utilize the
same underlying information.

Detailed Description Shared representations help improve efficiency and perfor-
mance in multi-task learning and transfer learning by allowing models to leverage
common features and patterns. This approach can lead to better generalization
across different but related tasks.
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Example In a model trained for both translation and summarization, a shared
representation of sentences can help the model perform both tasks more
effectively by using common linguistic features.

Siamese Network A Siamese network is a type of neural network architecture that
consists of two or more identical subnetworks with shared weights, typically used
for tasks involving similarity or comparison.

Detailed Description Siamese networks are designed to process two different
inputs and compute a similarity score between them. They are commonly used
in applications like face verification, where the goal is to determine whether two
images represent the same person.

Example In text similarity tasks, a Siamese network might be used to compare
two sentences and determine their semantic similarity.

Single-Turn NLU Single-turn natural language understanding (Single-Turn NLU)
refers to the ability of a system to understand and process user input within a single
interaction, without considering previous interactions.

Detailed Description Single-Turn NLU focuses on accurately interpreting user
input in isolation, making it suitable for straightforward queries and tasks that
do not require context from prior interactions. It involves tasks like intent
recognition and slot filling based on a single input.

Example When a user asks “What is the weather today?”, Single-Turn NLU
processes this query independently to provide a relevant response without
needing previous context.

Slot Filling Slot filling is a process in natural language understanding where the
system identifies and extracts specific pieces of information (slots) from user input
that are necessary to complete a task or query.

Detailed Description Slot filling involves recognizing entities and details within
a user’s input that correspond to predefined slots in a dialogue system. These
slots represent the key pieces of information required for the system to execute a
function or respond accurately.

Example In a flight booking system, slot filling might involve extracting the
departure city, destination city, travel date, and number of passengers from the
user’s request.

Slot Tagging Slot tagging is the process of assigning labels to words or phrases in
a sentence to identify them as belonging to specific slots or categories.

Detailed Description Slot tagging is a crucial step in slot filling, where each
token in the user’s input is tagged with a slot label that indicates its role. This
helps in structuring the input data and extracting relevant information for further
processing.
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Example In the sentence “Book a flight from New York to London,” slot tagging
would label “New York” as the departure city and “London” as the destination
city.

Slot Value A slot value refers to the specific piece of information extracted from
user input that fills a slot in a dialogue system, representing a key element needed
to complete a task.

Detailed Description Slot values are the actual data points identified through slot
filling and tagging processes. They are used by the system to execute functions,
provide responses, or complete transactions as requested by the user.

Example In a restaurant reservation system, if the user says “I need a table for
two at 7 PM,” the slot values extracted might be “two” for the number of guests
and “7 PM” for the reservation time.

State-of-the-Art State-of-the-art refers to the highest level of development, quality,
or achievement in a particular field at a given time.

Detailed Description In technology and research, state-of-the-art signifies the
most advanced, innovative, and effective methods or techniques currently avail-
able. It represents the cutting-edge advancements that set the benchmark for
performance and capability.

Example GPT-4 is considered state-of-the-art in Natural Language Understanding
(NLU) for its remarkable ability to comprehend and generate contextually
accurate responses. For instance, in a complex question-answering task, GPT-
4 can understand nuanced queries and provide precise answers by leveraging
its extensive training on diverse datasets. Given a question like “What are the
implications of climate change on global agriculture?”, GPT-4 can analyze
the context, extract relevant information, and formulate a comprehensive and
informative response, demonstrating its advanced NLU capabilities.

Support VectorMachine (SVM)A Support Vector Machine (SVM) is a supervised
learning algorithm used for classification and regression tasks, which finds the
optimal hyperplane that best separates different classes in the feature space.

Detailed Description SVMs aim to maximize the margin between data points of
different classes by identifying the hyperplane that has the largest distance to the
nearest training data points of any class. This approach helps in achieving better
generalization and accuracy in classification tasks.

Example SVMs can be used for image classification, where the algorithm
separates images of cats from images of dogs by finding the optimal boundary
between the two classes in the feature space.
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Syntactic Pattern A syntactic pattern refers to the arrangement of words and
phrases in a sentence that follows the grammatical rules of a language, helping to
convey meaning.

Detailed Description Syntactic patterns involve the structure and order of com-
ponents within a sentence, such as subjects, verbs, and objects. Recognizing
these patterns is crucial for understanding the grammatical relationships between
words and for tasks like parsing and language generation.

Example In the sentence “The quick brown fox jumps over the lazy dog,” the
syntactic pattern includes a subject (“The quick brown fox”), a verb (“jumps”),
and an object (“over the lazy dog”).

Task-Oriented Chatbot A task-oriented chatbot is a type of conversational agent
designed to assist users in completing specific tasks, such as booking flights,
ordering food, or scheduling appointments.

Detailed Description Task-oriented chatbots focus on understanding user intents,
extracting relevant information, and performing predefined actions to fulfill
user requests. They are typically integrated with back-end systems to process
transactions and provide accurate, contextually relevant responses.

Example An example of a task-oriented chatbot is a virtual assistant that helps
users book movie tickets by asking for the movie name, showtime, and number
of seats, and then completing the booking process.

Task-Oriented Interaction Task-oriented interaction refers to a type of communi-
cation between a user and a system where the primary goal is to complete a specific
task or achieve a particular outcome.

Detailed Description In task-oriented interactions, the system is designed to
guide the user through a series of steps or gather necessary information to
accomplish a specific objective. These interactions are typically structured and
focused, aiming for efficiency and clarity.

Example When using a customer service chatbot to troubleshoot a technical
issue, the interaction is task-oriented, with the chatbot asking specific questions
to diagnose and resolve the problem.

Text Categorization Text categorization, also known as text classification, is the
process of assigning predefined categories or labels to text documents based on their
content.

Detailed Description This task involves analyzing the text and using machine
learning models or rule-based approaches to classify documents into categories
such as news topics, spam vs. non-spam emails, or sentiment polarity. Text
categorization is widely used in information retrieval, content management, and
sentiment analysis.
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Example In an email filtering system, text categorization can be used to
automatically classify incoming emails as “spam” or “important.”

Topic Classification Topic classification is a subtask of text categorization that
involves identifying and categorizing the main topics or themes present in a text
document.

Detailed Description Topic classification aims to assign one or more topics to
a document based on its content. This helps in organizing large collections
of documents, improving search and retrieval, and enabling more targeted
information dissemination.

Example A news article might be classified under topics such as “politics,”
“sports,” or “technology” based on its content.

Transfer Learning Transfer learning is a machine learning technique where a
model developed for one task is reused as the starting point for a model on a second,
related task.

Detailed Description Transfer learning leverages the knowledge gained from
training on a large, general-purpose dataset to improve performance on a specific,
often smaller dataset. This approach can significantly reduce training time and
enhance model accuracy by building on existing learned representations.

Example A neural network pre-trained on a large image dataset like ImageNet
can be fine-tuned for a specific task, such as medical image classification, by
using a smaller, domain-specific dataset.

Transformer A transformer model is a neural network architecture designed
to process sequential data, such as natural language text, using self-attention
mechanisms to capture dependencies between different parts of the input sequence.

Detailed Description Unlike traditional recurrent neural networks (RNNs), trans-
formers do not rely on sequential processing, allowing them to process all
elements of the input simultaneously. This parallelism significantly improves
efficiency and performance, especially on large datasets. The transformer archi-
tecture consists of an encoder-decoder structure, where both parts are built from
layers of self-attention and feedforward neural networks.

Example Transformer models like BERT and GPT-3 have achieved state-of-
the-art results in various NLP tasks, including text generation, translation, and
question answering.

Unified Architecture Unified architecture in machine learning refers to a single,
coherent framework that integrates multiple components or models to handle
various tasks or data types seamlessly.

Detailed Description A unified architecture aims to simplify the development and
deployment of machine learning systems by providing a consistent and modular
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structure. This approach allows for the sharing of information and resources
across different tasks, leading to improved performance and efficiency.

Example A unified architecture might combine models for intent recognition,
named entity recognition (NER), and sentiment analysis into a single framework.
For instance, in a customer service chatbot, this unified architecture can
simultaneously identify the user’s intent (e.g., requesting a refund), recognize
key entities (e.g., order number, product name), and determine the sentiment
(e.g., frustration or satisfaction). By integrating these NLU tasks, the chatbot
can provide more accurate and contextually relevant responses, enhancing the
overall user experience.

Virtual Assistant A virtual assistant is an artificial intelligence-powered software
application designed to assist users with tasks by understanding and responding to
natural language inputs.

Detailed Description Virtual assistants use natural language processing (NLP)
and machine learning to interpret user commands and provide relevant responses
or actions. They can perform a wide range of functions, such as setting reminders,
answering questions, controlling smart home devices, and more.

Example Popular virtual assistants include Apple’s Siri, Amazon’s Alexa, Google
Assistant, and Microsoft’s Cortana, all of which can understand voice commands
and assist with various tasks.

Vocabulary In the context of natural language processing, vocabulary refers to the
set of all unique words or tokens that a model is trained to recognize and understand.

Detailed Description The vocabulary of a model determines the range of words
it can process and affects its ability to understand and generate text. Building
an effective vocabulary involves selecting words that are representative of the
language or domain of interest while balancing the size to manage computational
complexity.

Example A vocabulary for a language model trained on English text might
include common words, punctuation, and special tokens like “〈UNK〉” for
unknown words and “〈PAD〉” for padding.

Word Embedding Word embedding is a technique in natural language processing
where words are represented as dense vectors in a high-dimensional space, capturing
their meanings and relationships based on their usage in a large corpus of text.

Detailed Description Word embeddings allow models to understand and work
with text data by encoding words in a way that similar words have similar vector
representations. This helps in capturing semantic relationships and improving the
performance of various NLP tasks. Popular word embedding methods include
Word2Vec, GloVe, and embeddings from models like BERT.
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Example The words “king” and “queen” might have embeddings that are close to
each other in the vector space, reflecting their semantic similarity.

Word Frequency Word frequency refers to the number of times a word appears in
a given text or corpus, used as a measure of its importance or commonality.

Detailed Description Analyzing word frequency helps in understanding the dis-
tribution of words in a text, identifying common terms, and selecting features
for text processing tasks. High-frequency words often include common stop
words, while lower-frequency words may provide more specific and relevant
information.

Example In a corpus of news articles, words like “the,” “is,” and “and” will
have high frequencies, while words like “pandemic” or “election” may vary in
frequency based on the topic.

Word-Level Slot A word-level slot in natural language understanding refers to a
specific word or sequence of words in a user’s input that is identified and extracted
as part of slot filling to complete a task.

Detailed Description Word-level slots represent key pieces of information needed
for the system to fulfill a user’s request. Identifying and tagging these slots
accurately is essential for the system to process and respond correctly.

Example In the sentence “Book a flight from New York to London,” the words
“New York” and “London” are word-level slots for departure and destination
cities, respectively.

Zero-Shot Zero-shot learning is a machine learning technique where a model
is trained to recognize and classify data it has never seen before, based on the
knowledge it has learned from other tasks or domains.

Detailed Description Zero-shot learning enables models to generalize from
known classes to new, unseen classes by leveraging semantic information or
auxiliary data. This approach is valuable in scenarios where obtaining labelled
data for every possible class is impractical.

Example In an intent recognition task, a zero-shot model might be trained on
a variety of intents such as booking flights, checking weather, and setting
reminders. If introduced to a new intent like “finding nearby restaurants,” the
model can accurately identify this new intent by leveraging its understanding
of similar intents and the semantic relationships between them. This allows
the model to handle new and unseen user queries without requiring additional
training data for every possible intent.



Chapter 3
Single-Turn Natural Language
Understanding

3.1 Overview

Natural Language Understanding (NLU) stands at the heart of contemporary
dialogue systems, enabling machines to grasp and respond to human language
with finesse. This chapter delves into the realm of single-turn NLU, a domain where
the focus is on interpreting and processing user inputs within a solitary interaction.
Single-turn NLU is pivotal for a myriad of applications, including virtual assistants,
chatbots, and automated customer service systems, where prompt and precise
responses are indispensable.

This chapter is meticulously structured to explore the essential tasks in single-
turn NLU: intent classification and slot filling. Intent classification is the art of
discerning the user’s underlying intent, whether it be booking a flight or enquiring
about the weather. Slot filling, conversely, involves identifying and extracting
specific pieces of information from the input, such as dates, locations, or other
pertinent entities necessary to fulfill the intent.

We commence with an exploration of the foundational techniques for intent
classification. This journey takes us through traditional methods that harness depen-
dency parsing and classical features, and then transitions to modern approaches
employing machine learning models, word and character embeddings, convolutional
neural networks (CNNs), recurrent neural networks (RNNs), and advanced architec-
tures like Siamese networks.

Subsequently, we venture into slot filling techniques, highlighting methods that
span from classical machine learning models to sophisticated neural network-based
approaches. Our coverage includes dependency parsing, classical feature extraction,
named entity recognition (NER), context windows, delexicalization, CNNs, RNNs,
pointer networks, and reinforcement learning strategies.

We then explore the domain of joint NLU techniques, which strive to simulta-
neously perform intent classification and slot filling. Joint NLU capitalizes on the
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interdependencies between these tasks to enhance overall performance and robust-
ness. Techniques in this category encompass classical methods, conditional random
fields (CRFs), recursive neural networks (RecNNs), CNNs and RNNs, attention
mechanisms, capsule networks, memory networks, and transformer models.

The chapter also investigates the role of external resources, such as knowledge
bases, in augmenting NLU systems. These resources provide additional context
and information that can significantly enhance the accuracy and relevance of intent
detection and slot filling.

Finally, we survey a comprehensive array of datasets commonly employed in
NLU research and development. These datasets traverse various domains, lan-
guages, and interaction types, offering a solid foundation for training and evaluating
NLU models. Notable examples include the ATIS, SNIPS-NLU, FRAMES, TREC,
Microsoft Cortana, and Facebook datasets, among others. We also shine a light on
specialized datasets for multimodal and multilingual NLU tasks, such as SLURP
and MASSIVE.

By the conclusion of this chapter, readers will possess a thorough understanding
of the techniques and resources vital for crafting effective single-turn NLU systems.
This knowledge will equip them to construct and refine dialogue systems capable of
understanding and responding to user inputs accurately and elegantly.

3.2 Intent Classification Techniques

Intent detection is typically set up as a sentence classification problem. That is, a
feature or features are constructed from the sentence, and these are passed through
a classification algorithm to predict a class for the sentence from a predefined set
of classes. As a classification problem, the techniques applied look to discover a
well-defined decision boundary between the features. Intent classification differs
from classification tasks in other fields due to the nature of the data which are
text sentences, coming from spoken language utterances. Hence, at least initially,
the features should look to capture semantic information in the sentence. Beyond
the semantic information within the words, many approaches have been made to
extend the feature set using internal (syntactic, word context) or external (meta-data,
sentence context) information.

Major Areas of Research Research into intent classification in SLU has gener-
ally come from four areas: search engines, question-answering systems, dialogue
systems, and text categorization. Early search engines applied text similarity to
select the results for users. More recently, intent classification has been applied to
understand the searcher’s intent further, and this approach has been proven to give
better search results. However, Web queries are usually short and informal, causing
difficulties in classifying intents because of insufficient information. Similarly,
answering questions from users also benefits from understanding the intent of
questions to generate better-quality responses. In dialogue systems, it has been
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shown to be useful to identify intents of users in order to give appropriate responses
to users. Intent classification is also applied in more general NLP tasks, such as text
classification, sentiment analysis, and scientific citation.

3.2.1 Overview of Technological Approaches

Before 2015, most papers focused on classical machine learning approaches, such as
SVM, K-nearest neighbors, and random forest. Features used by these models were
generated by dependency parsing, word embedding, and n-grams. Then, with the
success of deep learning in other areas, neural networks, especially RNNs, started to
be widely used for this task. Attention mechanisms have been integrated in models
for identifying which parts of sentences should contribute to the classification.
Since intent classification is proposed to be integrated with Web engineering, which
requires the ability to understand short texts that contain less information, features
used for training have been enriched by feature engineering using Web metadata.

3.2.2 Issues Addressed in Intent Classification

In this section, we survey the issues encountered in the literature around intent
classification and the solutions proposed. The issues may be specific to the task,
like ambiguity of semantic intent. They may be general machine learning issues
like lack of training data and dealing with new or evolving domains. They may be
issues specific to the available data like imbalanced data, short sentences, or the out-
of-vocabulary (OOV) issue. Feature creation to capture information extra to that in
the words is considered to boost performance. Extending the range of the task to
multiple intents or to identify out-of-domain sentences is covered.

Ambiguity in Interpretation In essence, this issue is at the heart of intent
classification, identifying the decision boundary between samples close together in
feature space, yet belonging to different classes. This issue may be more prevalent
with short texts, since they may include insufficient information and not follow
correct grammar.

An early approach from [162] was to propose a rich feature representation with
an ensemble learning framework giving different perspectives on the classification.
The feature creation is covered further in ensuing sections.

In 2020, [180] proposed using contrastive learning. The model trains on triples
of samples—an anchor sample, a positive sample in the same class, and a negative
sample from a different class. Combining convolutional and BERT encodings of
each one and mapping them to Euclidean space with Siamese shared weights, an
intermediate loss of the anchor-positive distance minus the anchor-negative distance
is minimized. The Euclidean mapping of the anchor is used for classification.
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Lack of Labelled Training Data or Small Training Sets Collecting and labelling
large amounts of data for training can be expensive. With small datasets, models are
more likely to be overtrained. Further, the out-of-vocabulary (OOV) issue, where
words appear in the test set that are not in the training set, is more likely to occur.

Sarikaya et al. [185] proposed a DBN-initialized neural network for intent
classification to learn from unlabelled data and generate features for a feed-forward
network. The feed-forward network is then fine-tuned on labelled data, which may
be small in number but still give reasonable results. A DBN is a stack of Restricted
Boltzmann Machines (RBMs). To train a DBN, the RBMs are trained layer-by-layer
in sequence using parameters learned by previous layers. After training the stack of
RBMs, the weights of the DBN are used to initialize the weights of a feed-forward
neural network. This approach performed better than traditional machine learning
models, such as maximum entropy and boosting, and is similar to SVM.

Hasanuzzaman et al. [78] tried to include temporal query understanding into
Web search query intent classification. They tackled two major issues: one is the
inadequacy of limited training data, while the other is the limited literal features
able to be extracted from queries of short length (typically 3–4 words). They
utilized external resources collected from the Web that may help bolster temporal
information, such as Web snippets for queries and the most relevant year, date, etc.
Based on this, 28 features were designed and extracted. They then proposed an
ensemble learning solution framework defined as a multi-objective optimization
problem (MOO) and explored it with 28 classifiers using different optimization
strategies. The utilization of external resources and ensemble learning was intended
to reduce bias to better handle the limited training data.

Methods for dealing with new unannotated domains and datasets by transfer of
weights from models trained on annotated datasets combined with few shot training
have been explored in the slot labelling and joint task area and are discussed later.

Sufficient data is essential for training a model. To work with unlabelled data,
unsupervised training methods could be investigated in further research.

Multi-domain/Multi-lingual Generalizability Most text classification models
focus on only one language, one domain, and also one task. To address this, [40]
developed a novel multi-layer ensembling approach that ensembles both different
model initialization and different model architectures to determine how multi-
layer ensembling improves performance on multilingual intent classification. They
constructed a CNN with character-level embedding and a bidirectional CNN with
an attention mechanism. In addition, they explored LSTM and GRU with or without
character-level embedding and attention mechanisms. When ensembling models,
they use a majority vote approach.

Masumura et al. [137] proposed an adversarial training method for multi-task
and multi-lingual joint modelling to improve performance on minority data. The
language-specific network can be shared between multiple tasks, where words in
the input utterance are converted into language-specific hidden representations.
Next, each word representation is converted into a hidden representation that uses
BiLSTMs to take neighboring word context information into account. Task-specific
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networks can be shared between multiple languages, where the language-specific
hidden representations are converted into task-specific hidden representations. The
proposed method combines a language-specific task adversarial network with a task-
specific language adversarial network.

Emerging Intents Detection In dynamic real-world applications, the intent set
evolves. A method to detect and classify emerging intents is a desirable adjunct
task.

Hashemi et al. [79] proposed to use a CNN to extract query features for intent
classification, which is trained based on word2vec embeddings. They perform
clustering on these query representations and observe that new examples far from
the clusters could be used to identify emerging intents, though they do not perform
that task.

Xia et al. [241] proposed two capsule-based architectures to detect emerging
intents. They construct three capsules: SemanticCaps, DetectionCaps, and Zero-
shot DetectionCaps. SemanticCaps is based on a bidirectional RNN with multiple
self-attention heads and is used to extract semantic features from utterances. Then,
DetectionCaps aggregates the low-level information from SemanticCaps to high-
level information in an unsupervised routing-by-agreement approach to obtain
intent representations. For detecting emerging intents, the Zero-shot DetectionCaps
takes information from SemanticCaps and DetectionCaps to calculate vote vectors
for information transferral. Then, the vote vectors are multiplied with similarity
between embeddings of existing intents and emerging intents and summed to
generate representations of emerging intent labels (Fig. 3.1).

Unseen Intents Dealing with intents that are unseen in the training data is a related
challenging task. Lin and Xu [124] proposed a two-stage method to detect unseen
intent labels. First, they used the output of a Bi-LSTM as sentence representation.
In the second stage, the model takes this representation and applies a local outlier
factor (LOF), a density-based detection algorithm, to detect unseen intents. The
model uses large margin cosine loss (LMCL) as the loss function instead of cross-
entropy, which aims to maximize the decision margin. In this way, the inter-class
variance is maximized, and the intra-class variance is minimized. This is to ensure
that the features extracted by the Bi-LSTM can be more discriminative (Fig. 3.2).

The OOV Issue Most approaches that perform their own learned word embedding
are dependent on the vocabulary in the training set and may suffer from OOV issues,
with small training datasets more affected. Using character n-grams is a common
approach to handling unseen words based on the idea that similar words may come
from a common root. Another is to replace all words below a chosen frequency in
the training set with a special token, say UNKNOWN.

Ravuri and Stolcke [178] proposed character n-grams as their word input encod-
ing method with both RNN and LSTM since they thought the OOV issues became
more severe when using RNNs because an unknown word could propagate an effect
to the consequent words. Similarly, [192] proposed sub-word semantic hashing
for addressing the OOV issue, which comes with small training datasets. Before
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Fig. 3.1 The illustration of the proposed INTENTCAPSNET-ZSL model for zero-shot intent
detection and its architecture details [241]

sub-word semantic hashing, sentences are transferred into lowercase, pronouns in
sentences are replaced by “-PRON-”, and special characters except stop characters
are removed. Then, classes with fewer sentences are augmented by adding sentences
generated using synonym replacement. After this, every token in each sentence is
wrapped by two “#” symbols and represented using trigrams. These sub-tokens
are then vectorized using an inverse document frequency vector and the Euclidean
norm. In the end, the vectors can be used in any intent classification model.
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Fig. 3.2 The architecture of the two-stage method to detect unseen intent proposed by [124]

Short Text Queries User queries for search engines are usually short (3–4 words)
and lack context, so it is essential to extract more information from queries for
successful classification. Syntactic features (e.g., POS tags) and external knowledge
sources have been used to enrich query features.

Hasanuzzaman et al. [78] included temporal query understanding into Web
search query intent classification, and their model works well with the limited literal
features for queries of short length. Purohit et al. [162] focused on intent under-
standing of social media text such as tweets. Some of these can be short, leading to
ambiguity of interpretation and sparsity of relevant behaviors. They try to improve
the expressiveness of data by utilizing multiple patterns from knowledge sources
and fusing the top-down knowledge-guided patterns with bottom-up frequency-
based representations for feature formation. Based on this, they utilize an ensemble
learning strategy to reduce the bias.

Xie et al. [242] proposed a model called Semantic Tag-empowered User Intent
Classification (ST-UIC) based on a constructed semantic tag repository. This model
uses a combination of four kinds of features including characters, non-key-noun
part-of-speech tags, target words, and semantic tags. After pre-processing, charac-
ters and target word features are extracted to maintain the contextual information.
Then, key nouns are expanded using semantic tags, and POS tags are used as
features if a query does not contain target words. With this approach, representation
can be enriched for short queries.

In contrast, [214] tried to simplify the query input based on a dependency
parser to generate simple and well-formed queries. They were motivated by
the performance gain of existing statistical SLU models on simple, well-formed
queries as well as the need to handle increased Web search queries formed by
keywords. They simply kept the top-level predicate and its dependents for the query
simplification and combined it with the sentence input for further classification
using AdaBoost. The essence here is to try to provide the extracted keyword pieces
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as auxiliary information, which proved to decrease the intent classification error
rate. Because some semantic and syntactic information contained in the sentence is
filtered out, when this simplified syntactic structure of a sentence was used alone as
input for classification, a decrease in performance was reported.

This issue mainly occurs with user queries for Web searching. While not widely
reported on in the joint task literature, short texts do occur in other datasets and the
methods described above can be applied there. Rather than the rule-based feature
construction approach, knowledge graphs may be further investigated as a method
for adding relevant external information.

Other Feature Engineering Even when the utterances are longer, the challenge
is to extract information relevant to the classification task. Many papers have used
standard word embeddings, as well as RNN and CNN feature creation. In order
to boost semantic understanding, [223] proposed to use both in a model called
Character-CNN-BGRU. Firstly, this model uses character embeddings to represent
sentences rather than word embeddings. A CNN takes the character embedding as
the input and extracts local features via max-pooling after a convolutional layer.
Meanwhile, a window feature sequence layer is added to the convolutional layer to
obtain temporal information, which is important for the bidirectional-gated recurrent
unit (BiGRU). Finally, the output of the max pooling layer and the output of BiGRU
are concatenated and passed to a softmax layer. While semantic features are useful,
methods to extract other usable information for classification have been developed.

Grammar Feature Exploration From the question-answering field comes a
feature-creation technique based on grammar. Question words, such as “what,”
“how,” and “where,” and also domain-specific grammar may indicate the class of
a question. Based on this idea, [146] proposed a grammar-based framework for
question classification, which utilizes three features: grammatical features, domain-
specific grammatical features, and grammatical patterns. Grammatical features are
used to parse a question into a sequence of grammatical terms. Domain-specific
features are used to identify the domains to which grammatical terms in the sentence
correspond and tag them. After parsing and tagging each term in the question, the
pattern is formulated. The classification task is processed using machine learning
models, such as SVM or the J48 algorithm.

Imbalanced Data A dataset is unlikely to have the same number of samples for
each class, and sometimes, the data can be quite imbalanced. Training a model using
imbalanced data can cause poor performance in minority classes.

