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Preface

In the dynamic and rapidly advancing field of Al, generative Al stands out as a disruptive force
poised to transform how we interact with technology. This book is an expedition into the intri-
cate world of large language models (LLMs) — the powerful engines driving this transformation
— designed to equip developers, researchers, and Al aficionados with the knowledge needed to

harness these tools.

Venture into the depths of deep learning, where unstructured data comes alive, and discover
how LLMs like GPT-4 and others are carving a path for AI’s impact on businesses, societies, and
individuals. With the tech industry and media abuzz with the capabilities and potential of these
models, it’s an opportune moment to explore how they function, thrive, and propel us toward

future horizons.

This book serves as your compass, pointing you toward understanding the technical scaffolds that
uphold LLMs. We provide a prelude to their vast applications, the elegance of their underlying
architecture, and the powerful implications of their existence. Written for a diverse audience, from
those taking their first steps in Al to seasoned developers, the text melds theoretical concepts
with practical, code-rich examples, preparing you to not only grasp LLMs intellectually but to

also apply them inventively and responsibly.

As we embark on this journey together, let us prime ourselves to shape and be shaped by the
generative Al narrative that’s unfolding at this very moment—a narrative where you, armed with

knowledge and foresight, stand at the forefront of this exhilarating technological evolution.

Who this book is for

The book is intended for developers, researchers, and anyone else who is interested in learning
more about LLMs. Itis written in a clear and concise style, and itincludes plenty of code examples

to help you learn by doing.
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Whether you are a beginner or an experienced developer, this book will be a valuable resource
for anyone who wants to get the most out of LLMs and to stay ahead of the curve about LLMs

and LangChain.

What this book covers

Chapter 1, What Is Generative AI7, explains how generative Al has revolutionized the processing of
text, images, and video, with deep learning atits core. This chapter introduces generative models
such as LLMs, detailing their technical underpinnings and transformative potential across various
sectors. This chapter covers the theory behind these models, highlighting neural networks and
training approaches, and the creation of human-like content. The chapter outlines the evolution
of AL, Transformer architecture, text-to-image models like Stable Diffusion, and touches on sound

and video applications.

Chapter 2, LangChain for LLM Apps, uncovers the need to expand beyond the stochastic parrots
of LLMs—models that mimic language without true understanding—by harnessing LangChain’s
framework. Addressing limitations like outdated knowledge, action limitations, and hallucination
risks, the chapter highlights how LangChain integrates external data and interventions for more
coherent Al applications. The chapter critically engages with the concept of stochastic parrots,
revealing the deficiencies in models that produce fluent but meaningless language, and explicates
how prompting, chain-of-thought reasoning, and retrieval grounding augment LLMs to address

issues of contextuality, bias, and intransparency.

Chapter 3, Getting Started with LangChain, provides foundational knowledge for you to set up
your environment to run all examples in the book. It begins with installation guidance for Dock-
er, Conda, Pip, and Poetry. The chapter then details integrating models from various providers
like OpenAI’s ChatGPT and Hugging Face, including obtaining necessary API keys. It also deals
with running open-source models locally. The chapter culminates in constructing an LLM app
to assist customer service agents, exemplifying how LangChain can streamline operations and

enhance the accuracy of responses.

Chapter 4, Building Capable Assistants, tackles turning LLMs into reliable assistants by weaving
in fact-checking to reduce misinformation, employing sophisticated prompting strategies for
summarization, and integrating external tools for enhanced knowledge. It explores the Chain of
Density for information extraction and discusses LangChain decorators and expression language
for customizing behavior. The chapter introduces map-reduce in LangChain for handling long

documents and discusses token monitoring to manage API usage costs.
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Itlooks atimplementing a Streamlit application to create interactive LLM applications and using
function calling and tool usage to transcend basic text generation. Two distinct agent paradigms,

plan-and-solve and zero-shot, are implemented to demonstrate decision-making strategies.

Chapter 5, Building a Chatbot like ChatGPT, delves into enhancing chatbot capabilities with re-
trieval-augmented generation (RAG), a method that provides LLMs with access to external
knowledge, improving their accuracy and domain-specific proficiency. This chapter discusses
document vectorization, efficient indexing, and the use of vector databases like Milvus and Pine-
cone for semantic search. We implement a chatbot, incorporating moderation chains to ensure
responsible communication. The chatbot, available on GitHub, serves as a basis for exploring

advanced topics like dialogue memory and context management.

Chapter 6, Developing Software with Generative Al examines the burgeoning role of LLMs in software
development, highlighting the potential for Al to automate coding tasks and serve as dynamic
coding assistants. It explores the current state of Al-driven software development, experiments
with models to generate code snippets, and introduces a design for an automated software de-
velopment agent using LangChain. Critical reflections on the agent’s performance emphasize
the importance of human oversight for error mitigation and high-level design, setting the stage

for a future where Al and human developers work symbiotically.

Chapter 7, LLMs for Data Science, explores the intersection of generative Al and data science, spot-
lighting LLMs’ potential to amplify productivity and drive scientific discovery. The chapter outlines
the current scope of automation in data science through AutoML and extends this notion with
the integration of LLMs for advanced tasks like augmenting datasets and generating executable
code. It covers practical methods for LLMs to conduct exploratory data analysis, run SQL queries,
and visualize statistical data. Finally, the use of agents and tools demonstrates how LLMs can

address complex data-centric questions.

Chapter 8, Customizing LLMs and Their Output, delves into conditioning techniques like fine-tuning
and prompting, essential for tailoring LLM performance to complex reasoning and specialized
tasks. We unpack fine-tuning, where an LLM is further trained on task-specific data, and prompt
engineering, which strategically guides the LLM to generate desired outputs. Advanced prompting
strategies such as few-shot learning and chain-of-thought are implemented, enhancing the rea-
soning capabilities of LLMs. The chapter not only provides concrete examples of fine-tuning and

prompting but also discusses the future of LLM advancements and their applications in the field.
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Chapter 9, Generative Al in Production, addresses the complexities of deploying LLMs within re-
al-world applications, covering best practices for ensuring performance, meeting regulatory
requirements, robustness at scale, and effective monitoring. It underscores the importance of
evaluation, observability, and systematic operation to make generative Al beneficial in customer
engagement and decision-making with financial consequences. It also outlines practical strat-
egies for deployment and ongoing monitoring of LLM apps using tools like Fast API, Ray, and
newcomers such as LangServe and LangSmith. These tools can provide automated evaluation

and metrics that support the responsible adoption of generative Al across sectors.

Chapter 10, The Future of Generative Models, ventures into the potential advancements and so-
cio-technical challenges of generative Al It examines the economic and societal impacts of these
technologies, debating job displacement, misinformation, and ethical concerns like human value
alignment. As various sectors brace for disruptive Al-induced changes, it reflects on the respon-
sibility of corporations, lawmakers, and technologists to forge effective governance frameworks.
This final chapter emphasizes the importance of steering Al development toward augmenting
human potential while addressing risks such as deepfakes, bias, and the weaponization of Al It
highlights the urgency for transparency, ethical deployment, and equitable access to guide the

generative Al revolution positively.

To get the most out of this book

To benefit from the value this book offers, it is essential to have a foundational understanding of

Python. Additionally, possessing some basic knowledge of machine learning is recommended.

Download the example code files
The code bundle for the bookis hosted on GitHub at https://github.com/benmanl/generative_

ai_with_langchain. We also have other code bundles from our rich catalog of books and videos

available at https://github.com/PacktPublishing/. Check them out!

Download the color images

We also provide a PDF file that has color images of the screenshots/diagrams used in this book.

You can download it here: https://packt.link/gbp/9781835083468.

Conventions used

There are a number of text conventions used throughout this book.


https://github.com/benman1/generative_ai_with_langchain
https://github.com/benman1/generative_ai_with_langchain
https://github.com/PacktPublishing/
https://packt.link/gbp/9781835083468
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CodeInText: Indicates code words in text, database table names, folder names, filenames, file
extensions, pathnames, dummy URLs, user input, and Twitter handles. For example: “Mount the

downloaded WebStorm-10*.dmg disk image file as another disk in your system.”

Ablock of code is set as follows:

from langchain.chains import LLMCheckerChain

from langchain.llms import OpenAI
11lm = OpenAI(temperature=0.7)

text = "What type of mammal lays the biggest eggs?"

When we wish to draw your attention to a particular part of a code block, the relevant lines or

items are setin bold:

from pandasai.llm.openai import OpenAIl
1lm = OpenAI(api_token="YOUR_API_TOKEN")

pandas_ai = PandasAI(1llm)

Any command-line input or output is written as follows:

pip install -r requirements.txt

Bold: Indicates a new term, an important word, or words that you see on the screen. For instance,
words in menus or dialog boxes appear in the text like this. For example: “Select System info from

the Administration panel.”

\/;l’/> Warnings or important notes appear like this.

N

_,@\_ Tips and tricks appear like this.

7/
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packtpub.com.
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ering excellent quality content.
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What Is Generative Al?

Over the last decade, deep learning has evolved massively to process and generate unstructured
data like text, images, and video. These advanced Al models have gained popularity in various
industries, and include large language models (LLMs). There is currently a significant level of
fanfare in both the media and the industry surrounding Al, and there’s a fair case to be made
that Artificial Intelligence (AI), with these advancements, is about to have a wide-ranging and
major impact on businesses, societies, and individuals alike. This is driven by numerous factors,
including advancements in technology, high-profile applications, and the potential for transfor-

mative impacts across multiple sectors.

In this chapter, we’ll explore generative models and their application. We’ll provide an overview
of the technical concepts and training approaches that power these models’ ability to produce
novel content. While we won’t be diving deep into generative models for sound or video, we aim
to convey a high-level understanding of how techniques like neural networks, large datasets,
and computational scale enable generative models to reach new capabilities in text and image
generation. The goal is to demystify the underlying magic that allows these models to generate
remarkably human-like content across various domains. With this foundation, readers will be
better prepared to consider both the opportunities and challenges posed by this rapidly advanc-
ing technology.

Wwe’ll follow this structure:
e Introducing generative Al
e  Understanding LLMs
e  What are text-to-image models?

e Whatcan Al do in other domains?

Let’s start from the beginning — by introducing the terminology!



What Is Generative AI?

Introducing generative Al

In the media, there is substantial coverage of Al-related breakthroughs and their potential impli-
cations. These range from advancements in Natural Language Processing (NLP) and computer
vision to the development of sophisticated language models like GPT-4. Particularly, generative
models have received a lot of attention due to their ability to generate text, images, and other
creative content that is often indistinguishable from human-generated content. These same
models also provide wide functionality including semantic search, content manipulation, and

classification. This allows cost savings with automation and allows humans to leverage their

creativity to an unprecedented level.

Y Generative Al refers to algorithms that can generate novel content, as opposed to
\/L’; analyzing or acting on existing data like more traditional, predictive machine learn-

ing or Al systems.

Benchmarks capturing task performance in different domains have been major drivers of the de-
velopment of these models. The following graph, inspired by a blog post titled GPT-4 Predictions
by Stephen McAleese on LessWrong, shows the improvements of LLMs in the Massive Multitask
Language Understanding (MMLU) benchmark, which was designed to quantify knowledge and
problem-solving ability in elementary mathematics, US history, computer science, law, and more:

=T o R PSPPI PPPPPINY
® 5-shot -
#  Zero-shot
80 [ et Random Pall 2
"""" Average human rater (large) e 2
----- Average human expert Flan-PalM
GPT-3.5
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§ Chinchilla LLaMa 2 70B
©
£ 60
S
E Gopher
o
3 GPT-3
= 50
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40
GPT-2
% GPT-J (6B)
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Release Date

Figure 1.1: Average performance on the MMLU benchmark of LLMs
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\/V' Please note that while most benchmark results come from 5-shot, a few, like the
GPT-2, PaLM, and PaLM-2 results, refer to zero-shot conditioning.

You can see significant improvements in recent years in this benchmark. Particularly, it highlights
the progress of the models provided through a public user interface by OpenAl, especially the
improvements between releases, from GTP-2 to GPT-3 and GPT-3.5 to GPT-4, although the results
should be taken with a grain of salt, since they are self-reported and are obtained either by 5-shot
or zero-shot conditioning. Zero-shot means the models were prompted with the question, while
in 5-shot settings, models were additionally given 5 question-answer examples. These added
examples could naively account for about 20% of performance according to Measuring Massive

Multitask Language Understanding (Hendrycks and colleagues, revised 2023).

There are a few differences between these models and their training that can account for these
boosts in performance, such as scale, instruction-tuning, a tweak to the attention mechanisms,
and more and different training data. First and foremost, the massive scaling in parameters from
1.5 billion (GPT-2) to 175 billion (GPT-3) to more than a trillion (GPT-4) enables models to learn
more complex patterns; however, another major change in early 2022 was the post-training
fine-tuning of models based on human instructions, which teaches the model how to perform a

task by providing demonstrations and feedback.

Across benchmarks, a few models have recently started to perform better than an average human
rater, but generally still haven’t reached the performance of a human expert. These achievements
of human engineering are impressive; however, it should be noted that the performance of these
models depends on the field; most models are still performing poorly on the GSM8K benchmark

of grade school math word problems.

Generative Pre-trained Transformer (GPT) models, like OpenAI’s GPT-4, are prime examples of
Al advancements in the sphere of LLMs. ChatGPT has been widely adopted by the general pub-
lic, showing greatly improved chatbot capabilities enabled by being much bigger than previous
models. These Al-based chatbots can generate human-like responses as real-time feedback to
customers and can be applied to a wide range of use cases, from software development to writing

poetry and business communications.

As Al models like OpenAI’s GPT continue to improve, they could become indispensable assets to

teams in need of diverse knowledge and skills.



4 What Is Generative AI?

For example, GPT-4 could be considered a polymath that works tirelessly without demanding
compensation (beyond subscription or API fees), providing competent assistance in subjects like
mathematics and statistics, macroeconomics, biology, and law (the model performs well on the
Uniform Bar Exam). As these Al models become more proficient and easily accessible, they are

likely to play a significant role in shaping the future of work and learning.

OpenAlis a US Al research company that aims to promote and develop friendly Al It
was established in 2015 with the support of several influential figures and companies,
who pledged over $1 billion to the venture. The organization initially committed to
being non-profit, collaborating with other institutions and researchers by making
its patents and research open to the public. In 2018, Elon Musk resigned from the
\G/\/ board citing a potential conflict of interest with his role at Tesla. In 2019, OpenAI
transitioned to become a for-profit organization, and subsequently Microsoft made
significant investments in OpenAl, leading to the integration of OpenAl systems
with Microsoft’s Azure-based supercomputing platform and the Bing search engine.
The most significant achievements of the company include OpenAl Gym for training
reinforcement algorithms, and — more recently — the GPT-n models and the DALL-E

generative models, which generate images from text.

By making knowledge more accessible and adaptable, these models have the potential to level
the playing field and create new opportunities for people from all walks of life. These models have
shown potential in areas that require higher levels of reasoning and understanding, although

progress varies depending on the complexity of the tasks involved.

As for generative models with images, they have pushed the boundaries in their capabilities to
assist in creating visual content, and their performance in computer vision tasks such as object

detection, segmentation, captioning, and much more.

Let’s clear up the terminology a bit and explain in more detail whatis meant by generative model,

artificial intelligence, deep learning, and machine learning.

What are generative models?

In popular media, the term artificial intelligence is used a lot when referring to these new models.
In theoretical and applied research circles, it is often joked that Al is just a fancy word for ML, or

Alis ML in a suit, as illustrated in this image:
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Figure 1.2: ML in a suit. Generated by a model on replicate.com, Diffusers Stable Diffusion v2.1

It’s worth distinguishing more clearly between the terms generative model, artificial intelligence,

machine learning, deep learning, and language model:

e  Artificial Intelligence (AI) is a broad field of computer science focused on creating intel-
ligent agents that can reason, learn, and act autonomously.

e Machine Learning (ML) is a subset of Al focused on developing algorithms that can

learn from data.

e Deep Learning (DL) uses deep neural networks, which have many layers, as a mechanism

for ML algorithms to learn complex patterns from data.

e  Generative Models are a type of ML model that can generate new data based on patterns

learned from input data.

e Language Models (LMs) are statistical models used to predict words in a sequence of
natural language. Some language models utilize deep learning and are trained on massive

datasets, becoming large language models (LLMs).
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This class diagram illustrates how LLMs combine deep learning techniques like neural networks

with sequence modeling objectives from language modeling, at a very large scale:

DL
+neural networks <]\
Al L +deep learning LLM
+reasoning +large scale
leamni <t— +statistical learning N
+learning +transformer
+algorithms
+autonomy . LanguageModel +self-supervised

\7\ +sequence modeling <f/

+probabilistic

Figure 1.3: Class diagram of different models. LLMs represent the intersection of deep learning
techniques with language modeling objectives.

Generative models are a powerful type of Al that can generate new data that resembles the train-
ing data. Generative Al models have come a long way, enabling the generation of new examples
from scratch using patterns in data. These models can handle different data modalities and are

employed across various domains, including text, image, music, and video.

The key distinction is that generative models synthesize new data rather than just making pre-

dictions or decisions. This enables applications like generating text, images, music, and video.

Some language models are generative, while some are not. Generative models facilitate the cre-
ation of synthetic data to train Al models when real data is scarce or restricted. This type of data
generation reduces labeling costs and improves training efficiency. Microsoft Research took this
approach (Textbooks Are All You Need, June 2023) to training their phi-1 model, where they used
GPT-3.5 to create synthetic Python textbooks and exercises.

There are many types of generative models, handling different data modalities across various

domains. They are:

e  Text-to-text: Models that generate text from input text, like conversational agents. Ex-
amples: LLaMa 2, GPT-4, Claude, and PaLM 2.

e Text-to-image: Models that generate images from text captions. Examples: DALL-E 2,
Stable Diffusion, and Imagen.

e  Text-to-audio: Models that generate audio clips and music from text. Examples: Jukebox,
AudioLM, and MusicGen.
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e  Text-to-video: Models that generate video content from text descriptions. Example:
Phenaki and Emu Video.

e  Text-to-speech: Models that synthesize speech audio from input text. Examples: WaveNet

and Tacotron.

e  Speech-to-text: Models that transcribe speech to text [also called Automatic Speech
Recognition (ASR)]. Examples: Whisper and SpeechGPT.

e Image-to-text: Models that generate image captions from images. Examples: CLIP and
DALL-E 3.

e Image-to-image: Applications for this type of model are data augmentation such as su-

per-resolution, style transfer, and inpainting.

e  Text-to-code: Models that generate programming code from text. Examples: Stable Dif-
fusion and DALL-E 3.

e Video-to-audio: Models that analyze video and generate matching audio. Example: Soun-
dify.
There are alot more combinations of modalities to consider; these are just some that  have come
across. Further, we could consider subcategories of text, such as text-to-math, which generates
mathematical expressions from text, where some models such as ChatGPT and Claude shine, or
text-to-code, which are models that generate programming code from text, such as AlphaCode or

Codex. A few models are specialized in scientific text, such as Minerva or Galactica, or algorithm

discovery, such as AlphaTensor.

A few models work with several modalities for input or output. An example of a model that
demonstrates generative capabilities in multimodal inputis OpenAI’s GPT-4V model (GPT-4 with
vision), released in September 2023, which takes both text and images and comes with better
Optical Character Recognition (OCR) than previous versions to read text from images. Images
can be translated into descriptive words, then existing text filters are applied. This mitigates the

risk of generating unconstrained image captions.

As the list shows, text is a common input modality that can be converted into various outputs
like image, audio, and video. The outputs can also be converted back into text or within the same
modality. LLMs have driven rapid progress for text-focused domains. These models enable a
diverse range of capabilities via different modalities and domains. The LLM categories are the
main focus of this book; however, we’ll also occasionally look at other models, text-to-image in
particular. These models typically use a Transformer architecture trained on massive datasets

via self-supervised learning.
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The rapid progress shows the potential of generative Al across diverse domains. Within the in-
dustry, there is a growing sense of excitement around AI’s capabilities and its potential impact on
business operations. But there are key challenges such as data availability, compute requirements,
bias in data, evaluation difficulties, potential misuse, and other societal impacts that need to

be addressed going forward, which we’ll discuss in Chapter 10, The Future of Generative Models.

Let’s delve a bit more into this progress and pose the question why now ?

Why now?

The success of generative Al coming into the public spotlight in 2022 can be attributed to several
interlinked drivers. The development and success of generative models have relied on improved
algorithms, considerable advances in compute power and hardware design, the availability of
large, labeled datasets, and an active and collaborative research community helping to evolve a

set of tools and techniques.

Developing more sophisticated mathematical and computational methods has played a vital
role in advancing generative models. The backpropagation algorithm introduced in the 1980s
by Geoffrey Hinton, David Rumelhart, and Ronald Williams is one such example. It provided a

way to effectively train multi-layer neural networks.

