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CHAPTER 1
Getting Started with Amazon Bedrock

Introduction

With the launch of ChatGPT in 2022, Generative Al has become the tagline
and transformative technology across industries, enabling applications in
content generation, customer service, and automation, only to name a few.
Where the previous decade was spent on research and science of Al, the next
decade appears to 1 be devoted to the application of Al. As businesses look
for the opportunities to integrate Al capabilities into their applications, the
challenge now lies in managing and deploying complex AI models
efficiently. This is where Amazon Bedrock comes in.

This chapter focuses on introducing Amazon Bedrock, understanding the
current Generative Al landscape it operates within, how Amazon Bedrock
fits into the broader AWS ecosystem, and its role in enabling Generative Al
applications to the readers. We will not only learn about its key features and
pricing, but will also explore the use cases of Amazon Bedrock such as text
summarization, chatbots, personalization and image generation.

Structure

In this chapter we will discuss the following topics:

e Generative Al Landscape
Generative Al Stack on AWS

An Introduction to Amazon Bedrock

Key features of Amazon Bedrock
Why Choose Amazon Bedrock
Generative Al Use Cases of Amazon Bedrock

Generative Al Landscape




Over the past decade Artificial Intelligence (AI) has changed at a rapid pace,
but what makes Generative Al different? Why Generative Al attracts all the
attention? We have moved beyond working with Artificial Intelligence today.
In fact, the term Artificial Intelligence (AI) was coined in 1955 on a proposal
for a summer workshop at Dartmouth. Unlike traditional Al systems which
relied on explicit programming and rule-based decision-making, Generative
Al introduces a whole new paradigm where models can create, refine, and
innovate new content. This includes generating human-like text, producing
realistic images, composing music, and even writing software code.

Understanding Generative Al

Generative Al refers to a class of artificial intelligence algorithms designed
to create or generate new content, such as images, music or text. Unlike
discriminative models that focus on specific classification or prediction (for
example: classifying an email as “spam” or “not spam’), generative models
learn patterns in data to produce new synthetic data that mimics the original.
So, in the end, Generative Al is a probabilistic mechanism to predict the next
words in a sentence.

Let us take the incomplete sentence: “Children like to”

A Generative Al model works by predicting the most probable next words
based on its training data. It assigns probabilities to different possible
completions and picks the most likely one. Using a large language model
trained on vast text datasets, it computes probabilities for possible next
words.

Children like to play 40%

read 2"

eat
singw
run’

Figure 1.1: Word Prediction by Generative Al
Since “play” has the highest probability (40%), the model selects “play” as
the most likely next word. The next word is chosen based on statistical

probabilities derived from vast amounts of text data from millions of
documents or images that are used for model training.



Difference between Generative Al and Traditional
Al

The key difference we have seen with the rise of Generative Al, which had
gained significant popularity around three years ago, lies in its capabilities
compared to traditional AIl. But we have always been using Al. For example,
Machine Learning, a subset of artificial intelligence, has been used for years
to perform image classification or fraud detection in banking and insurance.

SIMPLE SIMPLE

Machine ‘__.* e Crmmmm—) O ._—q { OUTPUT
Learning

COMPLEX Cv\ SIMPLE
Deep
Learning ——) (&/ O )y OUTPUT

. COMPLEX W COMPLEX
en Al
Foundation ——) O O ey OUTPUT

Figure 1.2: Difference in Processing of Generative Al versus Traditional Al

While machine learning has been widely used for many years, it is typically
applied to solve specific, narrowly defined task oriented problems.
Traditional Al is predominantly Discriminative. These models learn the
boundary between classes of data. Given a dataset of emails labeled as
“spam” or “ham,” a discriminative model learns a decision boundary that
separates the two. When presented with a new email, it determines which
side of the boundary the data point falls on. It does not know what an email
is in a semantic sense; it only knows what distinguishes one class from
another.

