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preface


  Over the past couple of years, it has become increasingly difficult to ignore the breakneck speed at which the field of natural language processing (NLP) has been progressing. Over this period, you have likely been bombarded with news articles about trending NLP models such as ELMo, BERT, and more recently GPT-3. The excitement around this technology is warranted, because these models have enabled NLP applications we couldn’t imagine would be practical just three years prior, such as writing production code from a mere description of it, or the automatic generation of believable poetry and blogging.


  A large driver behind this advance has been the focus on increasingly sophisticated transfer learning techniques for NLP models. Transfer learning is an increasingly popular and exciting paradigm in NLP because it enables you to adapt or transfer the knowledge acquired from one scenario to a different scenario, such as a different language or task. It is a big step forward for the democratization of NLP and, more widely, artificial intelligence (AI), allowing knowledge to be reused in new settings at a fraction of the previously required resources.


  As a citizen of the West African nation of Ghana, where many budding entrepreneurs and inventors do not have access to vast computing resources and where so many fundamental NLP problems remain to be solved, this topic is particularly personal to me. This paradigm empowers engineers in such settings to build potentially life-saving NLP technologies, which would simply not be possible otherwise.


  I first encountered these ideas in 2017, while working on open source automatic machine learning technologies within the US Defense Advanced Research Projects Agency (DARPA) ecosystem. We used transfer learning to reduce the requirement for labeled data by training NLP systems on simulated data first and then transferring the model to a small set of real labeled data. The breakthrough model ELMo emerged shortly after and inspired me to learn more about the topic and explore how I could leverage these ideas further in my software projects.


  Naturally, I discovered that a comprehensive practical introduction to the topic did not exist, due to the sheer novelty of these ideas and the speed at which the field is moving. When an opportunity to write a practical introduction to the topic presented itself in 2019, I didn’t think twice. You are holding in your hands the product of approximately two years of effort toward this purpose. This book will quickly bring you up to speed on key recent NLP models in the space and provide executable code you will be able to modify and reuse directly in your own projects. Although it would be impossible to cover every single architecture and use case, we strategically cover architectures and examples that we believe will arm you with fundamental skills for further exploration and staying up-to-date in this burgeoning field on your own.


  You made a good decision when you decided to learn more about this topic. Opportunities for novel theories, algorithmic methodologies, and breakthrough applications abound. I look forward to hearing about the transformational positive impact you make on the society around you with it.
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about this book


  This book is an attempt to produce a comprehensive practical introduction to the important topic of transfer learning for NLP. Rather than focusing on theory, we stress building intuition via representative code and examples. Our code is written to facilitate quickly modifying and repurposing it to solve your own practical problems and challenges.


  
Who should read this book?


  To get the most out of this book, you should have some experience with Python, as well as some intermediate machine learning skills, such as an understanding of basic classification and regression concepts. It would also help to have some basic data manipulation and preprocessing skills with libraries such as Pandas and NumPy.


  That said, I wrote the book in a way that allows you to pick up these skills with a bit of extra work. The first three chapters will rapidly bring you up to speed on everything you need to know to grasp the transfer learning for NLP concepts sufficiently to apply in your own projects. Subsequently, following the included curated references on your own will solidify your prerequisite background skills, if that is something you feel that you need.


  
Road map


  The book is divided into three parts. You will get the most out of it by progressing through them in the order of appearance.


  Part 1 reviews key concepts in machine learning, presents a historical overview of advances in machine learning that have enabled the recent progress in transfer learning for NLP, and provides the motivation for studying the subject. It also walks through a pair of examples that serve to both review your knowledge of more traditional NLP methods and get your hands dirty with some key modern transfer learning for NLP approaches. A chapter-level breakdown of covered concepts in this part of the book follows:


  
    	
      Chapter 1 covers what exactly transfer learning is, both generally in AI and in the context of NLP. It also looks at the historical progression of technological advances that enabled it.

    

  


  
    	
      Chapter 2 introduces a pair of representative example natural language processing (NLP) problems and shows how to obtain and preprocess data for them. It also establishes baselines for them using the traditional linear machine learning methods of logistic regression and support vector machines.

    

  


  
    	
      Chapter 3 continues baselining the pair of problems from chapter 2 with the traditional tree-based machine learning methods—random forests and gradient boosting machines. It also baselines them using key modern transfer learning techniques, ELMo and BERT.