In the 2000s, neural networks began to regain popularity as researchers developed more complex
architectures. However, it was the advent of DL, a type of neural network with numerous layers,
that marked a significant turning point in the performance and capabilities of these models.
Interestingly, although the concept of DL has existed for some time, the development and expan-
sion of generative models correlate with significant advances in hardware, particularly Graphics

Processing Units (GPUs), which have been instrumental in propelling the field forward.

As mentioned, the availability of cheaper and more powerful hardware has been a key factor in
the development of deeper models. This is because DL models require a lot of computing power
to train and run. This concerns all aspects of processing power, memory, and disk space. This
graph shows the cost of computer storage over time for different mediums such as disks, solid
state, flash, and internal memory in terms of price in dollars per terabyte (adapted from Our
World in Data by Max Roser, Hannah Ritchie, and Edouard Mathieu; https://ourworldindata.

org/grapher/historical-cost-of-computer-memory-and-storage:


https://ourworldindata.org/grapher/historical-cost-of-computer-memory-and-storage
https://ourworldindata.org/grapher/historical-cost-of-computer-memory-and-storage
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Figure 1.4: Cost of computer storage since the 1950s in dollars (unadjusted) per terabyte

While, in the past, training a DL model was prohibitively expensive, as the cost of hardware has
come down, it has become possible to train bigger models on much larger datasets. The model
size is one of the factors determining how well a model can approximate (as measured in per-

plexity) the training dataset.

The importance of the number of parameters in an LLM: The more parameters
a model has, the higher its capacity to capture relationships between words and
phrases as knowledge. As a simple example of these higher-order correlations, an
LLM could learn that the word “cat” is more likely to be followed by the word “dog”
if itis preceded by the word “chase,” even if there are other words in between. Gen-
\G/\/ erally, the lower a model’s perplexity, the better it will perform, for example, in terms

of answering questions.

Particularly, it seems that in models with between 2 and 7 billion parameters, new
capabilities emerge such as the ability to generate different creative text in formats
like poems, code, scripts, musical pieces, emails, and letters, and to answer even

open-ended and challenging questions in an informative way.
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This trend toward larger models started around 2009, when NVIDIA catalyzed what is often
called the Big Bang of DL. GPUs are particularly well suited for the matrix/vector computations
necessary to train deep learning neural networks, therefore significantly increasing the speed and
efficiency of these systems by several orders of magnitude and reducing running times from weeks
to days. In particular, NVIDIA’s CUDA platform, which allows direct programming of GPUs, has
made it easier than ever for researchers and developers to experiment with and deploy complex
generative models facilitating breakthroughs in vision, speech recognition, and — more recently
—LLMs. Many LLM papers describe the use of NVIDIA A100s for training.

In the 2010s, several types of generative models started gaining traction. Autoencoders, a kind of
neural network that can learn to compress data from the inputlayer to a representation, and then
reconstruct the input, served as a basis for more advanced models like Variational Autoencoders
(VAEs), which were first proposed in 2013. VAEs, unlike traditional autoencoders, use variational
inference to learn the distribution of data, also called the latent space of input data. Around the

same time, GANs were proposed by lan Goodfellow and others in 2014.

Over the past decade, significant advancements have been made in the fundamental algorithms
used in DL, such as better optimization methods, more sophisticated model architectures, and
improved regularization techniques. Transformer models, introduced in 2017, built upon this
progress and enabled the creation of large-scale models like GPT-3. Transformers rely on atten-
tion mechanisms and resulted in a further leap in the performance of generative models. These
models, such as Google’s BERT and OpenAl’s GPT series, can generate highly coherent and con-

textually relevant text.

The development of transfer learning techniques, which allow a model pre-trained on one task
to be fine-tuned on another, similar task, has also been significant. These techniques have made
it more efficient and practical to train large generative models. Moreover, part of the rise of gen-
erative models can be attributed to the development of software libraries and tools (TensorFlow,
PyTorch, and Keras) specifically designed to work with these artificial neural networks, stream-

lining the process of building, training, and deploying them.

In addition to the availability of cheaper and more powerful hardware, the availability of large
datasets of labeled data has also been a key factor in the development of generative models. This
is because DL models, particularly generative ones, require vast amounts of text data for effective
training. The explosion of data available from the internet, particularly in the last decade, has
created a suitable environment for such models to thrive. As the internet has become more popular,

ithas become easier to collect large datasets of text, images, and other data.
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This has made it possible to train generative models on much larger datasets than would have
been possible in the past. To further drive the development of generative models, the research
community has been developing benchmarks and other challenges, like the mentioned MMLU

and ImageNet for image classification, and has started to do the same for generative models.

In summary, generative modeling is a fascinating and rapidly evolving field. It has the potential
to revolutionize the way we interact with computers and create original content. I am excited to

see what the future holds for this field.

Understanding LLMs

Text generation models, such as GPT-4 by OpenAl, can generate coherent and grammatically
correct text in different languages and formats. These models have practical applications in
fields like content creation and NLP, where the ultimate goal is to create algorithms capable of

understanding and generating natural language text.

Language modeling aims to predict the next word, character, or even sentence based on the pre-
vious ones in a sequence. In this sense, language modeling serves as a way of encoding the rules
and structures of a language in a way that can be understood by a machine. LLMs capture the
structure of human language in terms of grammar, syntax, and semantics. These models form
the backbone of larger NLP tasks, such as content creation, translation, summarization, machine

translation, and text-editing tasks such as spelling correction.

Atits core, language modeling, and more broadly NLP, relies heavily on the quality of representa-
tion learning. A generative language model encodes information about the text that it has been
trained on and generates new text based on those learnings, thereby taking on the task of text

generation.

Representation learning is about a model learning its internal representations of
raw data to perform a machine learning task, rather than relying only on engineered
G\/ feature extraction. For example, an image classification model based on representa-
\/ tion learning mightlearn to represent images according to visual features like edges,
shapes, and textures. The model isn’t told explicitly what features to look for — it

learns representations of the raw pixel data that help it make predictions.
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Recently, LLMs have found applications for tasks like essay generation, code development, trans-
lation, and understanding genetic sequences. More broadly, applications of language models

involve multiple areas, such as:

¢ Question answering: Al chatbots and virtual assistants can provide personalized and
efficient assistance, reducing response times in customer support and thereby enhanc-
ing customer experience. These systems can be used in specific contexts like restaurant
reservations and ticket booking.

e Automatic summarization: Language models can create concise summaries of articles,
research papers, and other content, enabling users to consume and understand infor-
mation rapidly.

e Sentiment analysis: By analyzing opinions and emotions in texts, language models can
help businesses understand customer feedback and opinions more efficiently.

e Topic modeling: LLMs can discover abstract topics and themes across a corpus of docu-

ments. It identifies word clusters and latent semantic structures.

e  Semanticsearch: LLMs can focus on understanding meaning within individual documents.

It uses NLP to interpret words and concepts for improved search relevance.

e  Machine translation: Language models can translate texts from one language into an-
other, supporting businesses in their global expansion efforts. New generative models can

perform on par with commercial products (for example, Google Translate).

Despite the remarkable achievements, language models still face limitations when dealing with
complex mathematical or logical reasoning tasks. It remains uncertain whether continually in-
creasing the scale of language models will inevitably lead to new reasoning capabilities. Further,
LLMs are known to return the most probable answers within the context, which can sometimes
yield fabricated information, termed hallucinations. This is a feature as well as a bug since it
highlights their creative potential. We’ll talk about hallucinations in Chapter 5, Building a Chatbot

Like ChatGPT, but for now, let’s discuss the technical background of LLMs in some more detail.
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What is a GPT?

LLMs are deep neural networks adept at understanding and generating human language. The
current generation of LLMs such as ChatGPT are deep neural network architectures that utilize
the transformer model and undergo pre-training using unsupervised learning on extensive text
data, enabling the model to learn language patterns and structures. Models have evolved rapidly,
enabling the creation of versatile foundational Al models suitable for a wide range of downstream

tasks and modalities, ultimately driving innovation across various applications and industries.

The notable strength of the latest generation of LLMs as conversational interfaces (chatbots) lies
in their ability to generate coherent and contextually appropriate responses, even in open-ended
conversations. By generating the next word based on the preceding words repeatedly, the model
produces fluent and coherent text often indistinguishable from text produced by humans. However,
ChatGPT has been observed to “sometimes write plausible sounding butincorrect or nonsensical
answers,” as expressed in a disclaimer by OpenAl. This is referred to as a hallucination and is just

one of the concerns around LLMs.

A transformer is a DL architecture, first introduced in 2017 by researchers at Google and the
University of Toronto (in an article called Aztention Is All You Need; Vaswani and colleagues), that
comprises self-attention and feed-forward neural networks, allowing it to effectively capture
the word relationships in a sentence. The attention mechanism enables the model to focus on

various parts of the input sequence.

Generative Pre-Trained Transformers (GPTs), on the other hand, were introduced by research-
ers at OpenAl in 2018 together with the first of their eponymous GPT models, GPT-1 (Improving
Language Understanding by Generative Pre-Training; Radford and others). The pre-training process
involves predicting the next word in a text sequence, enhancing the model’s grasp of language
as measured in the quality of the output. Following pre-training, the model can be fine-tuned
for specificlanguage processing tasks like sentiment analysis, language translation, or chat. This
combination of unsupervised and supervised learning enables GPT models to perform better

across a range of NLP tasks and reduces the challenges associated with training LLMs.
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The size of the training corpus for LLMs has been increasing drastically. GPT-1, introduced by
OpenAlin 2018, was trained on BookCorpus with 985 million words. BERT, released in the same
year, was trained on a combined corpus of BookCorpus and English Wikipedia, totaling 3.3 billion

words. Now, training corpora for LLMs reach up to trillions of tokens.

This graph illustrates how LLMs have been growing:

Organization GPT-4
3 @ Google/DeepMind GLaM PanGu-Z
10 ®  OpenAl .
= EleutherAl Megatron-Turing-NLG paLm
¢ Microsoft/Nvidia Minerva
¢ Baidu Gooh ) PaLM-2
+  Anthropic opher @, Ernie-3.0-Titan
A Meta GPT-3 OPT . BLOOM
102 Yandex LaMDA Galactica Claude-2
= Hugging F ¥
5 i Chinchitla*-""10%® LLaMA‘EOB LLaMA-2-70B
= laude
i e Cerebras BloombergGPT Edoon
& * T
5] o Bloomberg GPT-NeoX  AlexaTM
‘g # Huawei OpenAssistant
% 10’ o AN Cerebras-GPT
a GPT-J
GPT-Neo
GPT-2
(]
10
BERT XLNet
2018 2019 2020 2021 2022 2023

Date

Figure 1.5: LLMs from BERT to GPT-4 - size, training budget, and organizations. For the pro-
prietary models, parameter sizes are often estimates.

The size of the data points indicates training cost in terms of petaFLOPs and petaFLOP/s-days. A
petaFLOP/s day is a unit of throughput that consists of performing 10 to the power of 15 opera-
tions per day. Training operations in the calculations are estimated as the approximate number

of addition and multiplication operations based on the GPU utilization efficiency.
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For some models, especially proprietary and closed-source models, this information is not known
—in these cases, I've placed a cross. For example, for XLNet, the paper doesn’t give information

about compute in flops; however, the training was done on 512 TPU v3 chips over 2.5 days.

The development of GPT models has seen considerable progress, with OpenAl’s GPT-n series
leading the way in creating foundational Al models. GPT models can also work with modalities
beyond text for input and output, as seen in GPT-4’s ability to process image input alongside
text. Additionally, they serve as a foundation for text-to-image technologies like diffusion and
parallel decoding, enabling the development of Visual Foundation Models (VFMs) for systems

that work with images.

Afoundation model (sometimes known as a base model) is a large model that was
\/u' trained on an immense quantity of data at scale so that it can be adapted to a wide
range of downstream tasks. In GPT models, this pre-training is done via self-super-

vised learning.

Trained on 300 billion tokens, GPT-3 has 175 billion parameters, an unprecedented size for DL
models. GPT-4 is the most recent in the series, though its size and training details have not been
published due to competitive and safety concerns. However, different estimates suggest it has
between 200 and 500 billion parameters. Sam Altman, the CEO of OpenAl, has stated that the

cost of training GPT-4 was more than $100 million.

ChatGPT, a conversation model, was released by OpenAl in November 2022. Based on prior GPT
models (particularly GPT-3) and optimized for dialogue, it uses a combination of human-generat-
ed roleplaying conversations and a dataset of human labeler demonstrations of the desired model
behavior. The model exhibits excellent capabilities such as wide-ranging knowledge retention

and precise context tracking in multi-turn dialogues.

Another substantial advancement came in March 2023 with GPT-4. GPT-4 provides superior
performance on various evaluation tasks coupled with significantly better response avoidance

to malicious or provocative queries due to six months of iterative alignment during training.

OpenAl has been coy about the technical details; however, information has been circulating that,
with about 1.8 trillion parameters, GPT-4 is more than 10x the size of GPT-3. Further, OpenAl
was able to keep costs reasonable by utilizing a Mixture of Experts (MoE) model consisting of

16 experts within their model, each having about 111 billion parameters.
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Apparently, GPT-4 was trained on about 13 trillion tokens. However, these are not unique tokens
since they count repeated presentation of the data in each epoch. Training was conducted for 2
epochs for text-based data and 4 for code-based data. For fine-tuning, the dataset consisted of
millions of rows of instruction fine-tuning data. Another rumor, again to be taken with a grain of
salt, is that OpenAl might be applying speculative decoding on GPT-4’s inference, with the idea
that a smaller model (oracle model) could be predicting the large model’s responses, and these
predicted responses could help speed up decoding by feeding them into the larger model, thereby
skipping tokens. This is a risky strategy because — depending on the threshold of the confidence

of the oracle’s responses — the quality could deteriorate.

There’s also a multi-modal version of GPT-4 that incorporates a separate vision encoder, trained
on joined image and text data, giving the model the capability to read web pages and transcribe

what’s in images and video.

As can be seen in Figure 1.5, there are quite a few models besides OpenAl’s, some of which are

suitable as a substitute for the OpenAl closed-source models, which we will have a look at.

Other LLMs

Other notable foundational GPT models besides OpenAl’s include Google DeepMind’s PaLM
2, the model behind Google’s chatbot Bard. Although GPT-4 leads most benchmarks in perfor-
mance, these and other models demonstrate a comparable performance in some tasks and have

contributed to advancements in generative transformer-based language models.

PaLM 2, released in May 2023, was trained with the focus of improving multilingual and reasoning
capabilities while being more compute efficient. Using evaluations at different compute scales,
the authors (Anil and others; PaLM 2 Technical Report) estimated an optimal scaling of training
data sizes and parameters. PaLM 2 is smaller and exhibits faster and more efficient inference,

allowing for broader deployment and faster response times for a more natural pace of interaction.

Extensive benchmarking across different model sizes has shown that PaLM 2 has significantly
improved quality on downstream tasks, including multilingual common sense and mathematical

reasoning, coding, and natural language generation, compared to its predecessor PaLM.
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PaLM 2 was also tested on various professional language-proficiency exams. The exams used
were for Chinese (HSK 7-9 Writing and HSK 7-9 Overall), Japanese (J-Test A-C Overall), Italian
(PLIDA C2 Writing and PLIDA C2 Overall), French (TCF Overall), and Spanish (DELE C2 Writing
and DELE C2 Overall). Across these exams, which were designed to test C2-level proficiency,
considered mastery or advanced professional level according to the CEFR (Common European

Framework of Reference for Languages), PaLM 2 achieved mostly high-passing grades.

The releases of the LLaMa and LLaMa 2 series of models, with up to 70B parameters, by Meta Al
in February and July 2023, respectively, have been highly influential by enabling the community
to build on top of them, thereby kicking off a Cambrian explosion of open-source LLMs. LLaMa
triggered the creation of models such as Vicuna, Koala, RedPajama, MPT, Alpaca, and Gorilla.
LLaMa 2, since its recent release, has already inspired several very competitive coding models,

such as WizardCoder.

Optimized for dialogue use cases, at their release, the LLMs outperformed other open-source
chat models on most benchmarks and seem on par with some closed-source models based on
human evaluations. The LLaMa 2 70B model performs on par or better than PaLM (540B) on
almost all benchmarks, but there is still a large performance gap between LLaMa 2 70B and
GPT-4 and PaLM-2-L.

LLaMa 2 is an updated version of LLaMa 1 trained on a new mix of publicly available data. The
pre-training corpus size has increased by 40% (2 trillion tokens of data), the context length of

the model has doubled, and grouped-query attention has been adopted.

Variants of LLaMa 2 with different parameter sizes (7B, 13B, 34B, and 70B) have been released.
While LLaMa was released under a non-commercial license, the LLaMa 2 are open to the general

public for research and commercial use.

LLaMa 2-Chat has undergone safety evaluation results compared to other open-source and closed-
source models. Human raters judged the safety violations of model generations across approxi-

mately 2,000 adversarial prompts, including both single and multi-turn prompts.
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Claude and Claude 2 are Al assistants created by Anthropic. Evaluations suggest Claude 2, released
in July 2023, is one of the best GPT-4 competitors in the market. It improves on previous versions
in helpfulness, honesty, and lack of stereotype bias based on human feedback comparisons. It
also performs well on standardized tests like GRE and MBE. Key model improvements include
an expanded context size of up to 200K tokens, far larger than most available models, and being
commercial or open source. It also performs better on use cases like coding, summarization, and

long document understanding.

The model card Anthropic has created is fairly detailed, showing Claude 2 still has limitations in
areas like confabulation, bias, factual errors, and potential for misuse, problems it has in com-
mon with all LLMs. Anthropic is working to address these through techniques like data filtering,

debiasing, and safety interventions.

The development of LLMs has been limited to a few players due to high computational require-

ments. In the next section, we’ll look into who these organizations are.

Major players

Training a large number of parameters on large-scale datasets requires significant compute power
and a skilled data science and data engineering team. Meta’s LLaMa 2 model, with a size of up
to 70 billion parameters, was trained on 1.4 trillion tokens, while PaLM 2, reportedly consisting
of 340 billion parameters — smaller than their previous LLMs — appears to have a larger scale of
training data in at least 100 languages. Modern LLMs can cost anywhere from 10 million to over

100 million US dollars in computing costs for training.

Only a few companies, such as those shown in Figure 1.5, have been able to successfully train and
deploy very large models. Major companies like Microsoft and Google have invested in start-ups
and collaborations to support the development of these models. Universities, such as KAUST,
Carnegie Mellon University, Nanyang Technological University, and Tel Aviv University, have also
contributed to the development of these models. Some projects are developed through collab-
orations between companies and universities, as seen in the cases of Stable Diffusion, Soundify,

and DreamFusion.
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There are quite a few companies and organizations developing generative Al in gener-

al, as well as LLMs, and they are releasing them on different terms —here’s just a few:

OpenAl have released GPT-2 as open source; however, subsequent mod-
els have been closed source but open for public usage on their website or

through an API.

Google (including Google’s DeepMind division) have developed a number
of LLMs, starting from BERT and — more recently — Chinchilla, Gopher, PaLM,
and PaLM2. They previously released the code and weights (parameters) of a
few of their models under open-source licensing, even though recently they

have moved toward more secrecy in their development.

Anthropic have released the Claude and Claude 2 models for public usage on
their website. The APIis in private beta. The models themselves are closed
source.

Meta have released models like ROBERTa, BART, and LLaMa 2, including
parameters of the models (although often under a non-commercial license)
and the source code for setting up and training the models.

Microsoft have developed models like Turing-NLG and Megatron-Turing
NLG but have focused on integrating OpenAl models into products over re-
leasing their own models. The training code and parameters for phi-1have
been released for research use.

Stability AI, the company behind Stable Diffusion, released the model
weights under a non-commercial license.

The French Al startup Mistral has unveiled its free-to-use, open-license 7B
model, outperforming similar-sized models, generated from private datasets,
and developed with the intent to support the open generative Al community,
while also offering commercial products.

EleutherAl is a grassroots collection of researchers developing open-access
models like GPT-Neo and GPT-], fully open source and available to the public.
Aleph Alpha, Alibaba, and Baidu are providing API access or integrating

their models into products rather than releasing parameters or training code.

There are a few more notable institutions, such as the Technology Innovation In-
stitute (TII), an Abu Dhabi government-funded research institution, which open-

sourced Falcon LLM for research and commercial usage.



20 What Is Generative AI?

The complexity of estimating parameters in generative Al models suggests that smaller companies
or organizations without sufficient computation power and expertise may struggle to deploy
these models successfully; although, recently, after the publication of the LLaMa models, we’ve

seen smaller companies making significant breakthroughs, for example, in terms of coding ability.