Deep Learning (DL) extended this capability by using neural networks to
learn richer representations directly from data including images, audio, and
text. This reduced a reliance on manual feature engineering and made many
previously hard problems tractable, particularly in perception and language



tasks. However, most deep learning systems are still trained for narrowly
defined objectives—classify an image, detect an object, predict a click, or
identify a defect—so accordingly, their outputs remain structured and
constrained even when the underlying model is complex.

On the other hand, Generative Al introduces the concept of foundational
models, and large-scale models with billions of parameters. These models
are trained on vast datasets, enabling them to recognize patterns, learn wide
forms of knowledge and generate sophisticated outputs. A single
foundational model can perform multiple tasks, such as understanding
images, generating videos, answering questions or summarizing text.

This versatility makes Generative Al powerful. For instance, you could use
the same model to summarize an article, can understand images, can
generate video and can answer questions with the extracted information. The
input is processed by the foundational model, and the output is tailored to the
specific task at hand.

The following table outlines the technical divergences between these two
paradigms:

Feature Traditional Al Generative Al (Foundation Models)
(Predictive/Discriminative)

Primary Classify, Predict, Cluster, Optimize Generate, Reason, Synthesize,

Objective Transform

Input Data Typically Structured (Tabular, | Unstructured (Text, Images, Audio,
numerical, categorical) Video, Code)

Output Discrete labels, probabilities, | Novel content (Text, Code, Media)
numerical forecasts

Training Supervised Learning (Specific Task) Self-Supervised Pre-training + Fine-

Paradigm tuning (General Purpose)

Flexibility Rigid; retraining required for new | Highly Adaptable; zero-shot or few-
tasks shot learning via prompting

Interpretability Often higher (for instance, Decision | Lower (“Black Box” neural networks)
Trees)

Hardware CPU or moderate GPU resources Massive  GPU/TPU  clusters for

training and inference
Example Use | Predicting customer churn probability | Drafting a personalized email to
Case (0.75) prevent churn

Table 1.1: Detailed Technical Comparison of Traditional versus Generative Al




History of Generative Al

While the release of ChatGPT in late 2022 serves as a cultural marker for the
“Al Age,” the scientific lineage of Generative Al stretches back to the very
origins of computer science. Understanding this history reveals that the
capabilities we see on Bedrock today are the culmination of decades of
iterative research, punctuated by periods of intense optimism and crushing
“Al Winters.”

In the early years between 1950s - 1980, Al research focused on rule-based
systems and symbolic Al, with limited generative capabilities.

In 1980s, neural networks emerged as a foundational technology, with early
models like Boltzmann machines showing promise in generative tasks.
These models learned to generate data by modeling probability distributions,
laying the groundwork for future advancements.

The 2000s saw the rise of deep learning, with Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs) improving image
and text generation. Generative Adversarial Networks (GANSs), introduced in
2014 by Ian Goodfellow et al., marked a major breakthrough, pitting two
neural networks against each other—one; generating new content, also
known as, the generator, and the other; evaluating its authenticity aka the
discriminator. This adversarial process leads to the creation of highly
realistic synthetic data.

The 2017 introduction of transformers by Vaswani et al. marked a significant
milestone in Generative Al, enabling the development of Large Language
Models (LLM is a foundation model trained on massive amounts of text to
predict the next token in a sequence, which enables it to generate fluent
responses, answer questions, summarize content, and follow instructions)
like BERT and GPT. Transformers enabled more efficient processing of
sequential data, leading to advancements in natural language processing and
other domains. Self-supervised learning, where models learn from the data
itself without explicit labels, has also played a crucial role in the
development of powerful generative models. These models, trained on a
massive collection of written text, could generate coherent and contextually
relevant text, paving the way for tools including ChatGPT, Gemini and other
models on Bedrock today.



In between 2018-2020, OpenAl released GPT-1, GPT-2, and GPT-3. These
models demonstrated that simply scaling up the Transformer architecture led
to emergent reasoning capabilities. In 2020, Jonathan Ho et al. introduced
diffusion models, which became a game changer for image generation. Their
ability to produce high-quality, detailed images from text descriptions led to
tools like DALL-E, further expanding the creative applications of Generative
Al. These breakthroughs collectively transformed Generative Al from a
niche research area to a mainstream technology. GPT-3, with 175 billion
parameters, could write code, poetry, and essays with minimal prompting.