    

  


  Part 2 dives deeper into some important transfer learning NLP approaches based on shallow neural networks, that is, neural networks with relatively few layers. It also begins to explore deep transfer learning in more detail via representative techniques, such as ELMo, that employ recurrent neural networks (RNNs) for key functions. A chapter-level breakdown of covered concepts in this part of the book follows:


  
    	
      Chapter 4 applies shallow word and sentence embedding techniques, such as word2vec and sent2vec, to further explore some of our illustrative examples from part 1 of the book. It also introduces the important transfer learning concepts of domain adaptation and multitask learning.

    

  


  
    	
      Chapter 5 introduces a set of deep transfer learning NLP methods that rely on RNNs, as well as a fresh pair of illustrative example datasets that will be used to study them.

    

  


  
    	
      Chapter 6 discusses the methods introduced in chapter 5 in more detail and applies them to the datasets introduced in the same chapter.

    

  


  Part 3 covers arguably the most important subfield in this space, namely, deep transfer learning techniques relying on transformer neural networks for key functions, such as BERT and GPT. This model architecture class is proving to be the most influential on recent applications, partly due to better scalability on parallel computing architectures than equivalent prior methods. This part also digs deeper into various adaptation strategies for making the transfer learning process more efficient. A chapter-level breakdown of covered concepts in this part of the book follows:


  
    	
      Chapter 7 describes the fundamental transformer architecture and uses an important variant of it—GPT—for some text generation and a basic chatbot.

    

  


  
    	
      Chapter 8 covers the important transformer architecture BERT and applies it to a number of use cases, including question answering, filling in the blanks, and cross-lingual transfer to a low-resource language.

    

  


  
    	
      Chapter 9 introduces some adaptation strategies meant to make the transfer learning process more efficient. This includes the strategies of discriminative fine-tuning and gradual unfreezing from the method ULMFiT, as well as knowledge distillation.

    

  


  
    	
      Chapter 10 introduces additional adaptation strategies, including embedding factorization and parameter sharing—strategies behind the ALBERT method. The chapter also covers adapters and sequential multitask adaptation.

    

  


  
    	
      Chapter 11 concludes the book by reviewing important topics and briefly discussing emerging research topics and directions, such as the need to think about and mitigate potential negative impacts of the technology. These include biased predictions on different parts of the population and the environmental impact of training these large models.

    

  


  
Software requirements


  Kaggle notebooks are the recommended way of executing these methods, because they allow you to get moving right away without any setup delays. Moreover, the free GPU resources provided by this service at the time of writing expand the accessibility of all these methods to people who may not have access to powerful GPUs locally, which is consistent with the “democratization of AI” agenda that excites so many people about NLP transfer learning. Appendix A provides a Kaggle quick start guide and a number of the author’s personal tips on how to maximize the platform’s usefulness. However, we anticipate that most readers should find it pretty self-explanatory to get started. We have hosted all notebooks publicly on Kaggle with all required data attached to enable you to start executing code in a few clicks. However, please remember to “copy and edit” (fork) notebooks—instead of copying and pasting into a new Kaggle notebook—because this will ensure that the resulting libraries in the environment match those that we wrote the code for.


  
About the code


  This book contains many examples of source code both in numbered listings and in line with normal text. In both cases, source code is formatted in a fixed-width font like this to separate it from ordinary text. Sometimes code is also in bold to highlight code that has changed from previous steps in the chapter, such as when a new feature adds to an existing line of code.


  In many cases, the original source code has been reformatted; we’ve added line breaks and reworked indentation to accommodate the available page space in the book. In rare cases, even this was not enough, and listings include line-continuation markers (➥). Additionally, comments in the source code have often been removed from the listings when the code is described in the text. Code annotations accompany many of the listings, highlighting important concepts.


  The code for the examples in this book is available for download from the Manning website at http://www.manning.com/downloads/2116and from GitHub at https://github.com/azunre/transfer-learning-for-nlp.


  


  


  


liveBook discussion forum


  Purchase of Transfer Learning for Natural Language Processing includes free access to a private web forum run by Manning Publications where you can make comments about the book, ask technical questions, and receive help from the author and from other users. To access the forum, go to https://livebook.manning.com/#!/book/transfer-learning-for-natural-language-processing/discussion . You can also learn more about Manning’s forums and the rules of conduct at https://livebook.manning.com/#!/ discussion.