In the next section, we’ll review the progress that DL and generative models have been making
over recent years that has led up to the current explosion of their apparent capabilities and the

attention these models have been getting.

Let’s get into the nitty-gritty details — how do these LLMs work under the hood? How do GPT

models work?

How do GPT models work?

Generative pre-training has been around for a while, employing methods such as Markov models
or other techniques. However, language models such as BERT and GPT were made possible by
the transformer deep neural network architecture (Vaswani and others, Attention Is All You Need,
2017), which has been a game-changer for NLP. Designed to avoid recursion to allow parallel com-
putation, the Transformer architecture, in different variations, continues to push the boundaries

of what’s possible within the field of NLP and generative Al

Transformers have pushed the envelope in NLP, especially in translation and language under-
standing. Neural Machine Translation (NMT) is a mainstream approach to machine translation
that uses DL to capture long-range dependencies in a sentence. Models based on transformers
outperformed previous approaches, such as using recurrent neural networks, particularly Long

Short-Term Memory (LSTM) networks.

The transformer model architecture has an encoder-decoder structure, where the encoder maps
an input sequence to a sequence of hidden states, and the decoder maps the hidden states to an
output sequence. The hidden state representations consider not only the inherent meaning of

the words (their semantic value) but also their context in the sequence.

The encoder is made up of identical layers, each with two sub-layers. The input embedding is
passed through an attention mechanism, and the second sub-layer is a fully connected feed-for-
ward network. Each sub-layer is followed by a residual connection and layer normalization. The
output of each sub-layer is the sum of the input and the output of the sub-layer, which is then

normalized.

The decoder uses this encoded information to generate the output sequence one item at a time,
using the context of the previously generated items. It also has identical modules, with the same

two sub-layers as the encoder.
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In addition, the decoder has a third sub-layer that performs Multi-Head Attention (MHA) over
the output of the encoder stack. The decoder also uses residual connections and layer normaliza-
tion. The self-attention sub-layer in the decoder is modified to prevent positions from attending
to subsequent positions. This masking, combined with the fact that the output embeddings are
offset by one position, ensures that the predictions for position i can only depend on the known
outputs at positions less than i. These are indicated in the diagram here (source: Yuening Jia,

Wikimedia Commons):

Output
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Add&Norm

Multi-Head
Attention

Add&Norm A~

Multi-Head
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Figure 1.6: The Transformer architecture
The architectural features that have contributed to the success of transformers are:

e Positional encoding: Since the transformer doesn’t process words sequentially butinstead
processes all words simultaneously, it lacks any notion of the order of words. To remedy
this, information about the position of words in the sequence is injected into the model
using positional encodings. These encodings are added to the input embeddings repre-
senting each word, thus allowing the model to consider the order of words in a sequence.

e Layer normalization: To stabilize the network’s learning, the transformer uses a tech-
nique called layer normalization. This technique normalizes the model’s inputs across
the features dimension (instead of the batch dimension as in batch normalization), thus

improving the overall speed and stability of learning.
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e  Multi-head attention: Instead of applying attention once, the transformer applies it
multiple times in parallel — improving the model’s ability to focus on different types of

information and thus capturing a richer combination of features.

Akeyreason for the success of transformers has been their ability to maintain performance across

longer sequences better than other models, for example, recurrent neural networks.

The basic idea behind attention mechanisms is to compute a weighted sum of the values (usu-
ally referred to as values or content vectors) associated with each position in the input sequence,
based on the similarity between the current position and all other positions. This weighted sum,
known as the context vector, is then used as an input to the subsequent layers of the model, en-

abling the model to selectively attend to relevant parts of the input during the decoding process.

To enhance the expressiveness of the attention mechanism, it is often extended to include mul-
tiple so-called heads, where each head has its own set of query, key, and value vectors, allowing
the model to capture various aspects of the input representation. The individual context vectors

from each head are then concatenated or combined in some way to form the final output.

Early attention mechanisms scaled quadratically with the length of the sequences (context size),
rendering them inapplicable to settings with long sequences. Different mechanisms have been
tried out to alleviate this. Many LLMs use some form of Multi-Query Attention (MQA), including

OpenAl’s GPT-series models, Falcon, SantaCoder, and StarCoder.

MQA is an extension of MHA, where attention computation is replicated multiple times. MQA
improves the performance and efficiency of language models for various language tasks. By re-
moving the heads dimension from certain computations and optimizing memory usage, MQA
allows for 11 times better throughput and 30% lower latency in inference tasks compared to
baseline models without MQA.

LLaMa 2 and a few other models used Grouped-Query Attention (GQA), which is a practice
used in autoregressive decoding to cache the key (K) and value (V) pairs for the previous tokens
in the sequence, speeding up attention computation. However, as the context window or batch
sizes increase, the memory costs associated with the KV cache size in MHA models also increase
significantly. To address this, the key and value projections can be shared across multiple heads

without much degradation of performance.

There have been many other proposed approaches to obtain efficiency gains, such as sparse, low-
rank self-attention, and latent bottlenecks, to name just a few. Other work has tried to extend
sequences beyond the fixed input size; architectures such as transformer-XL reintroduce recur-
sion by storing hidden states of already encoded sentences to leverage them in the subsequent

encoding of the next sentences.



Chapter 1 23

The combination of these architectural features allows GPT models to successfully tackle tasks
that involve understanding and generating text in human language and other domains. The
overwhelming majority of LLMs are transformers, as are many other state-of-the-art models
we will encounter in the different sections of this chapter, including models for image, sound,
and 3D objects.

As the name suggests, a particularity of GPTs lies in pre-training. Let’s see how these LLMs are

trained!

Pre-training
The transformer is trained in two phases using a combination of unsupervised pre-training and
discriminative task-specific fine-tuning. The goal during pre-training is to learn a general-purpose

representation that transfers to a wide range of tasks.

The unsupervised pre-training can follow different objectives. In Masked Language Modeling
(MLM), introduced in BERT: Pre-training of Deep Bidirectional Transformers for Language Under-
standing by Devlin and others (2019), the input is masked out, and the model attempts to predict
the missing tokens based on the context provided by the non-masked portion. For example, if
the input sentence is “The cat [MASK] over the wall,” the model would ideally learn to predict

“jumped” for the mask.

In this case, the training objective minimizes the differences between predictions and the masked
tokens according to a loss function. Parameters in the models are then iteratively updated ac-

cording to these comparisons.

Negative Log-Likelihood (NLL) and Perplexity (PPL) are important metrics used in training and
evaluating language models. NLL is a loss function used in ML algorithms, aimed at maximizing
the probability of correct predictions. A lower NLL indicates that the network has successfully
learned patterns from the training set, so it will accurately predict the labels of the training sam-

ples. It’s important to mention that NLL is a value constrained within a positive interval.

PPL, on the other hand, is an exponentiation of NLL, providing a more intuitive way to understand
the model’s performance. Smaller PPL values indicate a well-trained network that can predict
accurately while higher values indicate poor learning performance. Intuitively, we could say that
a low perplexity means that the model is less surprised by the next word. Therefore, the goal in
pre-training is to minimize perplexity, which means the model’s predictions align more with

the actual outcomes.
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In comparing different language models, perplexity is often used as a benchmark metric across
various tasks. It gives an idea about how well the language model is performing, where a lower
perplexity indicates the model is more certain of its predictions. Hence, a model with lower per-

plexity would be considered better performing in comparison to others with higher perplexity.

The first step in training an LLM is tokenization. This process involves building a vocabulary,
which maps tokens to unique numerical representations so that they can be processed by the

model, given that LLMs are mathematical functions that require numerical inputs and outputs.

Tokenization
Tokenizing a text means splitting it into tokens (words or subwords), which then are converted

to IDs through a look-up table mapping words in text to corresponding lists of integers.

Before training the LLM, the tokenizer — more precisely, its dictionary — is typically fitted to the
entire training dataset and then frozen. It’s important to note that tokenizers do not produce
arbitrary integers. Instead, they output integers within a specific range — from 0 to V-1, where V

represents the vocabulary size of the tokenizer.

Definitions:

Token: A token is an instance of a sequence of characters, typically forming a word,
punctuation mark, or number. Tokens serve as the base elements for constructing

sequences of text.

Tokenization: This refers to the process of splitting text into tokens. A tokenizer

splits on whitespace and punctuation to break text into individual tokens.
\Q/’ Examples:
Consider the following text:
“The quick brown fox jumps over the lazy dog!”
This would get split into the following tokens:

[“The”, “quick”’ “brown”’ “fox”’ ((]‘umps . over , the”, ((lazy”’ “dog”, “!”]

Each word is an individual token, as is the punctuation mark.



Chapter 1 25

There are a lot of tokenizers that work according to different principles, but common types of
tokenizers employed in models are Byte-Pair Encoding (BPE), WordPiece, and SentencePiece.
For example, LLaMa 2’s BPE tokenizer splits numbers into individual digits and uses bytes to

decompose unknown UTF-8 characters. The total vocabulary size is 32K tokens.

Itis necessary to point out that LLMs can only generate outputs based on a sequence of tokens
that does not exceed its context window. This context window refers to the length of the longest
sequence of tokens that an LLM can use. Typical context window sizes for LLMs can range from
about 1,000 to 10,000 tokens.

Next, it is worth talking at least briefly about the scale of these architectures, and why these

models are as large as they are.

Scaling

As we've seen in Figure 1.5, language models have been becoming bigger over time. That corre-
sponds to along-term trend in machine learning that models get bigger as computing resources
get cheaper, enabling higher performance. In a paper from 2020 by researchers from OpenAl,
Kaplan and others (Scaling laws for neural language models, 2020) discussed scaling laws and the

choice of parameters.

Interestingly, they compare lots of different architecture choices and, among other things, show
that transformers outperform LSTMs as language models in terms of perplexity in no small part
due to the improved use of long contexts. While recurrent networks plateau after less than 100
tokens, transformers improve throughout the whole context. Therefore, transformers not only
come with better training and inference speed but also give better performance when looking

at relevant contexts.

Further, they found a power-law relationship between performance and each of the following
factors: dataset size, model size (number of parameters), and the amount of computational re-
sources required for training. This implies that to improve performance by a certain factor, one of
these elements must be scaled up by the power of that factor; however, for optimal performance,

all three factors must be scaled in tandem to avoid bottlenecks.

Researchers at DeepMind (An empirical analysis of compute-optimal large language model training;
Hoffmann and others, 2022) analyzed the training compute and dataset size of LLMs and con-
cluded that LLMs are undertrained in terms of compute budget and dataset size as suggested

by scaling laws.



26 What Is Generative AI?

They predicted that large models would perform better if substantially smaller and trained for
much longer, and — in fact — validated their prediction by comparing a 70-billion-parameter

Chinchilla model on a benchmark to their Gopher model, which consists of 280 billion parameters.

However, more recently, a team at Microsoft Research has challenged these conclusions and
surprised everyone (Textbooks Are All You Need; Gunaseka and colleagues, June 2023), finding that
a small network (350M parameters) trained on high-quality datasets can give very competitive
performance. We’ll discuss this model again in Chapter 6, Developing Software with Generative Al

and we’ll discuss the implications of scaling in Chapter 10, The Future of Generative Models.

It will be instructive to observe whether model sizes for LLMs keep increasing at the same rate
as they have. This is an important question since it determines if the development of LLMs will
be firmly in the hands of large organizations. It could be that there’s a saturation of performance
at a certain size, which only changes in the approach can overcome. However, we could see new

scaling laws linking performance with data quality.

After pre-training, a major step is how models are prepared for specific tasks either by fine-tuning

or prompting. Let’s see what this task conditioning is about!

Conditioning
Conditioning LLMs refers to adapting the model for specific tasks. It includes fine-tuning and

prompting:

e  Fine-tuninginvolves modifying a pre-trained language model by training it on a specific
task using supervised learning. For example, to make a model more amenable to chats
with humans, the model is trained on examples of tasks formulated as natural language
instructions (instruction tuning). For fine-tuning, pre-trained models are usually trained
again using Reinforcement Learning from Human Feedback (RLHF) to be helpful and

harmless.

e  Prompting techniques present problems in text form to generative models. There are a
lot of different prompting techniques, starting from simple questions to detailed instruc-
tions. Prompts can include examples of similar problems and their solutions. Zero-shot
prompting involves no examples, while few-shot prompting includes a small number of

examples of relevant problem and solution pairs.

These conditioning methods continue to evolve, becoming more effective and useful for a wide
range of applications. Prompt engineering and conditioning methods will be explored further in

Chapter 8, Customizing LLMs and Their Output.
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How to try out these models

You can access OpenAl’s model through their website or their API. If you want to try other LLMs
on your laptop, open-source LLMs are a good place to get started. There is a whole zoo of stuff

out there!

You can access these models through Hugging Face or other providers, as we’ll see starting in
Chapter 3, Getting Started with LangChain. You can even download these open-source models,
fine-tune them, or fully train them. We’ll fine-tune a model in Chapter 8, Customizing LLMs and
Their Output.

Generative Al is extensively used in generating 3D images, avatars, videos, graphs, and illustra-
tions for virtual or augmented reality, video games graphic design, logo creation, image editing,
or enhancement. The most popular model category here is for text-conditioned image synthesis,
specifically text-to-image generation. As mentioned, in this book, we’ll focus on LLMs, since
they have the broadest practical application, but we’ll also have a look at image models, which

sometimes can be quite useful.

In the next section, we’ll be reviewing state-of-the-art methods for text-conditioned image gen-
eration. I'll highlight the progress made in the field so far, but also discuss existing challenges
and potential future directions.

What are text-to-image models?

Text-to-image models are a powerful type of generative Al that creates realistic images from
textual descriptions. They have diverse use cases in creative industries and design for generating

advertisements, product prototypes, fashion images, and visual effects. The main applications are:

e Text-conditioned image generation: Creating original images from text prompts like “a
painting of a catin a field of flowers.” This is used for art, design, prototyping, and visual

effects.

e Image inpainting: Filling in missing or corrupted parts of an image based on the sur-
rounding context. This can restore damaged images (denoising, dehazing, and deblurring)
or edit out unwanted elements.

e Image-to-image translation: Converting input images to a different style or domain
specified through text, like “make this photo look like a Monet painting.”

e Imagerecognition: Large foundation models can be used to recognize images, including

classifying scenes, but also object detection, for example, detecting faces.
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Models like Midjourney, DALL-E 2, and Stable Diffusion provide creative and realistic images
derived from textual input or other images. These models work by training deep neural networks
on large datasets of image-text pairs. The key technique used is diffusion models, which start with

random noise and gradually refine it into an image through repeated denoising steps.

Popular models like Stable Diffusion and DALL-E 2 use a text encoder to map input text into an
embedding space. This text embedding is fed into a series of conditional diffusion models, which
denoise and refine a latent image in successive stages. The final model output is a high-resolution

image aligned with the textual description.

Two main classes of models are used: Generative Adversarial Networks (GANs) and diffusion
models. GAN models like StyleGAN or GANPaint Studio can produce highly realistic images, but
training is unstable and computationally expensive. They consist of two networks that are pitted
against each other in a game-like setting — the generator, which generates new images from text
embeddings and noise, and the discriminator, which estimates the probability of the new data
being real. As these two networks compete, GANs get better at their task, generating realistic

images and other types of data.

The setup for training GANS is illustrated in this diagram (taken from A Survey on Text Genera-
tion Using Generative Adversarial Networks, G de Rosa and ] P. Papa, 2022; https://arxiv.org/
pdf/2212.11119.pdf):
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Figure 1.7: GAN training

Diffusion models have become popular and promising for a wide range of generative tasks, in-
cluding text-to-image synthesis. These models offer advantages over previous approaches, such
as GANs, by reducing computation costs and sequential error accumulation. Diffusion models
operate through a process like diffusion in physics. They follow a forward diffusion process by
adding noise to an image until it becomes uncharacteristic and noisy. This process is analogous

to an ink drop falling into a glass of water and gradually diffusing.


https://arxiv.org/pdf/2212.11119.pdf
https://arxiv.org/pdf/2212.11119.pdf
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The unique aspect of generative image models is the reverse diffusion process, where the model
attempts to recover the original image from a noisy, meaningless image. By iteratively applying
noise removal transformations, the model generates images of increasing resolutions that align
with the given text input. The final output is an image that has been modified based on the text
input. An example of this is the Imagen text-to-image model (Photorealistic Text-to-Image Diffusion
Models with Deep Language Understanding by Google Research, May 2022), which incorporates
frozen text embeddings from LLMs, pre-trained on text-only corpora. A text encoder first maps
the input text to a sequence of embeddings. A cascade of conditional diffusion models takes the

text embeddings as input and generates images.

The denoising process is demonstrated in this plot (source: user Benlisquare via Wikimedia Com-

mons):

Steps: 1 Steps: 2 Steps: 3 Steps: 5 Steps: 8

Steps: 10 Steps: 15 Steps: 20 Steps: 30 Steps: 40

Figure 1.8: European-style castle in Japan, created using the Stable Diffusion V1-5 Al diffusion
model

In Figure 1.8, only some steps within the 40-step generation process are shown. You can see
the image generation step by step, including the U-Net denoising process using the Denoising
Diffusion Implicit Model (DDIM) sampling method, which repeatedly removes Gaussian noise,

and then decodes the denoised output into pixel space.

With diffusion models, you can see a wide variety of outcomes using only minimal changes to
theinitial setting of the model or — as in this case — numeric solvers and samplers. Although they
sometimes produce striking results, the instability and inconsistency are a significant challenge

to applying these models more broadly.
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Stable Diffusion was developed by the CompVis group at LMU Munich (High-Resolution Image
Synthesis with Latent Diffusion Models by Blattmann and others, 2022). The Stable Diffusion model
significantly cuts training costs and sampling time compared to previous (pixel-based) diffusion
models. The model can be run on consumer hardware equipped with a modest GPU (for example,
the GeForce 40 series). By creating high-fidelity images from text on consumer GPUs, the Stable
Diffusion model democratizes access. Further, the model’s source code and even the weights have
been released under the CreativeML OpenRAIL-M license, which doesn’t impose restrictions on

reuse, distribution, commercialization, and adaptation.

Significantly, Stable Diffusion introduced operations in latent (lower-dimensional) space repre-
sentations, which capture the essential properties of an image, in order to improve computational
efficiency. A VAE provides latent space compression (called perceptual compression in the paper),

while a U-Net performs iterative denoising.
Stable Diffusion generates images from text prompts through several clear steps:

1. Itstarts by producing a random tensor (random image) in the latent space, which serves
as the noise for our initial image.

2. Anoise predictor (U-Net) takes in both the latent noisy image and the provided text prompt
and predicts the noise.

3. The model then subtracts the latent noise from the latent image.

4. Steps 2 and 3 are repeated for a set number of sampling steps, for instance, 40 times, as
shown in the plot.

5. Finally, the decoder component of the VAE transforms the latent image back into pixel

space, providing the final output image.

AVAE is amodel that encodes data into a learned, smaller representation (encoding). These rep-
resentations can then be used to generate new data similar to that used for training (decoding).
This VAE is trained first.
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A U-Net s a popular type of convolutional neural network (CNN) that has a sym-
metric encoder-decoder structure. Itis commonly used for image segmentation tasks,
but in the context of Stable Diffusion, it can help to introduce and remove noise in
theimage. The U-Net takes a noisy image (seed) as input and processes it through a

series of convolutional layers to extract features and learn semantic representations.

\Q/‘/ These convolutional layers, typically organized in a contracting path, reduce the
spatial dimensions while increasing the number of channels. Once the contracting
path reaches the bottleneck of the U-Net, it then expands through a symmetric
expanding path. In the expanding path, transposed convolutions (also known as
upsampling or deconvolutions) are applied to progressively upsample the spatial

dimensions while reducing the number of channels.

For training the image generation model in the latent space itself (latent diffusion model), a
loss function is used to evaluate the quality of the generated images. One commonly used loss
function is the Mean Squared Error (MSE) loss, which quantifies the difference between the
generated image and the targetimage. The model is optimized to minimize this loss, encouraging

it to generate images that closely resemble the desired output.

This training was performed on the LAION-5B dataset, consisting of billions of image-text pairs,
derived from Common Crawl data, comprising billions of image-text pairs from sources such as

Pinterest, WordPress, Blogspot, Flickr, and DeviantArt.
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The following images illustrate text-to-image generation from a text prompt with diffusion
(source: Ramesh and others, Hierarchical Text-Conditional Image Generation with CLIP Latents,
2022; https://arxiv.org/abs/2204.06125):

vibrant portrait painting of Salvador Dali with a robotic half face a shiba inu wearing a beret and black turtleneck

Figure 1.9: Image generation from text prompts

Overall, image generation models such as Stable Diffusion and Midjourney process textual
prompts into generated images, leveraging the concept of forward and reverse diffusion processes
and operating in a lower-dimensional latent space for efficiency. But what about the conditioning

for the model in the text-to-image use case?