2022 became the “Netscape Moment” for Al. The release of ChatGPT and
Stable Diffusion brought generative capabilities to the mass. Suddenly, the
abstract power of LLMs was accessible via a chat interface, sparking a
global gold rush in application development.

In 2023, Amazon launched Bedrock, providing a unified, serverless interface
to models from Anthropic, Meta, Cohere, and Amazon, signaling the
enterprise maturity of the technology.

The era of Agentic Al begins in 2025. The focus is now currently shifting
from models that talk, to models that act, and which are capable of executing
complex workflows and reasoning through multi-step problems.

Generative AI Trends

Throughout the years Generative Al have been shaped by a key
breakthrough in machine learning architectures. Particularly, with the
introduction of transformer models in 2017, these models rapidly grow in
scale and performance leading to significant improvements in Al-driven
applications.

The current Generative Al landscape is shaped by several key trends:

e Foundation Models: These are large-scale Al models trained on vast
datasets that serve as general-purpose engines for a wide range of
applications. These models mark a shift from task-specific Al to
versatile, adaptable Al systems.

e Multimodal Capabilities: Modern generative Al systems can work
with multiple types of data (text, images, audio, and code)
simultaneously, enabling richer and more dynamic applications.



e Democratisation of Al: Initially confined to research labs and large
tech firms, Generative Al is now accessible to developers and
businesses via cloud platforms and API services.

e Enterprise Integration: Many organizations are moving beyond
research and pilot projects to fully integrate Generative Al into their
core operations, thereby, driving efficiency and fostering innovation.

e Compliance and Security: As Generative Al enters production,
regulatory and security requirements are as important as model
capability. Enterprises must enforce data privacy, access control, and
auditability to prevent sensitive data leakage and ensure compliant use.
This is especially critical in regulated domains such as finance,
healthcare, and HR, where responses must be grounded, traceable, and
policy-aligned.

e Sustainability and Environmental Impact: As Al usage scales, its
carbon footprint i1s becoming a critical consideration. Training a single
LLM can consume gigawatt-hours of energy, but the aggregate energy
cost of inference (daily usage) is quickly surpassing training costs.

Key Players in Generative AI Landscape

The shift in the Generative Al landscape has been fueled by advances in
deep learning, the availability of large scale datasets, and the increasing
computational power required to train sophisticated models. The Generative
Al space is now defined by a diverse ecosystem of players, ranging from
research institutions and tech giants to startups and open-source
communities.

Technology Giants like OpenAl, Google DeepMind, Meta, and Anthropic
are at the forefront of Generative Al research, developing state-of-the-art
models and infrastructure to support them.

e OpenAl: A pioneer in Generative Al, OpenAl has introduced cutting-
edge models like GPT-4 and DALL-E, making significant strides in
language understanding, image generation, and Al safety research.
OpenAl collaborates with Microsoft to integrate Al capabilities into
enterprise solutions like Azure OpenAl Service and GitHub Copilot.

e Google DeepMind: Originally focused on deep reinforcement
learning, DeepMind has expanded into Generative Al with its Gemini



model, aiming to enhance reasoning capabilities and multimodal
interactions. Google also integrates Al into its cloud and search
products, such as Bard and Google Cloud Al.

e Meta: The research arm of Meta Al has made contributions with the
LLaMA series of open-source models, offering high-performance
alternatives to proprietary Al models. It actively supports open research
and academic collaborations in Al development.

o Anthropic: A research-driven Al company emphasizing Al safety and
interpretability, Anthropic has developed the Claude series of language
models, known for their human-aligned responses and robustness in
constrained environments.

e NVIDIA: Special mention of the chip manufacturing company, known
for its hardware acceleration. NVIDIA also provides software tools for
Al development.