  Manning’s commitment to our readers is to provide a venue where a meaningful dialogue between individual readers and between readers and the author can take place. It is not a commitment to any specific amount of participation on the part of the author, whose contribution to the forum remains voluntary (and unpaid). We suggest you try asking the author some challenging questions lest his interest stray! The forum and the archives of previous discussions will be accessible from the publisher’s website as long as the book is in print.


  
about the author


  Paul Azunre holds a PhD in Computer Science from MIT and has served as a principal investigator on several DARPA research programs. He founded Algorine Inc., a research lab dedicated to advancing AI/ML and identifying scenarios where they can have a significant social impact. Paul also co-founded Ghana NLP, an open source initiative focused on using NLP and Transfer Learning with Ghanaian and other low-resource languages.


  
about the cover illustration


  The figure on the cover of Transfer Learning for Natural Language Processing is captioned “Moluquoise,” or Moluccan woman. The illustration is taken from a collection of dress costumes from various countries by Jacques Grasset de Saint-Sauveur (1757-1810), titled Costumes civils actuels de tous les peuples connus, published in France in 1788. Each illustration is finely drawn and colored by hand. The rich variety of Grasset de Saint-Sauveur’s collection reminds us vividly of how culturally apart the world’s towns and regions were just 200 years ago. Isolated from each other, people spoke different dialects and languages. In the streets or in the countryside, it was easy to identify where they lived and what their trade or station in life was just by their dress.


  The way we dress has changed since then and the diversity by region, so rich at the time, has faded away. It is now hard to tell apart the inhabitants of different continents, let alone different towns, regions, or countries. Perhaps we have traded cultural diversity for a more varied personal life—certainly for a more varied and fast-paced technological life.


  At a time when it is hard to tell one computer book from another, Manning celebrates the inventiveness and initiative of the computer business with book covers based on the rich diversity of regional life of two centuries ago, brought back to life by Grasset de Saint-Sauveur’s pictures.


  
    
Part 1 Introduction and overview

  


  Chapters 1, 2, and 3 review key concepts in machine learning, present a historical overview of advances in machine learning enabling recent progress in transfer learning for NLP, and stress the importance of studying the subject. They also walk through a pair of relevant examples that serve to both review your knowledge of more traditional NLP methods and get your hands dirty with some key modern transfer learning for NLP approaches.


  
    
1 What is transfer learning?

  


  This chapter covers


  
    	
What exactly transfer learning is, both generally in artificial intelligence (AI) and in the context of natural language processing (NLP)


    	
Typical NLP tasks and the related chronology of NLP transfer learning advances


    	
An overview of transfer learning in computer vision


    	
The reason for the recent popularity of NLP transfer learning techniques

  


  Artificial intelligence (AI) has transformed modern society in a dramatic way. Machines now perform tasks that human used to do, and they do them faster, cheaper, and, in some cases, more effectively. Popular examples include computer vision applications, which teach computers how to understand images and videos, such as for the detection of criminals in closed-circuit television camera feeds. Other computer vision applications include the detection of diseases from images of patients’ organs and the defining of plant species from plant leaves. Another important branch of AI, natural language processing (NLP), deals particularly with the analysis and processing of human natural language data. Examples of NLP applications include speech-to-text transcription and translation between various languages.


  The most recent incarnation of the technical revolution in AI robotics and automation—which some refer to as the Fourth Industrial Revolution1—was sparked by the intersection of algorithmic advances for training large neural networks, the availability of vast amounts of data via the internet, and the ready availability of massively parallel capabilities via graphical processing units (GPUs), which were initially developed for the personal gaming market. The recent rapid advances in the automation of tasks relying on human perception, specifically computer vision and NLP, required these strides in neural network theory and practice to happen. The growth of this area enabled the development of sophisticated representations of input data and desired output signals to handle these difficult problems.


  At the same time, projections of what AI will be able to accomplish have significantly exceeded what has been achieved in practice. We are warned of an apocalyptic future that will erase most human jobs and replace us all, potentially even posing an existential threat to us. NLP is not excluded from this speculation, as it is today one of the most active research areas within AI. It is my hope that reading this book will contribute to helping you gain a better understanding of what is realistically possible to expect from AI, machine learning, and NLP in the near future. However, the main purpose of this book is to arm readers with a set of actionable skills related to a recent paradigm that has become important in NLP—transfer learning.