Purohit et al. [162] noticed that social media text corpora can have such
imbalanced data. They suggested that two of their constructed features aid with
imbalanced data in their dataset. These are Contrast Patterns features, where they
mine sequential patterns within each intent class and then contrast them. Shridhar
et al. [192] dealt with imbalanced data through oversampling by adding augmented
sentences for classes with fewer samples during the pre-processing stage of their
model.
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ATIS, one of the major datasets for the joint task, is very imbalanced in the intent
aspect, yet performance is excellent. The imbalanced data issue is rarely brought up
in the joint task literature.

Co-occurrence of Words from Different Intents This is a particular form of
ambiguity. Words important to different intents may co-occur in a query of a partic-
ular intent, and how these words are positioned may convey crucial information for
intent detection in the current query.

Based on this idea, [264] proposed two types of heterogeneous information: (1)
pairwise word feature correlations and (2) POS tags of the queries. The pairwise
feature correlations are calculated based on cosine similarity between each semantic
feature pair and learned by CNNs with pooling layers. Here, each dimension of
the word vector is deemed to be a semantic feature. It tries to model the intent
through these feature-level representations. Meanwhile, the POS tags provide the
word-level information about word categories. Their experiment results show that
utilizing the feature-level semantic representation outperforms the baseline model
using only word-level features, and incorporating POS information with the feature-
level representation significantly improves the performance.

Contextual/Temporal Information Modelling A single sentence in a conversa-
tion can be ambiguous, but the ambiguity can be eliminated if previous utterances
are considered during intent classification. Meanwhile, Web queries are sensitive to
time, and the intent carried by them may change over time, for example, as world
events wax and wane in importance. Therefore, some studies incorporate contextual
and temporal information in intent classification.

With multi-turn dialogue, [15] included the context from previous queries for
the intent classification and slot filling of the current query. Each sub-task is treated
separately, so this is not a joint model. For intent classification, they compared two
approaches. The first constructs a context session feature by simply using 1 for the
type of intent inferred from the previous utterance set and 0 for all others. This is
combined with a basic bag-of-n-gram feature for the current utterance and fed to an
SVM for intent classification. The second approach is to treat the query sequence
as a sequence labelling problem using SVM-HMMs with a Viterbi algorithm. The
incorporation of intent from previous utterances as additional information showed a
significant reduction in error rate.

Hasanuzzaman et al. [78] utilized external resources collected from the Web
that may help bolster temporal information, such as Web snippets for queries and
the most relevant year, date, and other time indicators. Based on this, features
are designed and extracted. Another solution to generate features is referring to
one of a set of contemporaneous events, known as event-based Web searching.
Kanhabua et al. [96] utilized the event-related log patterns that reveal both implicit
and explicit temporal information needs, together with general lexical information
such as named entities for feature representation. Classification is performed by
various classical and neural methods.

Chen et al. [31] included temporal information in their model as well. They pro-
posed a metadata feature for enhancing community query intent classification. The
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metadata feature included query topic, query time, and user experience indicated
by the number of previous queries. They firstly explored supervised learning using
the text and metadata features separately. The result showed that using both features
together outperformed the separate experiment for query intent classification. This
led them to use a co-training procedure, which is a semi-supervised learning
framework that can utilize a small amount of annotated queries plus a large amount
of unlabelled ones. During the training, two separate and independent classifiers are
trained first based on the two features. Then the prediction with higher confidence
from either of the classifiers will be used to label the unlabelled query for training
until a stopping criteria is reached. Experimenting with SVM, higher micro and
macro F1 scores were achieved from semi-supervised co-training compared to
supervised learning with a combination of the two features.

Rather than temporal information, [167] proposed the construction of multiple
features from user metadata, regex extraction of named entities, and probabilistic
context-free grammar of composite entities.

Contextual and temporal information may not be suitable for all datasets, but
when available, future research can attempt to use it with their models. The multi-
turn dialogue approach will be explored further under the joint task. Graphs may
also be explored for integration of contemporaneous topics and events.

Target Variation Typically, in intent classification, the predefined intents are
enumerated, and a cross-entropy loss is calculated. Qiu et al. [167] rather calculated
LSTM embeddings of the training sentences and averaged them within samples of
the same intent. For test prediction, they calculate a similarity measure of the LSTM
embedded test sample with the training samples averaged by intent and choose the
closest.

Generalizability via Ensembles Overfitting of models to the training data distri-
bution leads to poor generalizability. One method to address this is to use ensembles
of models to synergistically exploit the benefits of each. Deep learning architectures,
such as LSTM, GRU and CNN, have been used frequently in intent classification.
Firdaus et al. [57] proposed to combine those deep learning architectures. To start
exploring combinations of different models, they constructed CNN, LSTM, and
GRU individually. Then, four ensemble models were built, which are CNN-LSTM,
CNN-GRU, LSTM-GRU, and CNN-LSTM-GRU. In these models, predictions from
individual models are combined using an MLP model. Qiu et al. [167] also used an
ensemble of classical methods, being random forest, SVM, and Naïve Bayes and
softmax regression, with the ensemble outperforming the components.

Out-of-Domain Utterances Not all utterances made to SLU devices contain an
intent related to the purpose of the device. They may be incidental conversations
or have an intent that the device is not meant to fulfill. Kim and Kim [100]
augmented a dataset with such utterances and performed a multi-task learning
approach to perform the classification of in-domain utterances and detection of out-
of-domain (OOD) utterances simultaneously. A loss function, which maximizes the
intent accuracy while accepting a value of false acceptance rate (1-recall) for OOD
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Fig. 3.3 Model architecture proposed by [100]: each word is represented by the concatenation of
the word vector from word embedding and the orthography-sensitive vector from the last outputs
of two character LSTMs

utterances below a threshold, is back-propagated. Including the second task boosts
the intent detection performance (Fig. 3.3).

Yilmaz et al. [255] also constructed augmented datasets with OOD utterances.
They constructed a vector of KL divergence values for subsequent pairs of intent
probabilities determined from hidden states of a unidirectional LSTM fed with word
embeddings. The KL vectors are fed to an SVM and Naïve Bayes and Logistic
Regression for OOD classification. Logistic regression gives the best results.

Multifaceted Query Intent Prediction Most annotated queries in training datasets
express only one intent. In real life, however, queries may contain more than one
intent. For example, the query “find Beyonce’s movie and music” has two intents,
‘find_movie’ and ‘find_music’.

One straightforward solution is to use the top couple of predictions from existing
single-label classifiers. Another solution is having binary classifiers for every label
in single classifiers. González-Caro and Baeza-Yates [66] used this approach. In
their model, each utterance has multiple facets, each a class with at least two
categorical labels. For instance, in the Task facet, the intent can be “Informational,”
“Not Informational,” or “Ambiguous.” They experimented with linear SVMs for
intent classification of different combinations of the facets. Compared with the cor-
responding single-facet classification, additional supervision from multiple labels
led to improvement of the overall performance. This additional information was
found beneficial to small categories (classes with few samples in the corpus), with
the recall of those small categories improving.
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Treating multi-labels as atomic labels has been explored in some studies. This
approach may suffer from a data sparsity problem but has good classification
accuracy. Based on this, [246] proposed two approaches to exploit the information
shared among different intent combinations. The first one is adding class features,
which is to add n-gram features for combined intent appropriate to the separated
intents. For example, the multi-intent label, ‘buy_game#play_game’, should have
added two features for the embedded intents ‘buy_game’ and ‘play_game’. The
other is adding hidden variables to identify segments belonging to each intent.
Instead of using existing segmentation algorithms, they add a layer of hidden states
corresponding to each word. This can indicate the embedded intent to which a word
most strongly aligns. Following that, a perceptron layer performs the classification.

Understanding queries with multiple intents can make conversations with dia-
logue systems more natural and smooth, and there is recent research on this in the
joint task. Further research could explore more approaches to modelling relations
among label combinations.

3.3 Slot-Filling Techniques

Slot filling is the second critical task in natural language understanding. It is the
attachment of a label to each token in an utterance. The label describes the type of
semantic information contained in the word represented by the token. Slot filling is
a sequence labelling task. The task is learning not just slot label distributions for
words but also what slot labels typically co-occur in utterances (label dependency)
and in what order. Reference to context in both directions of a word should be
included to maximize performance.

Major Areas of Research Slot filling is a key task in dialogue systems, to interpret
natural language from users, from which the system can judge what information to
retrieve or what task to complete for the user. Slot-filling models are also integrated
with online shopping Web sites, whose core is a task-oriented dialogue system.
Product search queries can be better understood, and shopping assistance can be
provided to customers. The field of question-answering has provided research to
extract the semantic features within queries.

3.3.1 Overview of Technological Approaches

Traditionally, generative models (for example, HMMs [228]), which capture the
joint probability distribution of the utterance tokens and their slot labels, and
discriminative models (like CRFs), that estimate slot label conditional probabilities
given the observed token sequence, were used to address sequence labelling
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tasks. With the success of deep learning, researchers experimented with putting
components, for example, CRFs and brief networks, within a deep structure.

Since 2013, RNNs have been increasingly popular in this field. In RNNs, each
word can access information from the previous context words. Bidirectional RNNs
are applied to utilize both the past and future context. However, the distance
between words is linear in RNNs, and the vanishing gradient problem may occur,
meaning that long-term dependencies cannot be learned by the model. As a
result, LSTM cells began to be used more frequently because of their ability to
forget unimportant information and more successfully model longer dependencies.
However, even LSTMs can underperform with very long sentences. Other models
are thus incorporated to capture label dependency, which refers to the situation that
some slots appear in context with some other slots more frequently, and perform
sequence-level optimization. An architecture with CRF layers sitting above neural
networks is often used to address label dependency directly.

Another issue is that RNNs are typically not able to process multiple words
simultaneously due to their sequential nature. Thus, attention mechanisms that can
take more tokens into account simultaneously than RNNs are used. Additional
features are also incorporated to improve the performance of RNNs, such as named
entity features, segment features, and external memory. Integrating extra knowledge
from different sources is also considered an effective approach. Some recent slot-
filling models also attempt to handle unseen semantic labels and multiple domain
tasks by adapting neural CRFs and label embedding.

Slot-Filling Architectures Models that have proved reliable for sequence labelling
in other fields have been adopted to address the slot-filling task. RNNs with different
architectures have been explored in many studies [142, 143, 219, 253], considering
their promising performance in sequence modelling elsewhere.

CNNs have also been used. Vu [218] proposed a bidirectional sequential CNN
for slot labelling, which considers both previous contextual words with preserved
order, surrounding context, and also past and future information. To label a word,
two matrices are separately generated for the previous and future context words of
the word. These are combined to form a matrix for the current word. Then, the
two matrices for the past and future information are passed to corresponding vanilla
sequential CNNs. The output of networks is concatenated with the matrix for the
current word. After that, two matrices can be combined using a weighted sum of
the forward and the backward hidden layer or concatenating. For training, a ranking
loss function is applied.

Korpusik et al. [108] performs a useful comparison of BiGRU-, CNN-, and
BERT-based models with the then new BERT outperforming the other candidates
(Fig. 3.4).

A summary of slot-filling techniques appears in Table 3.1. The incorporation of
newer technologies for slot labelling, particularly attention-based methods like the
transformer, has been subsumed by the joint task in more recent years, as will be
explored in Sect. 3.4.
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Fig. 3.4 An illustration of how BERT is used to generate contextualized word embeddings, which
are then fed into a finetuned linear token classification layer on top [108]

3.3.2 Issues Addressed in Slot Filling

Like intent detection, issues found in slot filling can be task specific, more general
machine learning issues, dataset issues, or may involve feature engineering or
methodological approaches for better results. Slot filling introduces issues typical
to sequence labelling tasks like label dependency and long-distance dependency.

Label Dependency There are dependencies between slot labels, meaning that
some slots appear more commonly with some other slots in the same utterance.
For example, in a travel dataset, it is probable that B-FromCity and B-ToCity are in
the same sentence. Capturing such label dependencies would help find the best slot
combinations and generate better prediction results.

One approach is to integrate CRFs and regression models. Yao et al. [251] applied
an LSTM for the slot-labelling task and included a regression model to capture label
dependencies. Yao et al. [252] proposed a recurrent conditional random field (R-
CRF), which integrates recurrent neural networks and a CRF to explicitly model
the dependencies between semantic labels and achieve sequence-level optimization.
Another solution utilizes the encoder-decoder architecture, which had been applied
for machine translation previously. The input sentence is encoded by an LSTM and
is used as the input of another LSTM, which considers label dependencies [112,
125, 280].
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Table 3.1 Slot-filling papers reviewed with addressed issue and approach

Paper Addressed issue Approach

[258] Long-range state dependency Deep learning, CRF

[46] To extend DCN Kernel learning, deep learning, DCN,
log-linear model

[47] Data sparsity problem (CRF) Deep belief network (DBN)

[143] To explore RNN RNN

[253] To explore RNN-LM RNN-LM

[252] Label dependencies, label bias problem RNN, CRF

[251] Gradient diminishing and exploding
problem, label dependencies, label bias
problem

LSTM, regression model, deep learning

[125] Label dependencies RNN, sampling approach

[142] To explore RNN RNN

[160] Vanishing and exploding gradient RNN, external memory

[112] Label dependencies LSTM, encoder-labeler

[219] To explore past and future information bidirectional RNN, ranking loss function

[218] To explore CNN CNN

[280] To explore attention mechanism Bidirectional LSTM, LSTM,
encoder-decoder, focus mechanism

[45] Unseen slots CRF

[65] To explore MTL MTL, segment tagging, NER

[129] To explore MTL MTL, NER, bi-LSTM, CRF

[191] To better labelling common words Encoder-decoder attention, delexicalized
sentence generation

[224] Imbalanced data DNN, reinforcement learning

[276] OOV GRU, attention, pointer network

[65] To explore MTL MTL, segment tagging, NER

[101] To extend original SLU to H2H
conversations

Bi-LSTM, different knowledge sources

[189] Continual learning Bi-LSTM, context gate

[217] Restricted utilizing contextual information MTL, Bi-LSTM

[108] Architecture comparison BiGRU, CNN, BERT

[130] Low-resource dataset MTL

[281] Data sparsity problem Prior knowledge-driven label embedding,
CRF

[273] Long-range dependency, vanishing
gradient

TDNN

Long Range Dependence Long-range dependence refers to the challenge of
capturing the importance to each other of data points far apart in space or time
where there is a decay of statistical dependence over distance. While the short text
queries described in the intent section should not suffer from this, utterances in SLU
datasets can be much longer.
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The approach from [258] is a deep network of layered CRFs. Lower layers can
generate frame-level marginal posterior probabilities. Then the higher layer takes
these probabilities along with the observation sequence of the previous layer. In the
end, the highest level will make the final predictions. Zhang et al. [273] addressed
the shortcomings of RNNs, being the long-range dependence issue and vanishing
or exploding gradient. They used a deep stacking of time delay neural networks
for feature creation. These create convolutional features from context windows of
varying sizes and varying step sizes through the sentences. The features are then
passed through a final RNN and classified.

The transformer architecture, which utilizes self-attention across utterances, and
memory networks, which can store longer range information, are now studied in the
joint task, as described in the next section. Focused research using these methods
for only the slot task may uncover useful methods for use in the joint task.

The Label Bias Problem Label bias is a sequence labelling issue related to
maximum entropy Markov models (MEMM). In MEMM, the states with a single
outgoing transition can ignore their observation, meaning that the model can tend to
stay in a state which is unlikely to happen. Most approaches to this problem combine
CRFs with RNNs.

Yao et al. [251] applied LSTM cells, which contain a gate which can forget
unimportant information, and also incorporated a regression model to model label
dependencies. In order to avoid the label bias problem, the regression model took
non-normalized scores before softmax. The R-CRF of [252] also addresses label
bias. Similarly, [142] explored RNNs with multiple different architectures and
proposed to apply Viterbi encodings and recurrent CRFs to eliminate the label bias
problem.

Learning Common Words The surrounding words of one slot in different sen-
tences are usually similar. For example, the word “to” is highly likely to lie between
slots labelled B-FromCity and B-ToCity. Therefore, [112] thought that learning the
common words around slots in different ways may be helpful for slot filling. Shin
et al. [191] introduced a model which can jointly generate delexicalized sentences
and predict labels using an encoder-decoder framework with input alignment. In the
delexicalized sentences, words are replaced by their corresponding slot labels. For
example, to delexicalize the sentence “i want to fly from baltimore to dallas,” the
words “baltimore” and “dallas” should be replaced by B-FromCity and B-ToCity.
This approach is based on the fact that different words that correspond to the same
slot usually play a similar semantic and syntactic role in the sentence, which allows
the model to learn the common words surrounding the slots.

Low-Resource Datasets A more general machine learning issue is that methods
generally rely on the presence of annotated training data, which is costly to produce.
Louvan and Magnini [130] tested models which also trained on a large freely
available annotated dataset for a similar task (NER for example) in a multi-task
learning environment (see Sect. 3.3.2. They then used 10% of the available training
data from slot tagging datasets to train the slot-labelling task. They varied this
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proportion and observed when it reached 40% that the auxiliary task stopped having
much effect.

Diminishing and Exploding Gradients In neural networks with multiple layers,
or long RNN sequences, the gradient may become vanishingly small, preventing
the weights from changing value during back-propagation. Alternatively, large
gradients may self-propagate and lead to unstable networks. Yao et al. [251]
combined an LSTM and a regression model for slot filling. LSTM are partially
designed to address these issues. To avoid the gradient diminishing and exploding
problem, the memory cells within them are linearly activated and propagated
between different time steps.

Peng and Yao [160] introduced an external memory to overcome the limitations
on memory capacity of simple RNNs, and therefore, the diminishing and exploding
gradient problems can be addressed. The hidden layer has an additional input that
comes from the external memory. A weight vector is used to retrieve the content
from the external memory, which is determined according to the similarity between
the contents and the hidden layer.

Data Sparsity Problem Data sparsity can be an issue when there are a large
number of discrete features. If those discrete features are represented using matrices,
the matrices can be large and sparse, which may lead to a model ignoring the
relations among features. Zhu et al. [281] noticed that the data sparsity problem
can also occur with labels because labels are sometimes encoded using one-hot
vectors. They proposed a label embedding that is constructed using prior knowledge,
including atomic concepts, slot descriptions, and slot exemplars. An atomic concept
assumes that each slot can be represented as a set of atoms. Slot descriptions are the
textual descriptions for slots in natural language. Slot exemplars are to extract label
embeddings for slot labels, which contain values of each slot and their neighbor
contexts (Fig. 3.5).

Continuous Learning With new data becoming available quickly, it is desirable
to have a retrained model incorporating the new data. However, the training process

Fig. 3.5 Three different label embeddings: (a) atomic concept, (b) slot description encoding, (c)
slot exemplar encoding—consisted of IOB symbol and slot vector proposed in [281]
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could be time and cost consuming, and keeping all the existing data can introduce
redundancy. Thus, there is a problem of how to continuously learn from new data.

Shen et al. [189] proposed a ProgModel, consisting of a context gate. This gate
aims to transfer previously learned knowledge to a small expanded component,
which is placed after the hidden state of the new model. The training procedure
is progressively conducted at each batch. Therefore, the model can learn faster from
the new training data without catastrophically forgetting the previous expressions.

Imbalanced Data Training datasets can be imbalanced, dominated by some tags
while only containing a small number of examples of other tags. This can lead
to poorer performance in the minority tags. One solution from the slot-labelling
literature comes from [224] who design a deep reinforcement learning (DRL) based
augmented tagger with a deep neural network. While the whole dataset is used in
the training part, only partial data with unsatisfactory performance will be evaluated
by the augmented tagger.

Unseen Labels As with intent classification models, slot-labelling models can rely
heavily on the training data and will struggle to correctly assign a label which does
not appear in the training data.

Zhao and Feng [276] proposed a model with a pointer network to solve this
problem. This model predicts slot values by jointly learning to copy a word which
may be out-of-vocabulary (OOV) from an input utterance through a pointer network,
or generate a word within the vocabulary through a seq2seq model with attention
(Fig. 3.6).

Dai et al. [45] proposed an elastic conditional random field (eCRF) which can
utilize semantic meaning in slot embedding for open-ontology slot filling. The

Fig. 3.6 Zhao and Feng [276]’s model for slot value prediction based on Seq2Seq learning with
attention and Ptr-Net
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model has a slot description encoder which takes all slot descriptions as input,
and outputs distributed representations for slots. Meanwhile, a BiLSTM is used
to extract features from utterances. Then, the eCRF labeller, which is a potential
function containing two terms for semantic similarity of the slot descriptions and
the extracted contextual features and interactions between the slot labels, is applied.

Exploring Multi-task Learning Multi-task learning (MTL) is the idea that similar
auxiliary tasks can assist a main task. Some papers have used this idea, setting slot
labelling as the main task.

Louvan and Magnini [129] attempted to perform slot filling and named entity
recognition (NER) jointly in a multi-task framework considering that most slot
values are also named entities and NER has high state-of-the-art performance.
They mentioned that a better slot tagging result can be achieved if NER is at a
lower level. Similarly, [65] investigated hierarchical multi-task learning to perform
low-level tasks first, namely named entity tagging and segment tagging, and then
the high-level task, that is slot labelling, can make use of the results from the
low levels with cascade and residual connections. Louvan and Magnini [130] then
performed a more wide-ranging experiment with two auxiliary tasks (NER and
semantic tagging (SemTag)), and a comparison of a training on auxiliary task(s)
followed by fine-tuning on the main task approach versus the previously explored
hierarchical approach. They found generally the hierarchical approach gave better
results and that parsimoniously using only one auxiliary task (NER) worked better.

Most models utilize contextual information, but they use it in a restricted manner,
for example, self-attention. Therefore, [217] proposed a multi-task setting to train
a model to incorporate the contextual information at two different levels, which
are representation level and task-specific level. This multi-task setting includes the
slot filling as the main task and two auxiliary tasks. The first one is to increase
consistency between the word representation and its context, and another one is to
enhance task-specific information in contextual information.

Extending to Human-to-Human Conversations Task-oriented language under-
standing in human-to-machine (H2M) conversations has been extensively studied.
An interesting twist is to perform slot tagging in human-to-human (H2H) conversa-
tions. Here, the agent is a third party listening in, not being directly asked to perform
a task.

Kim et al. [101] focused on slot filling in H2H conversations and explored
LSTMs with different knowledge sources. First, the character embedding and
the word embedding are concatenated for each word. Then, the embeddings are
passed to a bidirectional LSTM, which will be used for making final predictions.
Furthermore, there is an additional model which can utilize knowledge from
multiple sources, including sentence embeddings for H2H conversation, contextual
information, and H2M expert feedback. The sentence embeddings are generated by
a sentence-level embedding model trained using tweets with URL and Web search
queries to the same URL. The contextual information is extracted from previous
utterances in the conversation. Also, this model uses pre-trained slot-filling models
for H2M conversations on similar domains as the expert model. The knowledge
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from three sources is encoded into vectors which are then combined and aggregated
with the output of the bidirectional LSTM.

Slot tagging introduces the problem of generating a sequence of hidden labels to
a sequence of word tokens, qualitatively different to the intent classification task.
Together, in SLU, the two sub-tasks contribute to a better representation of the
semantics of an utterance than each one separately. In the next section, we consider
the joint task where both are addressed in one model.

3.4 Joint NLU Techniques

The joint task integrates the objectives of the two sub-tasks. Many papers highlight
the relationship between slot labels and intent, suggesting that a model should learn
the joint distributions of these elements. Additionally, the model should consider
the distributions of slot labels within utterances, drawing from the slot-labelling
sub-task’s dependency approaches. Methods for the joint task range from implicitly
learning the distribution, to explicitly learning the conditional distribution of slot
labels over the intent label and vice versa, to fully explicit learning of the entire joint
distribution. The joint task also inherits the issues from each sub-task. Currently, the
bulk of research focuses on the joint task, introducing newer methods not previously
applied to the individual sub-tasks.

Major Areas of Research Research on the joint task has primarily emerged
from the personal assistant and chatbot fields. Chatbots are typically task-oriented
within a single domain, while personal assistants may operate across single or
multiple domains. Other contributing areas include IoT and robotic instruction
(where “intent” may refer to the robot’s intended action), as well as in-vehicle
dialogue for autonomous vehicles. These fields also require filtering out irrelevant
utterances. Researchers have used data from question answering systems. Multi-
turn dialogue datasets come from discussion between users and agents, sometimes
artificially generated.

3.4.1 Overview of Technological Approaches

In this section, we give a detailed description of architectural and technical
approaches used to address the joint task. In Fig. 3.7, we give a taxonomy of these
approaches, breaking into feature engineering methods and architectural responses.
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Fig. 3.7 Summary of technological approaches in joint NLU

3.4.1.1 Classical Methods

Perhaps the first model to show that the two tasks handled simultaneously performed
better than in a sequential pipeline was described in [91]. This used a multi-level
CRF. Other statistical models considered were a maximum entropy model (MEM)
[227] and a HMM [28]. Although such classical models were rapidly overtaken
in the boom of deep learning models from 2013 on, they still appear. This is
particularly true of CRFs with their superior handling of label dependence as
discussed in the previous section.

3.4.1.2 Recursive Neural Networks

The first neural model to address the joint task used recursive neural networks
(RecNNs) [71]. RecNNs work over the constituency parse tree of an utterance, with
leaves corresponding to the word vectors. The network computes a state for each
node, then for each node, the states from child nodes are combined with a weight
vector representing the node’s syntactic type. A slot label classifier for each leaf is
informed by the word vectors of itself and its neighbors and the state vectors along
the path from the leaf to the root. The state at the root informs intent classification.
The results were below the then state of the art for the tasks treated separately, but
the gate was opened.
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Since 2015, RNNs have begun a period of favor as their performance in sequence
labelling tasks has been waxing. In the standard encoder-only approach, token
features are passed in temporal sequence to the RNN. The RNN’s hidden states
at each step inform the slot labelling, and the final hidden state, when the network
has consumed all the tokens in the input sentence, is used for intent classification.
Bidirectional RNNs (BiRNNs), where the token sequence is considered in both a
forward and backward direction, allow word context in each direction to contribute
to the predictions.

The encoder is often extended to become an encoder-decoder. The decoder is a
second RNN that produces a sequential output, for example, the slot label prediction
for the current token. Liu and Lane [126] employed three variations for the joint
task, as illustrated in Fig. 3.8. On the left hand side of each, the bidirectional RNN
encoder first encodes the utterance into a sequence of hidden states hi . The final
hidden state is used for intent prediction and is also an input to the slot label decoder.

Fig. 3.8 Encoder-decoder model for joint intent detection and slot filling, proposed by [126]
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Learned weighted sums of the hidden states are named the context representations,
ci . The variations in the paper differ with respect to the inputs to the decoder RNN
at each time step, being the previous steps prediction and then some combination
of the hi and ci terms. In this way, the paper was able to explore what encoded
information was useful to the decoder process.

