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Foreword
      

      
      
      
      It’s hard to quantify how commonplace terms like neural networks and deep learning have become, and, more directly, how these technologies are impacting our lives. From automating routine jobs, to replicating
         difficult decisions, to helping cars drive themselves (and human beings) to their destinations, the power of neural networks
         and deep learning as techniques for revolutionizing computing is only in its nascence.
      

      
      That’s why this book is so material and important. Not only are neural networks, AI, and deep learning automating routine
         jobs and decisions and making them easier, but they are also making search easier. Formerly, the state of the art in information
         retrieval and search involved complex linear algebra, including matrix multiplication to represent the matching of user queries
         to documents. Today, instead of using algebraic and linear models, the state of the art involves—as an example—the application
         of neural networks to discern word similarity between documents after learning how to summarize the documents into words using
         separate networks. And that is only one area in the search process where AI and deep learning are being used.
      

      
      Tommaso Teofili, in Deep Learning for Search, takes a practical approach toward showing you the state of the art in using neural networks, AI, and deep learning in the
         development of search engines. The book is filled with examples and walks the reader through the architecture of today’s search
         engines—while also giving you enough background to understand how and where deep learning fits, and how it makes search better.
         From building your first network to find similar words in a query expansion, to learning word embeddings to help with search
         ranking, to searching across languages and images, Tommaso shows you where AI and deep learning can supercharge your code
         and search capability.
      

      
      The book is written by a true pioneer of open source. Tommaso is a former chair of the Apache Lucene project—the de facto
         search indexing engine that powers Elasticsearch and Apache Solr—and he has also contributed greatly to language understanding
         and translation on Apache OpenNLP. More recently, he is the proposed chair for the Apache Joshua (incubating) project for
         statistical machine translation.
      

      
      I know that you will learn a great deal from this book, and I commend it for finding a middle ground in common sense, explanations
         of complex theory, and real code that you can play with using the latest deep learning and search technologies.
      

      
      Enjoy. I know I did!

      
      —CHRIS MATTMANN 
ASSOCIATE CHIEF TECHNOLOGY AND INNOVATION OFFICER, NASA JPL
      

      
      

Preface
      

      
      
      
      The field of natural language processing bewitched me as soon as I came to know about it nearly 10 years ago, while studying
         for my master’s degree. The promise that computers could help us understand the (already, even then) vast amount of textual
         documents in existence sounded like magic. I still remember how exciting it was to see my first NLP programs extract even
         vaguely correct and useful information from a few text documents.
      

      
      About the same time, at work, I was asked to do some consulting for a customer on their new open source search architecture.
         My colleague, who was an expert in the field, was busy on another project, so I was given a copy of Lucene in Action,[1] which I studied for a couple of weeks; then I was sent out on the consulting job. A couple of years after I worked on that
         Lucene/Solr-based project, the new search engine went live (and, as far as I know, it’s still used). I can’t tell you how
         many times the search engine algorithms needed to be adjusted because of this or that query or this or that fragment of indexed
         text, but we made it work. I could see users’ queries, and I could see the data that was there to be retrieved, but a minimal
         difference in spelling or omitting a certain word could cause very relevant information to not show up in the search results.
         So while I was very proud of my work, I kept wondering how I could have done better to avoid the many manual interventions
         the product managers asked me to perform in order to provide the best possible user experience.
      

      
         1 
            

Michael McCandless, Erik Hatcher, and Otis Gospodnetić (Manning, 2010), http://www.manning.com/books/lucene-in-action-second-edition.
            

         

      

      
      Right after this, I quite by chance found myself involved in machine learning thanks to Andrew Ng’s first machine learning
         online class (which originated the Coursera MOOC series). I was so fascinated with the concepts behind the neural networks
         shown in the class that I decided to try to implement a small library for neural networks in Java myself, just for fun (http://svn.apache.org/repos/asf/labs/yay/). I started hunting for other online courses like Andrej Karpathy’s course on convolutional neural networks for visual recognition
         and Richard Socher’s course on deep neural networks for natural language processing. Since then, I have kept working on search
         engines, natural language processing, and deep learning, mostly in open source.
      

      
      A couple of years ago (!), Manning reached out to me to review a book on NLP, and I was naive enough to write at the bottom
         of my review that I would be interested in writing a book on search engines and neural networks. When Manning came back to
         me, expressing interest, I was kind of surprised, and wondered, do I really want to write a book on that? I realized that, yes, I was interested.
      

      
      While deep learning has revolutionized computer vision and natural language processing, there’s still a lot to uncover for
         its applications in search. I’m sure we can’t (yet?) rely on deep learning to automatically set up and tune search engines
         on our behalf, but it can help a lot in making the search engine user’s experience smoother. With deep learning, we can do
         things in search engines that we can’t do with other existing techniques so far, and we can use deep learning to enhance the
         techniques we already use in search engines. The journey toward making search engines more effective through deep neural networks
         has just started. I hope you enjoy it.
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About this book
      

      
      
      
      Deep Learning for Search is a practical book about how to use (deep) neural networks to help build effective search engines. This book examines several
         components of a search engine, providing insights on how they work and guidance on how neural networks can be used in each
         context. Emphasis is given to practical, example-driven explanations of search and deep learning techniques, most of which
         are accompanied by code. At the same time, references to relevant research papers are provided where applicable to encourage
         you to read more and deepen your knowledge on specific topics. Neural network and search-specific topics are explained throughout
         the book as you read about them.
      