  Transfer learning aims to leverage prior knowledge from different settings—be it a different task, language, or domain—to help solve a problem at hand. It is inspired by the way in which humans learn, because we typically do not learn things from scratch for any given problem but rather build on prior knowledge that may be related. For instance, learning to play a musical instrument is considered easier when one already knows how to play another instrument. Obviously, the more similar the instruments—an organ versus a piano, for example—the more useful prior knowledge is and the easier learning the new instrument will be. However, even if the instruments are vastly different—such as the drum versus the piano—some prior knowledge can still be useful, even if less so, such as the practice of adhering to a rhythm.


  Large research laboratories, such as Lawrence Livermore National Laboratories or Sandia National Laboratories, and large internet companies, such as Google and Facebook, are able to learn large sophisticated models by training deep neural networks on billions of words and millions of images. For instance, Google's NLP model BERT (Bidirectional Encoder Representations from Transformers), which will be introduced in the next chapter, was pretrained on the English version of Wikipedia (2.5 billion words) and the BookCorpus (0.8 billion words).2 Similarly, deep convolutional neural networks (CNNs) have been trained on more than 14 million images of the ImageNet dataset, and the learned parameters have been widely outsourced by a number of organizations. The amounts of resources required to train such models from scratch are not typically available to the average practitioner of neural networks today, such as NLP engineers working at smaller businesses or students at smaller schools. Does this mean that the smaller players are locked out of being able to achieve state-of-the-art results on their problems? Most definitely not—thankfully, the concept of transfer learning promises to alleviate this concern if applied correctly.


  Why is transfer learning important?


  Transfer learning enables you to adapt or transfer the knowledge acquired from one set of tasks and/or domains to a different set of tasks and/or domains. What this means is that a model trained with massive resources—including data, computing power, time, and cost—which were once open sourced can be fine-tuned and reused in new settings by the wider engineering community at a fraction of the original resource requirements. This represents a big step forward for the democratization of NLP and, more widely, AI. This paradigm is illustrated in figure 1.1, using the act of learning how to play a musical instrument as an example. It can be observed from the figure that information sharing between the different tasks/domains can lead to a reduction in data required to achieve the same performance for the later, or downstream, task B.
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  Figure 1.1 An illustration of the advantages of the transfer learning paradigm—shown in the bottom panel—where information is shared between systems trained for different tasks/domains, versus the traditional paradigm—shown in the top panel—where training occurs in parallel between tasks/domains. In the transfer learning paradigm, reduction in data and computing requirements can be achieved via the information/knowledge sharing. For instance, we expect a person to learn to play the drums more easily if they know how to play the piano first.


  
1.1 Overview of representative NLP tasks


  The goal of NLP is to enable computers to understand natural human language. You can think of it as a process of systematically encoding natural language text into numerical representations that accurately portray its meaning. Although various taxonomies of typical NLP tasks exist, the following nonexhaustive list provides a framework for thinking about the scope of the problem and framing appropriately the various examples that will be addressed by this book. Note that some of these tasks may (or may not, depending on the specific algorithm selected) be required by other, more difficult, tasks on the list:


  
    	
      Part-of-speech (POS) tagging—Tagging a word in text with its part of speech; potential tags include verb, adjective, and noun.

    


    	
      Named entity recognition (NER)—Detecting entities in unstructured text, such as PERSON, ORGANIZATION, and LOCATION. Note that POS tagging could be part of an NER pipeline.

    


    	
      Sentence/document classification—Tagging sentences or documents with predefined categories, such as sentiments {“positive,” “negative”}, various topics {“entertainment,” “science,” “history”}, or some other predefined set of categories.

    


    	
      Sentiment analysis—Assigning to a sentence or document the sentiment expressed in it, for example, {“positive,” “negative”}. Indeed, you can arguably view this as a special case of sentence/document classification.

    


    	
      Automatic summarization—Summarizing the content of a collection of sentences or documents, usually in a few sentences or keywords.

    


    	
      Machine translation—Translating sentences/documents from one language into another language or a collection of languages.

    


    	
      Question answering—Determining an appropriate answer to a question posed by a human; for example, Question: What is the capital of Ghana? Answer: Accra.