The conditioning process allows these models to be influenced by specific input textual prompts
or input types like depth maps or outlines for greater precision to create relevant images. These
embeddings are then processed by a text transformer and fed to the noise predictor, steering it

to produce an image that aligns with the text prompt.

It’s out of the scope of this book to provide a comprehensive survey of generative Al models for

all modalities. However, let’s get a bit of an overview of what models can do for other domains.


https://arxiv.org/abs/2204.06125
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What can Al do in other domains?

Generative Al models have demonstrated impressive capabilities across modalities including
sound, music, video, and 3D shapes. In the audio domain, models can synthesize natural speech,
generate original music compositions, and even mimic a speaker’s voice and the patterns of
rhythm and sound (prosody). Speech-to-text systems can convert spoken language into text
[Automatic Speech Recognition (ASR)]. For video, Al systems can create photorealistic footage
from text prompts and perform sophisticated editing like object removal. 3D models learned to

reconstruct scenes from images and generate intricate objects from textual descriptions.

The following table summarizes some recent models in these domains:

Model Organization Year Domain Architecture Performance

Deep, iterative, latent 3D scene
variable density generation from
3D-GQN DeepMind 2018 3D models 2D images
High-fidelity

music generation

Jukebox OpenAl 2020 Music VQ-VAE + transformer = in different styles
Near human-
Sound/ level speech
Whisper OpenAl 2022  speech Transformer recognition
Frozen text High-definition
transformers + video video generation
Imagen Video = Google 2022  Video diffusion models from text
Realistic video
Google & Bidirectional masked = generation from
Phenaki UCL 2022 Video transformer text

High-quality,
Temporal coherence smooth video
TecoGAN U. Munich 2022 Video module generation
High-fidelity 3D
object generation

DreamFusion = Google 2022 3D NeRF + Diffusion from text
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High linguistic
quality speech
Tokenizer + generation
Sound/ transformer LM + maintaining
AudioLM Google 2023  speech detokenizer speaker’s identity

High-quality
conditional and
Sound/ Transformer + text unconditional

AudioGen Meta Al 2023  speech guidance audio generation

State-of-the-art

Universal multilingual
Speech Sound/ Encoder-decoder speech
Model (USM) = Google 2023 speech transformer recognition

Table 1.1: Models for audio, video, and 3D domains

Underlying many of these innovations are advances in deep generative architectures like GANs,
diffusion models, and transformers. Leading Al labs at Google, OpenAl, Meta, and DeepMind are

pushing the boundaries of what’s possible.

Summary

With the rise of computing power, deep neural networks, transformers, generative adversarial
networks, and VAEs model the complexity of real-world data much more effectively than previ-
ous generations of models, pushing the boundaries of what’s possible with Al algorithms. In this
chapter, we explored the recent history of DL and Al and generative models such as LLMs and GPTs,
together with the theoretical ideas underpinning them, especially the Transformer architecture.
We also explained the basic concepts of models for image generation, such as the Stable Diffu-

sion model, and finally discussed applications beyond text and images, such as sound and video.

The next chapter will explore the tooling of generative models, particularly LLMs, with the LangC-
hain framework, focusing on the fundamentals, the implementation, and the use of this particular

tool in exploiting and extending the capability of LLMs.
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Questions
I'thinkit’s a good habit to check that you’ve digested the material when reading a technical book.
For this purpose, I've created a few questions relating to the content of this chapter. Let’s see if

Yyou can answer them:

Ju—ry

What is a generative model?

Which applications exist for generative models?

What is an LLM and what does it do?

How can we get better performance from LLMs?

What are the conditions that make these models possible?

Which companies and organizations are the big players in developing LLMs?
What s a transformer and what does it consist of?

What does GPT stand for?

0 N A W

How does Stable Diffusion work?

10. Whatis a VAE?

If you struggle to answer these questions, please refer to the corresponding sections in this chapter

to ensure that you've understood the material.

Join our community on Discord

Join our community’s Discord space for discussions with the authors and other readers:

https://packt.link/lang
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LangChain for LLM Apps

Large Language Models (LLMs) like GPT-4 have demonstrated immense capabilities in generating
human-like text. However, simply accessing LLMs via APIs has limitations. Instead, combining
them with other data sources and tools can enable more powerful applications. In this chapter,
we will introduce LangChain as a way to overcome LLM limitations and build innovative lan-
guage-based applications. We aim to demonstrate the potential of combining recent Al advance-

ments with a robust framework like LangChain.

We will start by outlining some challenges faced when using LLMs on their own, like the lack of
external knowledge, incorrect reasoning, and the inability to take action. LangChain provides
solutions to these issues through different integrations and off-the-shelf components for specific
tasks. We will walk through examples of how developers can use LangChain’s capabilities to cre-
ate customized natural language processing solutions, outlining the components and concepts

involved.

The goal is to illustrate how LangChain enables building dynamic, data-aware applications that
go beyond what is possible by simply accessing LLMs via API calls. Lastly, we will talk about
important concepts related to LangChain, such as chains, action plan generation, and memory,

which are important concepts to understand how LangChain works.

The main sections of this chapter are:

e  Going beyond stochastic parrots

e  Whatis LangChain?

e  Exploring key components of LangChain
e  How does LangChain work?

¢ Comparing LangChain with other frameworks
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Going beyond stochastic parrots

LLMs have gained significant attention and popularity due to their ability to generate human-like
text and understand natural language, which makes them useful in scenarios that revolve around
content generation, text classification, and summarization. However, their apparent fluency
obscures serious deficiencies that constrain real-world utility. The concept of stochastic parrots

helps to elucidate this fundamental issue.

Stochastic parrots refers to LLMs that can produce convincing language but lack any true com-
prehension of the meaning behind words. Coined by researchers Emily Bender, Timnit Gebru,
Margaret Mitchell, and Angelina McMillan-Major in their influential paper On the Dangers of
Stochastic Parrots (2021), the term critiques models that mindlessly mimic linguistic patterns.
Without being grounded in the real world, models can produce responses that are inaccurate,

irrelevant, unethical, or make little logical sense.

Simply scaling up compute and data does not impart reasoning capabilities or common sense.
LLMs struggle with challenges like the compositionality gap (Measuring and Narrowing the Com-
positionality Gap in Language Models by Ofir Press and colleagues; 2023). This means LLMs cannot
connect inferences or adapt responses to new situations. Overcoming these obstacles requires
augmenting LLMs with techniques that add true comprehension. Raw model scale alone cannot
transform stochastic parroting into beneficial systems. Innovations like prompting, chain-of-

thought reasoning, retrieval grounding, and others are needed to educate models.

Let’s look at this argument in a bit more detail. If you wish to skip these details, please move on
to the next section. We’ll continue here by looking at the limitations of LLMs, ways to overcome
those limitations, and how LangChain facilitates applications that systematically mitigate the

shortcomings and extend the functionality of LLMs.

What are the limitations of LLMs?

Ashasbeen established, LLMs offer impressive capabilities but suffer from limitations that hinder
their effectiveness in certain scenarios. Understanding these limitations is crucial when devel-

oping applications. Some pain points associated with LLMs include:

e Outdated knowledge: LLMs rely solely on their training data. Without external integra-
tion, they cannot provide recent real-world information.
o Inability to take action: LLMs cannot perform interactive actions like searches, calcula-

tions, or lookups. This severely limits functionality.
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e Lack of context: LLMs struggle to incorporate relevant context like previous conversa-

tions and the supplementary details that are needed for coherent and useful responses.

¢ Hallucination risks: Insufficient knowledge on certain topics can lead to the generation

of incorrect or nonsensical content by LLMs if not properly grounded.

e Biasesand discrimination: Depending on the data they were trained on, LLMs can exhibit

biases that can be religious, ideological, or political in nature.

e Lackof transparency: The behavior of large, complex models can be opaque and difficult

to interpret, posing challenges to alignment with human values.

o  Lackof context: LLMs may struggle to understand and incorporate context from previous
prompts or conversations. They may not remember previously mentioned details or may

fail to provide additional relevant information beyond the given prompt.

Let’s illustrate some of these limitations a bit more since they are very important. As mentioned,
LLMs face significant limitations in their lack of real-time knowledge and inability to take actions
themselves, which restricts their effectiveness in many real-world contexts. For instance, LLMs
have no inherent connection to external information sources. They are confined to the training
data used to develop them, which inevitably becomes increasingly outdated over time. An LLM
would have zero awareness of current events that occurred after its training data cut-off date.
Asking an LLM about breaking news or the latest societal developments would leave it unable

to construct responses without external grounding.

Additionally, LLMs cannotinteract dynamically with the world around them. They cannot check
the weather, look up local data, or access documents. With no ability to perform web searches,
interface with APIs, run calculations, or take any practical actions based on new prompts, LLMs
operate solely within the confines of pre-existing information. Even when discussing topics con-
tained in its training data, an LLM struggles to incorporate real-time context and specifics with-
out retrieving external knowledge. For example, an LLM could fluently discuss macroeconomic
principles used in financial analysis, but it would fail to actually conduct analysis by retrieving
current performance data and computing relevant statistics. Without dynamic lookup abilities, its
financial discussion remains generic and theoretical. Similarly, an LLM may eloquently describe

a past news event but then falter if asked for the latest developments on the same story today.

Architecting solutions that combine LLMs with external data sources, analytical programs, and
tool integrations can help overcome these limitations. But in isolation, LLMs lack connection to
the real-world context, which is often essential for useful applications. Their impressive natural
language abilities need appropriate grounding and actions to produce substantive insights be-

yond eloquent but hollow text.
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Let’s look at a few examples of problems with LLMs. The cut-off day issue is illustrated here in

the OpenAI ChatGPT interface asking about LangChain:

@ You

What's LangChain?

ChatGPT

As of my last knowledge update in January 2022, | don't have specific
information about "LangChain." It's possible that there have been

developments or new entities with that name since then.

If LangChain is a term or entity that emerged or gained significance after
my last update, | recommend checking the latest online sources, such as
news articles, official websites, or other reliable platforms for the most
recent information. If it's a relatively new or niche topic, it might be best
to look for specialized sources or announcements related to the field or

industry associated with LangChain.

Figure 2.1: ChatGPT - a lack of up-to-date information

In this case, the model was able to correctly catch the problem and give the correct feedback —

this is not always the case, though. If you access the model through other endpoints or use other

models, it might just make up the information (hallucinate). Also, it might not have knowledge

about certain entities, or it may refer to different entities entirely. Asking the same question in

the OpenAl playground, I got this response:

USER

ASSISTANT

What is LangChain?

LangChain is a decentralized platform that aims to revolutionize the global
language learning industry. It leverages blockchain technology to provide
a secure and transparent learning environment, connecting language
learners directly with native speakers and qualified tutors. The platform
offers various language learning tools, including interactive lessons,
practice exercises, and real-time conversations, all facilitated by its
decentralized network. LangChain also incorporates a reward system using
its native cryptocurrency, enabling learners to earn tokens by achieving
language learning milestones and facilitating peer-to-peer transactions
within the platform. Overall, LangChain aims to provide an efficient,
affordable, and engaging language learning experience for users
worldwide.

Figure 2.2: OpenAl playground with GPT 3.5
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In this case, we can see that the model talks about a different LangChain, which is a decentralized
blockchain-based translation platform. This is a problem of relevance, which can be referred
to as a hallucination. It can be remedied by accessing external data, such as weather APIs, user
preferences, or relevant information from the web, and this is essential for creating personalized

and accurate language-driven applications.

LLMs struggle with certain tasks thatinvolve logical reasoning or math problems. As an example,
even advanced LLMs perform poorly at high-school level math and cannot perform simple math

operations that they haven’t seen before. Again, we can illustrate this with a simple demonstration:

What is 5*57?

The product of 5 multiplied by 5 is 25.
What is 2555 * 25557

The product of 2555 multiplied by 2555is 6,527,025.

Figure 2.3: ChatGPT math solving

Asyou can see, the model comes up with the correct response for the first question but fails with the

second. Justin case you were wondering what the true result s, if we use a calculator, we get this:

(base) % bc -1

bc 1.06

Copyright 1991-1994, 1997, 1998, 2000 Free Software Foundation, Inc.
This is free software with ABSOLUTELY NO WARRANTY.

For details type “warranty'.
2555 * 2555
6528025

Figure 2.4: Multiplication with a calculator (BC)
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The LLM hasn’t stored the result of the calculation or hasn’t encountered it often enough in the
training data for it to be reliably remembered as encoded in its weights. Therefore, it fails to cor-

rectly come up with the solution. An LLM is not a suitable tool for the job in this case.

Deploying chatbots and other applications using LLMs requires thoughtful design and monitoring
to address risks like bias and inappropriate content. For instance, Microsoft’s Tay chatbot was

taken offline shortly after launch in 2016 due to offensive tweets resulting from toxic interactions.

As for reasoning, for example, an LLM may correctly identify a fruit’s density and water’s density
when asked about those topics independently, but it would struggle to synthesize those facts to
determine if the fruit will float (this being a multi-hop question). The model fails to bridge its
disjointed knowledge.

Let’s see how we can address these challenges.

How can we mitigate LLM limitations?

Mitigating these limitations includes techniques like:

e  Retrieval augmentation: This technique accesses knowledge bases to supplement an

LLM’s outdated training data, providing external context and reducing hallucination risk.
e  Chaining: This technique integrates actions like searches and calculations.

e  Prompt engineering: This involves the careful crafting of prompts by providing critical
context that guides appropriate responses.

¢ Monitoring, filtering, and reviews: This involves ongoing and effective oversight of
emerging issues regarding the application’s input and output to detect issues. Both man-
ual reviews and automated filters then correct potential problems with the output. This

includes the following:

a. Filters, like block lists, sensitivity classifiers, and banned word filters, can auto-

matically flag issues.
b. Constitutional principles monitor and filter unethical or inappropriate content.
c. Human reviews provide insight into model behavior and output.
e  Memory: Retains conversation context by persisting conversation data and context across
interactions.

e Fine-tuning: Training and tuning the LLM on more appropriate data for the application

domain and principles. This adapts the model’s behavior for its specific purpose.
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To re-emphasize what we previously mentioned, raw model scale alone cannot impart composi-
tional reasoning or other missing capabilities. Explicit techniques like elicit prompting and chain-
of-thoughtreasoning are needed to overcome the compositionality gap. Approaches like self-ask

prompting mitigate these flaws by encouraging models to methodically decompose problems.

Integrating such tools into training pipelines provides the otherwise lacking faculties. Prompting
supplies context, chaining enables inference steps, and retrieval incorporates facts. Together,

these transform stochastic parrots into reasoning engines.

Thoughtful prompt engineering and fine-tuning prepare models for real-world use. Ongoing
monitoring then catches any emerging issues, both through automation and human review.
Filters act as a first line of defense. Adopting constitutional Al principles also encourages build-
ing models capable of behaving ethically. This comprehensive approach combines preparation,

vigilance, and inherently beneficial design.

Connecting LLMs to external data further reduces hallucination risks and enhances responses
with accurate, up-to-date information. However, securely integrating sources like databases adds
complexity. Frameworks like LangChain simplify this while providing structure and oversight
for responsible LLM use. They allow composing prompted model queries and data sources to
surmount standalone LLM deficits. With diligent augmentation, we can create Al systems pre-

viously not viable due to innate model limitations. This brings us to our next topic of discussion.

What is an LLM app?

Combining LLMs with other tools into applications using specialized tooling, LLM-powered
applications have the potential to transform our digital world. This is often done via a chain of
one or multiple prompted calls to LLMs but can also make use of other external services (such

as APIs or data sources) to achieve tasks.

Traditional software applications typically follow a multi-layer architecture:

Client P Frontend P Backend P Database

Figure 2.5: A traditional software application

The client layer handles user interaction. The frontend layer handles presentation and business
logic. The backend layer processes logic, APIs, computations, etc. Lastly, the database stores and

retrieves data.
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In contrast, an LLM app is an application that utilizes an LLM to understand natural language
prompts and generate responsive text outputs. LLM apps typically have the following components:
e Aclientlayer to collect user input as text queries or decisions.
e Aprompt engineering layer to construct prompts that guide the LLM.
e An LLM backend to analyze prompts and produce relevant text responses.
e Anoutput parsing layer to interpret LLM responses for the application interface.

e  Optional integration with external services via function APIs, knowledge bases, and rea-

soning algorithms to augment the LLM’s capabilities.

In the simplest possible cases, the frontend, parsing, and knowledge base parts are sometimes

not explicitly defined, leaving us with just the client, the prompt, and the LLM:

| Output

Client % Prompt » LLM
Parser

Figure 2.6: A simple LLM application
LLM apps can integrate external services via:

e  Function APIs to access web tools and databases.

e  Advanced reasoning algorithms for complex logic chains.

e  Retrieval augmented generation via knowledge bases.
Retrieval augmented generation (RAG), which we will discuss in Chapter 5, Building a Chatbot like
ChatGPT, enhances the LLM with external knowledge. These extensions expand the capabilities
of LLM apps beyond the LLM’s knowledge alone. For instance:

e  Function calling allows parameterized API requests.

e  SQL functions enable conversational database queries.

e  Reasoning algorithms like chain-of-thought facilitate multi-step logic.

This is illustrated here:

/{ rome® 1\7
. . —P LM
Engineering
SR Output
‘ Client H Frontend ’ u ];')u ......... N
loop Parsing

\ External Knowledge

Figure 2.7: An advanced LLM application
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As can be seen in the preceding figure, the client layer collects user text queries and decisions.
Prompt engineering constructs guide the LLM, considering external knowledge or capability (or
earlier interactions) without changes to the model itself. The LLM backend dynamically under-
stands and responds to the prompts based on its training. Output parsing interprets the LLM
text for the frontend. A knowledge base can enhance the LLM’s information, and optionally, like

a database backend in a traditional app, information can be written to it.
LLM applications are important for several reasons:

e  The LLM backend handles language in a nuanced, human-like way without hardcoded

rules.
e  Responses can be personalized and contextualized based on past interactions.
e Advanced reasoning algorithms enable complex, multi-step inference chains.

e Dynamicresponses based on the LLM or on up-to-date information retrieved in real time.

The key capability LLM apps use is the ability to understand nuanced language in prompts and
generate coherent, human-like text responses. This facilitates more natural interactions and

workflows compared to traditional code.

The LLM provides human-like language capabilities without manual coding. Therefore, there is
no need to manually anticipate and code every language scenario in advance. The integration
of LLMs with external services, knowledge, and reasoning algorithms eases the development of

innovative applications.

But responsible data practices are critical — PII should be kept off public platforms and models
should be fine-tuned in-house when needed. Both the frontend and the output parser could
include moderation and enforcing rules about behavior, privacy, and security. Future research

must address concerns around potential misuse, biases, and limitations.
We will see alot of examples of LLM apps throughout this book; here are a few that we’ll encounter:

e Chatbots and virtual assistants: These apps use LLMs like ChatGPT to have natural
conversations with users and assist with tasks like scheduling, customer service, and

information lookup.

o Intelligent search engines: LLM apps can parse search queries written in natural language

and generate relevant results.

e Automated content creation: Apps can leverage LLMs to generate content like articles,

emails, code, and more based on a text prompt.
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e Question answering: Users can ask an LLM app questions in plain language and receive

informative answers that are quickly sourced from the model’s knowledge.

e Sentiment analysis: You can analyze customer feedback, reviews, and social posts using

an LLM app to summarize sentiment and extract key themes.

e Text summarization: You can automatically generate concise summaries of longer text

documents and articles using an LLM backend.

e  Dataanalysis: You can use LLMs for automated data analysis and visualization to extract
insights.

e  Code generation: You can set up software pair-programming assistants that can help

solve business problems.

The true power of LLMs lies not in LLMs being used in isolation but in LLMs being combined
with other sources of knowledge and computation. The LangChain framework aims to enable
precisely this kind of integration, facilitating the development of context-aware, reasoning-based
applications. LangChain addresses pain points associated with LLMs and provides an intuitive

framework for creating customized NLP solutions.

What is LangChain?

Created in 2022 by Harrison Chase, LangChain is an open-source Python framework for building
LLM-powered applications. It provides developers with modular, easy-to-use components for
connecting language models with external data sources and services. The project has attracted
millions in venture capital funding from the likes of Sequoia Capital and Benchmark, who sup-

plied funding to Apple, Cisco, Google, WeWork, Dropbox, and many other successful companies.

LangChain simplifies the development of sophisticated LLM applications by providing reusable
components and pre-assembled chains. Its modular architecture abstracts access to LLMs and
external services into a unified interface. Developers can combine these building blocks to carry

out complex workflows.