LSTM and GRU cell designs were quickly incorporated as they could address
issues with long-term dependence. Zhou et al. [279] studied a two-layer LSTM
architecture and [234] made an extended study of multi-layer LSTMs using different
parts of the network to predict slots and intent. A joint loss, typically a sum of the
cross entropy slot and intent losses, was used, but [277] kept the losses separate for
back propagation through their RNN network. The prediction is typically a softmax
on the decoder hidden state at each step, but [56] added a multilayer perceptron
(MLPs) between the RNN unit and the softmax. As an alternative to predicting a
slot label at each step, [105] make a global slot prediction from a matrix of the
hidden states to a matrix of slot tag probabilities for each word (Fig. 3.9).

For RNNs, the input is typically token by token. Hakkani-Tür et al. [74]
compared that to using context windows, where a sliding window of tokens is used
at each time step, with superior results. They also used a special sentence token at

Fig. 3.9 Illustration of the pipelined procedure proposed by [105]
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the end of the utterance. Zheng et al. [277] also used context windows, but their
results showed a decrease in performance metrics.

Attention and Explicit Exchange In the RNN circuits described so far, the
exchange of information between the two tasks is implicit, typically via a shared
encoder or a joint loss. It was proposed that the internal circuit representations used
for one task should be shared explicitly with the other task to strengthen the learning
of the joint distribution of slot and intent labels. Attention is one way of forming the
learned representation of one task’s intermediate steps for delivery to the other task.

We have already introduced a form of such attention with the context represen-
tations ci and cintent in Fig. 3.8 from [126]. These are separately learned weighted
sums of the encoder’s hidden states. However, these still don’t deliver information
from one task to the other. Goo et al. [67] proposed an explicit attention exchange
(Fig. 3.10). Again they use a BiLSTM and produce context representations for
each token and for the intent (Equation 3.1). Their innovation is the slot gate g in
Equation 3.2, which combines the intent context representation with the current slot
context representation at each step. Then in Equation 3.3 the gate output is combined
with the current hidden state and the current context representation to inform slot
label prediction, yS

i , for the current token. In the equations, hi, hj are BiLSTM
hidden states, the α terms are learned attention weights, v is a learned vector, and
W and WS

hy are trainable matrices. Because in this circuit, we are feeding intent
prediction information to slot prediction, and we type this circuit as intent2slot.
Other versions of slot2intent were explored [118, 164, 221, 270, 275].

cS
i =

T∑

j=1

αS
i,j hj , c

I =
T∑

j=1

αI
j hj (3.1)

g =
∑

v · tanh(cS
i + W · cI ) (3.2)

yS
i = softmax(WS

hy(hi + cS
i · g)) (3.3)

A slot2intent approach was then described by [260] using a learned weighted
sum of a BiLSTM encoder’s hidden states and a weighted sum of the predicted slot
labels.

Moving on from weighted sum context representations we next encounter self-
attention. In self-attention, each element of a sequence calculates an attention score
with each other element of the sequence. In [117], two self-attention layers exist. In
the first attention is calculated on the word embeddings and convolutional character
embeddings (Fig. 3.11). These attention scores are concatenated with the word
vectors and fed to a BiLSTM layer. Dot product self-attention takes place on the
BiLSTM hidden states H = [h1, ..., hT ], as is shown in Eq. 3.4.

The final hidden state passed through an MLP, producing a vector vint . This
is used for intent prediction and is also combined with each self-attention score
produced from the BiLSTM hidden states (Eq. 3.5), and these are then combined
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Fig. 3.10 The architecture of the proposed slot-gated models [67]

Fig. 3.11 Illustration of a self-attention model with gate mechanism for joint intent detection and
slot filling proposed by [117]

with the hidden states themselves for slot label prediction (Eq. 3.6). Note that this is
intent2slot flow only.

st = self-attention(ht ,H),H = [h1, ..., hT ] (3.4)

h∗
t = MLP([st , vint ]) (3.5)

ot = ht � h∗
t (3.6)

Chen et al. [32] also uses word and character embeddings but performs multi-
head self-attention. In multi-head self-attention, multiple different self-attention
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calculations are calculated and then recombined. In this architecture, they are fed
to a BiLSTM with the final state informing intent detection, and the hidden states
going through another multi-head self-attention before entering a CRF for the slot
labelling.

Xu et al. [244] introduced a length variable attention. For each sequence location,
a weighted sum attention of a sub-sequence of hidden states around the current
token is calculated. The width of the sub-sequence is learned and takes the current
location’s hidden state as an input.

3.4.1.3 The Transformer

The now ubiquitous transformer architecture [216] would seem to have an in-built
ability to handle the parameters of the NLU task. While non-recurrent, its strength
is in capturing global, long dependence via multi-layer, multi-head self-attention.
In the transformer encoder, the production of a sequence of deep contextual
representations of the same length as the input sequence would seem well suited to
the slot-labelling task. In fact, one of the first applications of the transformer encoder
unit was in [209] who only used it for intent detection, passing the concatenated
output embeddings from a single-layer transformer through feed forward layers for
the intent prediction. Zhang and Wang [268] instead used a three-level transformer
encoder and passed the output sequence to a CRF for the slot sub-task. They used a
start-of-sentence token’s output representation for the intent detection.

However, even with a CRF, it was observed label dependence issues were
occurring, possibly because the use of positional encoding in the transformer is
not as strong as the positional guidance in an RNN architecture. The transformer,
initially designed for translation tasks, comes with a decoder for concentration
on meaningful sequential output. Cheng et al. [35] added back the decoder for
sequential slot label generation.

Fig. 3.12 Illustration of a Parallel Interactive Network (PIN) for joint intent detection and slot
filling [278]
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Fig. 3.13 Architecture of the Cross-Attention (left) and before-feed-forward (right) Tri-
Transformer-Encoder variants [231]

Further, the concept of what context the transformer is capturing was considered.
In its now standard setup of global self-attention, the thought is that local context
details important to slot filling may lose out to global detail important to intent. To
redress this, [278] used a Gaussian transformer, which aims to better capture local
context (Fig. 3.12). Rather than a common encoder which better suits global or local
context, the more recent pattern is a move to separate specialized encoders. Qin et
al. [165] used independent transformer encoders for slot and intent representations,
and [88] used a BiLSTM (suiting local context) for slots and a transformer (suiting
global context) for intent. Weld et al. [231] used separate BERT encoders for the
inputs to each of the domain, intent, and slot sub-tasks (Fig. 3.13).

3.4.1.4 Hierarchical Models

In a hierarchical model, layers are assigned to the sub-tasks, typically in order of
decreasing granularity. Analysis occurs at the base level, and signals of a strength
above a threshold are passed to the next layer for scrutiny. For example, in [115],
token vector representations are generated in the slot layer, and these are combined
in a cell for each intent label. These are then further amalgamated to a domain
representation. In this model, the information flow is unidirectional, from slot to
intent to domain. Zhang et al. [265] addressed this by providing feedback from the
top of the hierarchy to the base. In their capsule network, the layers are word, slot
label, and intent label. At each level, a capsule is a cell of neurons whose output
can be used for predictions at the next level; word capsule outputs can be used to
make slot label predictions, and slot label capsule outputs are used to make intent
predictions. A intent message at the highest level, if above a certain threshold, is
fed back as an input to the word-level capsules. Staliūnaitė and Iacobacci [200] also
used a hierarchical capsule network with extra layers for Named Entity Recognition
(NER) and Part-Of-Speech (POS).
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3.4.1.5 Bidirectional Models

We have previously discussed unidirectional models, where there is an explicit flow
of information from one sub-task to the other. We defined slot2intent and intent2slot
variations. The information exchange observed in hierarchical models is explicit;
however it is often indirect. For example, in the feedback arrangement of [265], the
slot signal directly feeds the intent layer, but the intent signal is fed to the slot layer
via the preliminary word layer.

Bidirectional models aim to provide information from each sub-task to the other
at some intermediate stage in their respective paths. The term bidirectional here
is different from the bidirectional consideration of context used in RNN models.
Typically, these networks do not use feedback rather there exist parallel paths
through the circuit, each focusing on one of the sub-tasks. There may still be a
common encoder level at the start of the circuit and a fusion layer (or a joint loss) at
the end.

In [225], each path is a BiLSTM, and the hidden states from each path are shared
with the other to form the path output. LSTM decoders on each side to generate
the intent and slot label predictions. The loss is not a joint loss, but the circuit
performs asynchronous training. In this scheme, the circuit first predicts intent for
a batch, and backpropagates intent loss, then it predicts slots for the same batch
and backpropagates slot loss. Bhasin et al. [16] simply experimented with different
fusion approaches (addition, average, and concatenation) from their separate paths,
which were convolutional for intent, and BiLSTM/CRF for slot. Haihong et al. [52]
also considers bidirectionality; however, their network can only operate in either
slot2intent mode or intent2slot mode at one time (Fig. 3.14).

Explicit, direct bidirectionality with intent2slot and slot2intent paths is used
in the Bi-ED circuit of [75]. The intent2slot path combines initial softmax intent
prediction on a BERT sentence embedding with the BERT word token embeddings.
In parallel, slot2intent combines initial softmax slot predictions on BERT word
embeddings with the BERT utterance embedding. The technique was extended to
a tri-level semantic frame including domain in [231]. Sun et al. [202] similarly use
such preliminary probabilities.

Qin et al. [165] and Hui et al. [88] use separate slot and intent encoders then
add sections within following transformer layers to facilitate interaction between
the two, a method also explored for the extended semantic frame by [231].

3.4.1.6 Memory Networks

Similarly to hierarchical models, [128] also consider a pipeline from words to slots
to intent. Rather than feedback they incorporate a more bidirectional interaction,
alternating interaction from slots to intent and vice versa via stacked memory blocks.

A memory block constructs token-level slot features, intent features, and hidden
states. These are randomly initialized and updated at each step. Attention takes place
globally between the memories in each block, and locally between the elements of
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Fig. 3.15 The internal structure of our CM-Block, which is composed of deliberate attention, local
calculation and global recurrent respectively [128]

an individual memory block. LSTM elements in each block also address sequential
recurrence patterns. After the stacked blocks, a final prediction takes place. Slots are
labelled via a CRF using the final hidden states, while intent uses an average of the
hidden states in the final block (Fig. 3.15).

3.4.1.7 Multi-task Architectures

A more general study of the optimal flows for the three task problems was
undertaken in [161]. For feature creation, they consider a single common encoder
versus separate task-specific encoders versus various combinations of two encoders.
Then for analysis they consider separate parallel task-specific decoders versus series
decoders. No attention or slot gating occur. Other varieties of series architectures
from multi-task circuit design are also tested in [59].
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3.4.1.8 Graph Networks

RNNs and CRFs learning of global relationships can be lacking as they focus on
local context windows. Graph networks are used to address such shortcoming as
they can learn global relationships between words and labels.

Zhang et al. [267] construct a graph for each sentence where the nodes are
the word and sentence representations from an LSTM. Only word nodes within
a context window are connected by edges, while the sentence node is connected to
all word nodes. Messages are passed between the joined nodes over multiple time
steps, and the node representations are updated. The final word node representations
go through a convolution unit and self-attention before informing the slot filling. The
final sentence node representation is used for intent detection.

Tao et al. [207] instead proposes a global graph. They construct syntactic
dependency trees for the training sentences. The words in the vocabulary form the
node set. If words are connected in a dependency tree, they are joined by an edge in
the graph incorporating the type of the dependency. A graph convolutional network
(GCN) then provides representations of the words and dependency types. A gating
mechanism then combines BERT embeddings with a lookup of the GCN for use in
the joint task.

3.4.1.9 Importing Methods from Analogous Fields

Bhasin et al. [17] propose that the relationship between intent and slots is similar to
that between the query and image in visual question answering. Borrowing from the
latter field, they perform Multimodal Low Rank Bilinear (MLB) fusion between the
intent and slot features. Ni et al. [151] compare the joint task of clinical domain
detection and entity recognition in medical literature. They propose a pipeline
structure where intent is detected first and then slots are determined. Namazifar et
al. [149] recast the joint task as a Question Answering problem and use an encoder-
decoder transformer to ask binary intent questions (“is the intent asking about
____?”) and information gathering slot questions (“what cuisine is mentioned?”).
The use of LLMs for NLU can be seen as another way of recasting the joint task as
Question Answering.

3.5 Single-Turn NLU with Datasets

Datasets for Natural Language Understanding (NLU) include natural language
utterances that are annotated at the sentence level for intent, at the token level for
slot labels, or both. These datasets can come from a single domain, such as ATIS or
FRAMES, or from multiple domains, like SNIPS-NLU or MTOP.

One source of these datasets is spoken language transcribed using automatic
speech recognition software. Examples include requests to personal electronic
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assistants (SNIPS-NLU, Cortana, Alexa) and conversation logs with human agents
(MultiWoz, ATIS, DSTC sets). In the case ofM2M (Machines Talking toMachines),
a generative model mimics human conversations. Another source is typed sentences,
such as those found in CONDA from in-game chat or CQUD, which uses typed
sentences from a Chinese question-answeringWeb site. Typed sentences can include
emoticons, providing clues about the speaker’s intent. These utterances may be
processed for spelling, case, and punctuation or left unchanged for researchers to
explore different pre-processing techniques.

Single-turn NLU datasets contain isolated utterances, with each sentence stand-
ing alone. In contrast, multi-turn datasets include sequences of related utterances,
typically between two speakers. Multi-turn datasets allow the use of previous
utterances as context to analyze the current sentence. Single-turn datasets may cover
multiple domains but are often not annotated for each domain, a limitation that
researchers or dataset providers could address. Multi-turn, multi-domain datasets,
however, often include domain information, adding an extra layer of context about
the conversation’s subject matter.

Multi-intent datasets can detect more than one intent in an utterance, while multi-
lingual datasets enable experiments on transfer learning and model generalizability
across languages.

Table 3.2 provides information on common NLU datasets. ATIS and SNIPS-
NLU are popular due to their availability and wide use, allowing for model
comparisons. However, there are issues with these benchmarks, which we will
describe next. Statistics for these datasets are provided in Table 3.3.

3.5.1 ATIS Dataset

The Air Travel Information System (ATIS) is a single-turn English dataset that
captures requests for air travel information, such as flights, fares, airlines, airports,
in-flight meals, and ground services. It is the longest-standing NLU dataset,
and understanding its development helps us grasp the field’s conventions. The
first version, ATIS-0, was introduced in 1990 by [80]. It included 740 samples
containing elements of an end-to-end dialogue system, including sound files,
transcriptions, a flight information database, answer tuples, and the SQL query
generating those tuples. Transcription tokens were created according to Standard
Normal Orthographic Representation (SNOR) rules: case-insensitive alphabetic text
with white-space-separated lexical tokens, letters followed by a full-stop for spelled-
out letters (e.g., “a. b. c.”), and only apostrophes for contractions and possessives,
and hyphens for hyphenated words and fragments. The average length of the SNOR-
translated utterances was 11.3 tokens. Subsequent versions, ATIS-1 [157], ATIS-2
[84], and ATIS-3 [44], included sound files and extended databases and were
available from late 1993 to mid-1994. The standard ATIS for NLU analysis was
based on samples from ATIS-2 and ATIS-3. In 2003, [262] continued designing
end-to-end dialogue systems but shifted focus toward NLU. Their work on semantic
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Table 3.2 Major datasets used in the literature, single turn in English unless noted, Train-Val-Test
gives the number of utterances

Name Public Train-Val-Test Num Intent Num Slots Domain, Notes

ATIS Y 4478/500/893 21 128 Air travel

SNIPS-NLU Y 13084/700/700 7 72 Personal assist.

FRAMES Y 20006/-/6598 24 136 Hotel, multiturn

CQUD N 3286 43 20 Chinese, question
answering

TREC Y 5500/-/500 6(50) – Question
classification

TRAINS N 5355/-/1336 12 32 Problem solving,
multiturn

Microsoft Cortana N 10k/1k/15k 10–20 15–63 Personal assist.,
multidomain

Facebook Y 30521/4181/8621 12 11 Multi-lingual task
oriented

SRTS FrameNet N 2803/-/312 12 61 Robotics

Alexa N 264000/-/- 246 3409 17 domains

DSTC2 Y 4790/1579/4485 13 9 Multiturn, restaurant
search

DSTC4 Y 5648/1939/3178 87 68 Multiturn, tourism
dialogue

DSTC5 Y 27528/3441/3447 84 533 Dialogue with social
robots

CMRS N 2901/969/967 5 11 Chinese, room
reservations

CU-Move N 57584/-/- 5 38 In-vehicle dialogue

AMIE N 3418/-/- 10 7 In-vehicle dialogue

TeleBank N 2238/-/- 25 17 Korean, banking

CONDA Y 26921/8974/8974 4 6 In-game chat

MTOP Y 73174/10453/20907 117 78 11 domains, 6
languages

MIT Movie_Eng Y 8798/97/2443 – 25 Movies, slot only

MIT Restaurant Y 6894/766/1521 – 17 Restaurants, slot
only

mixATIS Y 13162/759/828 18 128 Air travel

mixSNIPS Y 39776/2198/2199 7 72 Personal assist

parsing laid the groundwork for today’s slot labelling. In 2007, [179] used the same
dataset but updated the annotations, resulting in the familiar ATIS format with null
slots matching today’s ’O’ labels. This version includes 4978 training samples and
893 test samples, with 17 base intents, later expanded to 21 intents through joint
intents. It also relaxed some SNOR rules, allowing punctuation, lowercase text, and
numbers for times and years (but not dates). In 2010, [213] analyzed ATIS using
AdaBoost and CRF methods. They performed an AdaBoost classification on word
n-gram features for intent classification and a separate CRF-based method for slot
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Table 3.3 ATIS and SNIPS dataset statistics

Dataset ATIS SNIPS

Vocab size 722 11,241

Average sentence length 11.28 9.05

#Intents 21 7

#Slots 120 72

#Training samples 4,478 13,084

#Validation samples 500 700

#Test samples 893 700

labelling. They classified errors into six types for intent and five types for slots and
suggested research directions based on these errors: use of parsers to identify head
words or clauses, use of a priori information, and methods to enable long-distance
pattern identification rather than shorter local patterns. Some of these directions
have been incorporated into deep learning through the use of knowledge bases and
recurrent neural networks. They also noted high misannotation rates (2.5% for intent
and 8.4% for slots).
Eight years later, [13] conducted another analysis to evaluate the usefulness of ATIS.
They tested various methods, from a boosted tree ensemble to a BiLSTM net, on
ATIS slot tagging with and without named entity tag labelling. They used the same
data as [179], addressing issues with BIO position labels by treating semantic spans
as single tokens. For example, “san jose” is treated as one token, not two. Although
this approach has weaknesses, the results are valuable. They compared errors from
their five best models, grouping predicted slots into:

• agree/correct (AC) - all models correctly identify the slot and agree on the
answer.

• non-agreement/error (NE) - all models incorrectly identify the slot and disagree
on the errors.

• agree/error (AE) - all models incorrectly identify the slot and make the same
error.

• non-agreement/correct (NC) - models don’t agree on the solution, but at least one
is correct.

These clusters point to future research directions. While the “agree/correct” (AC)
cluster is “solved,” the “agree/error” (AE) and “non-agreement/error” (NE) clusters
remain open issues, indicating aspects of slot labelling not captured by current
models. The “non-agreement/correct” (NC) cluster is useful for comparing models
that successfully identified the slots with those that did not.

Further issues with the dataset’s annotations were identified and classified. For
example, there is ambiguity where a value could fit different labels, and repetition
errors where a token is repeated but only labelled once. They estimated that approx-
imately 2.5% of the utterances were incorrectly slot-tagged, suggesting that ATIS
might be nearing the end of its usefulness for analysis. The next comprehensive
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analysis of the ATIS dataset was conducted by [153], who thoroughly reviewed
its shortcomings. They re-annotated the dataset to correct what they identified
as errors and recommended future work to consider using this revised version.
Even without the re-annotated version, literature results indicate that test intent
accuracy is now above 99% and slot F1 above 98%. Current models appear to
have effectively captured the joint distributions of words, slots, and intents in the
dataset, including the error rates reported by [213]. Future models may only yield
minor improvements, which might not significantly enhance evaluation metrics. In
the current version of the dataset, the intents are highly imbalanced, with 75% of
the samples in the “flight” intent. This imbalance can be addressed using machine
learning balancing techniques, though most models perform well without them. This
imbalance also sets ATIS apart from the next benchmark dataset.

3.5.2 SNIPS Dataset

The SNIPS Natural Language Understanding (SNIPS-NLU) dataset is comprehen-
sively described in [41]. This dataset consists of 15884 utterances, categorized
into 7 balanced intent classes. For training purposes, it includes 72 slot labels and
a vocabulary of 11241 words, with an average sequence length of 9.05 words.
Unlike ATIS, which is limited to a single domain, SNIPS covers three domains:
weather, restaurants, and entertainment. A visualization by [128] demonstrates that
the slot labels for different domains are mostly distinct (Fig. 3.16). These differences
make SNIPS a valuable counterpart to ATIS for research in Natural Language
Understanding (NLU). Despite these distinctions, SNIPS achieves very high test
results, with intent accuracy exceeding 99% and slot F1 scores around 98%.

Fig. 3.16 Statistical
association of slot tags (on
the left) and intent labels (on
the right) in the SNIPS,
where colors indicate
different intents and
thicknesses of lines indicate
proportions [128]
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3.5.3 Other Datasets

Microsoft has several proprietary datasets used by their researchers. For example,
FRAMES contains multi-turn dialogues related to hotel bookings. The Microsoft
Cortana personal voice assistant datasets encompass at least six domains: weather,
calendar, communication, reminders, alarms, and places.

Certain competitions have also provided valuable datasets for multi-turn dia-
logues. These include DSTC 2, 3, and 5, as well as the Chinese competition-based
CCKS dataset. The TRAINS dataset features problem-solving dialogues. Other
notable datasets come from various fields, such as FrameNet from robotics,
CU-Move and AMIE from in-vehicle communication, CONDA [233] from in-
game dialogue, and CQUD (from Baidu Knows), Yahoo, and TREC (only intent
annotated) from question answering.

There are also datasets in languages other than English. Bellomaria et al. [14]
developed an Italian dataset by translating SNIPS and using Italian words for
tokens like city and movie names. ATIS has been translated into multiple languages,
resulting in MultiATIS++ [247]. For multilingual transfer learning, [186] provided a
tri-lingual dataset, while MTOP offers nearly parallel utterances across 11 domains
and 6 languages [119].

The mixATIS and mixSNIPS datasets [166] combine sentences from ATIS and
SNIPS to create multi-intent sentences, with ratios of 0.3:0.5:0.2 for sentences with
1, 2, and 3 intents, respectively.

3.5.4 Discussion

ATIS and SNIPS are approaching the end of their usefulness as benchmarks for
joint tasks. They face challenges such as mis-annotation, out-of-vocabulary (OOV)
issues, and potentially unnatural language. Despite these problems, very high test
results show that methods developed in the field can successfully learn the joint
distributions of intent and slot labels and the relationships between slot labels in a
supervised learning setting.

These datasets are still valuable for study because they contain single utterances,
have reasonable numbers of intents and slots, are task-focused (with clear intent),
and have suitable utterance lengths. They also offer important differences, such
as class imbalance versus balance and single versus multi-domain. A model that
performs well on both datasets can claim to have some generalized capability.
However, the literature notes that the generalizability of such supervised learning
models to new domains remains uncertain.

These datasets are likely to remain benchmarks because they allow comparisons
of new approaches to previous ones.

It is essential to test more naturally conversational datasets. Examples include
DSTC, M2M, and MultiWOZ.
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To avoid the high cost of annotation, new datasets could be largely unannotated,
encouraging research in zero-shot or few-shot methods. Metrics for evaluating the
effectiveness of such models without annotation need to be considered. Notably, all
the few-shot and zero-shot papers reviewed use annotated datasets for evaluation,
such as testing on ATIS and SNIPS [109].

Generative models (LLMs) might be used to annotate datasets. However, this
technology is still in its early stages, and their performance, especially in slot
labelling, is inferior to the specialized models discussed in this book.



Chapter 4
Multi-turn Natural Language
Understanding

4.1 Overview

As we journey deeper into Natural Language Understanding (NLU), we now turn
our attention to multi-turn NLU, a sophisticated frontier where dialogue systems
engage in extended interactions with users, weaving a tapestry of context and
continuity. Multi-turn NLU is the cornerstone of advanced conversational agents,
enabling them to remember, reference, and build upon previous exchanges, thus
providing a seamless and coherent conversational experience.

Figure 4.1 presents a multi-turn conversation example that shows the annotation
method for word-level slots, sentence-level intent, and conversation-level domain
from the M2M [188] dataset. The dialogue consists of a total of nine turns, each
including word-level slot tokens and sentence-level intent information, with the
dialogue corresponding to one domain, ‘restaurant’.

This chapter unfolds the trends and complexity of multi-turn NLU, beginning
with exploring NLU with domain-specific techniques. Here, we delve into the
methods tailored to understand and manage dialogues within specific domains.
These techniques employ context-aware strategies, leveraging the nuances and
particularities of each domain to enhance comprehension and relevance in conversa-
tions. From dialogue state tracking to context propagation, we examine the arsenal
of techniques that empower systems to maintain and utilize context across multiple
turns.

Following this, we navigate through the landscape of external resources, which
serve as vital augmentations to multi-turn NLU systems. These resources include
vast knowledge bases and dynamic knowledge graphs that infuse conversations with
depth and breadth of information. By integrating these external sources, dialogue
systems can draw upon a rich repository of facts, relationships, and insights, thereby
enriching the dialogue with contextually appropriate and timely information. This
section also covers the innovative use of external memory networks and the
incorporation of domain-specific lexicons and ontologies.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
S. C. Han et al., Natural Language Understanding in Conversational AI
with Deep Learning, https://doi.org/10.1007/978-3-031-74364-1_4
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To anchor our discussion in practical applications, we then explore the datasets
that form the bedrock of multi-turn NLU research and development. These datasets
span various domains and interaction types, providing invaluable benchmarks for
training and evaluating conversational agents. Among these are prominent datasets
like MultiWOZ [22], which offers a rich collection of dialogues across multiple
domains, and DSTC [237] series datasets, renowned for their focus on dialogue state
tracking and multi-turn interactions. We also highlight datasets designed for specific
applications, such as in-vehicle dialogue, customer service, and more, showcasing
the diversity and complexity of real-world conversations.

By the end of this chapter, readers will have gained a comprehensive under-
standing of the techniques, resources, and datasets pivotal to mastering multi-turn
NLU. This knowledge will empower them to develop and refine dialogue systems
that not only understand and respond to user inputs accurately but also engage
in meaningful, coherent, and contextually aware conversations that span multiple
turns, mirroring the fluidity and richness of human dialogue.