    


    	
      Chatterbot/chatbot—Carrying out a conversation with a human convincingly, potentially aiming to accomplish some goal, such as maximizing the length of the conversation or extracting some specific information from the human. Note that a chatbot can be formulated as a question-answering system.

    


    	
      Speech recognition—Converting the audio of human speech into its text representation. Although a lot of effort has been and continues to be spent making speech recognition systems more reliable, in this book it is assumed that a text representation of the language of interest is already available.

    


    	
      Language modeling—Determining the probability distribution of a sequence of words in human language, where knowing the most likely next word in a sequence is particularly important for language generation—predicting the next word or sentence.

    


    	
      Dependency parsing—Splitting a sentence into a dependency tree that represents its grammatical structure and the relationships between its words. Note that POS tagging can be important here.

    

  


  
1.2 Understanding NLP in the context of AI


  Before proceeding with the rest of this book, it is important to understand the term natural language processing and to correctly situate it with respect to other commonly encountered terms, such as artificial intelligence, machine learning, and deep learning. The popular media often assign meanings to these terms that do not match their use by machine learning scientists and engineers. As such, it is important to kick off our journey by defining precisely what we mean when we use these terms, as shown in the Venn diagram in figure 1.2.
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  Figure 1.2 A Venn diagram visualization of the terms natural language processing (NLP), artificial intelligence (AI), machine learning, and deep learning relative to each other. Symbolic AI is also shown.


   


  As you can see, deep learning is a subset of machine learning, which in turn is a subset of AI. NLP is a subset of AI as well, with a nonempty intersection with deep learning and machine learning. This figure expands on the one presented by François Chollet.3 Please see chapter 6 and section 8.1 of his book for a good overview of the application of neural nets to text. Symbolic AI is also shown in the figure and will be described in the next subsection.


  
1.2.1 Artificial intelligence (AI)


  Artificial intelligence as a field came about in the middle of the 20th century, as a broad effort to make computers mimic and perform tasks typically carried out by human beings. Initial approaches focused on manually deriving and hard-coding explicit rules for manipulating input data for each circumstance of interest. This paradigm is typically referred to as symbolic AI. It worked for well-defined problems such as chess but notably stumbled when encountering problems from the perception category, such as vision and speech recognition. A new paradigm was needed, one where the computer could learn new rules from data, rather than having a human supervisor specify them explicitly. This led to the rise of machine learning.


  
1.2.2 Machine learning


  In the 1990s, the paradigm of machine learning became the dominant trend in AI. Instead of explicitly programming a computer for every possible scenario, the computer would now be trained to associate input to output signals by seeing many examples of such corresponding input-output pairs. Machine learning employs heavy mathematical and statistical machinery, but because it tends to deal with large and complex datasets, the field relies more on experimentation, empirical observations, and engineering than mathematical theory.


  A machine learning algorithm learns a representation of input data that transforms it into appropriate output. For that, it needs a collection of data, such as a set of sentence inputs in a sentence classification task, and a set of corresponding outputs, for example, tags such as {“positive,” “negative”} for sentence classification. Also needed is a loss function, which measures how far the current output of the machine learning model is from the expected output of the dataset. To aid in understanding, consider a binary classification task, where the goal of machine learning might be to pick a function called the decision boundary that will cleanly separate data points of the different types, as shown in figure 1.3. This decision boundary should generalize beyond training data to unseen examples. To make this boundary easier to find, you might want to first preprocess or transform the data into a form more amenable for separation. We seek such transformations from the allowable set of functions called the hypothesis set. Automatically determining such a transformation, which makes the machine learning end goal easier to accomplish, is specifically what is referred to as learning.
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  Figure 1.3 An illustrative example of a major motivating task in machine learning: finding a decision boundary in the hypothesis set to effectively separate different types of points from each other. In the case shown in this figure, the hypothesis set may be the set of arcs.


  Machine learning automates this process of searching for the best input-output transformation inside some predefined hypothesis set, using guidance from some feedback signal embodied by the loss function. The nature of the hypothesis set determines the class of algorithms under consideration, as we outline next.


  Classical machine learning is initiated with probabilistic modeling approaches such as naive Bayes. Here, we make a naive assumption that the input data features are all independent. Logistic regression is a related method and typically the first one a data scientist will try on a dataset to baseline it. The hypothesis sets for both of these classes of methods are sets of linear functions.