Building impactful LLM apps involves challenges like prompt engineering, bias mitigation, pro-
ductionizing, and integrating external data. LangChain reduces this learning curve through its

abstractions and composable structure.
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Beyond basic LLM API usage, LangChain facilitates advanced interactions like conversational
context and persistence through agents and memory. This allows for chatbots, gathering external

data, and more.

In particular, LangChain’s support for chains, agents, tools, and memory allows developers to
build applications that can interact with their environment in a more sophisticated way and store
and reuse information over time. Its modular design makes it easy to build complex applications
that can be adapted to a variety of domains. Support for action plans and strategies improves
the performance and robustness of applications. The support for memory and access to external

information reduces hallucinations, thus enhancing reliability.
The key benefits LangChain offers developers are:

e  Modular architecture for flexible and adaptable LLM integrations.
e  Chaining together multiple services beyond just LLMs.

e  Goal-driven agent interactions instead of isolated calls.

¢  Memory and persistence for statefulness across executions.

e  Open-source access and community support.

As mentioned, LangChain is open source and written in Python, although companion projects
exist that are implemented in JavaScript or —more precisely — TypeScript (LangChain.js), and the
fledgling Langchain. rb project for Ruby, which comes with a Ruby interpreter for code execution.

In this book, we focus on the Python flavor of the framework.

While resources like documentation, courses, and communities help accelerate the learning pro-
cess, developing expertise in applying LLMs takes dedicated time and effort. For many developers,

the learning curve can be a blocking factor to impactfully leveraging LLMs.

There are active discussions on a Discord chat server, multiple blogs, and regular meetups taking
place in various cities, including San Francisco and London. There’s even a chatbot, ChatLangC-
hain, that can answer questions about the LangChain documentation. It’s built using LangChain

and FastAPI and is available online through the documentation website!
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LangChain comes with many extensions and a larger ecosystem that is developing around it.
As mentioned, it has an immense number of integrations already, with many new ones being
added every week. This screenshot highlights a few of the integrations (source: integrations.
langchain. com):

W& LangChain

07 integrations |  + Request an integration

Document Loaders (i57) ~ Vector Stores (57)  Embedding Models (43) ~ ChatModels(19) ~ LLMs(73)  Callbacks(26)  Tools(i01)  Toolkits(i8) ~ Message Histories (i3
P Searct Popularity v
AirbyteJSONLoader Vol ApifyDatasetLoader UnstructuredHTMLLoader [} UnstructuredPDFLoader [} UnstructuredCSVLoader [}
Load local *Airby from " Apify" web scrapin. Load "HTML files using "Unstructured. Load 'PDF " files using " Unstructured Load "CSV" files using Unstructured
() Docs O Github @ 45 () Docs O Github  ® 38 () Docs O Github @ 30 () Docs O Github @ 30 () Docs O Github @ 28
UnstructuredURLLoader | ] OnlinePDFLoader UnstructuredMarkdownL... l ! UnstructuredFileLoader [ ) UnstructuredExcelLoader )
Load files from re Load online *PDF Load "Markdown' files using. Load files u d". The fi

(J Docs Q) Github @ 26 () Docs @ Github @ 25 () Docs () Github  ® 24 () Docs () Github @ 23 (J Docs Q) Github @ 22
UnstructuredFilelOLoader l ! UnstructuredODTLoader ! ) UnstructuredAPIFilelOLo... ' ' UnstructuredAPIFileLoader ! UnstructuredEPubLoader l I
L using ‘Unstructured”. The f vad *OpenOffice ODT " i Load files using 'Uns API. By Load files using 'Unstructured API. By Load "EPub’ files using *Unstructured

0 Docs O Github @ 20 0 Docs @ Github  w 20 0 Docs  © Github  ® 19 () Docs O Github w19 0 Docs O Github @ 19
UnstructuredEmailLoader ) UnstructuredimageLoader I} UnstructuredOrgModeLo... 1) UnstructuredWordDocum... |} UnstructuredXMLLoader 1}
Load emai files using *Unstructured Load "PNG" and "JPG" files using. Load "Org-Mode" files using Load *Microsof Word" file using Load "XML' file using *Unstructured

0 Docs O Github @ 19 0 Docs O Github @ 19 0 Docs O Github @ 19 0 Docs O Github @ 19 0 Docs O Github @ 19
Unstr Point... | UnstructuredRSTLoader I ) UnstructuredRTFLoader L) JSONLoader GoogleDriveLoader G
Load *Microsoft PowerPoint" files using Load "RST" files using *Unstructured Load "RTF" files using *Unstructured Load a 'JSON' file using a *jq' schema Load Google Docs from *Google Drive

Figure 2.8: LangChain integrations as of September 2023

As for the broader ecosystem, LangSmith is a platform that complements LangChain by providing
robust debugging, testing, and monitoring capabilities for LLM applications. For example, devel-
opers can quickly debug new chains by viewing detailed execution traces. Alternative prompts
and LLMs can be evaluated against datasets to ensure quality and consistency. Usage analytics

empower data-driven decisions around optimizations.

LlamaHub and LangChainHub provide open libraries of reusable elements to build sophisticated
LLM systems in a simplified manner. LlamaHub is a library of data loaders, readers, and tools
created by the Llamalndex community. It provides utilities to easily connect LLMs to diverse
knowledge sources. The loaders ingest data for retrieval, while tools enable models to read /write
to external data services. LlamaHub simplifies the creation of customized data agents to unlock

LLM capabilities.
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LangChainHub is a central repository for sharing artifacts like prompts, chains, and agents used
in LangChain. Inspired by the Hugging Face Hub, it aims to be a one-stop resource for discover-
ing high-quality building blocks to compose complex LLM apps. The initial launch focuses on a
collection of reusable prompts. Future plans involve adding support for chains, agents, and other

key LangChain components.

LangFlow and Flowise are Uls that allow chaining LangChain components in an executable
flowchart by dragging sidebar components onto the canvas and connecting them together to
create your pipeline. This is a quick way to experiment and prototype pipelines and is illustrated

in the following screenshot of Flowise (source: https://github.com/FlowiseAI/Flowise):

Serp API W a a
‘i‘ ’ P 0]

Inputs

Calculator

Output

Serp Api Key*

Calculator

[E]

° Hi there! How can i help?

e Who is Elon Musk? What is hi
0.23 power?

s current net worth raised to the

Output

SerpAP|

rth raised to the 0.23 power is

@ OpenAl 0]

Inputs

Allowed

OpenAl Api Key* LLM Mog

Model Name

text-davinci-003 B

Temperature

o

Output

Figure 2.9: Flowise Ul with an agent that uses an LLM, a calculator, and a search tool

You can see an agent (discussed later in this chapter) thatis connected to a search interface (Serp
API), an LLM, and a calculator. LangChain and LangFlow can be deployed locally, for example,
using the Chainlit library, or on different platforms, including Google Cloud. The langchain-
serve library helps to deploy both LangChain and LangFlow on the Jina Al cloud as LLM-apps-

as-a-service with a single command.
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While still relatively new, LangChain unlocks more advanced LLM applications via its combina-
tion of components like memory, chaining, and agents. It aims to simplify what can otherwise
be complex LLM application development. Hence, it is crucial at this point in the chapter that

we shift focus to the workings of LangChain and its components.

Exploring key components of LangChain

Chains, agents, memory, and tools enable the creation of sophisticated LLM applications that
go beyond basic API calls to a single LLM. In the following dedicated subsections on these key
concepts, we’ll consider how they enable the development of capable systems by combining

language models with external data and services.

We won’t dive into implementation patterns in this chapter; however, we will discuss in more
detail what some of these components are good for. By the end, you should have the level of un-

derstanding that’s required to architect systems with LangChain. Let’s start with chains!

What are chains?

Chains are a critical concept in LangChain for composing modular components into reusable
pipelines. For example, developers can put together multiple LLM calls and other components
in a sequence to create complex applications for things like chatbot-like social interactions, data
extraction, and data analysis. In the most generic terms, a chain is a sequence of calls to compo-
nents, which can include other chains. The most innocuous example of a chain is probably the

PromptTemplate, which passes a formatted response to a language model.

Prompt chaining is a technique that can be used to improve the performance of LangChain
applications, which involves chaining together multiple prompts to autocomplete a more com-
plex response. More complex chains integrate models with tools like LLMMath, for math-related
queries, or SQLDatabaseChain, for querying databases. These are called utility chains, because

they combine language models with specific tools.

Chains can even enforce policies, like moderating toxic outputs or aligning with ethical princi-
ples. LangChain implements chains to make sure the content of the output is not toxic, does not
otherwise violate OpenAl’s moderation rules (OpenAIModerationChain), or that it conforms to

ethical, legal, or custom principles (ConstitutionalChain).
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An LLMCheckerChain verifies statements to reduce inaccurate responses using a technique called
self-reflection. The LLMCheckerChain can prevent hallucinations and reduce inaccurate respons-
es by verifying the assumptions underlying the provided statements and questions. In a paper
by researchers at Carnegie Mellon, Allen Institute, University of Washington, NVIDIA, UC San
Diego, and Google Research in May 2023 (SELF-REFINE: Iterative Refinement with Self-Feedback),
this strategy has been found to improve task performance by about 20% on average across a

benchmark including dialogue responses, math reasoning, and code reasoning.

A few chains can make autonomous decisions. Like agents, router chains can decide which tool
to use based on their descriptions. A RouterChain can dynamically select which retrieval system,

such as prompts or indexes, to use.
Chains deliver several key benefits:

e  Modularity: Logic is divided into reusable components.

e Composability: Components can be sequenced flexibly.

e Readability: Each step in a pipeline is clear.

e Maintainability: Steps can be added, removed, and swapped.

e Reusability: Common pipelines become configurable chains.

e Toolintegration: Easily incorporate LLMs, databases, APIs, etc.

e  Productivity: Quickly build prototypes of configurable chains.

Together, these benefits enable the encapsulation of complex workflows into easy-to-understand

and adaptable chained pipelines.

Typically, developing a LangChain chain involves breaking down a workflow into logical steps,
like data loading, processing, model querying, and so on. Well-designed chains embrace sin-
gle-responsibility components being pipelined together. Steps should be stateless functions
to maximize reusability. Configurations should be made customizable. Robust error handling
with exceptions and errors is critical for reliability. Monitoring and logging can be enabled with

different mechanisms, including callbacks.

Let’s discuss agents next and how they make their decisions!
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What are agents?
Agents are a key concept in LangChain for creating systems that interact dynamically with users

and environments over time. An agentis an autonomous software entity thatis capable of taking

actions to accomplish goals and tasks.

Chains and agents are similar concepts and it’s worth unpicking their differences. The core idea
in LangChain is the compositionality of LLMs and other components to work together. Both
chains and agents do that, but in different ways. Both extend LLMs, but agents do so by orches-
trating chains while chains compose lower-level modules. While chains define reusable logic by
sequencing components, agents leverage chains to take goal-driven actions. Agents combine and
orchestrate chains. The agent observes the environment, decides which chain to execute based

on that observation, takes the chain’s specified action, and repeats.

Agents decide which actions to take using LLMs as reasoning engines. The LLM is prompted with

available tools, user input, and previous steps. It then selects the next action or final response.

Tools (discussed later in this chapter) are functions the agent calls to take real-world actions.

Providing the right tools and effectively describing them is critical for agents to accomplish goals.

The agent executor runtime orchestrates the loop of querying the agent, executing tool actions,
and feeding observations back. This handles lower-level complexities like error handling, logging,

and parsing.
Agents provide several key benefits:

e  Goal-oriented execution: Agents can plan chains of logic targeting specific goals.

¢ Dynamic responses: Observing environment changes lets agents react and adapt.

o  Statefulness: Agents can maintain memory and context across interactions.

e  Robustness: Errors can be handled by catching exceptions and trying alternate chains.

e Composition: Agent logic combines reusable component chains.

Together, this enables agents to handle complex, multi-step workflows and continuously inter-

active applications like chatbots.
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In the section about the limitations of LLMs, we’ve seen that for calculations, a simple calculator
outperforms a model consisting of billions of parameters. In this case, an agent can decide to pass
the calculation to a calculator or to a Python interpreter. We can see a simple app here, where an

agent is connected to both an OpenAl model and a Python function:

ﬁ PythonFunctionTool

Python function to be executed.

Code *

def python_function(text: str) -> str: """T. &z
Description *
(&) ChatOpenAl
Returns the Text you send. This is a testin. (e
Wrapper around OpenAl Chat large language .
models. Name
PythonFunction
Max Tokens
Type a integer number Return Direct *
Model Name y Agentinitializer
A n i
gpt-3.5-turbo s PythonFunctionTool

Construct a zero shot agent from an LLM and tools.
OpenAl APl Base ©
LLM *
Type something
Memory

OpenAl API Key
Tools

Type something... ©
Agent *

Temperature zero-shot-react-description v

0.2
Agentlnitializer O

ChatOpenAl

Figure 2.10: A simple LLM app with a Python function visualized in LangFlow

Based on the input, the agent can decide to run a Python function. Each agent also decides which
tool to use and when. We’ll look more at the mechanics of how this works in Chapter 4, Building

Capable Assistants.

A key limitation of agents and chains is their statelessness — each execution occurs in isolation
without retaining prior context. This is where the concept of memory becomes critical. Memory

in LangChain refers to persisting information across chain executions to enable statefulness.
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What is memory?

In LangChain, memory refers to the persisting state between executions of a chain or agent. Robust
memory approaches unlock key benefits for developers building conversational and interactive
applications. For example, storing chat history context in memory improves the coherence and

relevance of LLM responses over time.

Rather than treating each user input as an isolated prompt, chains can pass conversational mem-
ory to models on each call to provide consistency. Agents can also persist facts, relationships, and
deductions about the world in memory. This knowledge remains available even as real-world
conditions change, keeping the agent contextually informed. Memory of objectives and completed
tasks allows agents to track progress on multi-step goals across conversations. In addition, re-
taining information in memory reduces the number of calls to LLMs for repetitive information.

This lowers API usage and costs, while still providing the agent or chain with the needed context.

LangChain provides a standard interface for memory, integrations with storage options like

databases, and design patterns for effectively incorporating memory into chains and agents.
Several memory options exist — for example:
e  ConversationBufferMemory stores all messages in model history. This increases latency
and costs.

e ConversationBufferWindowMemory retains only recent messages.

e ConversationKGMemory summarizes exchanges as a knowledge graph for integration

into prompts.

e  EntityMemory backed by a database persists agent state and facts.
Moreover, LangChain integrates many database options for durable storage:

e  SQL options like Postgres and SQLite enable relational data modeling.
e  NoSQL choices like MongoDB and Cassandra facilitate scalable unstructured data.
e Redis provides an in-memory database for high-performance caching.

e  Managed cloud services like AWS DynamoDB remove infrastructure burdens.

Beyond databases, purpose-built memory servers like Remembrall and Motérhead offer optimized
conversational context. The right memory approach depends on factors like persistence needs,
data relationships, scale, and resources, but robustly retaining state is key for conversational and

interactive applications.
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LangChain’s memory integrations, from short-term caching to long-term databases, enable the
building of stateful, context-aware agents. Architecting effective memory patterns unlocks the
next generation of capable and reliable Al systems. LangChain comes with a long list of tools
that we can use in applications. A short section will not be able to do this justice; however, I'll

attempt to give a brief overview.

What are tools?

Tools provide modular interfaces for agents to integrate external services like databases and
APIs. Toolkits group tools that share resources. Tools can be combined with models to extend
their capability. LangChain offers tools like document loaders, indexes, and vector stores, which

facilitate the retrieval and storage of data for augmenting data retrieval in LLMs.
There are many tools available, and here are just a few examples:

e Machine translator: A language model can use a machine translator to better compre-
hend and process text in multiple languages. This tool enables non-translation-dedicated
language models to understand and answer questions in different languages.

e Calculator: Language models can utilize a simple calculator tool to solve math problems.
The calculator supports basic arithmetic operations, allowing the model to accurately

solve mathematical queries in datasets specifically designed for math problem-solving.

e  Maps: By connecting with the Bing Map API or similar services, language models can
retrieve location information, assist with route planning, provide driving distance cal-
culations, and offer details about nearby points of interest.

e  Weather: Weather APIs provide language models with real-time weather information
for cities worldwide. Models can answer queries about current weather conditions or

forecast the weather for specific locations within varying time periods.

e  Stocks: Connecting with stock market APIs like Alpha Vantage allows language models
to query specific stock market information such as opening and closing prices, highest

and lowest prices, and more.

e Slides: Language models equipped with slide-making tools can create slides using
high-level semantics provided by APIs such as the python-pptxlibrary or image retrieval
from the internet based on given topics. These tools facilitate tasks related to slide creation

that are required in various professional fields.
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e  Table processing: APIs built with pandas DataFrames enable language models to perform
data analysis and visualization tasks on tables. By connecting to these tools, models can

provide users with a more streamlined and natural experience for handling tabular data.

e Knowledge graphs: Language models can query knowledge graphs using APIs that mimic
human querying processes, such as finding candidate entities or relations, sending SPARQL
queries, and retrieving results. These tools assist in answering questions based on factual

knowledge stored in knowledge graphs.

e Search engine: By utilizing search engine APIs like Bing Search, language models can
interact with search engines to extract information and provide answers to real-time
queries. These tools enhance the model’s ability to gather information from the web and

deliver accurate responses.

e  Wikipedia: Language models equipped with Wikipedia search tools can search for specific
entities on Wikipedia pages, look up keywords within a page, or disambiguate entities
with similar names. These tools facilitate question-answering tasks using content re-

trieved from Wikipedia.

e  Online shopping: Connecting language models with online shopping tools allows them
to perform actions like searching for items, loading detailed information about products,
selecting item features, going through shopping pages, and making purchase decisions

based on specific user instructions.

Additional tools include AI Painting, which allows language models to generate images using Al
image generation models; 3D Model Construction, enabling language models to create 3D models
using a sophisticated 3D rendering engine; Chemical Properties, assisting in resolving scientific
inquiries about chemical properties using APIs like PubChem; and database tools that facilitate

natural language access to database data for executing SQL queries and retrieving results.

These various tools provide language models with additional functionalities and capabilities to
perform tasks beyond text processing. By connecting with these tools via APIs, language models
can enhance their abilities in areas such as translation, math problem-solving, location-based
queries, weather forecasting, stock market analysis, slide creation, table processing and analysis,

image generation, text-to-speech conversion, and many more specialized tasks.

All these tools can give us advanced Al functionality, and there’s virtually no limit to the tools
available. We can easily build custom tools to extend the capability of LLMs, as we’ll see in the
next chapter. The use of different tools expands the scope of applications for language models

and enables them to handle various real-world tasks more efficiently and effectively.
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After discussing chains, agents, memory, and tools, let’s put this all together to get a picture of

how LangChain fits all of them together as moving parts.

How does LangChain work?
The LangChain framework simplifies building sophisticated LLM applications by providing mod-

ular components that facilitate connecting language models with other data and services. The
framework organizes capabilities into modules spanning from basic LLM interaction to complex

reasoning and persistence.

These components can be combined into pipelines also called chains that sequence the following

actions:

e Loading documents
e Embedding for retrieval
e Querying LLMs
e  Parsing outputs
e  Writing memory
Chains match modules to application goals, while agents leverage chains for goal-directed in-

teractions with users. They repeatedly execute actions based on observations, plan optimal logic

chains, and persist memory across conversations.
The modules, ranging from simple to advanced, are:

e LLMs and chat models: Provide interfaces to connect and query language models like

GPT-3. Support async, streaming, and batch requests.

¢ Document loaders: Ingest data from sources into documents with text and metadata.

Enable loading files, webpages, videos, etc.

¢  Document transformers: Manipulate documents via splitting, combining, filtering, trans-

lating, etc. Help adapt data for models.

e Text embeddings: Create vector representations of text for semantic search. Different

methods for embedding documents vs. queries.

e Vector stores: Store embedded document vectors for efficient similarity search and re-

trieval.

e Retrievers: General interface to return documents based on a query. Can leverage vector

stores.

e Tools: Interfaces that agents use to interact with external systems.
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e Agents: Goal-driven systems that use LLMs to plan actions based on environment ob-

servations.
e  Toolkits: Initialize groups of tools that share resources like databases.

¢ Memory: Persist information across conversations and workflows by reading/writing

session data.

e Callbacks: Hookinto pipeline stages for logging, monitoring, streaming, and others. Call-

backs enable monitoring chains.

Together, the preceding capabilities facilitate the building of robust, efficient, and capable LLM
applications with LangChain. Each of them has its own complexity and importance, so it’s im-

portant to explain a bit more.

LangChain offers interfaces to connect with and query LLMs like GPT-3 and chat models. These
interfaces support asynchronous requests, streaming responses, and batch queries. This provides

a flexible API for integrating different language models.