4.2 Multi-turn NLU with Datasets

In our quest to unravel the secrets of multi-turn Natural Language Understanding
(NLU), we find ourselves at a critical juncture: the dataset! These repositories of
human conversation are the lifeblood of any dialogue system and provide the raw
material from which our models learn to comprehend and respond to multi-turn
interactions.

In multi-turn Natural Language Understanding (NLU), datasets play a crucial
role in training, evaluating, and refining models. These datasets provide the neces-
sary context and examples for models to learn how to handle multi-turn dialogues
effectively. This sub-chapter delves into the key datasets used in multi-turn NLU
and explores the advanced techniques employed to leverage these datasets to create
sophisticated conversational agents.

4.2.1 Characteristics of Multi-turn NLU Datasets

Multi-turn NLU datasets are characterized by the depth and complexity of multi-
actor conversation. Unlike single-turn datasets, where each interaction is an isolated
event, multi-turn datasets weave a continuous dialogue thread, capturing the ebb and
flow of conversation. They contain multiple layers of information.

Imagine you are in a bustling restaurant, alive with the clatter of cutlery and the
murmur of conversation. This is not merely a setting but a dynamic environment
where context is king. Each exchange between patrons and staff is a turn in the
grand dining dialogue, rich with intent, conversation context, and subtle word-token
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cues. It is within such nuanced interactions that the true challenge of multi-turn
NLU lies.

• Word-Level Slots: These are the fine-grained threads of the conversational
tapestry. Each word may carry specific semantic information crucial for under-
standing the intent behind an utterance. For instance, in our bustling restaurant,
words like “table,” “reservation,” and “vegetarian” might be tagged to capture
their specific roles.

• Sentence-level Intents: Each sentence, like a brushstroke in a painting, con-
tributes to the overall picture of the conversation. Sentence-level intents encap-
sulate the purpose of each utterance—be it making a reservation, ordering food,
or enquiring about dietary options.

• Conversation-Level Domains: The most important theme of the dialogue,
the domain, provides the context that binds the conversation together. In our
restaurant scenario, the domain might be “dining experience,” guiding the
interpretation of each turn within that context.

To illustrate these principles, let us explore some of the most renowned datasets
in the field of multi-turn NLU:

4.2.1.1 The Dialog State Tracking Challenge (DSTC)

The Dialog State Tracking Challenge (DSTC) [237] series offers a comprehensive
suite of datasets meticulously designed for benchmarking dialogue state tracking
systems, which are crucial for multi-turn NLU. These datasets encompass a wide
variety of dialogue scenarios, each labelled with annotations that capture the
dialogue state, user intents, and system actions. This detailed labelling provides
a rich data source for training models to maintain and update the state of a
dialogue accurately, ensuring that the system can interpret and respond to user inputs
effectively over multiple turns. The versions of DSTC that prominently feature
multi-turn dialogues include:

• DSTC2 [81] and DSTC3 [82]: Focused on single-domain dialogue state tracking
but involved multi-turn interactions where systems had to maintain context across
turns within a given domain (e.g., restaurant reservations).

• DSTC4 [102]: Introduced human-human dialogues, adding complexity to the
state-tracking tasks and emphasizing multi-turn interactions.

• DSTC5 [103]: Continued the focus on human-human dialogues, particularly in
travel planning, which involves extended multi-turn interactions.

• DSTC6 [86]: Included tasks that required systems to handle multi-turn dialogues
in a more naturalistic setting, such as negotiation dialogues.

• DSTC7 [49]: Featured tasks like End-to-End Conversation Modelling and Noetic
End-to-End Response Selection, which involve multi-turn interactions to a
significant extent.
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Fig. 4.2 Overview of dialog state tracking. In this example, the dialog state contains the user’s
desired bus route [237]

• DSTC8 [104]: Introduced a new task specifically focused on multi-domain
dialogue state tracking, requiring systems to handle multi-turn dialogues across
different domains.

• DSTC9 [70] and DSTC10 [256]: These latest iterations continue to push the
boundaries with tasks involving multi-turn and multi-domain dialogue state
tracking, along with other advanced dialogue challenges.

Those DSTC series have become a cornerstone in the field, extensively utilized
by researchers and practitioners alike for both training and evaluating multi-turn
dialogue state tracking models. Its datasets enable the development of systems
that are capable of understanding and managing complex conversational dynamics,
thereby advancing the capabilities of conversational AI (Fig. 4.2).

4.2.1.2 MultiWOZ (Multi-domain Wizard-of-Oz)

MultiWOZ (Multi-domain Wizard-of-Oz) [22], including MultiWOZ 2.1 [54]
and MultiWOZ 2.2 [263], is designed to simulate real-world conversations involv-
ing multiple domains. It includes dialogues where users interact with a system to
accomplish tasks such as booking hotels, reserving restaurants, finding attractions,
and more. While MultiWOZ 2.1 focused on correcting major annotation errors
and improving consistency, MultiWOZ 2.2 went further by making additional
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Fig. 4.3 Example of the difference between dialogue state annotation in MultiWOZ 2.1 and
MultiWOZ 2.2 and span annotations in MultiWOZ 2.2 [263]

corrections, aligning the dataset schema with task requirements, and enhancing
overall data quality and consistency (Fig. 4.3).

The dataset overall covers multiple domains, allowing for the development of
systems that handle diverse conversational contexts. Each dialogue is annotated with
user intents, system actions, and dialogue states, providing a rich source of labelled
data for training models. The dialogues often involve complex interactions with
context switches and dependencies, making it ideal for testing the capabilities of
multi-turn NLU systems.

MultiWOZ has become a benchmark dataset in the field of NLU, widely used for
various research purposes:

1. Dialogue State Tracking: Researchers use MultiWOZ to train and evaluate
models for tracking the state of the conversation, maintaining context across
multiple turns.

2. Intent Recognition and Slot Filling: The dataset is instrumental in developing
systems that can accurately identify user intents and extract relevant information
(slots) from user inputs.

3. Context Management: MultiWOZ facilitates studying how dialogue systems
manage context and continuity in multi-turn interactions, leading to advance-
ments in context-aware NLU techniques.

4.2.1.3 CamRest676

CamRest676 [235, 236] is one of the widely used multi-turn conversational datasets
specifically tailored for restaurant reservations. Collected and curated to advance
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dialogue state tracking, it offers a wealth of multi-turn interactions that reflect
real-world complexities and contextual dependencies. It comprises approximately
676 dialogues, each centered around booking a restaurant in Cambridge. These
dialogues include a variety of conversational scenarios, ranging from simple
inquiries about restaurant availability to more intricate interactions involving spe-
cific preferences and requirements. The dataset is designed to simulate the natural
flow of multi-turn human conversation, making it a valuable resource for training
and evaluating dialogue systems.

The multi-turn nature of CamRest676 is one of its representative features. Each
dialogue consists of multiple turns, with users and systems engaging in back-and-
forth exchanges that require the system to maintain and utilize context effectively.
This continuous interaction is critical for several reasons:

• Context Retention: Systems must remember previous exchanges to provide
consistent and relevant responses. For example, if a user mentions their pref-
erence for vegetarian options early in the conversation, the system must retain
this information and suggest suitable restaurants in subsequent turns.

• Multi-turn Intent Understanding: Each turn may introduce new intents or
refine existing ones. A user might start by asking for a restaurant recommen-
dation and later specify a preference for a particular cuisine or price range. The
system must track and update these intents throughout the dialogue.

• Slot Filling: In multi-turn conversations, slot values (e.g., location, time, cuisine
type) are often provided incrementally. The system needs to collect and integrate
these values over multiple turns to successfully fulfill the user’s request.

• Multi-turn Dialogue Management: Their dialogue management involves han-
dling interruptions, clarifications, and changes in user preferences. CamRest676
includes such scenarios, challenging systems to adapt and respond dynamically.

Annotation Schema: CamRest676 is annotated with word-level slots and
sentence-level intents. This detailed annotation ensures that the dataset captures
the complexity of each conversation. The annotations include:

• Informable Slots: These are the information users provide to the system, such
as desired area, cuisine, and price range.

• Requestable Slots: These are the details users might request from the system,
such as address, phone number, and restaurant rating.

• Dialogue Acts: Each turn is tagged with dialogue acts like “inform,” “request,”
“confirm,” and “deny,” which specify the function of the utterance within the
conversation.

Engaging with the CamRest676 dataset reveals a deeper appreciation for the
complexities and nuances of human dialogue. It stands as a testament to the potential
of multi-turn NLU to transform how we interact with machines, paving the way for
more natural and intuitive conversational agents.
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4.2.1.4 ConvAI2 (Conversational Intelligence Challenge)

ConvAI2 [50] is a dataset originating from the Conversational Intelligence Chal-
lenge, specifically focused on open-domain conversations. This dataset comprises
dialogues derived from human-bot interactions, enriched with annotations that detail
dialogue acts and user feedback. Such annotations provide invaluable insights into
the dynamics of open-domain interactions, enabling researchers to train chatbots
and conversational agents more effectively. By utilizing ConvAI2, developers can
enhance their models’ ability to manage and engage in diverse and unrestricted
conversational contexts.

ConvAI2, derived from the Persona-Chat [269] dataset, comprises thousands
of dialogues where participants engage in conversations by embodying personas’
predefined character profiles with specific traits and preferences. This persona-
driven approach introduces a unique layer of complexity, as systems must not only
maintain context across multiple turns but also consistently reflect the persona’s
attributes throughout the conversation.

The multi-turn nature of the ConvAI2 dataset is integral to its design. Each
dialogue involves an extended series of exchanges, requiring the system to manage
and leverage context dynamically. The dataset’s multi-turn characteristics are crucial
for several reasons:

• Contextual Continuity: Systems need to track and reference previous turns
to ensure coherent and contextually appropriate responses. This continuity is
essential for maintaining a natural flow in the conversation, particularly when
discussing topics that span multiple turns.

• Persona Consistency: Each participant’s persona includes details such as hob-
bies, interests, and personal preferences. The system must integrate these details
into its responses, ensuring the dialogue remains consistent with the persona’s
profile across all turns.

• Dynamic Dialogue Management: Effective management of multi-turn conver-
sations involves handling various conversational elements such as clarifications,
topic shifts, and elaborations. The ConvAI2 dataset includes systems that adapt
and respond consistently and dynamically.

Annotation Schema: ConvAI2 is annotated with multi turn-level dialogue acts
and persona-related information. The annotations are designed to capture the sub-
tleties of each exchange, providing a robust framework for training and evaluating
dialogue systems.

• Persona Sentences: Each participant’s persona is represented by a set of
sentences describing their attributes and interests. These sentences guide the
dialogue.

• Dialogue Acts: Each turn of conversation is tagged with dialogue acts like
“statement,” “question,” and “response,” indicating the function of the utterance
within the conversation.
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• Contextual References: Annotations highlight references to previous turns,
ensuring systems maintain contextual and persona continuity throughout the
dialogue.

Created for the Conversational Intelligence Challenge 2 (ConvAI2), this dataset
captures the essence of multi-turn interactions, showcasing the depth and complex-
ity of natural dialogues.

4.2.1.5 Machines Talking to Machines (M2M) Dataset

M2M [188] is a cutting-edge resource designed to push the boundaries of multi-turn
conversational AI. Unlike traditional datasets, M2M focuses on dialogues between
artificial agents, simulating complex and multi-turn interactions.

M2M is crafted to facilitate research in dialogue systems and aims to achieve
coherent, contextually aware conversations across multiple turns. This dataset
is particularly valuable for its novel approach to capturing the complexity of
machine-to-machine communication, providing a robust framework for training and
evaluating advanced conversational agents.

• Contextual Continuity: Systems must maintain context across turns. This
involves tracking entities, intents, and dialogue history to provide a consistent
machine-to-machine conversational flow.

• Dynamic Dialogue Management: Multi-turn conversations in M2M are
designed to simulate real-world scenarios by machines where topics can shift
and evolve, requiring dynamic management. Systems handle interruptions,
clarifications, and changes in the conversational trajectory.

• Task-Oriented Interactions: Many dialogues in M2M are task-oriented, requir-
ing systems to achieve specific goals through extended interactions. This involves
understanding and executing multi-step instructions, managing dependencies,
and ensuring successful task completion.

• Richer Annotations: Each dialogue is annotated with detailed information at
various levels, including word-level slots, sentence-level intents, and dialogue-
level goals. These annotations provide a comprehensive understanding of each
turn and its role in the overall conversation, compared to other datasets.

4.2.2 Creating and Annotating Multi-turn Datasets

Creating a multi-turn dataset begins with the art of data collection. The data is
gathered from various sources, capturing the richness and diversity of human inter-
actions. This often involves crowd-sourcing platforms where participants engage in
simulated dialogues, mimicking real-world scenarios [163, 169, 193, 220].

Once collected, these raw dialogues are like unrefined gems, brimming with
potential but needing careful polishing. Enter the annotators, the master craftsmen
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of this process. Armed with expertise and keen attention to detail, they embark on
the task of tagging each dialogue turn with layers of meaningful information.

The Art of Annotation Annotation in multi-turn datasets is similar to weaving a
complex tapestry. Each thread represents information meticulously placed to form
a coherent whole using word-level slots, sentence-level intents, and conversation-
level domains.

The data creation process does not end with annotation. The next phase involves
refining and validating the dataset to ensure its quality and reliability. Annotated
dialogues undergo rigorous checks to correct any inconsistencies and to ensure that
the annotations accurately reflect the underlying conversations. Imagine a jeweller
inspecting a gemstone, looking for flaws and ensuring its brilliance. Similarly,
validation steps ensure the dataset is polished and ready to serve as a robust
foundation for training dialogue systems.

The Final Touch Imagine a master chef presenting a beautifully crafted dish,
each element perfectly balanced and harmonized. Similarly, the final evaluation
of a multi-turn dialogue system involves synthesizing these metrics to provide a
comprehensive assessment of its performance. The detailed information can be
found in Chap. 5.

In this chapter, we have journeyed through the creation and annotation of multi-
turn datasets. These processes are the bedrock upon which advanced dialogue
systems are built, enabling them to engage in meaningful, multi-turn conversations
that reflect the complexity and vibrancy of real-world interactions.

4.3 Multi-turn NLU Techniques

In the enchanting world of multi-turn Natural Language Understanding (NLU),
where dialogues unfold like complicated dance routines, the techniques employed
to decipher these conversations are nothing short of magical.

4.3.1 Rule-Based Multi-turn NLU

Our journey begins with the classic elegance of rule-based approaches, similar to a
carefully choreographed waltz. In these systems, predefined rules guide the flow
of conversation [97, 140, 210]. Imagine a dance instructor leading a novice dancer,
each step meticulously planned and executed. Rule-based systems operate on similar
principles, using handcrafted rules and scripts to manage dialogues.

Each potential user input is anticipated and paired with a corresponding system
response, creating a seamless flow of interaction. These systems excel in well-



4.3 Multi-turn NLU Techniques 97

defined domains where the rules are clear and predictable, ensuring a smooth
multi-turn conversational experience. In the context of multi-turn NLU, this involves
five key steps for creating rules [23, 139, 140]:

1. Defining the Domain: The first step is to clearly define the domain of the dia-
logue system. For instance, if the system is intended for restaurant reservations,
the domain would encompass all possible interactions related to booking a table,
menu inquiries, and restaurant policies.

2. Identifying Interaction Scenarios: Next, developers identify common inter-
action scenarios within the domain. These scenarios form the backbone of the
rule-based system and outline how users might engage with it. For example,
scenarios might include making reservations, asking about opening hours, or
requesting dietary information.

3. Developing Rules and Scripts: With the scenarios in mind, developers craft
specific rules and scripts for each interaction. These rules dictate how the system
should respond to user inputs, ensuring that each turn in the conversation follows
a logical and coherent path. For instance, a rule might specify that when a user
asks for the opening hours, the system should respond with the appropriate
information.

4. Implementing Multi-turn Context Management: Effective multi-turn inter-
actions require the system to maintain context across multiple exchanges. This
involves tracking user inputs and system responses to ensure continuity. For
example, if a user mentions a preference for vegetarian options, the system must
remember this preference in subsequent turns.

5. Handling Exceptions and Edge Cases: No matter how meticulously planned,
real-world conversations often introduce unexpected elements. Rule-based sys-
tems must be equipped to handle these exceptions and edge cases gracefully.
This involves designing fallback rules and responses for unanticipated inputs,
ensuring the conversation remains fluid and coherent.

The beauty of rule-based multi-turn NLU systems lies in their predictability and
reliability within well-defined domains. Like a perfectly executed dance routine,
these systems can deliver a flawless performance when the steps are followed
correctly. For instance, in a restaurant booking system, rules can dictate responses to
common requests like “book a table for two” or “what are your opening hours?” This
predictability makes rule-based systems ideal for applications where interactions are
straightforward and repetitive.

However, much like a dancer who struggles when the music changes unexpect-
edly, rule-based systems can falter in the face of unpredicted conversational twists
and turns. Their reliance on predefined rules makes them less adaptable to the
dynamic and unpredictable nature of human dialogue. When confronted with inputs
that fall outside their scripted scenarios, these systems may produce awkward or
irrelevant responses, breaking the flow of conversation.
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4.3.1.1 Enhancing Rule-Based Multi-turn NLU Systems

To mitigate these limitations, developers can enhance rule-based systems with three
main strategies:

• Incorporating Flexibility: Introducing more flexible rules that can handle a
broader range of inputs [9, 249] can improve system robustness. This might
involve using pattern matching and regular expressions to capture variations in
user inputs.

• Integrating External Resources: Leveraging external databases and knowledge
bases can enrich the system’s responses [7, 229], providing more accurate and
contextually relevant information. For instance, integrating a restaurant database
can allow the system to provide real-time information on availability and menu
options.

• Hybrid Approaches: Combining rule-based methods with machine learning
techniques can create more adaptable [4, 135, 141, 171] and resilient multi-turn
NLU systems. For example, machine learning models can handle more complex
and variable interactions, while rule-based scripts manage predictable and routine
exchanges.

In conclusion, rule-based multi-turn NLU systems represent the elegance of
structured dialogue management, offering reliable performance in well-defined
domains. Like a carefully choreographed dance, these systems excel when the
steps are clear, and the path is predictable. However, to navigate the ever-changing
rhythms of human conversation, developers must continually refine and enhance
these systems, blending precision with adaptability to create truly engaging and
effective dialogue experiences.

In this section, we have explored the foundational techniques of rule-based multi-
turn NLU, laying the groundwork. As we continue our journey, we will delve into
the dynamic world of machine learning and deep learning techniques, where the
dance of dialogue takes on new forms and possibilities, pushing the boundaries of
what is possible in natural language understanding.

4.3.2 Machine Learning-Based Multi-turn NLU

Next, we move to the dynamic rhythm of machine learning approaches, where
systems learn from data, much like a dancer learns new moves through practice and
experience. Traditional machine learning models, including decision trees, support
vector machines, and logistic regression, have paved the way for more flexible and
adaptive multi-turn dialogue systems.

Machine learning models thrive on annotated datasets, learning patterns and
making predictions based on the data they’ve ingested. In the context of multi-turn
NLU, these models can identify user intents and slot values, adapting to the flow
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of conversation with greater agility than rule-based systems. Imagine a dancer who,
having mastered the basics, can now improvise and adapt to the changing tempo of
the music.

Decision Trees [27, 76] Think of decision trees as the fundamental steps in a
dancer’s repertoire. These models operate by splitting data into branches based on
feature values, ultimately leading to a decision or prediction at the leaf nodes. In
multi-turn NLU, decision trees can be used to classify user intents or determine the
next action in a dialogue sequence.

Support Vector Machines (SVMs) [73, 159] SVMs add a level of precision to
the multi-turn understanding dance. They work by finding the optimal boundary
(hyperplane) that separates different classes in the data. For instance, in a customer
service scenario, an SVM can distinguish between different types of user requests,
such as billing inquiries or technical support, based on the features of the dynamic
and multi-turn dialogue input text.

Logistic Regression [106, 181, 187] This model brings a smooth and continuous
flow, predicting probabilities rather than fixed categories. Logistic regression is
particularly useful for binary classification tasks within multi-turn dialogues, such
as determining whether a user’s request has been fulfilled or if further information
is needed.

4.3.3 Adapting to the Domain

Machine learning models excel at adapting to new data, much like a skilled dancer
adjusting to the changing tempo of music. In multi-turn NLU, this adaptability
is crucial for maintaining context and coherence across multiple exchanges. The
machine learning-based multi-turn NLU learning process can be highlighted with
three phrases:

Training on Annotated Data Just as dancers practice their moves repetitively,
machine learning models are trained on large datasets of annotated dialogues. These
annotations include word-level slots, sentence-level intents, and conversation-level
goals, providing the multi-turn NLU models with a rich context for learning [22,
121, 131, 188, 235, 236, 248].

Feature Extraction Effective multi-turn dialogue understanding requires iden-
tifying relevant features from the input data. In a conversation, these features
might include keywords, phrases, syntactic structures, and even contextual cues
from previous turns [62, 133, 152, 274]. Feature extraction is similar to a dancer
recognizing key beats and rhythms in the music, guiding their movements.

Continuous Learning The dance of dialogue is ever-evolving, with new patterns
and scenarios emerging. Machine learning models can be updated with new data,
allowing them to learn and adapt continuously. This continuous learning process
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ensures that the models remain effective and relevant to the domain and corpus, like
a dancer who constantly refines and expands their repertoire [127, 134, 196]

4.3.4 The Power of Ensemble Methods

In machine learning, ensemble methods combine the strengths of multiple models
to create a more robust and accurate system. This approach is like a dance
troupe, where each dancer brings their unique skills to the performance, creating
a harmonious and powerful ensemble.

4.3.4.1 Random Forest-Based Approach

At its core, a Random Forest [19] is an ensemble of decision trees, each trained on
different subsets of the data. The process begins with creating multiple decision
trees, where each tree is constructed using a random sample of the multi-turn
dialogue training data [168, 197, 198]. These tasks are crucial for maintaining the
flow and coherence of dialogues, ensuring that the system understands user inputs
and responds appropriately across multiple turns.

Intent Recognition Random Forests enhance intent recognition by considering
various types of features derived from the user’s input, such as keywords, syntactic
structures, and contextual cues from previous turns [136, 168, 197, 198]. By training
on diverse decision trees, Random Forests can capture a wide range of patterns
and variations in user intents, leading to more accurate predictions. For instance,
when a user says, “I need to book a table for dinner,” “I would like to go to italian
restaurant,” the Random Forest model can effectively recognize the multi-turn intent
to make a reservation, even if the phrasing varies.

Slot Filling In multi-turn dialogues, this task becomes more complex as the system
needs to maintain context and track slot values across multiple exchanges. Random
Forests excel in this task by aggregating the predictions of multiple decision trees,
each trained to identify different slot types and values [90, 114]. This ensemble
approach ensures that the system can accurately fill slots, even when the information
is provided incrementally or with variations. For example, in a dialogue about
booking a restaurant, the system can correctly extract and remember details such
as the date, time, and number of guests provided across different turns.

Handling Ambiguities and Variations Real-world multi-turn dialogues often
involve ambiguities and variations in language. Users might provide information in
different orders, use synonyms, or change their requests mid-conversation. Random
Forests, with their diverse set of decision trees, are well-equipped to handle these
variations. The ensemble nature of the model allows it to generalize better from
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the training data, making it more resilient to unexpected inputs and changes in the
conversation flow.

4.3.4.2 Gradient Boosting Machines in Multi-turn NLU

In multi-turn NLU, Gradient Boosting Machines (GBMs) stand out as virtuoso
performers. These models, through a process of sequential learning and error
correction, craft a precise predictive model adept at handling the complexities of
extended dialogues. Much like a dancer perfecting their routine through iterative
practice, GBMs refine their predictions step by step, enhancing the accuracy and
fluidity of dialogue systems.

At the heart of GBMs lies the principle of boosting, a technique that builds an
ensemble of weak learners—typically decision trees—sequentially. Each new model
in the sequence is trained to correct the errors made by its predecessors [61], creating
a powerful composite model.

Intent Recognition GBMs excel in this multi-turn dialogue understanding task by
leveraging their sequential learning process to refine intent predictions [18, 69, 110].
Each iteration of the model hones in on the intricacies of user inputs, considering
contextual cues from previous turns. This iterative refinement results in highly
accurate intent recognition, enabling the system to respond appropriately to user
queries. For instance, if a user initially asks, “Can you book a table for tonight?”
and later provides additional details, the GBM can accurately track and update the
intent as the conversation evolves.

Slot Filling Slot filling involves extracting specific pieces of information from
user inputs, such as dates, times, and locations. In multi-turn dialogues, slot values
may be provided incrementally or across multiple exchanges. GBMs handle this
complexity by continuously refining their slot predictions with each new turn,
ensuring that the extracted information remains accurate and up-to-date [18]. For
example, in a booking scenario, the user might mention the time of reservation in
one turn and the number of guests in another. The GBM can seamlessly integrate
this information, maintaining an accurate dialogue state.

Context Management Effective multi-turn dialogue systems must maintain con-
text across multiple exchanges. GBMs contribute to complex context management
by refining predictions based on the cumulative context of previous turns [68, 184].
This ensures that the system can handle context-dependent queries and provide
coherent responses. For instance, if a user initially discusses their dietary prefer-
ences and later asks for restaurant recommendations, the GBM can incorporate this
context to suggest suitable options.

Handling Ambiguities and Variations Users may express the same intent in
different ways or change their requests mid-conversation. GBMs, with their iterative
learning process, can adapt to these variations and refine their predictions accord-
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ingly [5, 68]. This adaptability enhances the system’s resilience to unexpected inputs
and changes in the conversation flow.

4.3.5 The Grace of Sequence Models

Moving beyond traditional machine learning models, sequence models add grace
and fluidity to the dance of multi-turn Natural Language Understanding (NLU).
These models, including Hidden Markov Models (HMMs) and Conditional Random
Fields (CRFs), are designed to handle sequences of data, making them exceptionally
well-suited for dialogue systems. They capture the temporal dependencies and
contextual nuances intrinsic to human conversation, ensuring a coherent and logical
flow in multi-turn dialogues.

4.3.5.1 Hidden Markov Models (HMMs)-Based Approach

Hidden Markov Models (HMMs) [12] are based on the concept of Markov
processes, where the system transitions between states with certain probabilities.
In HMMs, these states are hidden, and only the observed outputs are visible. This
makes them particularly adept at modelling the underlying patterns in sequential
data.

In multi-turn NLU, HMMs are used to model the sequence of user intents and
system responses. Each turn in the dialogue can be viewed as an observable state,
while the hidden states represent the underlying user intents and dialogue states.
By capturing these sequences, HMMs ensure the dialogue flows logically and
coherently [36, 177]. For instance, in a customer support dialogue, HMMs can
track the progression from an initial inquiry to troubleshooting steps and finally to
issue resolution.