      
      After reading this book, you’ll have a solid understanding of the main challenges related to search engines, how they are
         commonly addressed, and what deep learning can do to help. You’ll gain a solid understanding of several different deep learning
         techniques and where they fit in the context of search. You’ll get to know the Lucene and Deeplearning4j libraries well. In
         addition, you’ll develop a practical attitude toward testing the effectiveness of neural networks (rather than viewing them
         as magic) and measuring their costs and benefits.
      

      
      
      
Who should read this book
      

      
      This book is intended for readers with an intermediate programming background. It will be best if you’re proficient in Java
         programming, with an interest or active involvement in developing search engines. You should read this book if you would like
         to make your search engine more effective at giving relevant results and therefore more useful for end users.
      

      
      Even if you don’t have a search background, basic concepts about search engines are introduced during the course of the book
         as each specific aspect of search is touched on. Similarly, you aren’t expected to already know about machine or deep learning.
         This book will introduce all the required machine learning and deep learning basics, together with practical tips regarding
         the application of deep learning to search engines in production scenarios.
      

      
      You should be ready to get your hands on the code and extend existing open source libraries to implement deep learning algorithms
         to solve search problems.
      

      
      
      
      
Roadmap
      

      
      This book is divided into three parts:

      
      

      
         
         	
Part 1 introduces the basic concepts of search, machine learning, and deep learning. Chapter 1 introduces the rationale for applying deep learning techniques to search problems by touching on problems with respect to
            most common approaches to information retrieval. Chapter 2 gives a first example of how to use a neural network model to improve the effectiveness of a search engine by generating
            synonyms from the data.
         

         
         	
Part 2 deals with common search engine tasks that can be better addressed with the help of deep neural networks. Chapter 3 introduces the use of recurrent neural networks for generating queries that are alternatives to the ones entered by users.
            Chapter 4 addresses the task of providing better suggestions while the user is typing the query, with the help of deep neural networks.
            Chapter 5 focuses on ranking models: in particular, how to provide more-relevant search results using word embeddings. Chapter 6 deals with the use of document embeddings both in ranking functions and in the context of content recommendation.
         

         
         	
Part 3 takes up more-complex scenarios like deep learning–powered machine translation and image search. Chapter 7 guides you through giving your search engine multilanguage capabilities through neural network–based approaches. Chapter 8 deals with searching a collection of images based on their contents, empowered by deep learning models. Chapter 9 discusses production-related topics like fine-tuning deep learning models and dealing with constantly incoming streams of
            data.
         

         
      

      
      The complexity of the topics and concepts addressed grows over the course of the book. If you’re new to deep learning, search,
         or both, I highly recommend reading chapters 1 and 2 first. Otherwise, feel free to jump around and pick chapters based on your needs and interests.
      

      
      
      
      
About the code
      

      
      In this book, code snippets are preferred over fully detailed code listings, in order to provide quick, easy insight into
         what the code is doing and how. The full source code can be found on the book’s page on the Manning website: www.manning.com/books/deep-learning-for-search. The software will also be kept up to date on the book’s official GitHub page (https://github.com/dl4s), including both the Java source code in the book (using Apache Lucene and Deeplearning4j: https://github.com/dl4s/dl4s) and a Python version of the same algorithms (https://github.com/dl4s/pydl4s).
      

      
      The code examples use the Java programming language and the two open source (Apache licensed) libraries Apache Lucene (http://lucene.apache.org) and Deeplearning4j (http://deeplearning4j.org). Lucene is one of the most widely used libraries for building search engines, and Deeplearning4j is, at the time of writing,
         the best choice for a native Java library for deep learning. Together, they will allow you to easily, quickly, and smoothly
         test and experiment with search and deep learning.
      

      
      In addition, many researchers working on deep learning–related projects nowadays use Python (with frameworks like TensorFlow,
         Keras, PyTorch, and so on). Therefore, a Python repository hosting TensorFlow (https://tensorflow.org) versions of the algorithms detailed in the book is also provided.
      

      
      In the book, source code is formatted in a fixed-width font like this to separate it from ordinary text. 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 ([image: ]). 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.
      

      
      
      
      
liveBook discussion forum
      

      
      Purchase of Deep Learning for Search 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/deep-learning-for-search/discussion. You can 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
      

      
      
      
      
      
      [image: ]

      
      
      TOMMASO TEOFILI is a software engineer with a passion for open source and machine learning. As a member of the Apache Software Foundation,
         he contributes to a number of open source projects, ranging from topics like information retrieval (such as Lucene and Solr)
         to natural language processing and machine translation (including OpenNLP, Joshua, and UIMA).
      

      
      He currently works at Adobe, developing search and indexing infrastructure components, and researching the areas of natural
         language processing, information retrieval, and deep learning. He has presented search and machine learning talks at conferences
         including BerlinBuzzwords, International Conference on Computational Science, ApacheCon, EclipseCon, and others. You can find
         him on Twitter at @tteofili.
      