Although LangChain doesn’t supply models itself, it supports integration through LLM wrappers
with various language model providers, enabling the app to interact with chat models as well as
text embedding model providers. Supported providers include OpenAl, HuggingFace, Azure, and
Anthropic. Providing a standardized interface means being able to effortlessly swap out models to
save money and energy or get better performance. We’ll go into some of these options in Chapter

3, Getting Started with LangChain.

A core building block of LangChain is the prompt class, which allows users to interact with LLMs
by providing concise instructions or examples. Prompt engineering helps optimize prompts
for optimal model performance. Templates give flexibility in terms of input and the available
collection of prompts is battle-tested in a range of applications. We'll discuss prompts starting
in Chapter 3, Getting Started with LangChain, and prompt engineering is the topic of Chapter 8,
Customizing LLMs and Their Output.

Document loaders allow ingesting data from various sources into documents containing text and
metadata. This data can then be manipulated via document transformers — splitting, combining,

filtering, translating, etc. These tools adapt external data for use in LLMs.
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Dataloaders include modules for storing data and utilities for interacting with external systems,
like web searches or databases, and most importantly data retrieval. Examples are Microsoft Word
documents (. docx), HyperText Markup Language (HTML), and other common formats such as
PDF, text files, JSON, and CSV. Other tools will send emails to prospective customers, post funny
puns for your followers, or send Slack messages to your coworkers. We’ll look at these in Chapter
5, Building a Chatbot like ChatGPT.

Text embedding models create vector representations of text that capture semantic meaning. This
enables semantic search by finding text with the most similar vector representations. Vector stores

build on this by indexing embedded document vectors for efficient similarity-based retrieval.

Vector stores come in when working with large documents, where the document needs to be
chunked up in order to be passed to the LLM. These parts of the document would be stored as
embeddings, which means that they are vector representations of the information. All these
tools enhance the LLMs’ knowledge and improve their performance in applications like question

answering and summarization.

There are numerous integrations for vector storage. These include Alibaba Cloud OpenSearch,
AnalyticDB for PostgreSQL, Meta Al’'s Annoy library for Approximate Nearest Neighbor (ANN)
search, Cassandra, Chroma, Elasticsearch, Facebook AI Similarity Search (Faiss), MongoDB
Atlas Vector Search, PGVector as a vector similarity search for Postgres, Pinecone, scikit-learn
(SKLearnVectorStore for k-nearest neighbor search), and many more. We’ll explore these in
Chapter 5, Building a Chatbot like ChatGPT.

While the next chapters will dig into the details of some usage patterns and use cases
of LangChain components, the following resources provide invaluable information

on LangChain’s components and how they can be assembled into pipelines.

\E/‘ For full details on the dozens of available modules, refer to the comprehensive
LangChain API reference: https://api.python.langchain.com/. There are also
hundreds of code examples demonstrating real-world use cases: https://python.

langchain.com/docs/use_cases/.

There are a few other frameworks besides LangChain; however, we’ll see that LangChain is one

of the most prominent and feature rich of them.
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60 LangChain for LLM Apps

Comparing LangChain with other frameworks

LLM application frameworks have been developed to provide specialized tooling that can har-
ness the power of LLMs effectively to solve complex problems. A few libraries have emerged that
meet the requirements of effectively combining generative Al models with other tools to build

LLM applications.

There are several open-source frameworks for building dynamic LLM applications. They all offer
value in developing cutting-edge LLM applications. This graph shows their popularity over time

(data source: GitHub star history, https://star-history.com/):

TransformerOptimus/SuperAGI
60000 :
deepset-ai/haystack

langchain-ai/langchain
50000 - =
microsoft/autogen

40000 run-llama/llama_index

Stars

30000

20000

10000

2020-01 2020-07 2021-01 2021-07 2022-01 2022-07 2023-01 2023-07

Times

Figure 2.11: Comparison of popularity between different frameworks in Python

We can see the number of stars on GitHub over time for each project. Haystack is the oldest of
the compared frameworks, having started in early 2020 (as per the earliest GitHub commits). It
is also the least popular in terms of stars on GitHub. LangChain, Llamalndex (previously called
GPTIndex), and SuperAGI were started in late 2022 or early 2023, and they have all fallen short
in popularity in a noticeably brief time compared to LangChain, which has been growing impres-
sively. AutoGen is a project recently released by Microsoft that has already garnered some interest.
In this book, we’ll see a lot of the functionality of LangChain and explore its features, which are

the reason its popularity is exploding right now.

Llamalndex focuses on advanced retrieval rather than on the broader aspects of LLM apps. Similar-
ly, Haystack focuses on creating large-scale search systems with components designed specifically
for scalable information retrieval using retrievers, readers, and other data handlers combined

with semantic indexing via pre-trained models.
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LangChain excels at chaining LLMs together using agents to delegate actions to models. Its use cas-
es emphasize prompt optimization and context-aware information retrieval/generation; however,
with its Pythonic highly modular interface and its huge collection of tools, it is the number-one

tool to implement complex business logic.

SuperAGI has similar features to LangChain. It even comes with a marketplace, a repository for

tools and agents. However, it’s not as extensive and well supported as LangChain.

AutoGen simplifies the building, orchestrating, and optimizing of complex workflows powered
by LLMs. Its key innovation is enabling customizable conversational agents that automate coor-
dination between different LLMs, humans, and tools via automated chat. AutoGen streamlines

agent definition and interaction to automatically compose optimal LLM-based workflows.

I haven’tincluded AutoGPT (and similar tools like AutoLlama), a recursive application that breaks
down tasks, because its reasoning capability, based on human and LLM feedback, is very limited
compared to LangChain. As a consequence, it’s often caught in logic loops and regularly repeats
steps. I've also omitted a few libraries that concentrate on prompt engineering, for example,
Promptify.

There are other LLM app frameworks in languages such as Rust, JavaScript, Ruby, and Java. For

example, Dust, written in Rust, focuses on the design of LLM apps and their deployment.

Frameworks like LangChain aim to lower barriers by providing guardrails, conventions, and
pre-built modules, but foundational knowledge remains important for avoiding pitfalls and
maximizing value from LLMs. Investing in education pays dividends when delivering capable,

responsible applications.

Summary

LLMs produce convincing language but have significant limitations in terms of reasoning, knowl-
edge, and access to tools. The LangChain framework simplifies the building of sophisticated
applications powered by LLMs that can mitigate these shortcomings. It provides developers with
modular, reusable building blocks like chains for composing pipelines and agents for goal-oriented

interactions. These building blocks fit together as LLM apps that come with extended capabilities.



62 LangChain for LLM Apps

As we saw in this chapter, chains allow sequencing calls to LLMs, databases, APIs, and more to
accomplish multi-step workflows. Agents leverage chains to take actions based on observations
for managing dynamic applications. Memory persists information across executions to maintain
state. Together, these concepts enable developers to overcome the limitations of individual LLMs
by integrating external data, actions, and context. In other words, LangChain reduces complex

orchestration into customizable building blocks.

In the next chapters, we’ll build on these LangChain fundamentals to create capable, real-world
applications. We'llimplement conversational agents combining LLMs with knowledge bases and
advanced reasoning algorithms. By leveraging LangChain’s capabilities, developers can unlock
the full potential of LLMs to power the next generation of Al software. In the next chapter, we’ll

implement our first apps with Langchain!

Questions

Please see if you can come up with answers to these questions. I'd recommend you go back to the

corresponding sections of this chapter if you are unsure about any of them:

sy

What are the limitations of LLMs?

What are stochastic parrots?

What are LLM applications?

What is LangChain and why should you use it?
What are LangChain’s key features?

What s a chain in LangChain?

Whatis an agent?

What is memory and why do we need it?

Y0 ® N vk W

What kind of tools are available in LangChain?

10. How does LangChain work?
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Join our community on Discord

Join our community’s Discord space for discussions with the authors and other readers:

https://packt.link/lang



https://packt.link/lang




Getting Started with LangChain

In this book, we’ll write a lot of code and test many different integrations and tools. Therefore, in
this chapter, we’ll give basic setup instructions for all the libraries needed with the most common
dependency management tools such as Docker, Conda, pip, and Poetry. This will ensure thatyou

can run all the practical examples in this book.

Next, we’ll go through model integrations that we can use such as OpenAI’s ChatGPT, models on
Hugging Face, Jina Al, and others. Further, we’ll introduce, set up, and work with a few providers

in turn. For each of them, we will show how to get an API key token.

In the end, as a practical example, we’ll go through an example of a real-world application, an
LLM app that could help customer service agents, one of the main areas where LLMs could prove
to be game-changing. This will give us a bit more context around using LangChain, and we can

introduce tips and tricks for using it effectively.
The main sections are as follows:

e  How to set up the dependencies for this book
e  Modelintegrations

e  Building an application for customer service

We'll start the chapter by setting up the environment for the book on our computer.

How to set up the dependencies for this book
We’ll assume at least a basic familiarity with Python, Jupyter, and environments in this book, but
let’s quickly walk through this together. You can safely skip this section if you are confident about

your setup or if you plan to install libraries separately for each chapter or application.
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Please make sure you have Python version 3.10 or higher installed. You can install it from python.
org or your platform’s package manager. If you use Docker, Conda, or Poetry, an appropriate Py-
thon version should be installed automatically as part of the instructions. You should also install

Jupyter Notebook or JupyterLab to run the example notebooks interactively.

Environment management tools like Docker, Conda, Pip, and Poetry help create reproducible
Python environments for projects. They install dependencies and isolate projects. This table gives

an overview of these options for managing dependencies:

Tool Pros Cons

Can’tinstall non-Python system

dependencies
Default Python package manager

. . . No built-in virtual environment
pip Simple commands to install packages
management (see venv or other

requirements.txt for tracking dependencies tools)

Limited dependency resolution

Intuitive interface
. Less common than Pip or Conda
Robust dependency resolution
Poetry o . Limited non-Python
Built-in virtual environment management
dependency management

Lock files and version control

Manages Python and non-Python dependencies

Slower than native package
Handles complex dependency trees

Conda managers
Supports multiple Python versions

Large disk usage
Built-in virtual environment management
Provides fully isolated and reproducible Additional platform knowledge
environments required
Docker . o .
Easily shared and distributed Larger disk usage
Guaranteed consistency across systems Slower startup times

Table 3.1: Comparison of tools for managing dependencies

For developers, Docker, which provides isolation via containers, is a good option. The downside
is that it uses a lot of disk space and is more complex than the other options. For data scientists,

I'd recommend Conda or Poetry.


python.org
python.org
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Conda handles intricate dependencies efficiently, although it can be excruciatingly slow in large

environments. Poetry resolves dependencies well and managed environments; however, it doesn’t
capture system dependencies.

All tools allow sharing and replicating dependencies from configuration files. You can find a set
of instructions and the corresponding configuration files in the book’s repository at https://

github.com/benmanl/generative_ai_with_langchain.
This includes these files:

e requirements.txt for pip
e pyproject.toml for Poetry
e langchain_ai.yaml for Conda

e Dockerfile for Docker

Depending on whether system dependencies are managed, they can require additional tweaks
with more setup, as in the case with pip and poetry. My preference is Conda because it strikes

the right balance for me of complexity versus isolation.

As mentioned, we won’t spend much time on installation but rather breeze through each of
the different tools in turn. For all instructions, please make sure you have the book’s repository
downloaded (using the GitHub user interface) or cloned on your computer, and you’ve changed

into the project’s root directory.

If you encounter issues during the installation process, consult the respective documentation or
raise an issue on the GitHub repository of this book. The different installations have been tested
at the time of the release of this book; however, things can change, and we will update the GitHub

README online to include workarounds for potential problems that could arise.

For each tool, the key steps are installing the tool, using the configuration file from the repository,
and activating the environment. This sets up a reproducible environment to run all the examples

in the book (with very few exceptions, which will be noted).

Let’s go from the simplest to the most complex. We'll start with pip!
pip

pip is the default Python package manager. To use Pip:

1. Ifit’s not already included in your Python distribution, install pip following the instruc-

tions here: https://pip.pypa.io/.


https://github.com/benman1/generative_ai_with_langchain
https://github.com/benman1/generative_ai_with_langchain
https://pip.pypa.io/
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2. Use avirtual environment for isolation (for example, venv).

3. Install the dependencies from requirements.txt:

pip install -r requirements.txt

Poetry

Poetry is relatively new, butis popular with Python developers and data scientists because of its

convenience. It manages dependencies and virtual environments. To use Poetry:

1. Install poetry by following the instructions at https://python-poetry.org/.

2. Runpoetry install to install the dependencies.

Conda

Conda manages Python environments and dependencies. To use Conda:

1. Install Miniconda or Anaconda following the instructions from this link: https://docs.

continuum.io/anaconda/install/.

2. Create the environment from langchain_ai.yml:

conda env create --file langchain_ai.yaml

3. Activate the environment:

conda activate langchain_ai

Docker
Docker provides isolated, reproducible environments using containers. To use Docker:
1. Install Docker Engine; follow the installation instructions here: https://docs.docker.
com/get-docker/.

2. Build the Docker image from the Dockerfile in this repository:

docker build -t langchain_ai

3. Run the Docker container interactively:

docker run -it langchain_ai

Let’s move on and see some of the models that you can use with LangChain!

There are many cloud providers of models, where you can use the model through an interface;

other sources allow you to download a model to your computer.


https://python-poetry.org/
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With the help of LangChain, we can interact with all of these — for example, through Application
Programming Interface (APIs), or we can call models that we have downloaded on our computer.

Let’s start with models accessed through APIs with cloud providers.

Exploring APl model integrations

Before properly starting with generative Al, we need to set up access to models such as LLMs or
text-to-image models so we can integrate them into our applications. As discussed in Chapter 1,
What Is Generative AI?, there are various LLMs by tech giants, like GPT-4 by OpenAl, BERT and
PaLM-2 by Google, LLaMA by Meta, and many more.

For LLMs, OpenAl, Hugging Face, Cohere, Anthropic, Azure, Google Cloud Platform’s Vertex Al
(PaLM-2), and Jina Al are among the many providers supported in LangChain; however, this
list is growing all the time. You can check out the full list of supported integrations for LLMs at

https://integrations.langchain.com/11lms.

Here’s a screenshot of this page as of the time of writing (October 2023), which includes both
cloud providers and interfaces for local models:

W& LangChain

+ Request an integration

Document Loaders 6)  Vector Stores (6 Embedding Models (i3 Chat Models (25) | LLMs(]  Cailbacks Tools (182)  Tookits Message Histories
¥ Popularity v
GPT4AIl ML OpenAl @ OctoAlEndpoint @ Cohere [ 4 AzureOpenAl A PromptLayerOpenAl @
0 Docs  © Github v 39 0 Docs  © Github .27 0 Does O Github  ® 20 0 Docs O Github LRt 0 Docs  © Github vis 0 Docs O Github @ 14
OpenLLM o HuggingFacePipeline & Anthropic A Clarifai = MosaicML 7 HuggingFaceHub )
M g both in- A MosaicML LLM T . g0 :
0 Does O Github w3 0 Does O Github on 0 Does O Github w0 0 Docs O Github Ll O Docs O Github w8 0 Docs O Github .7
Databricks A VertexAl ) LlamaCpp AlephAlpha )X( Bedrock GooglePalm G
" — P —— ama cpp madel. To use, y ave nguag T Bedrock mode
0 Docs ) Github w6 O Doecs ) Github @ 6 ODocs O Github @5 O Docs O Github w4 O Docs O Github w4 ) Docs O Github va
Edenl AzureMLO Al ¢ CerebriumAl ChatGLm HuggingFaceEndpoint 5
Obocs O Githas 3 Oocs OGitub w2 O Docs O Gitud ®2 O bocs  OQoithis @2 ODocs Ooithu w2 ODocs O Github @2
gging 0 WM @& Fi ksChat Ollama TextGen
uggingFace text generation AP Sagemaker Inference Endpoint modets, T "
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Arcee Aviary Banana Baseten B Beam CTranslate2
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Figure 3.1: LLM integrations in LangChain
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LangChain implements three differentinterfaces — we can use chat models, LLMs, and embedding
models. Chat models and LLMs are similar in that they both process text input and produce text
output. However, there are some differences in the types of input and output they handle. Chat
models are specifically designed to handle a list of chat messages as input and generate a chat
message as output. They are commonly used in chatbot applications where conversations are ex-

changed. You can find chat models athttps://python.langchain.com/docs/integrations/chat.

Finally, text embedding models are used to convert text inputs into numerical representations
called embeddings. We’ll focus on text generation in this chapter, and discuss embeddings, vector
databases, and neural search in Chapter 5, Building a Chatbot Like ChatGPT. Suffice it to say here
that these embeddings are a way to capture and extract information from the input text. They
are widely used in natural language processing tasks like sentiment analysis, text classification,
and information retrieval. Embedding models are listed at https://python.langchain.com/

docs/integrations/text_embedding.

As forimage models, the big developers include OpenAl (DALL-E), Midjourney, Inc. (Midjourney),
and Stability AI (Stable Diffusion). LangChain currently doesn’t have out-of-the-box handling
of models that are not for text; however, its documentation describe how to work with Replicate,

which also provides an interface to Stable Diffusion models.

For each of these providers, to make calls against their API, you’ll first need to create an account
and obtain an API key. This is free of charge for all providers and, with some of them, you don’t

even have to give them your credit card details.

To set an API key in an environment, in Python, we can execute the following lines:

import os

os.environ["OPENAI_API_KEY"] = "<your token>"

Here, OPENAI_API_KEY is the environment key thatis appropriate for OpenAl. Setting the keys in
your environment has the advantage of not needing to include them as parameters in your code

every time you use a model or service integration.

You can also expose these variables in your system environment from your terminal. In Linux and

macOS, you can set a system environment variable from the terminal using the export command:

export OPENAI_API_KEY=<your token>


https://python.langchain.com/docs/integrations/chat
https://python.langchain.com/docs/integrations/text_embedding
https://python.langchain.com/docs/integrations/text_embedding
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To permanently set the environment variable in Linux or macOS, you would need to add the
preceding line to the ~/ .bashrc or ~/ .bash_profile file, respectively, and then reload the shell

using the command source ~/ . bashrc or source ~/ .bash_profile.

In Windows, you can set a system environment variable from the command prompt using the

set command:

set OPENAI_API_KEY=<your token>

To permanently set the environment variable in Windows, you can add the preceding line to a

batch script.

My personal choice is to create a config.py file, where all the keys are stored. I then import a
function from this module that will load all these keys into the environment. If you look for this
file in the Github repository, you’ll notice thatitis missing. This is on purpose (in fact, I've disabled
the tracking of this file in Git) since I don’t want to share my keys with other people for security

reasons (and because I don’t want to pay for anyone else’s usage).

My config. py looks like this:

import os

OPENAI_API_KEY = "... "

def set_environment():
variable dict = globals().items()
for key, value in variable_dict:
if "API" in key or "ID" in key:

os.environ[key] = value

You can set all your keys in the config.py file. This function, set_environment(), loads all the
keys into the environment as mentioned. Anytime you want to run an application, you import

the function and run it like so:

from config import set_environment

set_environment()
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Now, let’s go through a few prominent model providers in turn. We’ll give an example of usage
for each of them. Let’s start with a fake LLM that we can use for testing purposes. This will help

to illustrate the general idea of calling language models in LangChain.

Fake LLM

The fake LLM allows you to simulate LLM responses during testing without needing actual API
calls. This is useful for rapid prototyping and unit testing agents. Using the FakeLLM avoids hit-
ting rate limits during testing. It also allows you to mock various responses to validate that your

agent handles them properly. Overall, it enables fast agent iteration without needing a real LLM.

For example, you could initialize a FakeLLM that returns "Hello" as follows:

from langchain.llms import FakelLLM

fake_1llm = FakeLLM(responses=["Hello"])

You can execute this example in either Python directly or in a notebook.

The fake LLM is only for testing purposes. The LangChain documentation has an example of
tool use with LLMs. This is a bit more complex than the previous example but gives a hint of the

capabilities we have at our fingertips:

from langchain.llms.fake import FakelListLLM
from langchain.agents import load_tools
from langchain.agents import initialize_agent

from langchain.agents import AgentType

tools = load_tools(["python_repl"])
responses = ["Action: Python_REPL\nAction Input: print(2 + 2)", "Final
Answer: 4"]

1lm = FakelListLLM(responses=responses)

agent = initialize_agent(
tools, 1llm, agent=AgentType.ZERO_SHOT_REACT_DESCRIPTION, verbose=True

)
agent.run("whats 2 + 2")

We set up an agent that makes decisions based on the React strategy that we explained in Chapter
2, LangChain for LLM Apps (ZERO_SHOT_REACT_DESCRIPTION). We run the agent with a text: the

questionwhat's 2 + 2.
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As you can see, we connect a tool, a Python Read-Eval-Print Loop (REPL), that will be called de-
pending on the output of the LLM. FakeListLLMwill give two responses ("Action: Python_REPL\
nAction Input: print(2 + 2)"and"Final Answer: 4")thatwon’t change based on the input.