Training and Inference: Training an HMM involves estimating the transition and
emission probabilities from a labelled dataset of dialogues. This is typically done
using algorithms such as the Baum-Welch algorithm [172]. Once trained, the Viterbi
algorithm is used for inference, determining the most likely sequence of hidden
states (intents) given the observed sequence of user inputs and system responses.

4.3.5.2 Conditional Random Fields (CRFs)-Based Approach

Conditional Random Fields (CRFs) [113] are undirected graphical models that
model the conditional probability of a sequence of labels given a sequence of
input data. Unlike HMMs, which model joint probabilities, CRFs model conditional
probabilities. This allows CRFs to directly capture the dependencies between labels
in a sequence, conditioned on the input data. The structure of CRFs typically
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involves nodes representing the labels and edges representing the dependencies
between them.

CRFs are particularly useful for slot filling in multi-turn dialogues, where the
model needs to consider the context of the entire sequence to make accurate
predictions. For example, in a dialogue about booking a flight, the user might
provide the destination in one turn and the departure date in another. CRFs can
effectively label and segment these slots, ensuring that all relevant information is
accurately extracted and maintained throughout the multi-turn dialogue.

Both HMMs and CRFs bring distinct advantages to multi-turn NLU, contributing
to the overall harmony of a dialogue system. They ensure that context is preserved
across multiple exchanges, maintaining the logical flow of conversation and accu-
rately capturing the user’s intent.

In multi-turn dialogues, maintaining context is paramount. Sequence models like
HMMs and CRFs excel at tracking the flow of conversation, ensuring that each turn
is informed by the preceding context. This enables the system to handle follow-
up questions and related queries with ease. For instance, if a user initially asks
about a restaurant’s location and later inquires about parking options, the system
can seamlessly integrate this context to provide relevant and coherent responses. By
clear tracking and predicting the sequence of dialogue, HMMs and CRFs ensure that
interactions with the system feel more like a coherent conversation with a human
user.

4.3.6 The Energy of Deep Learning Multi-turn NLU
Approaches

Our exploration then leads us to the boundless energy of deep learning approaches,
where the complexity of multi-turn interactions is handled with the grace and
power of a professional dancer performing a solo. Deep learning models, partic-
ularly neural networks, have revolutionized the field of multi-turn NLU, offering
unprecedented capabilities for understanding and generating long-length and multi-
turn human conversation.

4.3.6.1 Recurrent Neural Networks (RNNs)-Based Approach

Recurrent Neural Networks (RNNs) [53] bring a rhythmic elegance to the
complicated ballet of multi-turn Natural Language Understanding (NLU). These
models are designed to handle sequences of data, making them exceptionally well-
suited for dialogues that unfold over multiple turns. Imagine a dancer gracefully
moving through a complex routine, each step informed by the ones that came before.
Similarly, RNNs remember previous inputs, allowing them to maintain context and
ensure continuity in conversations. However, like a dancer who occasionally forgets
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the steps, RNNs can struggle with long-term memory, presenting unique challenges
and opportunities for improvement [182, 261].

The hidden state is updated at each time step based on the current input and
the previous hidden state. This update is governed by a set of parameters learned
during training. The output at each time step is generated based on the hidden state,
ensuring that the network’s responses are informed by the entire sequence of inputs
[201]. The ability to maintain and update the hidden state allows RNNs to handle
sequential dependencies effectively. In a multi-turn dialogue, this means that the
network can remember what has been said in previous turns, enabling it to provide
contextually appropriate responses. For instance, if a user mentions their travel plans
in one turn, the RNN can remember this information and use it to inform responses
to subsequent questions about accommodation or itinerary.

Despite their capabilities, traditional RNNs face significant challenges when it
comes to maintaining information over long sequences. This is primarily due to
issues such as vanishing gradients, which can hinder the network’s ability to learn
and retain long-term dependencies, like multi-turn conversation.

4.3.6.2 Enhancing RNNs for Multi-turn NLU

There have been developed to address the limitations of traditional RNNs, enhanc-
ing their ability to handle long-term dependencies in multi-turn NLU.

Gated Mechanisms One of the most effective enhancements to RNNs is the intro-
duction of gated mechanisms, such as Long Short-Term Memory (LSTM) [85]
networks and Gated Recurrent Units (GRUs) [37]. These mechanisms incorporate
gates that regulate the flow of information, allowing the network to maintain long-
term memory and mitigate issues related to vanishing and exploding gradients.

AttentionMechanisms [154] Attention mechanisms have also been integrated into
RNN architectures to improve their ability to handle long sequences. By allowing
the network to focus on relevant parts of the input sequence, attention mechanisms
enhance the network’s ability to capture long-range dependencies and provide
contextually appropriate responses in multi-turn dialogues.

Hierarchical Models Hierarchical RNN models, which process sequences at
multiple levels of abstraction, have been proposed to better capture the structure
and context of dialogues. These models can handle dependencies at different
granularities, ensuring that both short-term and long-term conversation context is
preserved [107, 132, 144].

In conclusion, Recurrent Neural Networks (RNNs) brought a dynamic energy to
the world of multi-turn NLU, enabling dialogue systems to remember and leverage
context across turns sequentially. Despite challenges with long-term dependencies,
innovations such as LSTMs, GRUs, and attention mechanisms have significantly
enhanced their capabilities. These advancements ensure that RNN-based models
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can engage in fluid and coherent conversations, much like a dancer who masterfully
navigates a complex multi-turn routine.

4.3.7 Transformer Models

Enter the transformers [216], the virtuosos of the deep learning stage. Transformers
use self-attention mechanisms to weigh the importance of each word in a multi-turn
conversation, ensuring that context is maintained across multiple turns. Imagine a
dancer who not only remembers the choreography but also anticipates and adapts
to the subtle cues of the music and audience. The self-attention mechanism allows
transformers to capture dependencies between words regardless of their distance
in the text, making them highly effective for modelling long-range context in
dialogues. These models, including the famed BERT (Bidirectional Encoder
Representations from Transformers) [98] and GPT (Generative Pre-trained
Transformer) [174], excel in capturing the intricacies of language with remarkable
precision.

Transformers revolutionized the field of NLU with their innovative architecture,
which forgoes the traditional recurrent mechanisms in favour of attention mecha-
nisms. This departure allows them to process sequences more efficiently and capture
long-range dependencies of multi-turn conversation.

Self-Attention Mechanism The core innovation in Transformer models is the
self-attention mechanism. For each word in the input sequence, the self-attention
mechanism calculates a set of attention scores that indicate how much focus should
be given to every other word. This allows the model to consider the entire context
of the sequence rather than just the immediate preceding words [254, 266]. This
mechanism enables the model to weigh the importance of different words in a
sequence when making predictions, capturing the full context and nuances of human
conversation.

The attention scores are used to create a weighted sum of the value vectors of the
words, producing a contextual representation for each word. This allows the model
to capture dependencies between words, regardless of their distance in the long-
range conversation. For example, in the sentence “The man sat on the mat,” “He
was very happy,” the model can understand that “he” refers to “The man” through
the attention mechanism.

Positional Encoding Since transformers do not inherently process data in a
sequential manner, they incorporate positional encodings to retain the order of
the words. Positional encodings are added to the input embeddings to provide
information about the position of each word in the sequence, ensuring that the model
can distinguish between words based on their order. A sinusoidal function generates
positional encodings, which allows the model to generalize sequences longer than
those seen during training, like a long-range multi-turn conversation [63]. The sine
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and cosine functions of different frequencies encode the positions, ensuring that
each position has a unique encoding.

Multi-head Attention Transformers use multiple attention heads to capture dif-
ferent aspects of the relationships between words. This multi-faceted attention
mechanism allows the model to capture a wide range of dependencies and inter-
actions within the input sequence. Multiple attention heads run in parallel, each
computing its own attention scores and contextual representations. This enables
the model to capture diverse aspects of the long-range relationships between words
[199, 206, 271].

4.3.7.1 Pre-trained Models with Transformer

With the above components, transformers, including its pre-trained models: BERT
or GPT, have transformed the landscape of multi-turn NLU, offering unparalleled
capabilities in understanding and generating human language. The ability of those
pre-trained models and its embedding maintain and understand context across
multiple turns makes them ideal for real-world dialog systems that require a deep
understanding of conversational flow.

BERT (Bidirectional Encoder Representations from Transformers) BERT [98]
excels in understanding the context of a sentence by looking at both the left and right
sides of a word simultaneously. This bidirectional approach allows BERT to capture
the full context of a word based on its surrounding words, making it highly effective
for tasks such as intent recognition, slot filling, and conversation domain detection
in multi-turn dialogues [4, 208]. For instance, BERT can understand that “book” in
“book a table” refers to making a reservation, while “book” in “read a book” refers to
a physical object. Once pre-trained, BERT can be fine-tuned on specific datasets for
various NLU tasks. For multi-turn dialogues, this fine-tuning allows BERT to excel
in intent recognition and slot filling by leveraging its robust contextual embeddings.

GPT (Generative Pre-trained Transformer) GPT [174] is designed for language
generation tasks, making it particularly suited for generating coherent and
contextually relevant responses in dialogue systems. By pre-training on vast
amounts of text and fine-tuning on specific dialogue datasets, GPT can generate
natural and engaging responses that maintain context over multiple turns. For
example, in a customer service chatbot, GPT can handle follow-up questions and
maintain the conversational context, ensuring a smooth and helpful interaction.

One of the most significant advantages of transformers is their ability to
handle long-range context. In multi-turn dialogues, maintaining context over several
exchanges is crucial for coherence. Transformers achieve this by using self-attention
mechanisms to focus on relevant parts of the conversation, regardless of how far
apart they are in the sequence. This capability ensures that important details from
earlier in the conversation are not lost, enabling the system to provide accurate and
contextually appropriate responses. Transformers learn powerful representations of
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data that can capture complex relationships and dependencies. These representations
are crucial for integrating external knowledge, as they allow the model to understand
and leverage new information in a meaningful way. Rule-based systems do not learn
representations, and traditional machine learning models often struggle to learn
representations as rich and effective as those generated by transformers. Generally,
transformer or transformer-based pertained models involves two key strategies in
order to achieve multi-turn NLU research problems:

Dialogue State Tracking It is similar to a meticulous conductor keeping track
of every instrument in an orchestra, ensuring that each plays its part at the right
moment. In the realm of multi-turn NLU, maintaining the state of the dialogue is
crucial for coherent interactions. Transformer models can be integrated with state-
tracking mechanisms to keep track of the context and ensure that responses are
consistent and relevant. With each user input, the dialogue state is updated to reflect
the current context of the conversation. This involves recognizing intents, extracting
relevant information (slots), and maintaining a record of the conversation history
[238].

Rule-based systems, in contrast, struggle with dynamic context management
as they rely on predefined rules that cannot adapt to new information in real-
time. Traditional machine learning models, while more flexible than rule-based
systems, still face limitations in maintaining long-range dependencies as effectively
as transformers.

For instance, in a customer service scenario, if a user first asks about product
availability and then about delivery options, the model needs to remember the initial
query to provide a coherent and informed response. Transformers use self-attention
mechanisms to generate representations of the dialogue state. These representations
encapsulate the entire context of the conversation, allowing the model to generate
responses that are contextually appropriate [94, 170, 211]. The dialogue state acts
as a dynamic memory, constantly evolving with each new turn in the conversation.

Integration with External Knowledge Transformers-based models can be inte-
grated with external knowledge sources, such as databases and APIs [29, 122, 203,
274], to enhance their responses, much like how a conductor might incorporate
diverse musical influences into a performance. This integration allows the dialogue
system to provide more informative responses to multi-turn utterances by leveraging
external data [123]. By incorporating data from external sources, the model can
generate responses that are not only contextually appropriate but also enriched
with additional information. This makes the interaction more valuable for the
user, as the model can provide detailed and relevant answers. External knowledge
integration ensures that the model’s responses are dynamically updated based on
the latest available information. This is particularly useful in scenarios where the
information is constantly changing, such as stock availability in an online store or
flight schedules in a travel booking system.

Particularly, this fine-tuning process ensures that the model can leverage external
knowledge effectively to improve its performance. Rule-based systems lack this
flexibility, as integrating new information requires manual updates to the rules.
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Traditional machine learning models can be retrained with new data, but this process
is not as seamless and efficient as fine-tuning transformers.

4.3.8 Joint Deep Learning-Based Multi-turn NLU

In the grand theatre of multi-turn Natural Language Understanding (NLU), joint
deep learning models perform with the harmony and precision of a well-rehearsed
ensemble. These models seamlessly integrate multiple tasks, such as intent recog-
nition, slot filling, and dialogue state tracking, into a single, unified framework.
Joint models handle the intertwined complexities of multi-turn dialogues, ensuring
coherence and contextual accuracy throughout the conversation.

Instead of treating tasks like intent recognition, slot filling, and conversation
topic detection as separate entities, joint models approach them as interconnected
problems. This integration[11, 212, 232, 240] allows the model to leverage shared
information between tasks, leading to better overall performance.

• Unified Architecture [18, 212]: Joint models often employ a shared encoder-
decoder architecture. The encoder processes the input sequence and extracts
contextual features, while the decoder generates outputs for multiple tasks
simultaneously. This unified approach ensures that the tasks benefit from each
other’s contextual understanding.

• Shared Representations [166, 232]: By sharing representations between tasks,
joint models capture dependencies and correlations between intent and slot
information. For example, recognizing that a user wants to “book a hotel” can
help accurately identify slots like “check-in date” and “location.”

• Contextual Dependencies [222]: Joint models excel at handling contextual
dependencies across multiple turns in a dialogue. They maintain a coherent repre-
sentation of the dialogue state, which evolves as the conversation progresses. This
capability ensures that the system can handle follow-up questions and context
shifts seamlessly.

4.3.8.1 Benefits of Joint Models in Multi-turn NLU

Joint models offer several advantages that make them particularly effective for
multi-turn NLU (Table 4.1):

Integrated Learning By training on multiple tasks simultaneously, joint models
can leverage shared information and dependencies between tasks [18, 212, 222].
This integrated learning approach improves the model’s ability to understand and
generate contextually relevant responses. Imagine a pianist who, while mastering a
new piece, simultaneously practices both the melody and the harmony. Each hand
learns from the other, resulting in a more cohesive performance. Similarly, joint
models learn the intricate dance between intents and slots, using the insights from
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Table 4.1 A Prediction example with a three-turn conversation on slot filling, intent detection, and
domain classification results of each model. The green cell represents a result that matches the ground
truth, the red cell indicates incorrect results, and the yellow cell indicates partially correct results

one task to enhance the other. This synergy ensures that the model can provide
richer, more accurate responses informed by the interplay of different conversational
elements.

Consistency and Coherence Joint models ensure that the dialogue remains con-
sistent and coherent across multiple turns. By maintaining a shared representation of
the dialogue state, the model can handle context shifts and follow-up questions more
effectively [166, 232]. Picture a seasoned conductor guiding an orchestra through
a complex symphony, ensuring each movement flows seamlessly into the next. In
the same way, joint models track the evolving state of the conversation, ensuring
that each response aligns with the preceding context. This continuity is crucial for
maintaining the user’s trust and engagement as the model navigates the twists and
turns of a multi-turn dialogue.

Efficiency Joint models ensure that the dialogue remains consistent and coherent
across multiple turns. By maintaining a shared representation of the dialogue state,
the model can handle context shifts and follow-up questions more effectively.
Picture a seasoned conductor guiding an orchestra through a complex symphony,
ensuring each movement flows seamlessly into the next. In the same way, joint
models track the evolving state of the conversation, ensuring that each response
aligns with the preceding context. This continuity is crucial for maintaining the
user’s trust and engagement as the model seamlessly navigates the twists and turns
of a multi-turn dialogue [238].

Improved Performance The synergistic learning in joint models often leads to
improved performance across all tasks. For example, accurate intent recognition
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can enhance slot filling by providing context about the user’s goals, and vice versa.
Imagine a virtuoso violinist whose mastery of bowing techniques enhances their
fingering precision, resulting in a more expressive and nuanced performance. In
joint models, the mastery of one task enhances the performance of another, creating
a virtuous cycle of improvement. Accurate intent recognition provides the context
needed for precise slot filling, while detailed slot information clarifies the user’s
intent, resulting in a dialogue system that performs with remarkable accuracy and
fluency [18, 166, 212, 232].

As mentioned above, the advantages of joint deep learning models in multi-turn
NLU are manifold. Their integrated learning approach, consistency and coherence,
efficiency, and improved performance make them the ideal choice for handling
complex, multi-turn interactions. As we continue to refine these models, we move
closer to creating dialogue systems that can engage users in natural, seamless, and
contextually rich conversations, much like an orchestra performing a symphony with
impeccable harmony and grace.



Chapter 5
Evaluating Natural Language
Understanding

5.1 Overview

We have discussed how understanding of human utterances is represented at
different levels of different granularity: that is, intent at the sentence level and slots
at the token level. For conversational Natural Language Understanding (NLU), we
can add a third tier of domain at the dialogue level.

How should we run experiments that further the ability of machines to perform
the task of mapping human utterances to the semantic frame? How should we
evaluate how well a system learns to make this mapping?

In this chapter, we will discuss the techniques and issues that arise out of
these questions. We will cover the annotation of NLU datasets, quantitative and
qualitative evaluation, and experiments to measure the performance. We will discuss
the performance of the NLU field on some of the major datasets and the future
directions this performance suggests.

5.2 Evaluation Setup

The NLU experiment follows a format very typical in machine learning research.
The researcher seeks to address an issue not previously addressed in the literature,
or an aspect not explored sufficiently deeply by previous experiments for the field
to understand its role. Typically, a new approach, or a new technology, or a new
architecture will be brought to bear. A new dataset may have become available, or
an existing dataset may have been adapted or extended, which it is believed may
help contribute to understanding of the NLU field.

An experiment is then run with the new approach on the dataset. Typically, the
headline reported result is the quantitative metric chosen. Implicit here is the null
hypothesis that the new approach doesn’t perform significantly better on the dataset
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than the previous state-of-the-art model, that is the model which has previously
recorded the best quantitative result on that dataset. The alternative hypothesis is
that the new approach does outperform the benchmark, at a statistically significant
level.

It behoves the researcher to design an experiment where the differences to pre-
vious approaches are clear and can be modularized. For example, if the experiment
proposes both a feature creation step and an NLU architecture that are different to
previous approaches, then the research should apportion, via ablation, which step
contributes what portion of the improvement in metric observed. In this example,
ablation means the experiment is run with feature creation close to or the same as
the previous benchmark, and then again with the new feature creation method.

The experiment should be reproducible by others. The best process for this is for
the experimental code and datasets to be made available in a public repository. The
hardware used and the run times should be reported in research papers.

The above notes are familiar to researchers in machine learning in general, and
they will be familiar with the argument that while an arms race in quantitative results
is useful, the qualitative aims, achievements, and discussions in the field are just as
important. What are the quantitative results important? We aim to produce learning
machines that satisfy the needs of their human users at a useful level. If their error
rate is too high, human users will shy away from using them. If too often they
produce meaningful output, but not to the request the user has provided, the same
dissatisfaction will occur.

Qualitative analysis should also be part of an experiment. Why has this new
method produced the results that we have observed? Why does the result differ
for different datasets? What can we infer from the ablation tests? Has the result
illuminated the issue in the field the experiment aimed to explore? What are the
weaknesses of the experiment that can be addressed in future research? What future
directions for research in the field are now opened up?

Finally, in this era, the researcher must explore ethical responsibility around
the resource usage of their experiment and potential biases in the data they use.
The use of model cards, or machine learning report cards, now required by major
conferences, is a good practice to follow.

5.2.1 The Standard NLU Experiment

In NLU, training is typically performed on annotated utterances; it is a supervised
learning experiment. The model creates features from the input utterances and learns
to predict an intent and slot labels for each utterance. The loss is a cross-entropy loss
calculated for intent and for each slot. A joint loss is typically the sum of these cross-
entropy loss, sometimes weighted more or less toward intent or slot. The data is split
into a training set and a held-out test set for evaluating performance. The training
set is often split further into training and validation sets, especially for deep learning
models.
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The detail of this experimental setup varies across the literature. Unfortunately,
many do not clearly state their setup with respect to dataset organization and hyper-
parameters. In those papers which do specify the setup for datasets, most utilized a
train-test split, usually as 80%–20%. The training data may be split further to make
a validation set, used to monitor generalization performance during training. Results
are sometimes reported to be averaged over a number of runs. Alternatively, papers
use fivefold or tenfold cross-validation for evaluation.

For parameter tuning, dropout rates ranged from 0.003 to 0.5 and the size
of hidden states was normally between 100 and 200, with as low as 64. Some
models use the Adam optimizer with a learning rate between 0.0001 and 0.01, or
started with 0.02 and halved it after 10 epochs [219], or halved the learning rate
when the loss reduced below a threshold [178]. Some papers mention that they
set parameters randomly in the beginning, and then apply fivefold validation when
tuning parameters. Word embedding dimensions vary from 64 to 1024.

The lack of reporting also occurred with the number of epochs. When stated,
most models were trained for less than 50 epochs, with some of these using early
stopping. Goo et al. [67] applied 10 epochs for ATIS and 20 epochs for SNIPS in
all their experiments and further replicated previous benchmarks using the same
etiquette. On the other hand, [72] allowed an unlimited number of epochs with
stopping criteria, while [164] used 300 epochs with no early stopping. Further,
some models report the final epoch results while others report the best results.

The lack of detail given in many papers leads to difficulties in model result
replication, even when code is supplied. This is exacerbated by the saturation
of results discussed later in this chapter. Researchers should include sufficient
information about setup in their methodology section or at a related public code
repository. Again, this is good experimental practice, which is now required by the
leading conferences and journals.

5.2.2 Labelling

In the evolution of the domain, the NLU framework relies on supervised learning,
specifically employing fully annotated datasets. In this approach, every statement
within a dialogue is tagged with at least one intent at the sentence level, and each
individual word is marked with a corresponding slot label.

The intent of an utterance typically describes the outcome the speaker desires
from the dialogue system. For example, in the ATIS dataset, the sentences “I want
to fly from Boston at 838 am and arrive in Denver at 1110 in the morning” and “show
me the flights from Baltimore to Oakland” are labelled with intent atis_flight as the
speaker is seeking flight information. An utterance with a different intent is “show
me the fares from Dallas to San Francisco,” which is given intent atis_airfare. Some
intents from the SNIPS personal assistant dataset are GetWeather for “Is it windy in
Boston, MA right now?” and RateBook for “Give 6 stars to Of Mice and Men.”
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For those designing datasets, a consideration for naming intent classes is that
some models use word embeddings of the label names in their architecture [283].
Hence, the SNIPS method of using a relevant verb and noun in the intent label may
be preferable to the more blunt ATIS style.

Slots are the words in the utterance that carry the crucial semantic details needed
to achieve the intent. A single instance of such detail can be carried over multiple
words. For example, in the utterance “find me a flight to Las Vegas tomorrow,” the
destination city consists of the two tokens ‘las’ and ‘vegas’ .

As a result of this consideration, NLU uses slot labels in the BIO format [176],
where B stands for Beginning, I for Inside, and O for Outside or Other. To be precise,
the tagging method used in the NLU task is BIO2 [183], rather than the original BIO.
In BIO, a ‘B’ tag is used only for a new chunk and is immediately preceded by an
‘I’ tag of the same class. To align with the literature, we will continue to refer to the
tagging scheme as BIO.

Token labels are of the form ‘B-CLS’, ‘I-CLS’, or ‘O’, where CLS is an element
of a finite set of classes. Then, a span, or chunk, is a contiguous sequence of
tokens where each token within is labelled from the same class. The first token in
the sequence has the label ‘B-CLS’, and the finite subsequent tokens only have the
label ‘I-CLS’. Tokens labelled ‘O’ do not form spans. Hence, well-formed labellings
for a single span are either of the form ‘B-CLS’ for a single word span or ‘B-CLS’,
‘I-CLS’ . . ., and ‘I-CLS’ for a multi-word span. The label sequence ‘B-CLS’ and
‘B-CLS’ consists of two spans of class CLS, while the label sequence ‘B-CLS1’
and ‘B-CLS2’ consists of two spans of class CLS1 and CLS2, respectively.

Continuing our example, in the ATIS dataset which covers air travel, the set
of slot classes includes from_loc.city_name for the city a flight originates from
and to_loc.city_name for destination cities. Then ‘Las Vegas’ can be labelled B-
to_loc.city_name, I-to_loc.city_name if it is a destination in the utterance.

In gold annotation, only well-formed spans can appear, whereas in prediction,
malformed spans might appear. For example, an ‘I’ label immediately following
an ‘O’ label or an ‘I’ label of one class immediately following a ‘B’ or ‘I’ label of
another class. Our NLU system should penalize such labellings so they do not occur.

While other schemes for slot labelling exist, for example, introducing M-CLS
and E-CLS tags for mid-span and end-of-span tokens, these have not been observed
in the NLU literature.

The idea is that slots are the tokens holding the semantic information necessary to
successfully fulfill the speaker’s intent. However, this doesn’t mean they provide all
the clues to what that intent is. The values in the slots labelled ‘O’, that is, the words
themselves, are valuable. For example, consider the utterance “find me a flight from
Austin to Baltimore tomorrow,” which would be annotated [‘O’, ‘O’, ‘O’, ‘O’, ‘O’,
‘B-from_city’, ‘O’, ‘B-to_city’, ‘B-day’] the tokens ‘flight’, ‘from’ and the second
occurrence of ‘to’ give salient clues that the intent is ‘atis_flight’, especially given
the non-‘O’ slot labels that occur. Perhaps counterintuitive, the values in the ‘O’
slots here may convey more information useful to intent classification than the
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values in the non-‘O’ slots. That is to say the existence of slot labels ‘B-from_city’
and ‘B-to_city’ is useful, their values could be any pair of city names. This is the
idea behind delexicalization methods described in the methodologies chapter.

In multi-intent labelling, an utterance may have more than one label. For
example, in the ATIS dataset, an utterance like “list for me the times and fares for the
morning flights” requests both an airfare (intent atis_airfare) and a flight time (intent
atis_flight_time). In the standard annotation, this is given a single merged intent
class atis_airfare#atis_flight_time. MultiATIS and MultiSNIPS provide examples
with up to three separate intents.

Labelling slots with multiple semantic labels has not been observed in the
literature, though other types of tags (POS or NER, for example) are sometimes
used together with the semantic tag to enable multi-task learning.