      
      

About the cover illustration
      

      
      
      
      The figure on the cover of Deep Learning for Search is captioned “Habit of a Lady of China.” The illustration is taken from Thomas Jefferys’ A Collection of the Dresses of Different Nations, Ancient and Modern (four volumes), London, published between 1757 and 1772. The title page states that these are hand-colored copperplate engravings,
         heightened with gum arabic.
      

      
      Thomas Jefferys (1719–1771) was called “Geographer to King George III.” He was an English cartographer who was the leading
         map supplier of his day. He engraved and printed maps for government and other official bodies and produced a wide range of
         commercial maps and atlases, especially of North America. His work as a map maker sparked an interest in local dress customs
         of the lands he surveyed and mapped, which are brilliantly displayed in this collection. Fascination with faraway lands and
         travel for pleasure were relatively new phenomena in the late eighteenth century, and collections such as this one were popular,
         introducing both the tourist as well as the armchair traveler to the inhabitants of other countries.
      

      
      The diversity of the drawings in Jefferys’ volumes speaks vividly of the uniqueness and individuality of the world’s nations
         some 200 years ago. Dress codes have changed since then, and the diversity by region and country, so rich at the time, has
         faded away. It’s now often hard to tell the inhabitants of one continent from another. Perhaps, viewing it optimistically,
         we’ve traded a cultural and visual diversity for a more varied personal life—or a more varied and interesting intellectual
         and technical life.
      

      
      At a time when it’s difficult 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 Jefferys’ pictures.
      

      
      
      
      


Part 1. Search meets deep learning
      

      
      
      Setting up search engines to effectively react to users’ needs isn’t an easy task. Traditionally, many manual tweaks and adjustments
         had to be made to a search engine’s internals to get it to work decently on a real collection of data. On the other hand,
         deep neural networks are very good at learning useful information about vast amounts of data. In this first part of the book,
         we’ll start looking into how a search engine can be used in conjunction with a neural network to get around some common limitations
         and provide users with a better search experience.
      

      
      
      
      
      


Chapter 1. Neural search
      

      
      This chapter covers

      
      

      
         
         	A gentle introduction to search fundamentals

         
         	Important problems in search

         
         	Why neural networks can help search engines be more effective

         
      

      
      Suppose you want to learn something about the latest research breakthroughs in artificial intelligence. What will you do to
         find information? How much time and work does it take to get the facts you’re looking for? If you’re in a (huge) library,
         you can ask the librarian what books are available on the topic, and they will probably point you to a few they know about.
         Ideally, the librarian will suggest particular chapters to browse in each book.
      

      
      That sounds easy enough. But the librarian generally comes from a different context than you do, meaning you and the librarian
         may have different opinions about what’s significant. The library could have books in various languages, or the librarian
         might speak a different language. Their information about the topic could be outdated, given that latest is a fairly relative point in time, and you don’t know when the librarian last read anything about artificial intelligence,
         or if the library regularly receives publications in the field. Additionally, the librarian may not understand your inquiry properly. The librarian may think you’re talking about intelligence from the psychology perspective,[1] requiring a few iterations back and forth before you understand one another and get to the pieces of information you need.
      

      
         1 
            

This happened to me in real life.

         

      

      
      Then, after all this, you might discover the library doesn’t have the book you need; or the information may be spread among
         several books, and you have to read them all. Exhausting!
      

      
      Unless you’re a librarian yourself, this is what often happens nowadays when you search for something on the internet. Although
         we can think of the internet as a single huge library, there are many different librarians out there to help you find the
         information you need: search engines. Some search engines are experts in certain topics; others know only a subset of a library,
         or only a single book.
      

      
      Now imagine that someone, let’s call him Robbie, who already knows about both the library and its visitors, can help you communicate
         with the librarian in order to better find what you’re looking for. That will help you get your answers more quickly. Robbie
         can help the librarian understand a visitor’s inquiry by providing additional context, for example. Robbie knows what the
         visitor usually reads about, so he skips all the books about psychology. Also, having read a lot of the books in the library,
         Robbie has better insight into what’s important in the field of artificial intelligence. It would be extremely helpful to
         have advisors like Robbie to help search engines work better and faster, and help users get more useful information.
      

      
      This book is about using techniques from a machine learning field called deep learning (DL) to build models and algorithms that can influence the behavior of search engines, to make them more effective. Deep
         learning algorithms will play the role of Robbie, helping the search engine to provide a better search experience and to deliver
         more precise answers to end users.
      

      
      One important thing to note is that DL isn’t the same as artificial intelligence (AI). As you can see in figure 1.1, AI is a huge research field; machine learning is only part of it, and DL, in turn, is a sub-area of machine learning. Basically,
         DL studies how to make machines “learn” using the deep neural network computing model.
      