We can also observe how the fake LLM output leads to a call to the Python interpreter, which
returns 4. Please note that the action must match the name attribute of the tool, PythonREPLTool,
which starts like this:

class PythonREPLTool(BaseTool):

nun nnn

A tool for running python code in a REPL.

name = "Python_ REPL"
description = (

"A Python shell. Use this to execute python commands.

"Input should be a valid python command.

"If you want to see the output of a value, you should print it out

n

"with “print(...) .

As you can see in the preceding code block, the names and descriptions of the tools are passed
to the LLM, which then decides an action based on the information provided. The action can be

executing a tool or planning.

The output of the Python interpreter is passed to the fake LLM, which ignores the observation
and returns 4. Obviously, if we change the second response to "Final Answer: 5", the output

of the agent wouldn’t correspond to the question.

In the next sections, we’ll make our example more meaningful by using an actual LLM rather

than a fake one. One of the first providers anyone will think of is OpenAl.

OpenAl

As explained in Chapter 1, What Is Generative AI7, OpenAl is an American Al research laboratory
that is the current market leader in generative Al models, especially LLMs. They offer a range of
models with various levels of power suitable for different tasks. We’ll see, in this chapter, how to
interact with OpenAl models with the LangChain and the OpenAI Python client libraries. OpenAl

also offers an Embedding class for text embedding models.
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We will use OpenAl for our applications but will also try LLMs from other organizations. When you
send a prompt to an LLM API, it processes the prompt word by word, breaking down (tokenizing)

the textinto individual tokens. The number of tokens directly correlates with the amount of text.

When using commercial LLMs like GPT-3 and GPT-4 via APIs, each token has an associated cost
based on factors like the LLM model and API pricing tiers. Token usage refers to how many to-
kens from the model’s quota have been consumed to generate a response. Strategies like using
smaller models, summarizing outputs, and preprocessing inputs help reduce the tokens required
to get useful results. Being aware of token usage is key for optimizing productivity within budget

constraints when leveraging commercial LLMs.
We need to obtain an OpenAl API key first. To create an API key, follow these steps:

1. Youneed to create alogin at https://platform.openai.com/.
2. Setup your billing information.

3. You can see the API keys under Personal | View API Keys.

4.

Click on Create new secret key and give it a name.

Here’s how this should look on the OpenAl platform:

Create new secret key

Name Optional

My Test Key

Cancel Create secret key

Figure 3.2: OpenAl API platform - Create new secret key

After clicking Create secret key, you should see the message API key generated. You need to copy
the key to your clipboard and keep it. We can set the key as an environment variable (OPENAI_API_

KEY) or pass it as a parameter every time you construct a class for OpenAl calls.


https://platform.openai.com/
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We can use the OpenAI language model class to set up an LLM to interact with. Let’s create an

agent that calculates using this model — I am omitting the imports from the previous example:

from langchain.llms import OpenAI

1lm = OpenAI(temperature=0., model="text-davinci-003")

agent = initialize_agent(
tools, 11lm, agent=AgentType.ZERO_SHOT_REACT_DESCRIPTION, verbose=True

)
agent.run("whats 4 + 4")

We should be seeing this output:

> Entering new chain...

I need to add two numbers
Action: Python_REPL
Action Input: print(4 + 4)

Observation: 8

Thought: I now know the final answer

Final Answer: 4 + 4 = 8

> Finished chain.
'4 + 4 = 8"

The agent comes up with the right solution. It’s a simple problem, but I still find it fascinating to
be able to put my question in natural language. During the course of this book, we’ll try to come
up with solutions to more complex problems. But for now, let’s move on to the next provider

and more examples!

Hugging Face

Hugging Face is a very prominent player in the NLP space and has considerable traction in open-
source and hosting solutions. The company is an American company that develops tools for build-
ing machinelearning applications. Its employees develop and maintain the Transformers Python
library, which is used for NLP tasks, includes implementations of state-of-the-art and popular
models like Mistral 7B, BERT, and GPT-2, and is compatible with PyTorch, TensorFlow, and JAX.



76 Getting Started with LangChain

Hugging Face also provides the Hugging Face Hub, a platform for hosting Git-based code re-
positories, machine learning models, datasets, and web applications, which provides over 120k
models, 20k datasets, and 50k demo apps (spaces) for machine learning. Itis an online platform

where people can collaborate and facilitate machine learning development.

These tools allow users to load and use models, embeddings, and datasets from Hugging Face.
The HuggingFaceHub integration, for example, provides access to different models for tasks like
text generation and text classification. The HuggingFaceEmbeddings integration allows users to

work with sentence-transformer models.

Hugging Face offer various other libraries within their ecosystem, including Datasets for dataset
processing, Evaluate for model evaluation, Simulate for simulation, and Gradio for machine

learning demos.

In addition to their products, Hugging Face has been involved in initiatives such as the BigScience
Research Workshop, where they released an open LLM called BLOOM with 176 billion parame-
ters. They have received significant funding, including a $40 million Series B round and a recent
Series C funding round led by Coatue and Sequoia at a $2 billion valuation. Hugging Face has
also formed partnerships with companies like Graphcore and Amazon Web Services to optimize

their offerings and make them available to a broader customer base.

To use Hugging Face as a provider for your models, you can create an account and API keys at
https://huggingface.co/settings/profile. Additionally, you can make the token available
in your environment as HUGGINGFACEHUB_API_TOKEN.

Let’s see an example, where we use an open-source model developed by Google, the Flan-T5-XXL

model:

from langchain.llms import HuggingFaceHub

1lm = HuggingFaceHub(
model_kwargs={"temperature”: 0.5, "max_length": 64},
repo_id="google/flan-t5-xx1"

)

prompt = "In which country is Tokyo?"

completion = 1lm(prompt)

print(completion)

We get the response "japan".


https://huggingface.co/settings/profile
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The LLM takes a text input, a question in this case, and returns a completion. The model has a

lot of knowledge and can come up with answers to knowledge questions.

Google Cloud Platform

There are many models and functions available through Google Cloud Platform (GCP) and Vertex
Al, GCP’s machine learning platform. GCP provides access to LLMs like LaMDA, T5, and PaLM.
Google has also updated the Google Cloud Natural Language (NL) API with a new LLM-based
model for Content Classification. This updated version offers an expansive pre-trained classifi-
cation taxonomy to help with ad targeting and content-based filtering. The NL API’'s improved v2
classification model is enhanced with over 1,000 labels and supports 11 languages with improved

accuracy (it is unclear, however, which model is used under the hood).

For models with GCP, you need to have the gcloud command-line interface (CLI) installed. You

can find the instructions here: https://cloud.google.com/sdk/docs/install.

You can then authenticate and print a key token with this command from the terminal:

gcloud auth application-default login

You also need to enable Vertex Al for your project. To enable Vertex Al, install the Google Vertex
AI SDK with the pip install google-cloud-aiplatform command. If you've followed the in-

structions on GitHub as indicated in the previous section, you should already have this installed.
Then we have to set up the Google Cloud project ID. You have different options for this:

e Usinggcloud config set project my-project
e  Passing a constructor argument when initializing the LLM
e Usingaiplatform.init()

e  Setting a GCP environment variable

I found all these options work fine. You can find more details about these options in the Vertex
documentation. The GCP environment variable works well with the config.py file that I men-
tioned earlier. I found the gcloud command very convenient though, so I went with this. Please

make sure you set the project ID before you move on.

If you haven’t enabled it, you should get a helpful error message pointing you to the right website,

where you click Enable.


https://cloud.google.com/sdk/docs/install
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Let’s run a model!

from langchain.llms import VertexAI

from langchain import PromptTemplate, LLMChain
template = """Question: {question}

Answer: Let's think step by step."""

prompt = PromptTemplate(template=template, input_variables=["question"])
1lm = VertexAI()

11lm_chain = LLMChain(prompt=prompt, llm=11lm, verbose=True)

question = "What NFL team won the Super Bowl in the year Justin Beiber was
born?"

11m_chain.run(question)

We should see this response:

[1m> Entering new chain...[@m
Prompt after formatting:

[[Question: What NFL team won the Super Bowl in the year Justin Beiber was
born?

Answer: Let's think step by step.[Om

[1m> Finished chain.[@m

Justin Beiber was born on March 1, 1994. The Super Bowl in 1994 was won by
the San Francisco 49ers.

I've set verbose to True to see the model’s reasoning process. It’s quite impressive that it produces
the right response even given a misspelling of the name. The step-by-step prompt instruction is

key to the correct answer.

Vertex Al offers a range of models tailored for tasks like following instructions, conversation, and

code generation/assistance:

e text-bisonis fine-tuned to follow natural language instructions, with a max input of 8,192
tokens and an output of 1,024.

e chat-bison is optimized for multi-turn conversation with a max input of 4,096 tokens,
an output of 1,024 tokens, and up to 2,500 turns.

e code-bison generates code from natural language descriptions, with a max input of 4,096
tokens and an output of 2,048 tokens.

e codechat-bisonis a chatbot thatis fine-tuned to help with code-related questions. It has

an input limit of 4,096 tokens and an output limit of 2,048 tokens.
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e code-gecko suggests code completions. It has a max input length of 2,048 tokens and

an output of 64 tokens.

These models also have different input/output limits and training data and are often updated.
For more detailed and up-to-date information about models, including when models have been
updated, you can check out the documentation at https://cloud. google. com/vertex-ai/docs/

generative-ai/learn/overview.

We can also generate code. Let’s see if the code-bison model can solve FizzBuzz, a common in-
terview question for entry-level software developer positions:

nun

question =

Given an integer n, return a string array answer (1-indexed) where:

answer[i] == "FizzBuzz" if i is divisible by 3 and 5.

answer[i] == "Fizz" if i is divisible by 3.

answer[i] == "Buzz" if i is divisible by 5.

answer[i] == i (as a string) if none of the above conditions are true.

nnn

11lm = VertexAI(model_name="code-bison")
11lm_chain = LLMChain(prompt=prompt, llm=11lm)

print(llm_chain.run(question))

We are getting this response:

"7 “python
answer = []
for i in range(1, n + 1):
ifi%3==0andi%5 ==0:
answer.append("FizzBuzz")
elif i % 3 ==
answer.append("Fizz")
elif i % 5 == 0:
answer.append("Buzz")

else:

answer.append(str(i))

return answer



https://cloud.google.com/vertex-ai/docs/generative-ai/learn/overview
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Would you hire code-bison for your team?

Jina Al

Jina Al founded in February 2020 by Han Xiao and Xuanbin He, is a German Al company based
in Berlin that specializes in providing cloud-native neural search solutions with models for text,
image, audio, and video. Their open-source neural search ecosystem enables businesses and de-
velopers to easily build scalable and highly available neural search solutions, allowing for efficient
information retrieval. Recently, Jina Al launched Finetuner, a tool that enables the fine-tuning

of any deep neural network to specific use cases and requirements.

The company raised $37.5 million in funding through three rounds, with their most recent fund-
ing coming from a Series A round in November 2021. Notable investors in Jina Al include GGV

Capital and Canaan Partners.
You can set up alogin at https://chat.jina.ai/api.

On the platform, we can set up APIs for different use cases such asimage caption, text embedding,
image embedding, visual question answering, visual reasoning, image upscale, or Chinese text

embedding.

Here, we are setting up a Visual Question Answering API with the recommended model:
< Back

Create Inference API

* Inference APl name

langchain

* Task
Visual Question Answering v

Understand the content of an image and answer questions about it in natural language.

* Model

Salesforce/blip2-flan-t5-x|

Figure 3.3: Visual Question Answering APl in Jina Al


https://chat.jina.ai/api
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We get examples for client calls in Python and cURL, and a demo, where we can ask a question.
This is cool, but unfortunately, these APIs are not available yet through LangChain. We can im-

plement such calls ourselves by subclassing the LLM class in LangChain as a custom LLM interface.

Let’s set up another chatbot, this time powered by Jina Al. We can generate the API token, which
we can set as JINACHAT_API_KEY, athttps://chat.jina.ai/api.

Let’s translate from English to French here:

from langchain.chat_models import JinaChat
from langchain.schema import HumanMessage
chat = JinaChat(temperature=90.)

messages = [
HumanMessage (

content="Translate this sentence from English to French: I love
generative AI!"

)
]

chat(messages)

We should be seeing :

AIMessage(content="]"'adore 1'IA générative !", additional_kwargs={},

example=False).

We can set different temperatures, where a low temperature makes the responses more predict-
able. In this case, it makes only a minor difference. We are starting the conversation with a system

message clarifying the purpose of the chatbot.

Let’s ask for some food recommendations:

from langchain.schema import SystemMessage

chat = JinaChat(temperature=0.)

chat(
[
SystemMessage (

content="You help a user find a nutritious and tasty food to
eat in one word."

)>


https://chat.jina.ai/api
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HumanMessage (
content="1 like pasta with cheese, but I need to eat more
vegetables, what should I eat?"

)

I get this response in Jupyter — your answer could vary:

AIMessage(content="A tasty and nutritious option could be a vegetable
pasta dish. Depending on your taste, you can choose a sauce that
complements the vegetables. Try adding broccoli, spinach, bell peppers,
and zucchini to your pasta with some grated parmesan cheese on top. This

way, you get to enjoy your pasta with cheese while incorporating some

veggies into your meal.', additional_ kwargs={}, example=False)

Itignored the one-word instruction, but I liked reading the ideas. I think I should try this for my
son. With other chatbots, I got Ratatouille as a suggestion.

It’'s important to understand the difference in LangChain between LLMs and chat models. LLMs
are text completion models that take a string prompt as input and output a string completion. As
mentioned, chat models are like LLMs but are specifically designed for conversations. They take

alist of chat messages as input, labeled with the speaker, and return a chat message as output.

Both LLMs and chat models implement the base language model interface, which includes meth-
ods such as predict() and predict_messages(). This shared interface allows for interchange-

ability between diverse types of models in applications and between chat and LLM models.

Replicate

Established in 2019, Replicate Inc. is a San Francisco-based start-up that presents a streamlined
process to Al developers, where they can implement and publish Al models with minimal code
input through the utilization of cloud technology. The platform works with private as well as
public models and enables model inference and fine-tuning. The firm, deriving its most recent
funding from a Series A funding round of which the invested total was $12.5 million, was spear-
headed by Andreessen Horowitz, and involved the participation of Y Combinator, Sequoia, and

various independent investors.
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Ben Firshman, who drove open-source product efforts at Docker, and Andreas Jansson, a former
machine learning engineer at Spotify, co-founded Replicate Inc. with the mutual aspiration to
eliminate the technical barriers that were hindering the mass acceptance of Al. Consequently, they
created Cog, an open-source tool that packs machine learning models into a standard produc-
tion-ready container that can run on any current operating system and automatically generate an
APIL. These containers can also be deployed on clusters of GPUs through the Replicate platform. As

aresult, developers can concentrate on other essential tasks, thereby enhancing their productivity.

\/‘/' Replicate haslots of models available on their platform: https://replicate.com/
explore.

You can authenticate with your GitHub credentials at https://replicate.com/. If you then click
on your user icon at the top left, you’ll find the API tokens — just copy the API key and make it
available in your environment as REPLICATE_API_TOKEN. To run bigger jobs, you need to set up
your credit card (under billing).

Here is a simple example for creating an image:

from langchain.llms import Replicate

text2image = Replicate(
model="stability-ai/stable-diffusion:db21e45d3f7023abc2a46ee38a23973f6
dcel6bb082a930b0c49861f96d1e5bf",
input={"image_dimensions": "512x512"},
)

image_url = text2image("a book cover for a book about creating generative
ai applications in Python")


https://replicate.com/
https://replicate.com/explore
https://replicate.com/explore

84 Getting Started with LangChain

I got this image:

Figure 3.4: A book cover for a book about generative Al with Python - Stable Diffusion

I think it’s a nice image — is that an Al chip that creates art?

Others

There are a lot more providers, and we’ll encounter quite a few throughout the book. Sadly, as
you'll see, I faced issues with Azure and Anthropic, two major providers. Let’s still have a quick

look at them!

Azure

Azure, the cloud computing platform run by Microsoft, integrates with OpenAl to provide powerful
language models like GPT-3, Codex, and Embeddings. It offers access, management, and devel-
opment of applications and services through its global data centers for use cases such as writing
assistance, summarization, code generation, and semantic search. It provides capabilities like

software as a service (SaaS), platform as a service (PaaS), and infrastructure as a service (IaaS).

By authenticating either through GitHub or Microsoft credentials, we can create an account on

Azure at https://azure.microsoft.com/.

We can then create new API keys under Cognitive Services | Azure OpenAl. There are a few more
steps involved, and personally, I found this process frustrating. After going through account val-
idation a few times, getting denied, and trying to contact Microsoft customer service, I gave up.
For this reason, I don’t have a practical example with Azure. Your mileage might vary —if you are

already using Microsoft services, this process could be pain-free for you.


https://azure.microsoft.com/
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After setting up, the models should be accessible through the AzureOpenAI() class interface in
LangChain.

Anthropic

Anthropicis an Al start-up and public-benefit corporation based in the United States. It was found-
ed in 2021 by former members of OpenAl, including siblings Daniela Amodei and Dario Amodei.
The company specializes in developing general Al systems and language models with a focus on
responsible Al usage. As of July 2023, Anthropic has raised $1.5 billion in funding. They have also
worked on projects like Claude, an Al chatbot like OpenAI’s ChatGPT, and have researched the

interpretability of machine learning systems, specifically the Transformer architecture.

Unfortunately, Claude is not available to the general public (yet). You need to apply for access to
use Claude and set the ANTHROPIC_API_KEY environment variable.

Next, let’s see how to run models locally.

Exploring local models

We can also run local models from LangChain. The advantages of running models locally are

complete control over the model and not sharing any data over the internet.

\l/

',@\' Please note that we don’t need an API token for local models!

Let’s preface this with a note of caution: an LLM is big, which means thatit’ll take up a lot of disk
space or system memory. The use cases presented in this section should run even on old hardware,
like an old MacBook; however, if you choose a big model, it can take an exceptionally long time
to run or may crash the Jupyter notebook. One of the main bottlenecks is memory requirement.
In rough terms, if quantized (roughly, compressed; we’ll discuss quantization in Chapter 8, Cus-
tomizing LLMs and Their Output), 1 billion parameters correspond to 1 GB of RAM (please note

that not all models will come quantized).

You can also run these models on hosted resources or services such as Kubernetes or Google Co-
lab. These will let you run on machines with a lot of memory and different hardware including

Tensor Processing Units (TPUs) or GPUs.

We’ll have alook here at Hugging Face’s transformers, 11ama.cpp, and GPT4All. These tools pro-
vide huge power and are full of great functionality too broad to cover in this chapter. Let’s start

by showing how we can run a model with the transformers library by Hugging Face.
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Hugging Face Transformers

I'll quickly show the general recipe for setting up and running a pipeline:

from transformers import pipeline

import torch

generate_text = pipeline(
model="aisquared/dlite-v1-355m",
torch_dtype=torch.bfloatl6,
trust_remote_code=True,
device_map="auto",
framework="pt"

)

generate_text("In this chapter, we'll discuss first steps with generative
AI in Python.")

Running the preceding code will download everything that’s needed for the model such as the
tokenizer and model weights from Hugging Face. This model is quite small (355 million param-
eters) butrelatively performant and instruction-tuned for conversations. We can then run a text

completion to give us some inspiration for this chapter.

I haven’t included accelerate in the main requirements, but I’ve included the
\@/ transformers library. If you don’t have all libraries installed, make sure you execute

this command:

pip install transformers accelerate torch

To plug this pipeline into a LangChain agent or chain, we can use it the same way that we’ve seen

in the other examples in this chapter:

from langchain import PromptTemplate, LLMChain

nun

template = Question: {question}

Answer: Let's think step by step."""
prompt = PromptTemplate(template=template, input_variables=["question"])

11lm_chain = LLMChain(prompt=prompt, llm=generate_text)
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question = "What is electroencephalography?"

print(1llm_chain.run(question))

In this example, we also see the use of a PromptTemplate that gives specific instructions for the task.

1lama.cpp is a C++ port of Facebook’s LLaMA, LLaMA 2, and other derivative models with a

similar architecture. Let’s have a look at this next.

llama.cpp

Written and maintained by Georgi Gerganov, 11ama. cpp is a C++ toolkit that executes models
based on architectures based on or like LLaMA, one of the first large open-source models, which
was released by Meta, and which spawned the development of many other models in turn. One
of the main use cases of 11ama. cpp is to run models efficiently on the CPU; however, there are

also some options for GPU.