  Neural networks were initially developed in the 1950s, but it was not until the 1980s that an efficient way to train large networks was discovered—backpropagation coupled with the stochastic gradient descent algorithm. While backpropagation provides a way to compute gradients for the network, stochastic gradient descent uses these gradients to train the network. We review these concepts briefly in appendix B. The first successful practical application occurred in 1989, when Yann LeCun of Bell Labs built a system for recognizing handwritten digits, which was then used heavily by the US Postal Service.


  Kernel methods rose in popularity in the 1990s. These methods attempt to solve classification problems by finding good decision boundaries between sets of points, as was conceptualized in figure 1.3. The most popular such method is the support vector machine (SVM). Attempts to find a good decision boundary proceed by mapping the data to a new high-dimensional representation where hyperplanes are valid boundaries. The distance between the hyperplane and the closest data points in each class is then maximized. The high computational cost of operating in the high-dimensional space is alleviated using the kernel trick. Instead of computing high-dimensional data representations explicitly, a kernel function is used to compute distances between points at a fraction of the computing cost. This class of methods is backed by solid theory and is amenable to mathematical analysis, which is linear when the kernel is a linear function—attributes that made these methods extremely popular. However, performance on perceptual machine learning problems left much to be desired, because these methods first required a manual feature engineering step, which was brittle and prone to error.


  Decision trees and related methods are another class of algorithms that is still widely used. A decision tree is a decision support aid that models decisions and their consequences as trees, that is, a graph where any two nodes are connected by exactly one path. Alternatively, a tree can be defined as a flowchart that transforms input values into output categories. The popularity of decision trees rose in the 2010s, when methods relying on them began to be preferred over kernel methods. This popularity benefited from their ease of visualization, comprehension, and explainability. To aid in understanding, figure 1.4 shows an example decision tree structure that classifies the input {A,B} in category 1 if A<10, category 2 if A>=10 while B<25, and category 3 otherwise.
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  Figure 1.4 Example decision tree structure that classifies the input {A,B} in category 1 if A<10, category 2 if A>=10 while B<25, and category 3 otherwise


  Random forests provide a practical machine learning method for applying decision trees. This method involves generating a large number of specialized trees and combining their outputs. Random forests are extremely flexible and widely applicable, making them often the second algorithm to try after logistic regression for baselining. When the Kaggle open competition platform started out in 2010, random forests quickly became the most widely used algorithm on the platform. In 2014, gradient-boosting machines took over. They iteratively learn new decision-tree-based models that address weak points of models from the previous iterations. At the time of this writing, they are widely considered to be the best class of methods for addressing nonperceptual machine learning problems. They are still extremely popular on Kaggle.


  Around 2012, GPU-trained deep convolutional neural networks (CNNs) began to win the yearly ImageNet competition, marking the beginning of the current deep learning “golden age.” CNNs started to dominate all major image-processing tasks, such as object recognition and object detection. Similarly, we can find applications in the processing of human natural language, that is, NLP. Neural networks learn via a succession of increasingly meaningful, layered representations of the input data. The number of these layers specifies the depth of the model. This is where the term deep learning—the process of training deep neural networks—comes from. To distinguish them from deep learning, all aforementioned machine learning methods are often referred to as shallow or traditional learning methods. Note that neural networks with a small depth would also be classified as shallow but not traditional. Deep learning has come to dominate the field of machine learning, being a clear favorite for perceptual problems and sparking a revolution in the complexity of problems that can be handled.


  Although neural networks were inspired by neurobiology, they are not direct models of how our nervous system works. Every layer of a neural network is parameterized by a set of numbers, referred to as the layer’s weights, specifying exactly how it transforms the input data. In deep neural networks, the total number of parameters can easily reach into the millions. The already-mentioned backpropagation algorithm is the algorithmic engine used to find the right set of parameters, that is, to learn the network. A visualization of a simple neural network with two fully connected hidden layers is shown in figure 1.5. Also shown on the right is a summarized visualization of the same, which we will often employ. A deep neural network would have many such layers. A notable neural network architecture that does not conform to such a feedforward nature is the long short-term memory (LSTM) recurrent neural network (RNN) architecture. Unlike the feedforward architecture in figure 1.5, which accepts a fixed-length input of length 2, LSTMs can process input sequences with arbitrary lengths.
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  Figure 1.5 Visualization of a simple feedforward neural network with two fully connected hidden layers (left). On the right is a summarized equivalent representation, which we will often employ to simplify diagrams.