Cloud Providers such as Amazon Web Services (AWS), Microsoft Azure,
and Google Cloud provide scalable Al infrastructure and managed services
for enterprises to deploy Al-powered solutions.

e Amazon Web Services (AWS): AWS offers Amazon Bedrock, a
comprehensive Generative Al platform that provides access to multiple
foundation models with customization capabilities. AWS also supports
Al applications through SageMaker and Al-driven services like
CodeWhisperer and Transcribe.

e Microsoft Azure: With its exclusive partnership with OpenAl, Azure
provides cloud-based Al services integrated into Microsoft products,
including Azure OpenAl Service, which enables enterprises to deploy
the models of OpenAl efficiently.

e Google Cloud: Google offers Vertex Al, which supports fine-tuning
and deployment of generative Al models, along with its PaLM API for
integrating generative models into enterprise applications.

Open-Source Communities: OpenAl, Hugging Face, Stability Al, and
EleutherAl contribute significantly to the democratization of Al by releasing
open-source models and frameworks to enable accelerated development and
collaboration.



e Hugging Face: A leading open-source platform for Al developers,
Hugging Face hosts thousands of pre-trained models across multiple
modalities, enabling researchers and businesses to fine-tune and deploy
Al solutions efficiently.

o Stability Al: Best known for Stable Diffusion, Stability Al focuses on
open-source generative image models, empowering developers to
create and customize Al-generated visuals.

e EleutherAl: An AI research collective that develops open-source
LLMs like GPT-NeoX and GPT-J, offering transparent alternatives to
proprietary Al models.

Enterprise Al Solutions: Companies such as Cohere, AI21 Labs, and
Stability Al provide enterprise-focused Al models tailored for specific
business needs.

e Cohere: Specializing in NLP-based solutions, Cohere offers models
for enterprise search, chatbots, and language understanding that can be
fine-tuned for domain-specific applications.

e AIl21 Labs: A leader in language Al, A121 Labs provide advanced NLP
models for document processing, summarization, and enterprise
knowledge management.

With state-of-the-art models being developed constantly, this ecosystem is
dynamic and rapidly evolving, driven by advancements in self-supervised
learning and the increasing availability of computational resources along
with partnership between the key players will shape the future of Al
landscape and ecosystem.

Generative Al Applications

As Gen Al takes a boom, businesses ask multiple questions including how to
leverage Gen AI; how to go deeper and wider; or, how to transform the
entire business. Currently, Generative Al is being applied across wide range
of multiple domains, and is mainly categorized into four key areas:

Enhance Customer Experience

Improving how businesses interact with customers by providing
personalized, seamless and efficient support through various tools.



Generative Al powers chatbots that can engage in human-like conversations,
providing personalized day-and-night customer support. These chatbots can
handle a wide range of inquiries, from product information to
troubleshooting. With industry reports from Forbes noting a 30% cost
reduction in customer service operations following Al adoption.

The Bank of Erica in America employs Al-driven interactions to facilitate
financial advisory, transaction processing, and account management,
exemplifying the utility of Generative Al in financial services. Since its
launch in 2018, the Bank of Erica has surpassed 2 billion client interactions,
engaging with customers approximately 2 million times per day.

Another example is of Netflix leveraging Al for hyper-personalized user
experiences, tailoring recommendations based on behavioral analytics and
preference modeling drives 80% of content engagement. Similarly, Amazon
employs Al-powered product recommendations that have been shown to
substantially boost conversion rates. Thus, by analysing browsing history,
purchase patterns, and other user data, the recommendation engine of
Amazon presents products that are most likely to interest each customer,
thereby increasing the likelihood of purchase.

Boost Employee Productivity

Gen Al simplifies and automates repetitive and time-consuming tasks,
allowing employees to focus on more strategic activities. Generative Al
speeds up design, generates code, and optimizes engineering tasks, leading
to faster development cycles and more innovative products.

Microsoft integrated Generative Al in Bing and Windows with Copilot for
coding assistance, and reported the annual recurring revenue exceeding $100
million within just two years of its launch. Cadence uses it for chip and
system design optimization, reducing die area by 5% and power by more
than 6%, as noted in Generative Al for Chip, System, and Product Design.