      
      
      
      Figure 1.1. Artificial intelligence, machine learning, and deep learning
      

      
      [image: ]

      
      
      
      
1.1. Neural networks and deep learning
      

      
      The goal of this book is to enable you to use deep learning in the context of search engines, to improve the search experience
         and results. Even if you’re not going to build the next Google search, you should be able to learn enough to use DL techniques
         within small or medium-sized search engines to provide a better experience to users. Neural search should help you automate
         work that you’d otherwise have to perform manually. For example, you’ll learn how to automate extraction of synonyms from
         search engine data, avoiding manual editing of synonym files (chapter 2). This saves time while improving search effectiveness, regardless of the specific use case or domain. The same is true for
         having good related-content suggestions (chapter 6). In many cases, users are satisfied with a combination of plain search together with the ability to navigate related content.
         We’ll also cover some more-specific use cases, such as searching content in multiple languages (chapter 7) and searching for images (chapter 8).
      

      
      The only requirement for the techniques we’ll discuss is that they have enough data to feed into neural networks. But it’s
         difficult to define the boundaries of “enough data” in a generic way. Let’s instead summarize the minimum number of documents
         (text, images, and so on) that are generally needed for each of the problems addressed in the book: see table 1.1.
      

      
      Table 1.1. Per-task requirements for neural search techniques
      

      
         
            
            
            
         
         
            
               	
                  Task

               
               	
                  Minimum number of docs (range)

               
               	
                  Chapter

               
            

         
         
            
               	Learning word representations
               	1,000–10,000
               	2, 5
            

            
               	Text generation
               	10,000–100,000
               	3, 4
            

            
               	Learning document representations
               	1,000–10,000
               	6
            

            
               	Machine translation
               	10,000–100,000
               	7
            

            
               	Learning image representations
               	10,000–100,000
               	8
            

         
      

      
      Note that table 1.1 isn’t meant to be strictly adhered to; these are numbers drawn from experience. For example, even if a search engine counts
         fewer than 10,000 documents, you can still try to implement the neural machine translation techniques from chapter 7; but you should take into account that it may be harder to get high-quality results (for example, perfect translations).
      

      
      As you read the book, you’ll learn a lot about DL as well as all the required search fundamentals to implement these DL principles
         in a search engine. So if you’re a search engineer or a programmer willing to learn neural search, this book is for you.
      

      
      You aren’t expected to know what DL is or how it works, at this point. You’ll get to know more as we look at some specific
         algorithms one by one, when they become useful for solving particular types of search problems. For now, I’ll start you off
         with some basic definitions. Deep learning is a field of machine learning where computers are capable of learning to represent
         and recognize things incrementally, by using deep neural networks. Deep artificial neural networks are a computational paradigm originally inspired by the way the brain is organized into graphs of neurons (although the brain
         is much more complex than an artificial neural network). Usually, information flows into neurons in an input layer, then through a network of hidden neurons (forming one or more hidden layers), and then out through neurons in an output layer. Neural networks can also be thought of as black boxes: smart functions that can transform inputs into outputs, based on
         what each network has been trained for. A common neural network has at least one input layer, one hidden layer, and one output
         layer. When a network has more than one hidden layer, we call the network deep. In figure 1.2, you can see a deep neural network with two hidden layers.
      

      
      
      
      Figure 1.2. A deep neural network with two hidden layers
      

      
      [image: ]

      
      
      Before going into more detail about neural networks, let’s take a step back. I said deep learning is a subfield of machine
         learning, which is part of the broader area of artificial intelligence. But what is machine learning?
      

      
      
      
      
1.2. What is machine learning?
      

      
      An overview of basic machine learning concepts is useful here before diving into DL and search specifics. Many of the concepts
         that apply to learning with artificial neural networks, such as supervised and unsupervised learning, training, and predicting, come from machine learning. Let’s quickly go over some basic machine learning concepts that we’ll be using in DL (applied
         to search) during the course of this book.
      

      
      Machine learning (ML) is an automated approach to solving problems based on algorithms that can learn optimal solutions from
         previous experience. In many cases, this experience comes in the form of pairs made from what has been previously observed
         together with what you want the algorithm to infer from it. For example, an ML algorithm can be fed text pairs, where the
         input is some text and the output is a category that can be used to classify similar texts. Imagine you’re back in the library,
         but this time as the librarian; you’ve bought thousands of books, and you want to organize them on bookshelves so people can
         easily find them. To that end, you want to categorize them so that books belonging to the same category are placed close to
         each other on the same bookshelf (which perhaps has a small tag indicating the category). If you can spend a few hours categorizing
         the books manually, you’ll have built the experience your ML algorithm needs. Afterward, you can train an ML algorithm based
         on your wise judgment, and it will do the categorization of the remaining books on your behalf.
      

      
      This type of training, where you specify the desired output corresponding to each input, is called supervised learning. Each pair made of an input and its corresponding target output is called a training sample. Table 1.2 shows some of the categorizations a librarian might make manually, to help create a supervised learning algorithm.
      