  As previously touched on, what sparked the most recent interest in deep learning was spanned hardware, the availability of vast amounts of data, and algorithmic progress. GPUs had been developed for the video gaming market, and the internet matured to begin providing the field with unprecedented quality and quantity of data. Wikipedia, YouTube, and ImageNet are specific examples of data sources, the availability of which has driven many advances in computer vision and NLP. The ability of neural networks to eliminate the need for expensive manual feature engineering—which is needed to apply shallow learning methods to perceptual data successfully—is arguably the factor that influenced the ease of adoption of deep learning. Because NLP is a perceptual problem, it will also be the most important class of machine learning algorithms addressed in this book, albeit not the only one.


  Next, we aim to get some insight into the history and progression of advances in NLP.


  
1.2.3 Natural language processing (NLP)


  Language is one of the most important aspects of human cognition. It stands to reason that in order to create true artificial intelligence, a machine needs to be taught how to interpret, understand, process, and act on human language. This underlines the importance of NLP to the fields of AI and machine learning.


  Just like the other subfields of AI, initial approaches to handling NLP problems, such as sentence classification and sentiment analysis, were based on explicit rules, or symbolic AI. Such systems typically could not generalize to new tasks and would break down easily. Since the advent of kernel methods in the 1990s, human effort has been channeled toward feature engineering—transforming the input data manually into a form that the shallow learning methods could use to produce useful predictions. This method is extremely time-consuming, task-specific, and inaccessible to a nonexpert. The advent of deep learning, around 2012, sparked a true revolution in NLP. The ability of neural networks to automatically engineer appropriate features in some of their layers lowered the bar for the applicability of these methods to new tasks and problems. Human effort then focused on designing the appropriate neural network architecture for any given task, as well as tuning various hyperparameter settings during training.


  The standard way to train NLP systems involves collecting a large set of data points, each reliably annotated with output labels, such as “positive” or “negative,” in a sentiment analysis task of sentences or documents. These data points are then supplied to the machine learning algorithm to learn the best representation or transformation of input to output signals that could potentially generalize to new data points. Both within NLP and in other subfields of machine learning, this process is often referred to as the paradigm of supervised learning. The labeling process, which is typically done manually, provides the “supervision signal” for learning the representative transformation. Learning representations from unlabeled data, on the other hand, is referred to as unsupervised learning.


  Although today’s machine learning algorithms and systems are not a direct replica of biological learning systems and should not be considered models of such systems, some of their aspects are inspired by evolutionary biology, and, in the past, inspirations drawn from biology have guided significant advances. Based on this, it seems flawed that for each new task, language, or application domain, the supervised learning process has traditionally been repeated from scratch. This process is somewhat antithetical to the way natural systems learn—building on and reusing previously acquired knowledge. Despite this, significant advances have been achieved in learning for perceptual tasks from scratch, notably in machine translation, question-answering systems, and chatbots, although some drawbacks remain. In particular, today’s systems are not robust in handling significant changes in the sample distribution from which the input signals are drawn. In other words, the systems learn how to perform well on inputs of a certain kind or type. If we change the input type, it can lead to a significant degradation in performance and sometimes absolute failure. Moreover, to fully democratize AI and make NLP accessible to the average engineer at a small business—or to anyone without the resources possessed by major internet companies—it would be extremely helpful to be able to download and reuse knowledge acquired elsewhere. This is also important to anyone living in a country where the lingua franca may differ from English or other popular languages for which pretrained models exist, as well as anyone working on tasks that may be unique to their part of the world or tasks that no one has ever explored. Transfer learning provides a way to address some of these issues.


  Transfer learning enables one to literally transfer knowledge from one setting—which we define as a combination of a particular task, domain, and language—to a different setting. The original setting is naturally referred to as the source setting, and the final setting is referred to as the target setting. The ease and success of the transfer process hinges on the similarity of the source and target settings. Quite naturally, a target setting that is “similar” to the source in some sense, which we will define later on in this book, leads to an easier and more successful transfer.
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