Creativity and Content Creation

Generative Al is transforming creative workflows by acting as a powerful
assistive tool for ideation, drafting, and rapid iteration. It is commonly used
to support the creation of blog posts, articles, marketing copy, and social
media content, helping teams scale production while maintaining
consistency in tone and brand voice. Rather than replacing human creativity,



these systems are most effective when combined with human expertise,
editorial judgment, and domain knowledge to guide, refine, and validate the
final output.

In the creative tooling ecosystem, platforms such as Jasper and Copy.ai
assist writers, and marketers with drafting and refinement, while image-
generation models such as DALL-E enables rapid visual exploration for
campaigns, concept art, and design variations. These tools can reduce time-
to-market and lower production costs, but they still require clear creative
direction and review to ensure that outputs align with brand values, cultural
context, and ethical standards.

High-profile experiments, such as the “Create Real Magic” initiative of
Coca-Cola, developed with OpenAl and Bain & Company, illustrate both the
potential and the challenges of Al-assisted creativity. While the platform
empowered artists to remix iconic brand assets using generative models,
public reactions to Al-generated advertising also revealed the importance of
aesthetic control, human curation, and audience sensitivity, reinforcing that
Generative Al in creative domains works best as a collaborative system
rather than a fully autonomous creator.

From an ethical standpoint, responsible use of Generative Al in creative
work requires clear human ownership, transparent disclosure where
appropriate, and active editorial oversight to ensure originality, cultural
sensitivity, and alignment with brand and societal values.

Improve Business Operations

Generative Al helps organizations improve business operations by
streamlining processes, automating repetitive tasks, and optimizing the use
of resources across teams. Beyond analyzing unstructured data, Al systems
can support end-to-end workflows such as document intake, case triage,
reporting, and decision support, reducing manual effort and cycle time.
When integrated into operational systems, Generative Al can also assist with
capacity planning, workforce enablement, and intelligent routing of work,
leading to more efficient use of human and technical resources.

In practice, organizations use generative Al alongside traditional automation
to accelerate service operations and internal processes. For example:
Companies like IBM and McKinsey are leveraging it for data organization
and process optimization, with IBM noting 92% of executives agree on Al-



enabled automation by 2025, as per Al Workflow. As per the Mickency
report, automating service tasks can save businesses about 30-45% in costs.

Generative AI Stack on AWS

Amazon Web Services (AWS) has long been at the forefront of cloud
computing, consistently pioneering advancements in Artificial Intelligence
(AI) and Machine Learning (ML). With an extensive portfolio of services,
Amazon Web Services (AWS), offers a comprehensive suite of tools and
services designed to support the entire Al and machine learning lifecycle.
From data preparation and model training to deployment and monitoring,
AWS provides the infrastructure and tools needed to build robust Al
applications. This stack is structured into three layers.
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Amazon Q Amazon Q
Applications that Leverage LLMs and FMs Beslnats @ Developer
- -
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Models and Tools to Build Generative Al Amazon
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Figure 1.3: Generative Al Stack Amazon Web Services

Applications that Leverage Large Language
Models and Foundational Models

At the top of the stack are applications that leverage generative Al to
enhance productivity and streamline workflows. For instance, Amazon Q
Business provides insights and automation tools tailored for enterprise
environments, while Amazon Q Developer focuses on improving software
development processes by integrating Al throughout the lifecycle. These
applications demonstrate how Generative Al can be seamlessly incorporated
into everyday business operations.




Models and Tools to Build Generative Al
Applications

The next layer comprises models and tools designed to simplify the
development of Al-powered applications. Amazon Bedrock plays a central
role here by providing access to foundational models from AWS and its
partners. These pre-trained models eliminate the need for extensive training,
enabling businesses to integrate Al capabilities rapidly. Bedrock also
supports customization, allowing users to fine-tune models with proprietary
data to meet specific requirements. Along with standalone Amazon Bedrock
it also supported by Bedrock Guardrails, Agents and Knowledge base to help
the development.