Now consider multi-turn conversations where sequences of utterances may be
expected to belong to a single topic or domain. The conversation itself may range
over a sequence of domains. For example, a user may discuss visiting a tourist
attraction over multiple utterances with an agent. Once that is organized, they may
have a dialogue where they book a nearby restaurant, and then another section will
discuss transport to and from the area. Consider this example from theM2M dataset:

A. ‘hi , i want to make a restaurant reservation .’
B. ‘okay , where do you want to go , and how many people will there be ?’
A. ‘the sushi boat for 6 .’
B. ‘for what date ?’
A. ‘this friday .’
B. ‘at what time ?’
A. ‘7 pm .’
B. ‘so you want a reservation for the sushi boat for this friday at 7 pm for 6

people ?’
A. ‘that ’ s right .’
B. ‘alright . your reservation is confirmed for 6 people at the sushi boat friday

at 7 pm’
A. ‘thanks !’

The first observation here is that there are two speakers. It is useful to label each
utterance with the speaker’s name or number, as this aids understanding. Secondly,
the intents are qualitatively different for each speaker and, in fact, may consist of
two disjoint sets. Depending on the processing you do with this dataset, the intents
may look like this:
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[‘GREETING’, ‘REQUEST’, ‘INFORM’, ‘REQUEST’, ‘INFORM’,
‘REQUEST’, ‘INFORM’, ‘CONFIRM’, ‘AFFIRM’, ‘NOTIFY SUCCESS’,
‘THANK YOU’]

Annotation of the domain can occur at the whole dialogue level but more often
occurs at the sentence level and consists of a domain drawn from a finite set of
labels. This means a model can consider that the domain is likely RESTAURANT
and the intent is likely REQUEST so that it may look for probable slot labels like
restaurant name, num people, date, etc. In fact, as we previously discussed for the
joint intent classification and slot-filling task, each tier should influence the others
as the model learns and predicts.

In the M2M dataset, each complete dialogue lies within one domain. Other
multi-turn datasets, like MultiWoz, allow change of domain in a single dialogue.
A successful dialogue system must learn to identify the shift of domain during a
conversation.

5.3 Evaluation Metrics

Now we consider the metrics used to measure performance, starting with intent
detection, then slot filling and domain classification.

5.3.1 Intent Classification

Intent Accuracy Detection of intent is a classification task, and the widely used
metric of accuracy is used for evaluation. In the NLU context, we thus report the
ratio of the number of correct predictions of intent to the total number of utterances.
Relatively fewer papers report the error rate, the ratio of wrongly classified samples
to the total number of samples, equivalent to accuracy subtracted from 100%, for
example, [147].

When utterances have more than one intent label, several approaches are applied
to judge a correct prediction. Since they are not doing multiple label detection, most
researchers consider the combined label a new label type. Other approaches, as
noted in [267], are:

• Count an utterance as a correct intent classification if any of the ground truth
labels is predicted [117, 126]. This can be used for single or multi-intent
prediction;
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• Count an utterance as a correct intent classification if all the ground truth labels
are predicted [52, 67]. This is used for multi-intent prediction, although it is
often not explicitly stated in the literature.

Intent Precision, Recall, and F1 Accuracy can be misleading for datasets with
imbalanced classes and is typically not reported on a per-class basis. These
limitations can be addressed by using micro-averaged precision, recall, and f1 to
evaluate intent prediction [118, 250], though this is rare in the literature. For an
intent class C:

• T P C is the number of True Positives, intents which are correctly classified as of
class C.

• FP C is the number of False Positives, intents which belong to other classes but
are incorrectly classified as class C.

• FNC is the number of False Negatives, intents of class C which are incorrectly
classified as other classes.

Two approaches are used: micro-averaged and macro-averaged. In the micro-
averaged approach, the T P , FP , and FN are summed across all classes C ∈ I:

Precision =
∑

T P C∑
T P C + ∑

FP C

(5.1)

Recall =
∑

T P C∑
T P C + ∑

FNC

(5.2)

In the macro-averaged approach, the precision and recall are computed for each
class first, then the average across all nI classes is reported.

Precision = 1

nI

∑

C∈I

T P C

T P C + FP C

(5.3)

Recall = 1

nI

∑

C∈I

T P C

T P C + FNC

(5.4)

For both approaches, f1 is computed as:

f1 = 2 × Precision × Recall

P recision + Recall
(5.5)

A variation used for multi-label identification is precision and recall at the top-
k predictions. Here, precision is the ratio of correct labels in the top k predictions
divided by k, and recall is the ratio of correct labels in top k predictions over the
total number of correct labels [264].
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5.3.2 Slot Filling

In slot filling, we are interested in capturing the type of the whole spans containing
details relevant to successful intent fulfillment. Slot accuracy, sometimes referred to
as word labelling accuracy (WLA) [257], is predictably the ratio of the number of
correctly labelled slots to the total number of slots. However, this has little currency
as it fails to capture the importance of multi-word spans. The span-based metrics
described here both capture this nuance and punish malformed label sequences as
described above.

In slot evaluation, we do not consider ground truth ‘O’ labelled slots. We want
to measure how well we predict the annotated semantic frame. That is, for the slot
labelling, the non-‘O’ labels present. Again, this is not to say the values in ‘O’ slots
are not important to understanding.

Span-Based Slot Precision, Recall, and F1 A span is a sequence of words labelled
from the same class. For example, the labelling [B-MISC, I-MISC, I-MISC] is a
span of class MISC. For a class C, we can thus define at the span level:

• T P C is the number of spans of class C which are wholly correctly predicted.
• FP C is the number of spans of a different class which are incorrectly predicted

as being of class C.
• FNC is the number of spans of class C which are incorrectly predicted, partially

or wholly, to another class.

Micro-averaged and macro-averaged precision and recall and f1 can then be
calculated. In most papers, the slot f1 is reported as the span-based micro-averaged
f1 over all classes excluding ‘O’. The conlleval.py1 script is regularly used to
calculate this micro-averaged precision, recall, and f1 [43, 47, 75, 128, 231] and
is used for the results reported in this book.

Token-Based Slot Precision, Recall, and F1 Token-based slot measures are used
in [118], with TP, FP, and FN calculated at the token level, with the same definitions
as in Sect. 5.3.1. That is, ‘B-CLS’ and ‘I-CLS’ are treated as separate unrelated
classes, so some label dependency information captured by the span-based metric is
lost. As discussed with slot accuracy, this metric is less useful than the span-based
version.

1 https://github.com/sighsmile/conlleval.

https://github.com/sighsmile/conlleval
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5.3.3 Domain Classification

In the current experimental setup, the domain is classified at the sentence level
[71, 115, 190, 231]. As a result, the evaluation metrics are the same as for intent,
calculated over the classes in the set D rather than I.

5.3.4 Semantic Accuracy

In the joint task, we must evaluate the construction of the entire semantic frame. We
do this with semantic accuracy which measures what proportion of sentences are
correctly mapped to their gold truth semantic frame annotation. A correct mapping
is when both the intent and all the slots (including ‘O’ labels) are correctly predicted.
Semantic accuracy is then the number of correctly analyzed sentences divided by the
number of sentences. This is easily extended to include the domain in the semantic
accuracy when the domain is annotated at the sentence level.

Tests of Significance Several standard tests are used to investigate whether the
difference in intent metric between two models is significant. Welch’s t-test has
been used with the p-value threshold set to 0.05 [58, 60]. Others use the Student’s
t-test for similar purposes [194]. McNemar’s test is also applied to test paired binary
classified data to evaluate how well two tests agree with each other. Jeong and Lee
[91] used this for the classification of ATIS intents into two domains.

More common is to report the results with a confidence band. Here the
experiment is run several times with different initializations, or as folded cross-
validation. A band can then be quoted around the mean result with a clearly stated
confidence level, typically 95% or 99%. This is both good experimental practice and
required by the major conferences and journals.

5.3.5 Other Forms of Analysis

Outside of research that simply attempts to apply a new technology to benchmark
datasets, for example, JointBERT [33], qualitative research questions make up part
of the contribution. To explore such questions, we need to rely on more than implicit
endorsement in the form of increased headline metric performance.

For example, in [243] the authors investigate the use of explicit bidirectional
exchange between slot and intent paths for multi-intent datasets. While this had been
used for single intent datasets, this approach was new for multi-intent, specifically
the use of slot2intent. As well as bidirectional information flow the model uses
two global graphs to represent relations between slot semantics and intent labels,
and intent semantics and slot labels. The results exceed state of the art, especially in
semantic accuracy. An account of the improvement with explanation of the semantic
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accuracy boost is given. A full ablation section breaks down the contribution
of the different modules and connections in the network. The discussion then
gives two examples from the experiment showing the model correcting erroneous
predicted labels from after the bidirectional exchange to after the interaction with
the knowledge graphs. See Fig. 5.1. This is called example-based explanation.

With these discussions, the reader gains deeper insight into the workings of the
model and how it handles the aspects of the joint task that the authors are addressing.

Other qualitative analyses may include observation of patterns in the quantitative
results broken down by class. This can lead to interesting hypotheses about the
performance of a model based on the class distributions and characteristics.

Similarly, analyzing instances of particular error types can be illuminating—what
is common for deletion type errors where non-’O’ slot labels are predicted as type
‘O’? Or for insertion errors where slots of type ‘O’ are given another slot label?
Are there particular words or syntactic patterns that occur frequently in errors of a
certain type? For intents, are there intents that perform particularly poorly? Is this
due to their low support in the training or test set, or is there another driver?

Another approach is to use methods from explainable AI (XAI). Explainable
NLU seeks to gain insight on what tokens in the input utterance are contributing
to the model’s output, and what layers in the model architecture are similarly
contributing.

Transformer models are suitable for this kind of analysis since they produce
multiple attention-based representations aligned with the input tokens. Attention
Visualization (also called Attention Maps) looks at the raw attention scores in a
model and visualizes them via a heat map. An example is in Fig. 5.2, from [284],
shows the attention scores for tokens in an utterance of intentGetWeather. In the two
models being compared, the lower row has higher attention scores for the words
“forecast” and “cold”, that a human may also focus on when understanding the
request. Analysis of the underlying values can be used for correlation analysis,
or ambiguity identification, across the samples in a dataset. Alternatively, the
BERTViz tool can be used to show how attention shifts across layers and heads
in a Transformer model, a method known as Attention Flow. Creative use of such
data is a little explored area of NLU.

Saliency methods aim to find the features, or tokens in NLP, most important
to a task’s outcome. Layerwise Relevance Propagation (LRP) [10] backpropagates
relevance scores through a network where they can be interpreted for the token
representations at the initial layer. This method was used for intent classification in
[95]. Saliency Maps calculate the gradient of the model output with respect to the
input features. A form of numerical derivative analysis is often used where input
vectors are perturbed and the effect on the final output is measured. The method
of Integrated Gradients [204] is available in Pytorch via the Captum library and has
been used for NLP. For example, [51] used it for entailment and question answering.
Figure XX from that paper shows a visualization of some sample output where the
attribution of each token (sign and strength) to the correct classification of a sentence
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Fig. 5.2 Attention heatmap in different approaches [284]

is visualized. An analysis of benchmark models on the benchmark datasets may
extract further understanding of the joint NLU task.

5.4 Performance Trend

The datasets for NLU are discussed in Sect. 3.5. Due to being public and
providing a variety of challenges, the ATIS and SNIPS datasets have been used
for benchmarking since the advent of deep learning in NLU. To summarize
performance in the joint task, we list the models and their reported test results for
the ATIS and SNIPS for the standard evaluation metrics (if available) in Table 5.1.
Papers are included in this table if at least one of their results is better than the
benchmarks reported in papers from the previous calendar year. Interestingly, this
qualification means no surveyed papers from after 2021 are included in the table.

Several interesting patterns can be observed based on the results available: (1)
The overall improvement in slot F1 (from 87.3 in 2016 to 98.78 in 2019) and
semantic accuracy (from 73.2 in 2016 to 93.6 in 2020) for SNIPS over time is much
more significant than ATIS (from 93.96 in 2014 to 98.75 in 2019 for F1 and from
78.9 in 2016 to 93.1 in 2021 for semantic accuracy), while intent accuracy moves
in the opposite way (from 98.32 in 2016 to 99.76 in 2019 for ATIS and from 96.7
in 2016 to 99.98 in 2019 for SNIPS). (2) For those models that reported slot F1
and intent accuracy on both datasets, 14 out of 28 performed better in slot F1 for
ATIS and in intent accuracy for SNIPS. (3) Before 2019, the best performance for
semantic accuracy came from ATIS, while a shift to SNIPS starts from 2019 ending
with the best semantic accuracy in that dataset.

These patterns point to ATIS being easier to classify, probably due to its majority
intent class, single domain, smaller vocabulary and lack of variety in utterance
structure. As newer or more sophisticated architectures are designed for better
generalizability, the performance on SNIPS, the more complex dataset, improves.

The number of epochs used to derive reported performance in NLU models
for comparison with others varies widely. In 2018, [67] made a performance
comparison under the same epoch settings. They used 10 epochs for ATIS and
20 epochs for SNIPS and replicated the models of earlier benchmarks using this
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Table 5.1 NLU performance on ATIS and SNIPS-NLU datasets (%). * denotes ATIS 10 epoch
and SNIPS 20 epoch, i denotes epoch count implied, † indicates GitHub available, – denotes not
reported. Hakkani-Tür et al. [74] and Liu and Lane [126] were reported in [67]

ATIS SNIPS

Paper, Model Slot(F1) Int.(Acc) Sem.(Acc) Slot(F1) Int.(Acc) Sem.(Acc)

[91] Joint 2 94.42 93.07 – – – –

[245] CNN TriCRF 95.42 94.09 – – – –

[71] RecNN+Viterbi 93.96 95.4 – – – –

[190] RNN Joint + NE 96.83 95.4 – – – –

[74]* 94.3 92.6 80.7 87.3 96.9 73.2

[34] K-SAN Syntax 95.38 – 84.32 – – –

[272] W+N 96.89 98.32 – – – –

[126]* 94.2 91.1 78.9 87.8 96.7 74.1

[67] Full Att.* † 94.8 93.6 82.2 88.8 97.0 75.5

[67] Intent Att.* † 95.2 94.1 82.6 88.3 96.8 74.6

[226] Atten.+aligned 97.76 97.17 – – – –

[56] 98.02 98.43 – – – –

[117] † 96.52 98.77 – – – –

[116] 94.81 98.54 – – – –

[225] † 96.89 98.99 – – – –

[260] ACJIS Model 96.43 98.57 – – – –

[194] ELMo 95.62 97.42 87.35 93.9 99.29 85.43

[52] SF 1st+CRF i † 95.8 97.8 86.8 91.4 97.4 80.6

[265] Capsule i † 95.2 95.0 83.4 91.8 97.3 80.9

[72] CNN3L+5kern 96.95 98.36 – 94.22 99.1 –

[32] 96.54 98.91 – 93.94 99.71 –

[268] 95.1 97.2 – 93.3 98.9 –

[43] BiLSTM-CRF 95.6 96.6 86.2 94.6 97.4 87.2

[128] CM-Net with GloVe 96.2 99.1 – 97.15 99.29 –

[128] CM-Net with BERT – – – 97.31 99.32 –

[164] † 95.9 96.9 86.5 94.2 98 86.9

[164] Model+BERT 96.1 97.5 88.6 97 99 92.9

[60] HCNN/CRF 97.32 99.09 – 94.38 98.24 –

[26] 95.7 97.8 88.2 96.2 99 91.6

[275] 98.75 99.76 – 98.78 99.98 –

[161] Base 95.4 96.1 – 94.8 98 –

[161] Base+BERT 95.8 96.6 – 94.5 97.6 –

[33] BERT † 96.1 97.5 88.2 97 98.6 92.8

[33] BERT+CRF † 96 97.9 88.6 96.7 98.4 92.6

[221] SASGBC 96.69 98.21 91.6 96.43 98.86 92.57

[205] fully-E@EMG-CRF 96.4 99.0 89.6 97.2 99.7 93.6

[75] 96.3 98.6 88.6 97.2 99.2 92.8

[87] 96.4 98.2 88.5 97.6 99.3 93.0

[165] BERT 97.1 98.8 93.1 96.1 98.0 88.8

[207] 97.3 98.3 90.2 98.3 98.9 90.2
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Table 5.2 NLU performance on ATIS and SNIPS-NLU datasets (%) using ATIS 10 epoch and
SNIPS 20 epoch (i denotes epoch count implied). † denotes reproduced by this book, – denotes
not reported

ATIS SNIPS

Paper, Model Slot(F1) Int.(Acc) Sem.(Acc) Slot(F1) Int.(Acc) Sem.(Acc)

[74] 94.3 92.6 80.7 87.3 96.9 73.2

[126] 94.2 91.1 78.9 87.8 96.7 74.1

[67] Full Att 94.8 93.6 82.2 88.8 97.0 75.5

[67] Int. Att 95.2 94.1 82.6 88.3 96.8 74.6

[117] † 94.82 97.00 84.00 88.93 97.71 76.43

[225] † 95.14 96.08 84.87 88.46 96.71 75.39

[52] SF 1st+CRF i 95.8 97.8 86.8 91.4 97.4 80.6

[265] Capsule i 95.2 95.0 83.4 91.8 97.3 80.9

[72] CNN3L,5 kern 95.27 97.37 – 92.3 97.57 –

[164] † 93.15 95.9 80.4 90.88 97.14 79.71

[33] BERT † 95.54 97.54 87.35 96.91 98.43 92.43

[33] BERT/CRF † 96.03 97.76 88.47 96.60 98.57 92.14

[75] Bi-ED 96.3 98.6 88.6 97.2 99.2 92.8

number of epochs. Alternatively, [72] clearly specified the epochs to converge for
each of the models being compared. We consider these as two alternative methods
for comparing performance in terms of epochs and propose that they can offer an
additional perspective in model comparison and selection for future research. In
Table 5.2, we follow [67] and provide the test results for those models that use 10
epochs for ATIS and 20 epochs for SNIPS. These results are either from papers
who also follow this etiquette, or from the reproduction by [67], or are produced
by using the GitHub code supplied by the authors and using the required number
of epochs (indicated by ††). In the latter case, we can also confirm the consistent
calculation of intent and semantic accuracy as well as span-based slot F1, as this is
often not specified by the original authors. As seen in the table, similar patterns can
be observed when we specify the number of epochs: that a significant improvement
in slot F1 and semantic accuracy for SNIPS has been made since 2019 and that most
of the models perform better in slot F1 for ATIS and intent accuracy for SNIPS.
These patterns may be related to the various distributions of slot and intent labels
and the different nature of domains of the two datasets as addressed by different
architectures.

The results are now high enough for the two most used datasets that any fruitful
new developments may be lost in results that appear to not significantly increase
the metrics for these datasets. That no surveyed papers after 2021 have improved on
results prior emphasizes this. It is desirable that new datasets should become part
of the NLU reporting canon. A surge in papers in 2022 and beyond addressing the
multi-intent problem covered by the mixATIS and mixSNIPS datasets point to one
direction to progress. Similarly, the language generalizability and transfer learning
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Table 5.3 Results on three SLU benchmark datasets [282]

ATIS SNIPS

Model Intent (Acc.) Slot (F1) Intent (Acc.) Slot (F1)

Fine-tuned SOTA 98.54 96.46 99.12 97.21

GPT 3.5 (text-davinci-003) 90.03 55.72 98.00 68.90

ChatGPT 75.22 15.71 97.71 58.24

GPT-SLU 88.90 67.04 98.50 75.65

issues are being addressed with MultiATIS++. These approaches mean some new
problems are addressed—multiple intent and transfer learning across languages.
While useful we must ask if these directions extend to a more rounded overall
understanding of natural language.

One limitation of the existing benchmarks is their single-turn nature. A direction
for attention must be multi-turn datasets specifically annotated for NLU as this is
a more natural environment for conversational NLU. Then another issue of the
existing benchmarks is the closed domain and finite intent and slot sets. New
datasets should address the issues of unlabelled data and identification of emerging
domains and slots.

These last two issues are of interest to recent developments in chatbot interfaces
to LLMs. Consider our example in Chapter X where we, the human NLU user,
propose a problem to an LLM, then ask for improvements or make suggestions—a
multi-turn conversation. The reader can consider their own interactions where the
domain of this conversation changes as they use the chatbot during a day’s work. So
how do LLMs perform in the multi-tier NLU tasks?

Recent papers have addressed this question. In [282], zero-shot joint task NLU
was performed on ATIS and SNIPS. The SOTA they benchmarked to from [30]
were surveyed by us but not included in the performance table above as they did not
improve on previous results. Their GPT-SLU results improved on previous work
using GPT-3.5 and ChatGPT (denoted by * and reported in [158]). It is clear that
the zero-shot performance does not match the performance of models specifically
trained for NLU. This is especially clear for slot tagging (Table 5.3).

However, there are better approaches for using LLMs for tasks they haven’t been
trained on. In context learning, for example, gives examples of the task in the prompt
along with an unanalyzed sample for the model to work on. The ILLUMINER
model of [145] uses this approach, and we reproduce their result tables below
(Tables 5.4 and 5.5).

Considering the results for SNIPS, we note again that the result for intent
accuracy and slot filling F1 still fall short of the benchmark for few shot in context
learning. The few-shot improvement over zero shot is noticeable for all datasets
used in the study. The best results are for a LORA adaptation to the existing LLM.
In a LORA approach, the existing LLM weights are frozen, and a smaller model
is trained in parallel to the LLM on the specific new task of interest. Hence, this
becomes another example of supervised training on the NLU task, and it is perhaps
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not surprising this gives better results than the zero shot and few shot in context
methods.

Again, we return to our river crossing example and recall there that while the
intent (and indeed domain) of the prompt was identified well, it was the slots
important to the fulfillment of the intent that wasn’t fully identified. LLMs in their
current state have issues performing NLU in their own actions, let alone when asked
to perform NLU as a prompted task. The interfaces here promise an exciting area
for future research.



Chapter 6
Applications and Case Studies in Natural
Language Understanding

6.1 Overview

As the digital age unfolds, Natural Language Understanding (NLU) is at the cutting
edge of technology, becoming a part of our everyday lives. This chapter explores the
many areas where NLU is making a difference, showing how it is used in real-world
applications.

Imagine a world where machines understand and respond to human language
with the same nuance as a skilled conversationalist. This is not a distant future
but our present, thanks to the rapid progress in NLU technologies. From financial
analysts interpreting market trends to doctors diagnosing patients through clinical
notes, NLU turns data into useful insights across many fields.

NLU bridges the gap between what humans mean and how machines respond,
making technology easier to use and more responsive. In finance, NLU uncovers
market trends and helps guide investments. In healthcare, it reads clinical notes to
aid early diagnosis and create personalized treatment plans. In the legal field, it helps
with research, making sure justice is served accurately. NLUmakes industries better
by turning complex data into easy-to-understand information.

The journey to perfect understanding is not without challenges. Language can
be unclear, context can be subtle, and human expression is diverse. But these
challenges drive innovation. Advances in machine learning, smart algorithms, and
growing data are pushing NLU forward, bringing us closer to machines that truly
understand.

In this section, we will see how important NLU is in different areas. We will look
at real examples and case studies to show NLU’s practical effects. We will explore
its role in finance, healthcare, and the legal sector, showing how NLU changes
industries and creates new possibilities.

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2025
S. C. Han et al., Natural Language Understanding in Conversational AI
with Deep Learning, https://doi.org/10.1007/978-3-031-74364-1_6
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By looking at these applications, we will understand how NLU is used in various
sectors, driving new ideas and better results. This highlights NLU’s potential and
inspires further progress in the field.

6.2 Financial Applications in NLU

In the bustling heart of the financial district, where skyscrapers pierce the clouds,
and the hum of trading floors reverberates, NLU is quietly revolutionizing the
industry. The world of finance, with its ceaseless flow of information, is a realm
where precision and speed are paramount. Here, NLU emerges as a silent partner,
tirelessly working behind the scenes to decode the language of money.

The financial sector, a bastion of human expertise and intuition, now intertwines
itself with advanced technology. NLU is at the forefront of this transformation,
empowering institutions to navigate the complex tapestry of data that defines mod-
ern finance. From the cryptic musings of market analysts to the nuanced sentiments
of global news, NLU systems sift through vast amounts of text, extracting valuable
insights that drive decision-making processes.

Consider the scenario of a financial analyst, eyes glued to multiple screens, each
brimming with charts, news feeds, and reports. Amid this deluge of information,
patterns and trends often lie hidden, waiting to be uncovered. Here, NLU steps in,
parsing through the noise, identifying significant signals, and presenting them in
a coherent and actionable format. It is as if the analyst now has an invisible ally
capable of interpreting the intricate language of the financial world with uncanny
accuracy.

6.2.1 Financial Application Case Studies

A Vanguard Assistant (AVA) A Vanguard Assistant (AVA), a task-oriented
chatbot, is designed to support phone call agents while interacting with clients on
live calls. With AVA, the consultation process between phone agents and experts is
transformed into a seamless end-to-end conversational AI system.

The integration with chatbot is aimed to revolutionize the client consultation
experience. The primary objective is to significantly reduce operating costs by
reducing call holding times and diminishing the dependency on human experts. In
doing so, they aspire to transform client interactions with NLU methods, fostering
an environment where clients can increasingly manage their needs autonomously
within a controlled framework. The success of this venture hinges on the NLU
component’s ability to accurately understand client intents and promptly escalate
matters that require human intervention.
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Figure 6.1 presents a system overview of AVA, which gradually replaces
traditional human-human interactions between phone agents and internal experts
and eventually allows clients to self-provision interactions directly with the AI
system. Now, phone agents interact with AVA chatbots deployed on Microsoft
Teams on the company Internet, and their questions are preprocessed by a sentence
completion model to correct misspellings.

Banking77 The sensitive information shared during sessions necessitates stringent
security measures. Task-oriented chatbots like AVA often need access to critical
internal systems and confidential data to accomplish specific tasks effectively.
Consequently, industries prefer 100% on-premise solutions over cloud-based alter-
natives. These on-premise systems allow for complete customization and rigorous
monitoring, ensuring smooth integration while safeguarding sensitive information.

In financial services, the ability to accurately classify customer service intents
is paramount. One particularly compelling study leveraged the Banking77 dataset
[24], a real-life collection of customer service intents and their classification labels.
This dataset stands out in the intent detection literature for its focused scope within
a single domain, encompassing a substantial number of labels—seventy-seven, to
be precise, as shown in Table 6.1. The nuanced nature of these classes, with many
exhibiting tight overlaps, makes Banking77 an ideal candidate for practical business
applications.

Previous research has tackled various challenges associated with this dataset.
For instance, efforts have been made to address labelling errors. Other studies
have explored innovative methods for pre-training intent representations, such as
the work by [120]. While effective, these approaches often demand a high level of
technical expertise, posing a barrier to broader adoption.

The quest to enhance intent classification in financial services continues to
evolve. By leveraging datasets like Banking77, researchers and practitioners alike
are striving to refine the accuracy and efficiency of virtual agents (VAs). These
advancements promise to transform customer interactions, making them more
seamless and intuitive and ultimately reshaping the landscape of financial service
delivery.