      
      Table 1.2. Example data for book categorization
      

      
         
            
            
            
         
         
            
               	
                  Title

               
               	
                  Text

               
               	
                  Categories

               
            

         
         
            
               	Taming Text
               	If you’re reading this book, chances are you’re a programmer...
               	NLP, search
            

            
               	Relevant Search
               	Getting a search engine to behave can be maddening ...
               	Search, relevance
            

            
               	OAuth2 in Action
               	If you’re a software developer on the web today ...
               	Security, OAuth
            

            
               	The Lord of the Rings
               	...
               	Fantasy, novels
            

            
               	Lucene in Action
               	Lucene is a powerful Java search library that lets you ...
               	Lucene, search
            

         
      

      
      A supervised learning algorithm is fed data like the kind shown in the table during what’s called a training phase. During the training phase, an ML algorithm crunches the training set (the set of training samples) and learns how to map,
         for example, input text to output categories. What an ML algorithm learns depends on the task it’s used for; in the example case, it’s being used for a document categorization task. How an ML algorithm learns depends on how the algorithm itself is built. There isn’t only one algorithm to perform ML; there
         are various subfields of ML, and many different algorithms exist for each of them.
      

      
      
         
            
         
         
            
               	
            

         
      

      Note

      
      
      DL is just one way of doing ML, by using neural networks. But a vast number of alternatives are available when it comes to
         deciding which kind of neural network is best suited for a certain task. In the course of this book, we’ll mostly cover ML
         topics via DL. Occasionally, though, we’ll quickly cover other types of ML algorithms, mostly for the sake of comparison and
         reasoning for real-world scenarios.
      

      
      
         
            
         
         
            
               	
            

         
      

      
      Once the training phase has completed, you’ll usually end up with a machine learning model. You can think of this as the artifact that captures what the algorithm has learned during training. This artifact is then
         used to perform predictions. A prediction is performed when a model is given a new input without any attached desired output, and you ask the model to
         tell you the correct output, based on what it’s been learning during the training phase. Note that you need to provide a lot
         of data for training (not hundreds, but at least tens of thousands of training samples) if you want to obtain good results
         when predicting outputs.
      

      
      In the book categorization example, when given the following text, the model will extract categories such as “search” and
         “Lucene”:
      

      
      Lucene is a powerful Java search library that lets you easily add search to
     any application ...

      
      These are the opening words from Lucene in Action, 2nd edition.
      

      
      As I mentioned, the extracted categories can be used to place books belonging to the same category on the same bookshelf in
         a library. Are there other ways to accomplish this, without first providing a training set with book texts labeled by category?
         It would be helpful if you could find a way to measure the similarity between books so that you could place similar ones near
         to each other without caring too much about the exact naming of each book category. To do that without categories, you can
         use unsupervised learning techniques to cluster similar documents together. In unsupervised learning, as opposed to supervised learning, an ML algorithm
         looks at the data with no information about any expected output and extracts patterns and data representations during the
         learning phase. During clustering, each piece of input data—in this case, the text of a book—is transformed into a point that’s placed on a graph. During the
         training phase, a clustering algorithm places points in clusters, assuming that nearby points are semantically similar. After
         training has completed, books belonging to the same clusters can be picked up and placed on bookshelves accordingly.
      

      
      In this case, the output of unsupervised learning is the set of clusters with their assigned points. Just as before, such
         models can be used for predictions, such as, “What cluster does this new book/point belong to?”
      

      
      ML can help solve a lot of different problems, including categorizing books and grouping similar texts together. Until the
         early 2000s, several different techniques were used to achieve decent results when trying to address these kinds of tasks.
         Then DL became mainstream, not just in research labs of universities, but also in industry. Many ML problems were better resolved
         with DL, so DL became better known and more frequently used. The success and wide use of DL has resulted in extracting more-accurate
         book categories and more-accurate clustering, and many other improvements.
      

      
      
      
      
1.3. What deep learning can do for search
      

      
      When deep artificial neural networks are used to help solve search problems, this field is called neural search. In this book,
         you’ll get to know how neural networks are composed, how they work, and how they can be used in practice, all in the context
         of search engines.
      

      
      
         
            
         
         
            
               	
            

         
      

      
         
         Neural search
         
         The term neural search is a less academic form of the term neural information retrieval, which first appeared during a research workshop at the SIGIR 2016 conference (www.microsoft.com/en-us/research/event/neuir2016) focused on applying deep neural networks to the field of information retrieval.
         

         
      

      
         
            
         
         
            
               	
            

         
      

      
      You might be wondering why we need neural search: after all, we already have good search engines on the web, and we often
         manage to find what we need. So what’s the value proposition of neural search?
      

      
      Deep neural networks are good at the following:

      
      

      
         
         	Providing a representation of textual data that captures word and document semantics, allowing a machine to say which words
            and documents are semantically similar.
         

         
         	Generating text that’s meaningful in a certain context: for example, useful for creating chatbots.

         
         	Providing representations of images that pertain not to the pixels but rather to their composing objects. This allows us to
            build efficient face/object-recognition systems.
         

         
         	Performing machine translation efficiently.

         
         	Under certain assumptions, approximating any function.[2] There’s theoretically no limit to the kinds of tasks deep neural networks can achieve.
            
               2 
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      This might sound a bit abstract, so let’s look at how these capabilities can be useful for you as a search engineer and/or
         a user. Think of the major struggle points when using search engines. Most likely you’ll experience concerns like these:
      

      
      

      
         
         	I didn’t get good results: I found somewhat related documents, but not the one I was looking for.

         
         	It took me too much time to find the information I was looking for (and then I gave up).

         
         	I had to read through some of the provided results before getting a good understanding of the topic I wanted to learn about.