Infrastructure to Build and Train AI Models

At the base of the AWS Generative Al stack, lies the infrastructure layer,
which provides robust computing infrastructure, optimized for running
large-scale Al models. AWS provides specialized compute instances, such as
EC2 PS5 instances powered by NVIDIA H100 Tensor Core GPUs, designed
to accelerate model training and inference workloads. Additionally, AWS
offers purpose-built Al processors, including AWS Trainium and AWS
Inferentia, which enhance efficiency and cost-effectiveness for ML
workloads. This includes AWS Trainium and Inferentia, purpose-built
chips optimized for machine learning workloads, as well as scalable GPUs
for handling complex training tasks.

Amazon SageMaker Al is a fully managed service designed to help you
build, train, and deploy machine learning models at scale. This includes
building FMs from scratch, using tools like notebooks, debuggers, profilers,
pipelines, and MLOps. These resources empower developers to train
sophisticated generative Al models efficiently while keeping costs under
control.

This layer also includes scalable storage solutions, such as Amazon S3,
which facilitates data storage and retrieval for training models. High-
performance networking services, including AWS Nitro System and AWS
Elastic Fabric Adapter (EFA), ensure low-latency communication between
compute nodes, optimizing Al workloads.



An Overview of Amazon Bedrock

With the general availability announced in September 2023, Amazon
Bedrock is a fully managed service provided by Amazon Web Services
(AWS) that enables users to build and scale Generative Al applications using
Foundational Models (FMs) without the complexity of managing
infrastructure. It offers a full range of services and tools that make it easier
to create and use Generative Al models, freeing developers to concentrate on
innovation rather than infrastructure.

Amazon Bedrock is designed around flexibility, scalability, and ease of use.
It provides API-based access to a curated set of foundation models from
leading Al providers, enabling developers to integrate generative Al
capabilities directly into applications with minimal setup. In addition to
basic inference, Bedrock includes higher-level -capabilities such as
Retrieval-Augmented Generation (RAG) through Bedrock Knowledge
Bases, which allow models to ground responses in private, enterprise data
stored in services like Amazon S3. This makes Bedrock suitable not only for
experimentation, but also for building production systems that require
accuracy, traceability, and domain-specific knowledge.

Operational readiness is a core focus of the platform. Amazon Bedrock
integrates with AWS-native monitoring and observability tools, including
Amazon CloudWatch, enabling teams to track usage, latency, errors, and
cost drivers such as token consumption. From a security and governance
perspective, Bedrock supports fine-grained access control through AWS
[IAM, encryption at rest and in transit using AWS KMS, and content
moderation and policy enforcement via Bedrock Guardrails. These controls
allow organizations to enforce safety, compliance, and responsible Al
practices across environments, which is essential for enterprise and regulated
workloads.

A key differentiator of Amazon Bedrock is its model choice and portability.
Rather than locking customers into a single provider, Bedrock offers access
to a growing ecosystem of foundation models. As of 2024, this includes
models from Anthropic (Claude family), AI21 Labs, Cohere, Meta (Llama),
Stability Al, and own Titan and Nova model families of AWS. Each model
family offers different trade-offs in reasoning capability, latency, cost,
multimodality, and safety characteristics, allowing teams to select the most



appropriate model for each use case and evolve their choices over time as
requirements change.

Together, these capabilities position Amazon Bedrock as a production-grade
foundation for building Generative Al systems—combining model flexibility
with enterprise-ready security, monitoring, and data integration, all within
the broader AWS ecosystem.

Note: RAG (Retrieval-Augmented Generation) improves factual accuracy
by first retrieving relevant passages from your own data (for example,
documents in S3 indexed in a vector store) and then grounding the LLM's
response on that retrieved context instead of relying only on its training.
More on it will be covered in Chapter 4.