6.2.2 Financial Open Intent Classifier

With the recent surge in NLP technologies within the financial domain, banks and
other financial entities have increasingly adopted VAs to assist their customers.
One of the most challenging problems for these VAs is determining the user’s
intent, especially when the intent is unseen or open during the VA’s training. This
challenge is particularly evident in scenarios where user utterances, such as those
from the Banking77 dataset [24], introduce intents that were not known during the
training phase. For instance, while intents like Card Arrival and Exchange Rate
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Table 6.1 Banking77 dataset
statistics for training and
testing sets

Banking77 Statistics Train Test

Number of examples 10,003 3,080

Minimum length in characters 13 13

Average length in characters 59.5 54.2

Maximum length in characters 433 368

Minimum word count 2 2

Average word count 11.9 10.9

Maximum word count 79 69

Number of intents 77 77

Table 6.2 Sample utterances
and their labels in Banking77
dataset

Utterance Label

When will I get my card? Card Arrival

What exchange rates do you offer? Exchange Rate

My card hasn’t arrived yet. Card Arrival

Is it a good time to exchange? Exchange Rates

Is it possible to get a refund? Open
Why has my withdrawal not posted? Open

might be familiar, requests related to refunds and withdrawals present as open
intents (Table 6.2).

For instance, most traditional systems demonstrated a session where a financial
VA adeptly responded to a user’s query for investment advice. Similarly, CalFE has
utilized commercial chatbot frameworks to train finance-specific VAs, as discussed
by [99]. The impact of a VA’s social presence on user engagement was also evaluated
by [150], highlighting the necessity of accurately extracting intents from user
utterances to enhance interaction quality.

In the study, [120] illustrated that pre-training intent representations could signif-
icantly improve the clarity of decision boundaries, thereby enhancing performance
in intent classification tasks within the financial domain. Their approach involved
prefixing and fine-tuning the last layer of a LLM. This method yielded impressive
results, achieving an accuracy of 82.76% and a Macro-F1 Score of 87.35% on the
Banking77 benchmark in the FullData text classification setting.

These advancements underscore the transformative potential of NLU technolo-
gies in the financial sector. By improving the ability to classify and respond to user
intents, virtual agents are not only enhancing customer service but also paving the
way for more efficient and intelligent financial operations.

6.2.3 User Log-Based Intent Classification

In practical financial scenarios, as the number of intents proliferates, the challenge
intensifies. It becomes imperative to identify utterances corresponding to known
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intents from a vast collection of unlabeled client conversation samples, utilizing only
a few labelled examples as reference points. Concurrently, there is a pressing need to
unearth new, previously unknown intents from the remaining unlabeled utterances.

As shown in Fig. 6.2, there are two dual objectives. Firstly, they focus on detect-
ing known intent utterances within a large pool of unlabeled samples, leveraging
a limited set of labelled instances. Secondly, they discover new, unknown intents
from the residual unlabeled data. By addressing these tasks, they aim to enhance the
adaptability and accuracy of dialogue systems in handling an ever-evolving array of
user intents.

This nuanced approach not only fortifies the dialogue systems’ capability to
manage a growing and diverse set of user intents but also ensures that the systems
remain responsive and relevant in the face of changing user needs and linguistic
patterns. The continuous refinement and discovery of intents underpin the efficacy
of conversational agents, particularly in the financial sector, where understanding
and promptly responding to customer queries is crucial.

6.2.4 NLU in Opinion Building Domain

In the argumentative dialogue systems within information-seeking and opinion-
building, a sophisticated NLU framework emerges as a vital tool.

The NLU systems in opinion building [3] comprise two integral sub-models:
an intent classifier and an argument similarity model. The intent classifier is
tasked with discerning the underlying purpose behind user utterances, categorizing
them into predefined intents with remarkable accuracy. Meanwhile, the argument
similarity model evaluates the coherence and relevance of arguments presented
during dialogues, ensuring that the system can intelligently navigate and contribute
to discussions.

Separate evaluations were conducted using the publicly available Banking77 and
STS benchmark datasets to rigorously assess the efficacy of these sub-models. These
datasets, renowned for their robustness, provided a comprehensive testing ground
for the framework, highlighting its potential to revolutionize argumentative dialogue
systems.

By integrating such advanced NLU capabilities, the framework not only facil-
itates more nuanced and insightful interactions but also significantly enhances
the system’s ability to engage in meaningful opinion-building dialogues. This
development holds particular promise for the financial sector, where clear, logical,
and persuasive communication is paramount.
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6.2.5 Conclusion

As we conclude our exploration of Financial NLU and Conversation Applications,
we stand on the precipice of a transformed financial landscape. Integrating Natural
Language Understanding (NLU) technologies has ushered in a new era of more
intuitive, efficient, and responsive client interactions. From the sophisticated capa-
bilities of AVA, the Vanguard assistant, to the meticulous classification of intents
using the Banking77 dataset, we have witnessed how these advancements reshape
the sector.

The journey through this section has highlighted the profound impact of NLU in
enhancing client experiences and streamlining financial operations. The innovative
techniques for pre-training intent representations and discovering new intents
underscore the dynamic nature of NLU, ensuring that conversational agents remain
adept at navigating the ever-evolving complexities of human language.

Moreover, the introduction of argumentative dialogue systems in the opinion-
building domain opens new vistas for engaging and persuasive interactions. By
seamlessly integrating intent classification and argument similarity modelling, these
systems promise to elevate the quality of dialogues, making them more meaningful
and impactful.

As we turn the page to the next section, we carry forward the insights gained from
the financial sector into the realm of Medical NLU and Conversation Applications.
Here, the stakes are higher, and the potential for NLU to revolutionize healthcare
is immense. We will delve into how these technologies are transforming patient
interactions, aiding in diagnosis and treatment, and ultimately enhancing the quality
of care.

6.3 Medical Applications in NLU

In the sterile, hushed corridors of hospitals and clinics, where lives hang in the
balance every second, the integration of NLU in conversation systems heralds a
new dawn in healthcare. Medicine, an art as much as a science, thrives on the
precise exchange of information. Here, in this world of intricate diagnoses and
nuanced patient histories, NLU emerges as a beacon of innovation, transforming
how we perceive and deliver medical care.

The medical domain, with its vast repositories of knowledge and ever-growing
databases of patient records, presents a formidable challenge for practitioners.
Amid the flurry of activity, where doctors and nurses work tirelessly to decode the
mysteries of the human body, NLU steps in as a crucial ally. It sifts through oceans
of data, making sense of clinical notes, lab reports, and patient interactions, enabling
healthcare professionals to make informed, timely decisions.
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Imagine a bustling emergency room where doctors are inundated with critical
cases, and every moment is precious. Here, NLU-powered conversation systems can
analyze patient symptoms, cross-reference medical histories, and suggest possible
diagnoses with remarkable speed and accuracy. It is as if the physician now has an
omnipresent assistant capable of piecing together complex medical jigsaw puzzles
with uncanny precision.

Beyond the confines of emergency care, NLU’s applications permeate various
facets of medicine. In the realm of patient-doctor interactions, conversational agents
equipped with NLU provide round-the-clock support, answering patient queries and
offering medical advice. These virtual assistants not only alleviate the burden on
healthcare staff but also ensure that patients receive timely and accurate information,
fostering a sense of reassurance and trust.

Furthermore, it extends to the analysis of Electronic Health Records (EHRs).
By meticulously parsing through these records, those systems can identify patterns
and trends that may elude even the most experienced clinicians. This capability
is instrumental in early disease detection, where subtle indicators, often buried in
voluminous data, can signal the onset of conditions that require prompt intervention.

In the medical field, we will explore case studies that highlight its transformative
impact. From patient-doctor interaction systems to clinical decision support, each
example will underscore how NLU is reshaping the healthcare landscape.

6.3.1 Medical Application Case Studies

ELIZA: The Pioneer of Conversational AI in Medical Domain In the history of
artificial intelligence, ELIZA [230] holds a special place as one of the earliest exam-
ples of a natural language processing system. Developed in the mid-1960s (1966)
by Joseph Weizenbaum at the MIT Artificial Intelligence Laboratory, ELIZA was
designed to simulate conversation by recognizing keywords and responding with
pre-determined rule-based NLU scripts. Though simplistic by today’s standards,
ELIZA’s most famous script, the “DOCTOR” script, mimicked the conversational
style of a Rogerian psychotherapist.

ELIZA’s ability to ask probing questions and reflect user inputs back as part of
its responses created an illusion of understanding, which, while rudimentary, laid
the groundwork for future advancements. In a medical context, ELIZA’s approach
highlighted the potential for AI to assist in therapeutic settings, albeit in a very
limited manner.

PARRY: A Step Toward Simulated Paranoia Building upon the foundations
laid by ELIZA, psychiatrist Kenneth Colby developed PARRY [38] in the early
1970s, 1972 . PARRY represented a significant leap forward in the complexity of
conversational agents. While ELIZA mimicked a non-directive therapist, PARRY
was designed to simulate the thinking of a person with paranoid schizophrenia. This
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was achieved through a model that included rules for generating responses based on
an internal state that could be influenced by interactions with users.

PARRY’s ability to simulate a specific mental disorder was a pioneering effort
for psychiatric research. It demonstrated how conversational AI with rule-based
NLU components could be employed to deepen our understanding of mental health
conditions and develop therapeutic strategies. PARRY’s interactions were more
coherent and contextually aware than ELIZA’s, providing a more realistic simulation
of human-like conversation and showcasing the potential for AI to contribute to
medical research and diagnostics.

IBM Watson: Revolutionizing Medical NLU IBM Watson gained fame in 2011
when it competed on the quiz show “Jeopardy!” and won against human champions.
However, its capabilities extend far beyond trivia. In the medical field, IBMWatson
has been utilized to analyze vast amounts of medical literature, patient records, and
clinical data to assist doctors in diagnosing and treating patients [89]. Watson’s
ability to understand natural language and generate insights from unstructured
data marks a significant advancement in NLU technology. By integrating with
electronic health records and continuously learning from new medical data, Watson
provides evidence-based recommendations, helping to improve patient outcomes. It
can process and analyze data much faster than any human, identifying patterns and
correlations that might be missed by even the most diligent practitioners. This makes
Watson an invaluable tool in personalized medicine, offering tailored treatment
options based on the latest research and individual patient profiles.

Watson’s ability to understand natural language and generate insights from
unstructured data marks a significant advancement in NLU technology. By inte-
grating with electronic health records and continuously learning from new medical
data, Watson provides evidence-based recommendations, helping to improve patient
outcomes. It can process and analyze data much faster than any human, identifying
patterns and correlations that might be missed by even the most diligent practition-
ers.

As we develop and refine these technologies, the promise of AI in medicine
becomes ever more tangible, heralding a future where AI-driven dialogue systems
play a crucial role in medical diagnosis, treatment, and patient care.

6.3.2 Health Information Chatbot and NLU

In healthcare, where timely and accurate information is crucial, SHIHbot [20]
emerges as a pioneering solution. Deployed on Facebook, SHIHbot is designed
to answer a wide variety of sexual health questions related to HIV/AIDS. This
innovative chatbot leverages a meticulously compiled response database drawn from
professional medical and public health resources, ensuring users receive reliable and
trustworthy information.
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The backbone of SHIHbot’s functionality is NPCEditor, a sophisticated response
selection platform. NPCEditor employs a statistical classifier trained on a corpus of
linked questions and answers. This classifier, upon receiving a new user utterance,
ranks all available responses to select the most appropriate one. To the best of our
knowledge, SHIHbot represents the first retrieval-based chatbot of its kind deployed
on a large public social network. It highlights the ability of NLU technologies to
bridge the gap between medical expertise and public accessibility, offering a glimpse
into the future of healthcare communication.

Quro: Revolutionizing Symptom Checking Using NLU Quro [64], a person-
alized chatbot-oriented dialogue system, exemplifies this potential by engaging
patients in meaningful conversations about their symptoms. Through a seamless and
intuitive dialogue, Quro gathers information about users’ symptoms and provides a
personalized pre-synopsis based on their individual profiles.

One of the significant advantages of Quro is its ability to perform simple
symptom analysis through an NLU-based conversation framework, eliminating the
need for cumbersome form-based data entry. This approach not only enhances user
experience by making the process more engaging and less tedious but also ensures
that critical information is captured accurately and efficiently. By streamlining the
initial stages of medical assessment, Quro can potentially reduce the burden on
healthcare providers and expedite getting patients the care they need.

MamaBot: Natural Language Understanding Support forWomen and Families
during Pregnancy In the ever-evolving healthcare landscape, MamaBot [215]
emerges as a beacon of support for pregnant women, mothers, and families with
young children. This system harnesses the power of ML and NLP to provide
timely and personalized assistance to its users. Developed using the Microsoft
Bot Framework and Language Understanding Intelligent Service (LUIS), MamaBot
exemplifies the technologies to meet the specific needs of patients and their families.

MamaBot is a virtual support system that understands and responds to the diverse
requirements of pregnant women and mothers. By applying NLU techniques, it
interprets user queries and delivers relevant information and instructions. This
capability is particularly valuable in providing guidance during various stages of
pregnancy and early childhood, offering reassurance and practical advice in real
time.

The application scenario for MamaBot is user-centric as shown in Fig. 6.3. It
is designed to deliver support in various situations, from routine pregnancy care to
urgent queries that may arise unexpectedly. By engaging in meaningful multi-turn
conversations, MamaBot helps users navigate the complexities of pregnancy and
childcare with confidence. Its ability to process natural language inputs ensures that
interactions are intuitive and user-friendly.

CARO: Empathetic Conversation Understanding and Advice for Major
Depression In the mental health, CARO [77] stands as a remarkable innovation,
offering empathetic conversations and medical advice for individuals suffering
from major depression. This chatbot is designed to provide not just information
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Fig. 6.3 MamaBot use cases [215]

but also emotional support, addressing both the intellectual and emotional needs of
its users. CARO’s unique capability lies in its ability to sense the conversational
context, understand user intent, and interpret associated emotions. Through NLU
techniques, CARO can engage in meaningful dialogues, offering comfort and
guidance to those in need. This empathetic approach ensures that users feel heard
and understood, which is crucial in managing conditions like major depression.

The chatbot’s ability to detect and respond to a conversation’s emotional
undertones is particularly valuable. By recognizing signs of distress or anxiety,
CARO can adjust its responses to be more supportive and comforting. This not
only helps provide immediate relief but also builds a trusting relationship between
the user and the chatbot, making it easier for individuals to open up about their
struggles. CARO’s integration of NLU extends beyond basic interactions; it can
provide personalized medical advice tailored to each user’s specific needs. This
includes recommending coping strategies, suggesting lifestyle adjustments, and
even advising when to seek professional help.

Med-PaLM: Large Language Models for User Language Understanding and
Clinical Knowledge In the ever-evolving landscape of healthcare, the integration
of large language models has opened new frontiers. Med-PaLM [195] stands at
the forefront of this revolution, demonstrating the profound capabilities of large
language models in encoding and utilizing clinical knowledge. This groundbreaking
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approach is encapsulated in the MultiMedQA [195] benchmark, a comprehen-
sive evaluation framework that combines six existing medical question-answering
datasets with a newly introduced dataset, HealthSearchQA [195]. The Multi-
MedQA benchmark amalgamates diverse datasets, includingMedQA [92],MedM-
CQA [156], PubMedQA [93], LiveQA [1], MedicationQA [2], and MMLU [83]
clinical topics. These datasets span various professional medical fields, research
domains, and consumer health queries. By integrating these varied sources, Mul-
tiMedQA provides a robust platform for assessing the performance of language
models in understanding and responding to medical inquiries (Fig. 6.4).

The deployment of Med-PaLM illustrates the transformative potential of LLMs
in healthcare. These models are not only capable of understanding complex medical
terminology and concepts but also of providing nuanced and precise answers. The
journey of integrating these technologies into healthcare is just beginning, and the
potential benefits are boundless.

6.3.3 Conclusion

As we conclude this exploration of Medical NLU and Conversation Applications,
we marvel at the profound impact these technologies have had on healthcare. The
integration of Natural Language Understanding (NLU) has ushered in an era of more
responsive, personalized, and empathetic patient care.

From the pioneering efforts of ELIZA and PARRY to the sophisticated capa-
bilities of IBM Watson and the practical applications of systems like Quro and
MamaBot, we have witnessed the transformative power of conversational AI. These
systems not only enhance the efficiency of medical consultations but also provide
crucial emotional support, particularly for individuals managing chronic conditions
or mental health challenges.

6.4 Legal Applications in NLU

In the hallowed halls of law, where the ink of statutes and the echoes of arguments
weave the fabric of justice, a new force is emerging. NLU-embodied conversation
agents transform the legal domain with their uncanny ability to comprehend and
interact with human language. This chapter ventures into the heart of this revolution,
where technology meets tradition and NLU’s cutting-edge capabilities invigorate
the age-old practice of law.

The legal field grapples with vast information, from case laws and precedents
to contracts and client communications. In this complex landscape, NLU-powered
conversation systems are emerging as indispensable allies, providing legal profes-
sionals with a potent tool to navigate the intricacies of their craft.
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Imagine a busy law office where attorneys are immersed in research and client
consultations. Here, an NLU-enabled conversation agent operates as a virtual legal
assistant, capable of answering client inquiries, scheduling appointments, and even
providing preliminary legal advice. These chatbots, with their ability to understand
and process natural language, bridge the gap between clients and their legal
representatives, ensuring that essential communication is both efficient and accurate.

The reasoning ability of these legal domain conversation systems extends to legal
research and document management as well. NLU-powered systems can swiftly
analyze legal documents, identify relevant precedents, and suggest potential legal
strategies. This capability significantly enhances the efficiency of legal research,
enabling lawyers to craft more compelling and informed arguments.

In this section, we will explore case studies that illustrate the transformative
impact of NLU-augmented chatbots in the legal domain. From automating routine
tasks and enhancing client interactions to providing unparalleled access to legal
information, these examples will highlight how the successful NLU is reshaping
law practice, making it more responsive and accessible.

6.4.1 Legal Application Case Studies

TAXMAN: Early Legal Reasoning with NLU In the legal reasoning domain,
the TAXMAN [138] project is a pioneering effort to leverage conversation agents
to analyze legal cases. This can interpret and analyze the facts of corporate
reorganization cases. By automating the interpretation of complex legal scenarios,
TAXMAN provides a structured and methodical breakdown of cases, identifying
key legal concepts and conclusions derived from the given facts.

The potential applications of TAXMAN extend beyond mere case analysis. By
integrating NLU technologies, TAXMAN exemplifies how AI can assist in legal
research, document review, and even the drafting of legal arguments. Its ability
to process vast amounts of information and draw logical conclusions makes it an
invaluable tool for legal practitioners navigating the complexities of corporate law.
As we delve deeper into Legal NLU and Conversation Applications, TAXMAN is a
testament to the transformative power of conversation agents in the legal sector.

LegalBot: A Deep Learning-Based Conversational Agent in the Legal Domain
In the evolving legal technology landscape, LegalBot emerges as an LSTM
encoder decoder-based conversational agent designed to assist with legal inquiries.
LegalBot’s generative nature allows it to craft responses dynamically, drawing on
a vast repository of legal information and contextual understanding. This capability
ensures that users receive not only accurate but also insightful responses tailored
to the nuances of their specific queries. Automating the process of answering
legal questions significantly enhances efficiency, reduces the workload on legal
practitioners, and improves access to legal information for the general public.
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Fig. 6.5 The user interface of Application CoCounsel [8]

CoCounsel: The First AI Legal Assistant Made for Lawyers CoCounsel [25]
emerges as a pioneering AI legal assistant specifically designed for lawyers. Built on
the OpenAI’s GPT-4, CoCounsel represents a significant milestone as the first legal
LLM to enter the market and successfully pass the Bar Exam. CoCounsel’s training
encompasses a range of up-to-date legal materials, including case law, statutes,
and other essential resources. This extensive knowledge base enables CoCounsel to
deliver precise and informed responses to various legal queries, as shown in Fig. 6.5.

From conducting thorough document reviews and drafting detailed legal research
memos to preparing for depositions and analyzing contracts, CoCounsel enhances
the efficiency and effectiveness of legal practice. CoCounsel’s ability to quickly
and accurately process complex legal information showcases the transformative
potential of NLU-augmented conversation systems in the legal domain. It not only
streamlines routine tasks but also ensures that legal advice is grounded in the most
current and relevant legal frameworks.

LeClari: Leveraging Event Schema for Clarifying Questions in Legal Case
Retrieval Preliminary studies on using state-of-the-art large language models
(LLMs) such as GPT-4 have revealed several challenges, including question dupli-
cation and the generation of low-utility content. To address these issues, the
innovative system LeClari was developed, leveraging legal event schemas as
external knowledge to instruct LLMs in producing more effective clarifying ques-
tions. LeClari has two core modules: a prompt module and a novel legal event
selection module. The prompt module is designed to define prompts enriched with
legal events to guide the generation of clarifying questions. Meanwhile, the legal
event selection module meticulously selects potential event types by modelling the
relationships among legal event types, conversational context, and candidate cases.



6.4 Legal Applications in NLU 145

To further refine the system, LeClari employs ranking-oriented rewards and utilizes
the reward-augmented maximum likelihood (RAML) method. This optimization
strategy is directly based on the conversational legal search system’s final retrieval
performance, ensuring that the clarifying questions generated enhance the accuracy
and efficiency of legal case retrieval.

6.4.2 Conclusion

As we conclude our exploration of Legal NLU and Conversation Applications, we
reflect on the advancements these technologies have made in the legal field.

From the pioneering work of TAXMAN in legal reasoning to the conversational
capabilities of LegalBot, we have seen how NLU can enhance the precision and
efficiency of legal tasks. These systems not only streamline document review,
legal research, and contract analysis but also provide insightful and contextually
relevant responses to complex legal queries. CoCounsel stands out as a beacon
of innovation, illustrating the power of large language models to assist lawyers in
performing a variety of tasks with remarkable speed and accuracy. Its ability to
process up-to-date legal materials and generate informed answers showcases the
transformative potential of AI in legal practice. LeClari further exemplifies the
innovative fusion of legal expertise and advanced AI technology. By leveraging
legal event schemas to generate effective clarifying questions, LeClari significantly
enhances the performance of legal conversational search systems, ensuring that legal
professionals can retrieve the most relevant and precise information efficiently.

As we have explored these applications, it is evident that NLU technologies are
augmenting human expertise and reshaping the very foundations of legal practice.
They provide tools that enhance the accuracy, speed, and accessibility of legal
services, ultimately contributing to a more efficient and just legal system.



Chapter 7
Challenges, Conclusion, and Future
Direction

7.1 Challenges in Natural Language Understanding

As journeyed through the preceding chapters, we have marvelled at the significant
advancements in Natural Language Understanding (NLU) brought about by deep
learning. Yet, despite these strides, the path to truly comprehending human language
in all its depth and diversity is still laden with formidable challenges.

Language, with its inherent complexities, presents a labyrinth of ambiguity,
contextual nuances, and the vast expanse of human expression. It is like a living
organism, continuously evolving, adapting, and presenting new facets to decode.
Beyond these inherent intricacies, the real-world deployment of NLU models
reveals even more hurdles. Issues of domain adaptation, the scarcity and variability
of high-quality data, and ethical quandaries cast long shadows over the field.

This section delves into the heart of these challenges, exploring the obstacles
that still impede our quest for robust and universally applicable NLU systems. It’s
a narrative of an ongoing struggle, a call for relentless innovation, and a reminder
that the journey of understanding human language is as complex and dynamic as the
language itself.

7.1.1 Ambiguity and Contextual Understanding

Language, in its essence, is a tapestry woven with threads of ambiguity and contex-
tual richness. Each word and sentence carries the potential for multiple meanings,
shifting and morphing depending on the surrounding context. This fluidity, while
a testament to the beauty and complexity of human communication, presents a
formidable challenge for Natural Language Understanding (NLU) models.

Imagine a single word, “bat.” In one context, it flits through the night sky, a
creature of darkness. In another, it rests in the hands of a cricketer, poised for a strike.
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Such homonyms—words that sound alike but diverge in meaning—are just one of
the puzzles NLU systems must solve. The challenge is compounded with polysemy,
where a single word harbors multiple meanings, each waiting to be unlocked by the
correct contextual key.

Consider the word “bank.” To one person, it conjures images of a financial
institution, the keeper of wealth. To another, it shows the serene image of a river’s
edge, where water gently kisses the land. The NLU model must discern from the
surrounding text whether it is navigating the world of finance or nature.

This inherent ambiguity demands a level of contextual understanding that is both
deep and nuanced. NLU models must not only recognize words but also grasp the
intricate dance of context that gives these words their true meaning. They must learn
to see beyond the surface, to the underlying intentions and connotations, much like
a detective piecing together clues to solve a mystery.

In the human conversation, context is king. In a formal meeting, a phrase uttered
in jest among friends can take on a starkly different tone. The subtleties of tone, the
play of words, and the shared knowledge between speakers all contribute to the rich
tapestry of meaning. Capturing this dynamic interplay in a model is akin to bottling
lightning—an elusive and ongoing pursuit.

As we venture further into the depths of NLU, the challenge of ambiguity and
contextual understanding is a testament to human language’s complexity. It reminds
us that, while we have made great strides, the journey toward fully grasping the
nuances of our ever-evolving language continues.

7.1.2 Long-Term Dependencies

In the intricate dance of conversation, the ability to remember and build upon past
interactions is paramount. Each exchange, each turn in dialogue, carries echoes of
previous words and ideas, weaving a coherent narrative that makes sense of the
unfolding interaction. Yet, for NLUmodels, capturing these long-term dependencies
remains a daunting challenge, akin to tracing the delicate threads of a spider’s web
in a storm.

Consider a conversation over several minutes or even hours. Early statements,
questions, or topics might resurface, requiring the model to recall and reference
them accurately. This task is straightforward for humans, who effortlessly juggle
multiple conversational threads, remembering past exchanges and anticipating
future ones. However, for NLU systems, maintaining this continuity over extended
interactions often proves elusive.

Current models, despite their sophistication, frequently stumble in this area. They
struggle to hold onto the context as the conversation progresses, leading to responses
that are disjointed or irrelevant. It’s as if the model has a short memory, capable of
responding to immediate prompts but unable to keep track of the conversation’s
overarching narrative.
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Imagine a scenario where a user discusses holiday plans with a conversational
agent. They might start by mentioning a preference for tropical destinations,
later inquire about flight availability, and finally seek recommendations for local
activities. An effective NLU system would seamlessly integrate these elements,
recognizing that all these queries are part of a single, coherent topic. However,
a system that fails to capture long-term dependencies might treat each query in
isolation, offering generic responses that ignore the established context.

The root of this challenge lies in the temporal nature of language. Conversations
are not static; they evolve, with each turn building upon the last. This requires
models to develop a memory that is not just short-term but capable of spanning the
entire dialogue. Despite advancements in techniques such as attention mechanisms
and memory networks, the perfect solution remains elusive.