         
         	I was looking for content in my native language, but I could find good search results only in English.

         
         	I was looking for a certain image I had once seen on a website, but I couldn’t find it again.

         
      

      
      Such problems are common, and various solutions exist to mitigate each of them. But the exciting thing is that deep neural
         networks, if tailored properly, can help in all these cases.
      

      
      With the help of DL algorithms, a search engine is able to

      
      

      
         
         	Provide more-relevant results to its end users, increasing user satisfaction.

         
         	Search through binary content like images the same way we search text. Think of this as being able to search for an image
            with the phrase “picture of a leopard hunting an impala” (and you’re not Google).
         

         
         	Serve content to users speaking different languages, allowing more users to access the data in the search system.

         
         	Generally become more sensitive to the data it serves, which means less chance for queries that give no results.

         
      

      
      If you’ve ever worked on designing, implementing, or configuring a search engine, you’ve surely faced the problem of obtaining
         a solution that adapts to your data. DL will help a lot in providing solutions to these problems that are accurately based
         on your data, not on fixed rules or algorithms.
      

      
      The quality of search results is crucial for end users. There’s one thing a search engine should do well: find out which of
         the possibly matching search results would be most useful for a specific user’s information needs. Well-ranked search results
         allow users to find important results more easily and quickly; that’s why we put a lot of emphasis on the topic of relevant results. In real life, this can make a huge difference. According to an article published in Forbes, “By providing better search results, Netflix estimates that it is avoiding canceled subscriptions that would reduce its
         revenue by $1B annually.”[3] Deep neural networks can help by automatically tweaking the end user query under the hood based on past user queries or based
         on the search engine contents.
      

      
         3 
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      People today are used to working with web search engines to retrieve images. If you search for “pictures of angry lions” on
         Google, for instance, you’ll get strongly relevant images. Before the advent of DL, such images had to be decorated with metadata (data about data) describing their contents before being put into the search engine. And that metadata usually had to be
         typed by a human. Deep neural networks can abstract a representation of an image that captures what’s in there so that no
         human intervention is required to put an image description in the search engine.
      

      
      For scenarios like web search (searching over all the websites on the internet), users can come from all over the world, so
         it’s best if they can search in their native languages. Additionally, the search engine could pick user profiles and return
         results in their language even if they search in English; this is a common scenario for tech queries, because lots of content
         is produced in English. An interesting application of deep neural networks is called neural machine translation, a set of techniques that use deep neural networks to translate a piece of text from a source language into another target
         language.
      

      
      Also exciting is the possibility of using deep neural networks to change the way search engines return relevant information
         to end users. Most commonly, a search engine will give a list of search results in response to a search query. DL techniques
         can be used to let the search engine return a single piece of text that should give all the information needed by a user.[4] This would save users from looking at each and every result to get all the knowledge they required. We could even aggregate
         all of these ideas and build a search engine serving both text and images seamlessly to users from all over the world, which,
         instead of returning search results, returns the single piece of text or image the user needs.
      

      
         4 
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      These applications are all examples of neural search. As you can imagine, they have the potential to revolutionize the way we work and use search engines today.
      

      
      There are many possibilities for how computers can help people obtain the information they need. Neural networks have been
         discussed for the past few years, but only recently have they become so popular; that’s because researchers have discovered
         how to make them much more effective than they used to be. In the early 2000s, for example, adding the help of more-powerful
         computers was a key advance. To take advantage of all the potential of deep neural networks, people interested in computer
         science—especially in the fields of natural language processing, computer vision, and informational retrieval—will need to
         know how such artificial neural networks work in practice.
      

      
      This book is intended for people interested in building smart search engines with the help of DL. This doesn’t necessarily
         mean you’re going to build the next Google search. It could mean making use of what you learn here to design and implement
         an efficient, effective search engine for your company, or expanding your knowledge base to apply DL techniques in larger
         projects that may include web search engines. The goal here is to enrich your skill set around search engines and DL, because these skills can be useful in numerous contexts.
         For example:
      

      
      

      
         
         	Training a deep neural network to learn to recognize objects in images and use what the neural network has learned when searching
            for images
         

         
         	Using neural networks to populate a “related content” bar in a search engine’s search results list

         
         	Training neural networks to learn to make the user query more specific (fewer but better search results) or broader (more
            search results, even if some may be less relevant)
         

         
      

      
      
      
      
1.4. A roadmap for learning deep learning
      

      
      We’ll run our neural search examples on top of open source software written in Java with the help of Apache Lucene (http://lucene.apache.org), an information retrieval library; and Deeplearning4j (http://deeplearning4j.org), a DL library. But we’ll focus as much as possible on principles rather than implementation, in order to make sure the techniques
         explained in this book can be applied with different technologies and/or scenarios. At the time of writing, Deeplearning4j
         is a widely used framework for DL in the enterprise communities; it’s part of the Eclipse Foundation. It also has good adoption
         because of integration with popular big data frameworks like Apache Spark. Full source code accompanying this book can be
         found at www.manning.com/books/deep-learning-for-search and on GitHub at https://github.com/dl4s/dl4s. Other DL frameworks exist, though; for example, TensorFlow (from Google) is popular among the Python and research communities.
         Almost every day, new tools are invented, so I decided to focus on a relatively easy-to-use DL framework that can be easily
         integrated with Lucene, which is one of the most widely adopted search libraries for the JVM. If you’re working with Python,
         you can find TensorFlow implementations of most of the DL code used in this book together with some instruction on GitHub
         at https://github.com/dl4s/pydl4s.
      