Core Components of Amazon Bedrock

The core components of Amazon Bedrock are essential for understanding its
functionality and capabilities. These include:




Component Description Key Features Typical Use Cases
High-performing models from fp]umug:; Hﬁfé‘;gﬁd Chatbots, summarization, content
Foundation Models (FMs) ing Al companies and AWS, [ rapid model generation, reasoning tasks,
accessible via a unified APL smm g multimaodal applications.
Private customization using user |Fine-tuning, RAG with e it
i i data through fine-tuning and private data, no data used Bpes 0 p
Customization Techniques i . enterprise I:nowledge bots,
Retrllival Augmented Generation tfl'::rfa"t:?de retraining by personslized Al
Build agents that execute Tool calling, orchestration, |Task automation, workflow
Agents multi-step tasks using FMs, reasoning loops, APl and orchestration, agentic systems,
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Figure 1.4: Core Components of Amazon Bedrock

Each component plays a critical role. For example, foundation models like
Amazon Titan Text, Claude by Anthropic, and Stable Diffusion of Stability
Al, cater to specific modalities such as text and image generation.
Customization techniques like fine-tuning adapt these models to domain-
specific tasks, while RAG enhances responses by integrating external
knowledge. Agents automate complex workflows, and knowledge bases
ensure context-aware outputs, crucial for enterprise applications.



End-to-End Flow of Amazon Bedrock Components
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Figure 1.5: End-to-End Flow of Amazon Bedrock Components

This flow illustrates how Amazon Bedrock orchestrates Generative Al
requests—from secure API access and guardrails, through optional agents
and retrieval, to managed model inference and scalable deployment—while
enforcing governance and observability across the entire lifecycle.

Key Features of Amazon Bedrock




The key features of Amazon Bedrock distinguish it from other platforms as a
leader in Generative Al. The unified API allows seamless switching between
FMs, facilitating experimentation and optimization. Customization options,
including fine-tuning and RAG, enable tailoring models to specific tasks,
such as generating industry-specific reports or creating personalized
customer interactions. Support for building agents automates multi-step
tasks, integrating with enterprise systems for applications like order
processing or customer support.

Access to Pre-Trained Foundational Models

Amazon Bedrock provides seamless access to a variety of pre-trained
foundational models from AWS and trusted third-party providers. These
models are designed to handle a wide range of use cases, such as text
summarization, conversational Al, and creative content generation. Below is
an overview of popular foundational models available through Amazon
Bedrock:

Models such as Google Gemma and NVIDIA Nemotron are available
through Amazon Bedrock Marketplace. While they are invoked using the
same Bedrock APIs, feature availability (for example, Guardrails, Agents, or
fine-tuning) may vary by model and provider.

The model runtime environment within Bedrock is designed to handle the
diverse requirements of different foundation models. Each model family -
whether it i1s Claude of Anthropic, Jurassic of AI21, or own Titan models of
AWS — each operates within an optimized container environment that
ensures consistent performance while maintaining isolation. This
containerization approach allows Bedrock to efficiently manage resources
while providing the flexibility to support models with varying computational
requirements.

This offers flexibility to developers, allowing them to select and integrate the
most suitable model for their specific use case. Additionally, the integration
process 1s simplified with APIs, reducing the time and complexity required
for deployment.

Choosing the right foundation model in Amazon Bedrock is less about
picking a “best” model and more about matching the strengths of a model to
the constraints of the workload.



In practice, teams balance response quality against latency, throughput, and
cost, while also considering whether the task requires specialized capabilities
such as retrieval-augmented generation, embeddings for semantic search, or
multimodal understanding. A customer-facing chatbot may prioritize fast,
consistent responses at predictable cost, whereas an internal knowledge
assistant may favor models that ground well on retrieved context and support
citations.