In multi-turn dialogues, where interactions are layered and complex, the need for
models to grasp long-term dependencies becomes even more critical. The goal is
to move beyond simple, transactional exchanges to create systems that can engage
in meaningful, sustained conversations, mirroring the fluidity and depth of human
interaction.

As we navigate the frontier of NLU, the challenge of capturing long-term
dependencies stands as a testament to the complexity of human communication.
It is a reminder that the path to true conversational intelligence is long and
winding, demanding innovation, patience, and an ever-deepening understanding of
the nuanced tapestry of dialogue.

7.1.3 Domain Adaptation

In the vast and varied landscape of language, context is everything. NLU models,
meticulously trained on specific datasets, often falter when they venture into
new and unfamiliar domains. It’s as if these models, once comfortable in their
native habitat, become disoriented in foreign terrain, struggling to comprehend the
unfamiliar dialects and nuances they encounter.

Consider a model trained extensively on news articles. Within this domain, it
navigates adeptly, parsing political analyses and economic reports with precision.
However, when this same model is deployed to interpret medical literature or engage
in casual conversation, it stumbles. The language, terminology, and contextual cues
differ so markedly that the model’s prior training becomes a hindrance rather than a
help.

This challenge underscores the critical importance of transfer learning and
domain adaptation techniques. These methods aim to equip NLU models with the
flexibility to transition smoothly across different fields, retaining their efficacy and
relevance. Yet, despite their promise, these techniques are still evolving, seeking the
refinement needed to achieve robust cross-domain performance.

Imagine an NLU model as an explorer, venturing from the familiar shores of
its training data into the uncharted waters of a new domain. For this journey, the
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explorer must adapt and learn new cultural contexts and linguistic norms. Transfer
learning provides the initial bridge, allowing the model to use general linguistic
skills. Domain adaptation, on the other hand, fine-tunes these skills, aligning them
with the specific characteristics of the new domain.

The process is akin to learning a new dialect within a language. While the basic
structure and vocabulary remain the same, the subtleties—the idioms, the slang,
the cultural references—require a period of immersion and adjustment. For NLU
models, this immersion involves exposure to domain-specific data, enabling them to
grasp the unique patterns and nuances that define each field.

Despite the progress made, the journey toward seamless domain adaptation is far
from complete. Each domain presents its own set of challenges, demanding tailored
solutions that go beyond mere surface-level adjustments. The goal is to develop
models that are not just versatile but deeply attuned to the intricacies of each domain
they encounter.

As we continue to push the boundaries of NLU, the quest for effective domain
adaptation remains a central theme. It is a reminder of the rich diversity of human
language and the complexity of creating systems that can navigate this diversity with
grace and accuracy. The path forward is one of continuous learning and adaptation,
mirroring the dynamic nature of language itself.

7.1.4 Data Scarcity and Quality

In the ever-evolving landscape of Natural Language Understanding, data stands
as the cornerstone of progress. High-quality, annotated datasets are the essential
bedrock upon which effective NLUmodels are constructed. However, creating these
invaluable resources is a task of immense scale, demanding a significant investment
of time, effort, and expertise. This laborious process of curation often poses a
formidable obstacle to advancement, particularly when the aim is to develop models
that are universally applicable.

Imagine the meticulous work required to annotate a dataset. Each sentence must
be carefully labelled, and every nuance of meaning must be precisely captured.
This labor-intensive endeavor necessitates not only linguistic acumen but also a
profound understanding of the specific domain at hand. Creating such datasets is
a slow, intricate dance, indispensable yet fraught with challenges.

The scarcity of diverse datasets further complicates this landscape. Our world is
a rich tapestry of languages and dialects, each with its distinct structure, idioms,
and cultural references. However, most available datasets are concentrated in
a few dominant languages, leaving a significant portion of linguistic diversity
unrepresented. This limitation hampers the development of NLU models that can
seamlessly operate across different linguistic and cultural contexts.

Consider the plight of an NLU model trained exclusively on English texts. When
tasked with understanding or generating text in a less-represented language, such as
Swahili or Basque, it flounders. The nuances, idiomatic expressions, and cultural
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references unique to these languages remain out of reach, a stark reminder of
the gaps in our data resources. The absence of diverse, high-quality datasets thus
restricts the horizons of NLU, confining its capabilities to well-trodden paths.

Moreover, the quality of available data is often inconsistent. While some datasets
are meticulously annotated and rich in detail, others may be sparse or rife with
errors. The reliability and accuracy of these datasets directly impact the performance
of NLU models, underscoring the critical need for rigorous standards in data
curation.

As we navigate the challenges of data scarcity and quality, the path forward
is clear: we must invest in creating diverse, high-quality datasets that reflect the
full spectrum of human language. This endeavor, though resource-intensive, is
essential for the evolution of truly versatile and universally applicable NLU models.
It is a journey of continuous discovery and refinement, mirroring the dynamic and
multifaceted nature of language itself.

7.1.5 Bias and Fairness

In the intricate world of Natural Language Understanding, the quest for fairness
and impartiality is a profound and ongoing challenge. As NLU models become
increasingly sophisticated, they often inherit biases present in the data on which
they are trained. These biases, subtle or overt, can manifest in ways that lead to
unfair or skewed outcomes, casting a shadow over the promise of truly equitable AI
systems.

Imagine a model trained on a dataset that reflects historical prejudices or
stereotypes. If not carefully managed, these ingrained biases can ripple through the
model’s responses, subtly perpetuating inequalities rather than challenging them.
This issue is not merely theoretical; it has real-world implications. A model might,
for instance, exhibit gender or racial bias in its interactions, producing results that
reinforce harmful stereotypes rather than promoting inclusivity.

Bias in NLU systems often begins with the data itself. Training datasets are
shaped by the world they represent, and if that world is unequal or prejudiced,
those same flaws can be mirrored in the AI’s outputs. This is akin to a painter using
imperfect pigments—no matter how skilled the quality of the materials will taint the
artist, the final canvas.

Addressing this issue requires a meticulous approach to both data collection
and model training. It begins with scrutinizing and diversifying the datasets used.
Ensuring that data is representative of various demographics and perspectives is
crucial. This means actively seeking out and incorporating voices and viewpoints
that might be overlooked. It also involves applying rigorous checks to identify and
rectify biases within the data.

Model training processes must also be refined to combat bias. Techniques such
as fairness-aware algorithms and de-biasing strategies are emerging to address these
concerns. However, these are not silver bullets; they require careful implementation
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and continuous monitoring. Bias mitigation is a dynamic process, necessitating
ongoing evaluation and adjustment to reflect evolving societal standards and values.

The challenge of ensuring fairness in NLU systems reflects broader societal
issues, and as such, it demands a thoughtful and proactive approach. It is a call
to action for developers and researchers to remain vigilant, question the sources of
their data, and strive for systems that not only understand language but do so in a
just and equitable manner.

In the end, the pursuit of fairness in NLU is a journey—one that requires constant
vigilance, critical reflection, and a commitment to creating AI systems that serve
all people with dignity and respect. It is an evolving challenge, mirroring the
complexities of human society itself, and it remains at the forefront of the ongoing
dialogue about the ethical use of technology.

7.1.6 Explainability and Interpretability

In Natural Language Understanding, deep learning models are frequently likened to
enigmatic black boxes. These sophisticated algorithms, with their layers of neural
networks and complex computations, often need to be made more clear of how
decisions are made. This opacity can be a double-edged sword: while these models
may achieve remarkable performance, their lack of transparency can be a significant
hurdle, particularly in applications where trust and accountability are paramount.

Imagine a scenario where an NLU model recommends or delivers a decision in a
critical context, such as a medical diagnosis or legal judgment. The stakes are high,
and the need for clarity becomes urgent. Yet, when confronted with the model’s
output, stakeholders may grapple with uncertainty. How did the model arrive at its
conclusion? What factors influenced its decision? Without a clear understanding
of the model’s reasoning process, trusting and validating its outcomes becomes a
challenging endeavor.

The black-box nature of deep learning models stems from their intricate architec-
tures and the vast number of parameters they use. These models learn to represent
complex patterns in data through numerous hidden layers, but this process can
make it difficult to trace how a specific input leads to a particular output. This
lack of explainability can be particularly problematic in sensitive applications where
decisions have significant consequences for individuals or society.

Addressing this challenge requires a concerted effort to enhance explainabil-
ity and interpretability. Techniques in this domain aim to shed light on the
decision-making processes of these models, providing insights into how inputs are
transformed into outputs. Methods such as attention mechanisms, saliency maps,
and model-agnostic explanations seek to bridge the gap between the model’s internal
workings and human understanding.

Imagine these techniques as tools that offer glimpses into the model’s thought
process. Attention mechanisms, for instance, can highlight which parts of the input
data were most influential in generating a specific response, offering a clearer picture
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of the model’s focus. Saliency maps can illustrate which features contributed most
to the decision, providing a visual representation of the model’s reasoning.

Nevertheless, achieving true interpretability remains a complex and ongoing
pursuit. The challenge lies not only in developing methods that provide meaningful
insights but also in ensuring that these methods are accessible and useful to those
who need them. This is especially critical in domains where the consequences of
decisions are profound and far-reaching.

Essentially, the quest for explainability and interpretability in NLU is about
making the invisible visible. It is about transforming the black box into a transparent
vessel that can be understood, trusted, and held accountable. As we advance in our
ability to demystify these models, we move closer to creating systems that not only
excel in performance but also foster trust and confidence in their applications.

7.2 Conclusion

As we reflect on the journey of single-turn and multi-turn Natural Language
Understanding (NLU) within deep learning-based conversational AI, it is evident
that the field has traversed impressive milestones. The evolution of deep learning
has ushered in a new era of linguistic capabilities, marked by the advent of sophis-
ticated models like transformers and attention mechanisms. These innovations have
dramatically enhanced our ability to interpret and generate human language with
unprecedented accuracy and contextual awareness.

From the simplicity of single-turn exchanges to the complexity of multi-turn
dialogues, NLU systems have shown remarkable adaptability. They now handle a
broad spectrum of conversational scenarios, moving from transactional interactions
to intricate, nuanced conversations that mirror the subtleties of human dialogue.
This progress is not just a testament to technological prowess but also a reflection
of the increasing sophistication in evaluating and refining these systems. Effective
evaluation mechanisms have been crucial in pushing the boundaries, ensuring that
NLU systems continuously evolve to meet new challenges and expectations.

However, as we navigate these advancements, it becomes clear that the road
ahead is paved with significant challenges. Language, with its inherent ambiguity
and complexity, continues to test the limits of our models. The task of maintaining
coherence over extended conversations, adapting to diverse domains, and ensuring
the quality and fairness of data remains a formidable one. Issues of bias, the need
for interpretability, and the demands on resources highlight the areas where further
research and innovation are beneficial and essential.

Resolving these challenges is a call to action for the research community,
developers, and stakeholders alike. It requires a concerted effort to delve deeper
into the intricacies of language and build models that are not only powerful but also
equitable and transparent. As we move forward, the focus must remain on advancing
both the technological capabilities and the ethical standards that govern the use of
NLU systems.
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In essence, while the strides made in NLU are impressive, they serve as a stepping
stone toward a more nuanced and comprehensive understanding of human language.
The journey is ongoing, characterized by a dynamic interplay of progress and
challenges. It is a reminder that the quest for truly intelligent, fair, and context-
aware conversational systems is a continuous endeavor—one that holds the promise
of further innovation and insight as we strive to bridge the gap between human and
machine understanding.

7.3 Future Direction

As we stand on the precipice of a new era in Natural Language Understanding,
the horizon brims with untapped potential and intriguing possibilities. The journey
thus far has witnessed remarkable strides, propelled by the relentless march of deep
learning and the burgeoning capabilities of conversational AI. Yet, the road ahead is
as promising as it is challenging, demanding not only ingenuity but also a nuanced
understanding of the evolving landscape.

The future of NLU is poised to unravel new dimensions, each presenting its own
set of opportunities and hurdles. From refining our grasp of intricate contextual cues
to crafting models that transcend linguistic and cultural boundaries, the forthcoming
innovations are set to redefine the boundaries of what conversational AI can achieve.
In this unfolding narrative, each chapter holds the promise of addressing the current
limitations and exploring novel avenues for advancement.

The quest for improvement will be characterized by a deeper engagement with
the subtleties of human language and a more sophisticated interplay between
technology and human oversight. As we venture into this new realm, the focus will
shift toward enhancing contextual understanding, overcoming biases, and making
AI systems more transparent and accessible. This journey is not merely about
technological enhancement but also about fostering a more harmonious integration
of AI into our daily lives.

In the pages that follow, we will delve into the key areas poised for development,
exploring how these future directions could shape the next generation of NLU
systems and, by extension, transform the way we interact with technology. The
promise of these advancements invites us to envision a future where conversational
AI not only understands our language but also resonates with our diverse and
dynamic human experience.

7.3.1 Improved Contextual Understanding

In conversational AI, the quest for a deeper and more nuanced understanding of
context is nothing short of a grand pursuit. The richness of human dialogue lies in its
intricate layers of meaning, often shaped by preceding exchanges and the subtleties
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of personal experiences. For AI to truly grasp the essence of these conversations,
it must go beyond surface-level interactions and delve into the depths of long-term
contextual continuity.

At present, conversational models excel at parsing and responding to immediate
queries with impressive accuracy. However, their ability to maintain and utilize
context over extended dialogues remains challenging. This limitation often results
in disjointed or irrelevant responses, detracting from the fluidity of human-like inter-
action. The future of NLU will hinge on developing more sophisticated mechanisms
that can emulate the intricate dance of human memory and understanding.

Imagine an AI system that, like a seasoned conversationalist, recalls the details of
past interactions with the same ease and relevance as a human counterpart. Achiev-
ing this vision will necessitate advances in memory mechanisms—innovations that
allow models to not only store but also meaningfully access and apply contextual
information from earlier conversations. These mechanisms will need to be dynamic,
adapting to the flow of dialogue and the evolving needs of the conversation.

Moreover, integrating external knowledge bases holds immense promise in
enhancing contextual understanding. By drawing upon a vast reservoir of informa-
tion beyond the immediate conversation, AI can enrich its responses with deeper
insights and more relevant content. This involves not just accessing data but weaving
it seamlessly into the dialogue, providing responses that are both informed and
contextually appropriate.

In this emerging landscape, the interplay between internal memory systems and
external knowledge sources will be pivotal. Models that effectively combine these
elements will not only offer more coherent and contextually aware interactions but
also bridge the gap between AI and the nuanced subtleties of human conversation.

As we forge ahead, we will focus on refining these mechanisms and ensuring they
contribute to a more authentic and engaging conversational experience. The goal is
not merely to enhance AI’s technical capabilities but to cultivate a conversational
partner who resonates with the depth and complexity of human communication.
This pursuit will define the next frontier in NLU, where context is not just
understood but seamlessly integrated into the very fabric of interaction.

7.3.2 Advanced Transfer Learning Techniques

As we navigate the intricate landscape of Natural Language Understanding, the
pursuit of versatility and adaptability in conversational AI emerges as a defining
challenge. One of the most promising avenues for achieving this is advanced transfer
learning techniques, which promise to revolutionize how models adapt to new
domains with minimal data. This capability is crucial for enhancing the flexibility
and applicability of NLU systems across diverse contexts and applications.

Transfer learning, in its essence, involves leveraging knowledge gained from one
domain to inform and improve performance in another. Traditional approaches often
rely on substantial datasets from target domains to fine-tune models effectively.
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However, in many real-world scenarios, acquiring such data can be impractical or
infeasible. Enter advanced techniques like meta-learning and zero-shot learning—
innovations poised to transform this paradigm.

Meta-learning, or “learning to learn,” represents a sophisticated evolution of
transfer learning. By training models on a diverse array of tasks, meta-learning
equips them with the ability to generalize from limited examples. This approach
allows models to rapidly adapt to new, unseen tasks by drawing on their prior
experiences. The essence of meta-learning lies in its ability to streamline the
adaptation process, making it possible for NLU systems to excel in new domains
with minimal additional data. Imagine a conversational agent that, after being
exposed to a broad spectrum of topics, can seamlessly switch to addressing niche
subjects easily and accurately.

Zero-shot learning, on the other hand, pushes the boundaries of transfer learning
by enabling models to handle tasks or concepts they have never encountered during
training. This technique leverages semantic representations and relationships to
infer new classes or domains. For instance, a model trained on general conversa-
tional data can utilize zero-shot learning to engage in meaningful dialogue about
a specialized subject, such as legal or medical terminology, without having been
explicitly trained on that data.

The synergy between meta-learning and zero-shot learning presents a powerful
combination for advancing NLU. Meta-learning provides the foundational capabil-
ity to adapt swiftly to new scenarios, while zero-shot learning expands the model’s
reach into uncharted territories. Together, these techniques enhance the model’s
ability to handle various tasks and domains, increasing its utility and applicability.

As we look to the future, the development and refinement of these advanced
transfer learning techniques will be pivotal in creating NLU systems that are not
only more adaptable but also more intelligent in their application. The ability to
effectively generalize from minimal data and tackle novel challenges will mark a
significant leap forward in the quest for robust conversational AI.

7.3.3 Multilingual and Cross-cultural NLU

In an increasingly interconnected world, the ability of Natural Language Under-
standing systems to navigate multiple languages and diverse cultural contexts is
emerging as a critical frontier. As conversational AI seeks to transcend geographical
and linguistic boundaries, the quest for multilingual and cross-cultural competence
becomes not merely advantageous but essential. This journey toward global appli-
cability requires more than technical innovation—it demands a deep understanding
of linguistic diversity and cultural nuances.

Imagine a world where conversational AI seamlessly bridges the gaps between
languages, facilitating communication across continents with the fluidity of a native
speaker. Such a vision is within reach, but it hinges on two pivotal aspects: the
creation of expansive, diverse datasets and the development of models capable of
generalizing across languages.
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To achieve true multilingual capability, it is imperative to construct datasets
that are not only vast but also representative of a wide array of languages and
dialects. The richness of these datasets must capture the subtleties of various
linguistic structures, idioms, and contextual expressions. This means going beyond
the commonly spoken languages to include underrepresented and lesser-known
tongues, ensuring that AI systems are equipped to understand and generate language
with genuine proficiency across the globe.

Moreover, the challenge extends beyond mere translation; it encompasses the
ability to interpret and respect cultural nuances. Language is deeply intertwined
with culture, and effective communication involves recognizing and adapting to
these cultural contexts. A model trained solely on English data, for instance, might
struggle with the cultural references and social norms embedded in other languages.
Thus, developing AI systems that can comprehend and respond appropriately in a
cross-cultural setting is crucial for fostering truly global interactions.

To address these challenges, the field is turning to advanced methodologies in
transfer learning and cross-lingual embeddings. Techniques such as multilingual
BERT and cross-lingual language models aim to create shared representations that
enable a deeper understanding across different languages. These models are trained
to grasp the commonalities between languages while appreciating their unique
characteristics. The result is a more cohesive and adaptable NLU system capable
of switching seamlessly between languages and cultural contexts.

In addition, ongoing research into zero-shot learning and few-shot learning
techniques is helping models perform well in languages with limited training data.
By leveraging knowledge from well-resourced languages, these techniques enable
AI systems to infer and generate text in less commonly spoken languages with
remarkable accuracy.

The path to multilingual and cross-cultural NLU is a journey of both technical
and cultural exploration. As we advance, the focus will be on refining models to
handle linguistic diversity and honor the richness of human culture. In doing so,
conversational AI will become more versatile and inclusive, paving the way for
truly global dialogue and understanding.

7.3.4 Ethics and Fairness

The quest for technological excellence is paralleled by an equally pressing impera-
tive: ensuring ethical integrity and fairness. As conversational AI systems become
increasingly embedded in our daily lives, the importance of addressing biases and
fostering equitable outcomes cannot be overstated. The journey toward ethical AI
is not merely a technical endeavor but a profound commitment to building systems
that reflect our collective values of fairness and inclusivity.

Imagine a world where conversational AI interacts with individuals from diverse
backgrounds without perpetuating existing societal biases. This vision necessitates
a concerted effort to scrutinize, measure, and mitigate biases that may lurk within
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these systems. The challenge lies not only in recognizing the subtle ways in which
bias can manifest but also in devising methods to counteract its influence.

To navigate this complex terrain, researchers and practitioners must establish
robust frameworks for evaluating fairness. This involves developing comprehensive
metrics that can capture a range of potential biases, from gender and racial biases to
socioeconomic and linguistic disparities. Traditional evaluation methods often need
to catch up, as they may overlook nuances or need to account for context-specific
factors. Therefore, there is a pressing need for innovative approaches that offer a
more nuanced understanding of fairness and bias in AI systems.

Moreover, implementing techniques to ensure unbiased model behavior is
equally crucial. This includes designing algorithms resilient to bias and incor-
porating fairness-aware mechanisms during the training and deployment phases.
Techniques such as adversarial debiasing, where models are trained to counteract
bias by exposing them to challenging examples, and fairness constraints, which
adjust the model’s decision-making process to uphold ethical standards, are gaining
traction. These methods aim to create AI systems that not only perform well but also
uphold the principles of fairness and equality.

Furthermore, transparency and accountability play a pivotal role in the ethical
deployment of NLU systems. Ensuring that models are interpretable and that their
decision-making processes can be scrutinized is essential for building trust and
addressing concerns related to fairness. By fostering an environment where AI
systems are open to review and critique, developers can better identify and rectify
biases and ensure that their models serve all users equitably.

As we forge ahead, integrating ethical considerations into the development and
deployment of NLU systems will be instrumental in shaping a future where AI
contributes positively to society. This journey is not merely about technological
advancement but about aligning our innovations with the fundamental values
of justice and fairness. By embracing these principles, we can aspire to create
conversational AI that not only understands and interacts with us but does so in
a manner that is just, inclusive, and reflective of our shared human dignity.

7.3.5 Resource-Efficient Models

In the rapidly evolving landscape of Natural Language Understanding, the quest
for cutting-edge performance often clashes with the practical constraints of com-
putational resources. As AI systems become more sophisticated, they frequently
demand increasingly substantial amounts of data, processing power, and memory.
This presents a paradox: while we strive for models that excel in accuracy and
capability, we must also address the need for efficiency and accessibility. The future
of NLU lies in striking a balance between high performance and resource efficiency,
making advanced technologies available to a broader audience.

Imagine a world where state-of-the-art conversational AI can be deployed not
only by tech giants with vast computational resources but also by smaller enter-
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prises and individuals with limited means. This vision is attainable by developing
resource-efficient models—systems designed to deliver exceptional performance
while minimizing their computational footprint.

One key technique in achieving this balance is model pruning. This process
systematically removes parts of a neural network that contribute little to its
overall performance. By trimming away these redundant elements, we can create
a leaner, faster model that retains its core capabilities. Pruning not only reduces the
computational load but also lessens the memory requirements, making it possible to
deploy sophisticated NLU systems on less powerful hardware.

Another crucial method is quantization, which involves converting a model’s
weights and activations from high-precision floating-point numbers to lower-
precision formats. This transformation significantly reduces the model’s memory
footprint and accelerates computation. Despite the reduction in precision, carefully
applying quantization techniques can maintain a model’s performance at levels
comparable to its more resource-intensive counterparts.

The evolution of efficient architectures is also pivotal in this realm. Advances in
neural network design continually push the boundaries of what can be achieved
with fewer resources. Architectures such as MobileNets and EfficientNet are
specifically crafted to balance performance with efficiency, enabling high-quality
NLU while keeping computational demands in check. These architectures leverage
novel strategies like depthwise separable convolutions and compound scaling to
optimize resource usage without compromising accuracy.

As we look to the future, the emphasis on resource-efficient models will be
instrumental in democratizing access to advanced NLU technologies. By making
high-performance AI systems more accessible, we open doors for innovation
across diverse sectors, from education and healthcare to small businesses and local
communities. The drive toward efficiency not only enhances the feasibility of
deploying AI solutions in resource-constrained environments but also aligns with
broader goals of sustainability and inclusivity.

In this emerging landscape, the challenge is to blend technical prowess with
pragmatic considerations, ensuring that our advancements in NLU serve a wider
array of users and applications. Through continued innovation in model pruning,
quantization, and efficient architectures, we can realize a future where advanced
conversational AI is powerful and universally accessible, paving the way for a more
equitable and technologically empowered world.

7.3.6 Human-AI Collaboration

As conversational AI systems become increasingly sophisticated, the nature of their
interaction with human users is undergoing a profound transformation. The future
of Natural Language Understanding is not merely about advancing technology
but about reimagining the synergy between humans and machines. The goal is
to cultivate a collaborative relationship where AI serves not as an autonomous
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decision-maker but as a supportive assistant that enhances human capabilities and
decision-making processes.

Picture a scenario where an AI system seamlessly integrates into the daily
workflow, not as an isolated entity but as an active participant in a collaborative
partnership. This vision highlights the importance of developing interfaces that
facilitate a dynamic interaction between humans and AI, ensuring that the tech-
nology complements rather than competes with human expertise.

One crucial aspect of enhancing this interaction is the design of intuitive
interfaces that promote clear and effective communication between users and AI
systems. Such interfaces should be crafted to support natural, fluid exchanges,
allowing users to engage with AI in ways that align with their cognitive processes
and preferences. This might involve incorporating user-friendly dialogue boxes,
visual aids, and interactive elements that make the AI’s capabilities and limitations
transparent and accessible.

Human oversight is another vital component in this collaborative framework.
Ensuring that AI systems operate within boundaries set by human judgment helps
prevent overreliance and mitigates potential risks associated with autonomous
decision-making. By embedding mechanisms for oversight, such as review pro-
cesses and decision checkpoints, users can maintain control and intervene when
necessary. This approach not only enhances the reliability of AI systems but also
builds trust by providing users with the assurance that they remain at the helm of
critical decisions.

Moreover, adaptive feedback mechanisms are essential for refining the collabo-
ration between humans and AI. These mechanisms allow AI systems to learn from
user interactions, continuously improving their performance and responsiveness
based on real-world usage. By incorporating feedback loops that capture user input
and preferences, AI can evolve in a manner that better aligns with human needs and
expectations.

In this collaborative paradigm, AI transitions from a mere tool to a proactive
partner. Rather than operating in isolation, AI systems become integral to the human
decision-making process, offering insights, suggestions, and support that enhance
overall effectiveness. This shift not only optimizes AI’s utility but also fosters a
more harmonious and productive interaction between technology and its users.

As we advance, the focus will be on refining these collaborative interfaces and
oversight mechanisms, ensuring that AI systems are not only advanced in their
capabilities but also adept at working alongside humans. The future of NLU lies
in creating a partnership where AI amplifies human strengths and compensates for
limitations, paving the way for more effective, ethical, and empowering applications
of conversational technology.
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