      
      While planning this book, I decided to present chapters in a kind of ascending level of difficulty, so each chapter will teach
         a certain application of neural networks to a specific search problem, supported by well-known algorithms. We’ll keep an eye
         on state-of-the-art DL algorithms, but we’re also quietly conscious that we can’t cover everything. The aim is to provide
         good baselines that can be easily extended if a new and better neural network-based algorithm comes out next week. Key things
         we’ll improve with the help of deep neural networks are relevance, query understanding, image search, machine translation,
         and document recommendation. Don’t worry if you don’t know about any of these: I’ll introduce such tasks as they exist without
         any DL technique and then show when and how DL can help.
      

      
      In part 1 of this book, I’ll present an overview of how neural networks can help to improve search engines in general. I’ll do this
         first with an application where neural networks help the search engine build multiple versions of the same query by generating
         synonyms. In part 2 of the book, we’ll mostly examine DL-based techniques to make search queries more expressive. This improved expressiveness will make the queries better fit user intent, and thus make
         the search engine return better (more relevant) results. Finally, in part 3 of the book, we’ll work on more-complex things like searching over multiple languages and searching for images, and finally
         address performance aspects of neural search systems.
      

      
      Along the way, we’ll also pause to consider accuracy and how to measure the final results when we apply neural search. Without
         numbers constantly demonstrating what we think is good, we won’t go far. We need to measure how good our systems are, with
         and without fancy neural nets.
      

      
      In this chapter, we’ll start with a look at the problems search engines try to solve and the most common techniques used to
         solve them. This survey will introduce you to the basics of how text is analyzed, ingested, and retrieved within a search
         engine, so you’ll get to know how queries hit search results, as well as some fundamentals of solving the problem of returning
         relevant results first. We’ll also uncover some weaknesses inherent in common search techniques, which sets up a discussion
         of what DL can be used for in the context of search. Then we’ll look at which tasks DL can help to solve and what the practical
         implications are of its applications in the search field. This will help paint a realistic picture of what you can and can’t
         expect from neural search in real-life scenarios.
      

      
      
      
      
1.5. Retrieving useful information
      

      
      Let’s start by learning how to retrieve search results that are relevant to users’ needs. This will give you the search fundamentals
         you need to understand how deep neural networks can help build innovative search platforms.
      

      
      First question: what is a search engine? It’s a system, a program running on a computer, that people can use to retrieve information.
         The main value of a search engine is that whereas it ingests “data,” it’s expected to provide “information.” This goal means
         the search engine should do its best to make sense of the data it gets in order to provide something that can be easily consumed
         by its users. As users, we rarely need lots of data about a certain topic; we’re often looking for a specific piece of information
         and would be satisfied with just one answer, not hundreds or thousands of results to inspect.
      

      
      When it comes to search engines, most people tend to think to Google, Bing, Baidu, and other large, popular search engines
         that provide access to huge amounts of information coming from a lot of diverse sources. But there are also many smaller search
         engines that focus on content from a specific domain or topic. These are often called vertical search engines because they work on a constrained set of document types or topics, rather than the entire set of content that is online
         nowadays. Vertical search engines play an important role, too, because they’re often able to provide more-precise results
         about “their” data—because they’ve been tailored to that specific content. They often allow us to retrieve more-fine-grained
         results with higher accuracy (think of searching for an academic article on Google versus using Google Scholar). (For now, we won’t go into the details of what accuracy means; here, I’m talking about the general concept of the accuracy of an answer to an inquiry. But accuracy is also the name
         of a well-defined measure used to evaluate how good and precise an information retrieval system’s results are.) We’ll make
         no distinction at this point about the size of the data and user base, because all the concepts that follow apply to most
         of the existing search engines no matter how big or small.
      

      
      Key responsibilities of a search engine usually involve the following:

      
      

      
         
         	
Indexing— Ingesting and storing data efficiently so that it can be retrieved quickly
         

         
         	
Querying— Providing retrieval functionality so that search can be performed by an end user
         

         
         	
Ranking— Presenting and ranking the results according to certain metrics to best satisfy users’ information needs
         

         
      

      
      A key point in practice is also efficiency. If it takes too much time to get the information you’re looking for, it’s likely you’ll switch to another search engine
         next time.
      

      
      But how does a search engine work with pages, books, and similar kinds of text? In the following sections, you’ll get to know

      
      

      
         
         	How big chunks of text are split into smaller pieces for the search engine to take a given query and quickly retrieve a document

         
         	Basics of how to capture the importance and relevance of search results, for a particular query

         
      

      
      Let’s start with the fundamentals of information retrieval (indexing, querying, and ranking). Before diving into that, you
         need to understand how big streams of texts end up in a search engine; this is important, because it impacts the search engine’s
         capabilities of searching fast and providing sensitive results.
      