Please note that you need to have an md5 checksum tool installed. This is included by default

in several Linux distributions such as Ubuntu. On macOS, you can install it with brew like this:

brew install md5shalsum

We need to download the llama.cpp repository from GitHub. You can do this online by choosing

one of the download options on GitHub, or you can use a git command from the terminal like this:

git clone https://github.com/ggerganov/1llama.cpp.git

Then we need to install the Python requirements, which we can do with the pip package installer

—let’s also switch to the 11ama. cpp project root directory for convenience:

cd 1lama.cpp

pip install -r requirements.txt

You might want to create a Python environment before you install the requirements, but this is
up to you. In my case, I received an error message at the end that a few libraries were missing, so

I had to execute this command:

pip install 'blosc2==2.0.0' cython FuzzyTM

Now we need to compile 11ama. cpp. We can parallelize the build with 4 processes:

make -C . -j4 # runs make in subdir with 4 processes
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To get the Llama model weights, you need to sign up with the T&Cs and wait for a registration
email from Meta. There are tools such as the 11ama model downloader in the py1l1lama project, but

please be advised that they might not conform to the license stipulations by Meta.

There are also many other models with more permissive licensing such as Falcon or Mistral, Vi-
cuna, OpenLLaMA, or Alpaca. Let’s assume you download the model weights and the tokenizer
model for the OpenLLaMA 3B model using the link on the llama.cpp GitHub page. The model
file should be about 6.8 Gigabyes big, the tokenizer is much smaller. You can move the two files

into the models/3B directory.

You can download models in much bigger sizes such as 13B, 30B, and 65B; however, a note of

caution is in order here: these models are big both in terms of memory and disk space. We have

to convert the model to llama.cpp format, which is called ggm1, using the convert script:

python3 convert.py models/3B/ --ctx 2048.

Then we can optionally quantize the models to save memory when doing inference. Quantization
refers to reducing the number of bits that are used to store weight:

./quantize ./models/3B/ggml-model-f16.gguf ./models/3B/ggml-model-q4_o.
q4_o

This last file is much smaller than the previous files and will take up much less space in memory
as well, which means that you can run it on smaller machines. Once we have chosen a model that

we want to run, we can integrate it into an agent or a chain, for example, as follows:

11m = LlamaCpp(
model path="./ggml-model-g4_0@.bin",

verbose=True

GPT4AllIs a fantastic tool that not only includes running but also serving and customizing models.

GPT4AIl

This tool is closely related to llama.cpp, and it’s based on an interface with llama.cpp. Compared
to llama.cpp, however, it’s much more convenient to use and much easier to install. The setup

instructions for this book already include the gpt4all library, which is needed.
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As for model support, GPT4All supports a large array of Transformer architectures:

e GPT]
e LLaMA (viallama.cpp)

e  Mosaic ML's MPT architecture
e Replit

e Falcon

e BigCode’s StarCoder

You can find a list of all available models on the project website, where you can also see their

results in important benchmarks: https://gpt4all.io/.

Here’s a quick example of text generation with GPT4AlL

from langchain.llms import GPT4All

model = GPT4All(model="mistral-7b-openorca.Q4_0.gguf", n_ctx=512, n_
threads=8)

response = model(

"We can run large language models locally for all kinds of

applications,

)

Executing this should first download (if not downloaded yet) the model, which is one of the best
chat model available through GPT4All, pre-trained by the French startup Mistral Al, and fine-
tuned by the OpenOrca Al initiative. This model requires 3.83 GB of harddisk to store and 8 GB of

RAM to run. Then we should hopefully see some convincing arguments for running LLMs locally.

This should serve as a first introduction to integrations with local models. In the next section,
we’ll discuss building a text classification application in LangChain to assist customer service
agents. The goalis to categorize customer emails based on intent, extract sentiment, and generate

summaries to help agents understand and respond faster.

Building an application for customer service
Customer service agents are responsible for answering customer inquiries, resolving issues, and
addressing complaints. Their work is crucial for maintaining customer satisfaction and loyalty,

which directly affects a company’s reputation and financial success.
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Generative Al can assist customer service agents in several ways:

e Sentiment classification: This helps identify customer emotions and allows agents to

personalize their responses.

e Summarization: This enables agents to understand the key points of lengthy customer

messages and save time.

e Intentclassification: Similar to summarization, this helps predict the customer’s purpose
y psp purp

and allows for faster problem-solving.

e  Answer suggestions: This provides agents with suggested responses to common inquiries,

ensuring that accurate and consistent messaging is provided.

These approaches combined can help customer service agents respond more accurately and in
a timely manner, improving customer satisfaction. Customer service is crucial for maintaining
customer satisfaction and loyalty. Generative Al can help agents in several ways — sentiment
analysis to gauge emotion, summarization to identify key points, and intent classification to

determine purpose. Combined, these can enable more accurate, timely responses.

LangChain provides the flexibility to leverage different models. LangChain comes with many
integrations that can enable us to tackle a wide range of text problems. We have a choice between

many different integrations to perform these tasks.

We can access all kinds of models for open-domain classification and sentiment and smaller
transformer models through Hugging Face for focused tasks. We’ll build a prototype that uses
sentiment analysis to classify email sentiment, summarization to condense lengthy text, and

intent classification to categorize the issue.

Given a document such as an email, we want to classify it into different categories related to
intent, extract the sentiment, and provide a summary. We will work on other projects for ques-

tion-answering in Chapter 5, Building a Chatbot Like ChatGPT.

We could ask any LLM to give us an open-domain (any category) classification or choose between
multiple categories. In particular, because of their large training size, LLMs are enormously pow-
erful models, especially when given few-shot prompts, for sentiment analysis that don’t need any
additional training. This was analyzed by Zengzhi Wang and others in their April 2023 study, Is
ChatGPT a Good Sentiment Analyzer? A Preliminary Study.

A prompt for an LLM for sentiment analysis could be something like this:

Given this text, what is the sentiment conveyed? Is it positive, neutral,
or negative?
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Text: {sentence}

Sentiment:

LLMs can also be highly effective at summarization, much better than any previous models.
The downside can be that these model calls are slower than more traditional machine learning

models and more expensive.

If we want to try out more traditional or smaller models, we can rely on libraries such as spaCy
or access them through specialized providers. Cohere and other providers have text classification
and sentiment analysis as part of their capabilities. For example, NLP Cloud’s model listincludes

spaCy and many others: https://docs.nlpcloud.com/#models-1list.
Many Hugging Face models are supported for these tasks, including:

e Document question-answering
e  Summarization

e  Textclassification

e  Text question-answering

e Translation

We can execute these models either locally by running a pipeline in transformer, remotely on the
Hugging Face Hub server (HuggingFaceHub), or as a tool through the load_huggingface_tool()

loader.

Hugging Face contains thousands of models, many fine-tuned for particular domains. For example,
ProsusAl/finbertis a BERT model that was trained on a dataset called Financial PhraseBank and
can analyze the sentiment of financial text. We could also use any local model. For text classifi-
cation, the models tend to be much smaller, so this would be less of a drag on resources. Finally,
text classification could also be a case for embeddings, which we’ll discuss in Chapter 5, Building
a Chatbot Like ChatGPT.

I've decided to try and manage as much as I can with smaller models that I can find on Hugging

Face for this exercise.

We can list the 5 most downloaded models on Hugging Face Hub for text classification through

the Hugging Face API:

from huggingface_hub import list_models

def list_most_popular(task: str):


https://docs.nlpcloud.com/#models-list
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for rank, model in enumerate(

list_models(filter=task, sort="downloads", direction=-1)

if rank ==
break
print(f"{model.id}, {model.downloads}\n")

list_most_popular("text-classification")

Let’s see the list:

Model Downloads
distilbert-base-uncased-finetuned-sst-2-english 40,672,289
cardiffnlp/twitter-roberta-base-sentiment 9,292,338
MoritzLaurer/DeBERTa-v3-base-mnli-fever-anli 7,907,049
cardiffnlp/twitter-roberta-base-irony 7,023,579
SamLowe/roberta-base-go_emotions 6,706,653

Table 3.2: The most popular text classification models on Hugging Face Hub

Generally, we should see that these models are about small ranges of categories such as sentiment,
emotions, irony, or well-formedness. Let’s use a sentiment model with a customer email, which

should be a common use case in customer service.

I've asked GPT-3.5 to put together arambling customer email complaining about a coffee machine
—I've shortened it a bit here. You can find the full email on GitHub. Let’s see what our sentiment

model has to say:

from transformers import pipeline

customer_email =
I am writing to pour my heart out about the recent unfortunate experience
I had with one of your coffee machines that arrived broken. I anxiously
unwrapped the box containing my highly anticipated coffee machine.
However, what I discovered within broke not only my spirit but also any
semblance of confidence I had placed in your brand.
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Its once elegant exterior was marred by the scars of travel, resembling a
war-torn soldier who had fought valiantly on the fields of some espresso
battlefield. This heartbreaking display of negligence shattered my dreams
of indulging in daily coffee perfection, leaving me emotionally distraught
and inconsolable

sentiment_model = pipeline(
task="sentiment-analysis",

model="cardiffnlp/twitter-roberta-base-sentiment”

)

print(sentiment_model(customer_email))

The sentiment model we are using here, Twitter-roBERTa-base, was trained on tweets, so it
mightnotbe the most adequate use case. Apart from emotion sentiment analysis, this model can
also perform other tasks such as emotion recognition (anger, joy, sadness, or optimism), emoji
prediction, irony detection, hate speech detection, offensive language identification, and stance

detection (favor, neutral, or against).

For the sentiment analysis, we’ll get a rating and a numeric score that expresses confidence in
the label. These are the labels:

e @—negative

e 1-neutral

e 2—positive
Please make sure you have all the dependencies installed according to instructions in order to
execute this. I am getting this result:

[{'label': 'LABEL_@', 'score': 0.5822020173072815}]

Not a happy camper.

For comparison, if the email says “I am so angry and sad, I want to kill myself,” we should get a
score of close to 0.98 for the same label. We could try out other models or train better models

once we have established metrics to work against.

Let’s move on!
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Here are the 5 most popular models for summarization as well (downloads at the time of writing,
October 2023):

Model Downloads
facebook/bart-large-cnn 4,637,417
t5-small 2,492,451
t5-base 1,887,661
sshleifer/distilbart-cnn-12-6 715,809
t5-large 332,854

Table 3.3: The most popular summarization models on Hugging Face Hub

All these models have a small footprint, which is nice, but to apply them in earnest, we should

make sure they are reliable enough.

Let’s execute the summarization model remotely on a server. Please note that you need to have
your HUGGINGFACEHUB_API_TOKEN set for this to work:

from langchain import HuggingFaceHub

summarizer = HuggingFaceHub(
repo_id="facebook/bart-large-cnn",
model kwargs={"temperature":0, "max_length":180}
)
def summarize(llm, text) -> str:

return llm(f"Summarize this: {text}!")

summarize(summarizer, customer_email)

After executing this, I see this summary:

A customer's coffee machine arrived ominously broken, evoking a profound
sense of disbelief and despair. "This heartbreaking display of negligence
shattered my dreams of indulging in daily coffee perfection, leaving me

emotionally distraught and inconsolable,
this email finds you amidst an aura of understanding, despite the tangled
mess of emotions swirling within me as I write to you," he adds.

the customer writes. "I hope
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This summary is just passable, but not very convincing. There is still a lot of rambling in the sum-
mary. We could try other models or just go for an LLM with a prompt asking to summarize. We’ll

look at summarization in much more detail in Chapter 4, Building Capable Assistants. Let’s move on.

It could be quite useful to know whatkind of issue the customer is writing about. Let’s ask Vertex
Al

Y Before you execute the following code, make sure you have authenticated with GCP
\D/ and you’ve set your GCP project according to the instructions mentioned in the

section about Vertex Al.

from langchain.llms import VertexAI
from langchain import PromptTemplate, LLMChain

template = Given this text, decide what is the issue the customer is

concerned about. Valid categories are these:
* product issues

* delivery problems

* missing or late orders

* wrong product

* cancellation request

* refund or exchange

* bad support experience

* no clear reason to be upset

Text: {email}

Category:

prompt = PromptTemplate(template=template, input_variables=["email"])
11m = VertexAI()

11lm_chain = LLMChain(prompt=prompt, llm=11lm, verbose=True)

print(11lm_chain.run(customer_email))

We get product issues back, which is correct for the long email example that I am using here.
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L hope it was exciting to see how quickly we can throw a few models and tools together in Lang-
Chain to get something that looks actually useful. With thoughtful implementation, such Al
automation can complement human agents — handling frequent questions to allow focusing
on complex problems. Overall, this demonstrates generative Al’s potential to enhance customer

service workflows.

We could easily expose this in a graphical interface for customer service agents to see and interact

with. This is something we will do in the next chapter.

Let’s wrap up!

Summary

In this chapter, we walked through four distinct ways of installing LangChain and other libraries
needed in this book as an environment. Then, we introduced several providers of models for text
and images. For each of them, we explained where to get the API token, and demonstrated how

to call a model.

Finally, we developed an LLM app for text categorization (intent classification) and sentiment
analysis in a use case for customer service. This showcases LangChain’s ease in orchestrating
multiple models to create useful applications. By chaining together various functionalities in
LangChain, we can help reduce response times in customer service and make sure answers are

accurate and to the point.

In Chapter 4, Building Capable Assistants and Chapter 5, Building a Chatbot Like ChatGPT, we’ll dive
more into use cases such as question answering in chatbots through augmentation with tools

and retrieval.

Questions

Please look to see whether you can provide answers to these questions. I'd recommend you go

back to the corresponding sections of this chapter if you are unsure about any of them:

1. How do youinstall LangChain?

List at least 4 cloud providers of LLMs apart from OpenAl!

What are Jina Al and Hugging Face?

How do you generate images with LangChain?

How do you run a model locally on your own machine rather than through a service?

How do you perform text classification in LangChain?

N A wo

How can we help customer service agents in their work through generative AI?



Chapter 3

97

Join our community on Discord

Join our community’s Discord space for discussions with the authors and other readers:

https://packt.link/lang



https://packt.link/lang




Building Capable Assistants

As LLMs continue to advance, a key challenge is transforming their impressive fluency into reliably
capable assistants. This chapter explores methods for instilling greater intelligence, productivity,
and trustworthiness in LLMs. The unifying theme across these approaches is enhancing LLMs
through prompts, tools, and structured reasoning techniques. We’ll have sample applications

that demonstrate these techniques in this chapter.

We will begin by addressing the critical weakness of hallucinated content through automatic
fact-checking. By verifying claims against the available evidence, we can reduce the spread of
misinformation. We will continue by discussing a key strength of LLMs with important appli-
cations — summarization, which we’ll go into with the integration of prompts at different levels
of sophistication, and the map reduce approach for very long documents. We will then move on
to information extraction from documents with function calls, which leads to the topic of tool
integrations. We’ll implement an application that showcases how connecting external data and
services can augment LLMs’ limited world knowledge. Finally, we will further extend this appli-

cation through the application of reasoning strategies.
In short, this chapter covers:

e  Mitigating hallucinations through fact-checking
e  Summarizing information

e  Extracting information from documents

e Answering questions with tools

e  Exploring reasoning strategies

Let’s get started with addressing hallucinations through automatic fact-checking!
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Mitigating hallucinations through fact-checking

As discussed in previous chapters, hallucination in LLMs refers to the generated text being un-
faithful or nonsensical compared to the input. It contrasts with faithfulness, where outputs stay
consistent with the source. Hallucinations can spread misinformation like disinformation, rumors,
and deceptive content. This poses threats to society, including distrust in science, polarization,

and democratic processes.

Journalism and archival studies have researched misinformation extensively. Fact-checking ini-
tiatives provide training and resources to journalists and independent checkers, allowing expert
verification at scale. Addressing false claims is crucial to preserving information integrity and

combatting detrimental societal impacts.

One technique to address hallucinations is automatic fact-checking — verifying claims made by
LLMs against evidence from external sources. This allows for catching incorrect or unverified

statements.
Fact-checking involves three main stages:

1. Claim detection: Identify parts needing verification
2. Evidence retrieval: Find sources supporting or refuting the claim

3. Verdict prediction: Assess claim veracity based on evidence
Alternative terms for the last two stages are justification production and verdict prediction.

We can see the general idea of these three stages illustrated in the following diagram (source —

https://github.com/Cartus/Automated-Fact-Checking-Resources by Zhijiang Guo):
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Figure 4.1: Automatic fact-checking pipeline in three stages
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Pre-trained LLMs contain extensive world knowledge that can be prompted for facts. Additionally,
external tools can search knowledge bases, Wikipedia, textbooks, and corpora for evidence. By

grounding claims in data, fact-checking makes LLMs more reliable.

Pre-trained LLMs contain extensive world knowledge from their training data. Starting with the
24-layer BERT-Large in 2018, language models have been pre-trained on large knowledge bases
such as Wikipedia; therefore, they would be able to answer knowledge questions from Wikipedia
or — since their training set increasingly includes other sources — the internet, textbooks, arXiv,
and GitHub.

We can prompt them with masking and other techniques to retrieve facts for evidence. For exam-
ple, to answer the question “Where is Microsoft’s headquarters located?”, the question would be

rewritten as “Microsoft’s headquarters is in [MASK]” and fed into a language model for the answer.

Alternatively, we can integrate external tools to search knowledge bases, Wikipedia, textbooks,
and other corpora. The key idea is verifying hallucinated claims by grounding them in factual

data sources.

Automatic fact-checking provides a way to make LLMs more reliable by checking that their re-

sponses align with real-world evidence. In the next sections, we’ll demonstrate this approach.

In LangChain, we have a chain available for fact-checking with prompt chaining, where a mod-
el actively questions the assumptions that went into a statement. In this self-checking chain,
LLMCheckerChain, the model is prompted sequentially — first, to make the assumptions explicit,
which looks like this:

Here's a statement: {statement}\nMake a bullet point list of the
assumptions you made when producing the above statement.\n

Please note that this is a string template, where the elements in curly brackets will be replaced
by variables. Next, these assumptions are fed back to the model in order to check them one by

one with a prompt like this:

Here is a bullet point list of assertions:

{assertions}

For each assertion, determine whether it is true or false. If it is
false, explain why.\n\n

Finally, the model is tasked to make a final judgment:

In light of the above facts, how would you answer the question
"{question}’
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LLMCheckerChain does this all by itself, as this example shows:

from langchain.chains import LLMCheckerChain

from langchain.llms import OpenAIl

11lm = OpenAI(temperature=0.7)

text = "What type of mammal lays the biggest eggs?"
checker_chain = LLMCheckerChain.from_1lm(1l1lm, verbose=True)

checker_chain.run(text)

The model can return different results to this question, some of which are wrong, and some of
which it would correctly identify as false. When I was trying this out, I got results such as the blue
whale, the North American beaver, and the extinct Giant Moa in response to my question "What

type of mammal lays the biggest eggs?".The following is the right answer:

Monotremes, a type of mammal found in Australia and parts of New Guinea,
lay the largest eggs in the mammalian world. The eggs of the American

echidna (spiny anteater) can grow as large as 10 cm in length, and

dunnarts (mouse-sized marsupials found in Australia) can have eggs that
exceed 5 cm in length.

Monotremes can be found in Australia and New Guinea

The largest eggs in the mammalian world are laid by monotremes

The American echidna lays eggs that can grow to 10 cm in length

Dunnarts lay eggs that can exceed 5 cm in length

Monotremes can be found in Australia and New Guinea - True

The largest eggs in the mammalian world are laid by monotremes - True

The American echidna lays eggs that can grow to 10 cm in length - False,
the American echidna lays eggs that are usually between 1 to 4 cm in
length.
e Dunnarts lay eggs that can exceed 5 cm in length - False, dunnarts lay
eggs that are typically between 2 to 3 cm in length.

The largest eggs in the mammalian world are laid by monotremes, which can
be found in Australia and New Guinea. Monotreme eggs can grow to 10 cm in
length.

> Finished chain.
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So, while this technique does not guarantee correct answers, it can put a stop to some incorrect
results. Fact-checking approaches involve decomposing claims into smaller checkable queries,
which can be formulated as question-answering tasks. Tools designed for searching domain
datasets can assist fact-checkers in finding evidence effectively. Off-the-shelf search engines
like Google and Bing can also retrieve both topically and evidentially relevant content to capture
the veracity of a statement accurately. We’ll apply this approach to return results based on web

searches and other applications of this chapter.

In the next section, we’ll discuss automating the process of summarizing texts and longer doc-

uments such as research papers.

Summarizing information

In today’s fast-paced business and research landscape, keeping up with the ever-increasing vol-
ume of information can be a daunting task. For engineers and researchers in fields like computer
science and artificial intelligence, staying updated with the latest developments is crucial. How-
ever, reading and comprehending numerous papers can be time-consuming and labor-intensive.
This is where automation comes