      
      
      1.5.1. Text, tokens, terms, and search fundamentals
      

      
      Put yourself in the shoes of the librarian, who has just received an inquiry for books related to a certain topic. How would
         you be able to say that one book contains information about a certain topic? How would you know if a book even contains a
         certain word?
      

      
      Extracting the categories a certain book belongs to (high-level topics like “AI” and “DL”) is different from extracting all
         the words contained in the book. For example, categories make searching for a book about AI easier for a newbie, because no
         prior knowledge of AI-specific techniques or authors is required. A user will go to the search engine website and start browsing
         between the existing categories and look for something that’s close enough to the topic of AI. On the other hand, for an AI
         expert, knowing whether a book contains the words gradient descent or backpropagation allows results to be found that contain finer-grained information about certain techniques or problems in the field of AI.
      

      
      Humans generally have a hard time remembering all the words contained in a book, although we can easily tell a book’s topic
         by reading a few paragraphs from the book or even from looking at the preface or foreword. Computers tend to behave the opposite way. They can easily store large
         amounts of text and “remember” all the words contained in millions of pages so that they can be used while searching; on the
         other hand, they aren’t so good at extracting information that’s implicit, scattered, or not directly formulated in a given
         piece of text, such as which category a book belongs to. For example, a book about neural networks may never mention “artificial
         intelligence” (although it would probably refer to ML). But it would still belong to the broad category of “books about artificial
         intelligence.”
      

      
      Let’s first look at the task computers can do well already: extracting and storing text fragments (also known as terms) from streams of text. You can think of this process, called text analysis, as breaking down the text of a book into all of its constituent words. Imagine having a tape on which the contents of a
         book are written in a stream, and a machine (the text analysis algorithm) into which you insert such tape as input. You receive
         many pieces of such tape as output, and each of those output pieces contains a word or a sentence or a noun phrase (for example,
         “artificial intelligence”); you may realize that some of the words written on the input tape have been eaten by the machine
         and not outputted in any form.
      

      
      Because the final units to be created by the text analysis algorithm might be words but also might be group of words or sentences,
         or even portions of words, we refer to these fragments as terms. You can think of a term as the fundamental unit that a search
         engine uses to store data and, consequently, retrieve it.
      

      
      That’s the basis of one of the most fundamental forms of search, keyword search: a user types a set of words and expects the search engine to return all the documents that contain some or all of the terms.
         This is how web search started decades ago. Although many search engines today are much smarter, many users keep composing
         queries based on the keywords they expect the search results to contain. This is what you’ll learn now: how the text entered
         by a user into a search box makes the search engine return results. A query is what we call the text the user enters in order to search for something. Although a query is just text, it conveys and
         encodes what the user needs and how the user expresses this possibly general or abstract need (for example, “I want to learn
         about the latest and greatest research in the field of artificial intelligence”) in a way that’s concise but still descriptive
         (for example, “latest research in ai,” as in figure 1.3).
      

      
      
      
      Figure 1.3. Searching and getting results
      

      
      [image: ]

      
      
      If, as a user, you want to find documents that contain the word “search,” how would the search engine return such documents?
         A not-so-smart way of doing that could be to go over each document’s content from the beginning and scan it until the search
         engine finds a match. But it would be very expensive to perform such text scans for each query, especially with many large
         documents:
      

      
      

      
         
         	Many documents may not contain the word “search”; therefore, it would be a waste of computation resources to scan through
            them.
         

         
         	Even if a document contains the word “search,” this word may occur toward the end of the document, requiring the search engine
            to “read” through all the preceding words before finding a match for “search.”
         

         
      

      
      You have a match or a hit when one or more terms that are part of a query are found in a search result.
      

      
      You need to find a way to compute this retrieval phase quickly. One fundamental method to accomplish that is to break down
         sentences like “I like search engines” into smaller units: in this case, [“I”, “like”, “search”, “engines”]. This is a prerequisite
         for efficient storage mechanisms called inverted indexes, which we’ll cover in the next section. A text analysis program is often organized as a pipeline: a chain of components,
         each of which takes the previous component’s output as its input. Such pipelines are usually composed of building blocks of
         two types:
      

      
      

      
         
         	
Tokenizers— Components that break a stream of text into words, phrases, symbols, or other units called tokens


         
         	
Token filters— Components that accept a stream of tokens (from a tokenizer or another filter) and can modify, delete, or add new tokens
         

         
      

      
      The output of such text analysis pipelines is a sequence of consecutive terms, as shown in figure 1.4.
      

      
      
      
      Figure 1.4. Getting the words of “I like search engines” using a simple text analysis pipeline
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      You now know that text analysis is useful for performance reasons to build fast search engines. Another equally important
         aspect is that it controls how queries and the text to be put into the index match. Often, text analysis pipelines are used
         to filter some tokens that aren’t considered useful or needed for the search engine. For example, a common practice is to avoid storing
         common terms like articles or prepositions in the search engine, because those words exist in most text documents in languages
         like English, and you usually don’t want a query to return everything in the search engine: that wouldn’t give much value
         to the user. In such cases, you can create a token filter responsible for removing tokens like “the,” “a,” “an,” “of,” “in,”
         and so on, while letting all the other tokens flow out as the tokenizer produces them. In this simplistic example,
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