Model Name Provider Specialization
Amazon Nova (Micro, Lite, | AWS Next-generation multimodal models optimized
Pro, Premier, Canvas) for reasoning, efficiency, and enterprise scale
Amazon Titan (Text, | AWS High-performance text generation, embeddings,
Embeddings, Image) and image generation
Claude (Haiku, Sonnet, | Anthropic Conversational Al with strong reasoning and
Opus) safety-first alignment
Jamba / Jurassic-2 Al21 Labs Advanced text generation and summarization
Command R / Command | Cohere Retrieval-augmented generation and enterprise
R+ search
Llama (2 / 3 variants) Meta Open-weight language models for general

reasoning and generation

Mistral (Large, Medium, | Mistral Al Efficient, high-quality text generation

Small variants)

Stable Diffusion Stability Al Image generation from textual prompts

Gemma (3 family) Google Open-weight language models optimized for
efficiency and deployment flexibility

Nemotron (Nano / VL | NVIDIA Foundation models optimized for reasoning and

variants) vision-language tasks

Table 1.2: Popular Foundation Models Supported in Amazon Bedrock

Since Bedrock offers a curated range of first-party and partner models
behind a consistent API, you can evaluate and switch models with minimal
integration overhead. We will go deeper into these trade-offs in Chapter 3,
where we compare model families, discuss selection patterns, and provide
practical guidance for choosing models based on real-world use cases.

Meanwhile, Table 1.3 provides a quick decision-oriented overview to help
you select the right foundation model in Amazon Bedrock.



Primary Requirement Recommended Rationale
Model Family
Low latency, high | Amazon  Nova | Optimized for fast inference and cost-sensitive
throughput, cost efficiency | (Micro / Lite) workloads such as chatbots, classification, and

lightweight reasoning at scale.

General-purpose text
generation and reasoning

Claude (Sonnet /
Haiku)

Strong language understanding, conversational
quality, and safety-first alignment make Claude
well-suited for user-facing applications.

Complex reasoning and

long-form responses

Claude Opus

Designed for deeper reasoning, multi-step
analysis, and high-quality long-form generation
where latency is less critical.

Enterprise search and RAG
workloads

Cohere Command
R /R+

Tuned specifically for retrieval-augmented
generation, with strong performance on
grounded, context-rich tasks.

Embeddings and semantic | Amazon Titan | Purpose-built for embedding generation with

search Embeddings predictable performance and tight AWS
integration.

Multimodal reasoning (text | Amazon  Nova | Supports multimodal inputs and outputs,

+ image) (Pro / Premier) enabling richer interaction patterns and

document or image understanding.

Open-weight model | Llama / Gemma | Suitable when transparency, portability, or fine-

experimentation (Marketplace) grained control over model weights is required.

Vision-language tasks at | NVIDIA Optimized for vision-language workloads where

scale Nemotron VL GPU efficiency and multimodal reasoning are
priorities.

Image generation Stable Diffusion | Industry-standard model for high-quality image

generation from textual prompts.

Table 1.3: Selecting the Right Foundation Model in Amazon Bedrock

Fully Managed Service

Amazon Bedrock eliminates the operational overhead associated with
managing and maintaining Al models. Unlike traditional approaches where
businesses must fine-tune and host models on their own infrastructure,
Bedrock offers a fully managed experience, allowing developers to focus
on integrating Al capabilities into their applications without worrying about
provisioning GPU instances, scaling or infrastructure maintenance.




Customization and Fine-Tuning Capabilities

For applications that require custom models, Amazon Bedrock provides
multiple options for customizing foundational models to meet specific
business requirements. These include:

e Prompt Engineering: This technique involves carefully designing
inputs (prompts) to guide the behavior of the model and output.
Through effective prompt design, businesses can enhance model
responses without modifying the underlying parameters.

e Retrieval-Augmented Generation (RAG): With RAG, Bedrock
allows applications to retrieve domain-specific or proprietary data
and feed it into the model at inference time, and ensuring outputs are
contextually relevant and up-to-date. This approach is particularly
useful for customer support chatbots, knowledge retrieval systems, and
personalized recommendations.

e Fine-Tuning: Bedrock enables users to fine-tune models using their
proprietary datasets. This improves model accuracy and relevance for
industry-specific applications. Fine-tuning involves training an existing
foundational model on a smaller labeled dataset to adjust its
responses to better align with the specific domain of a company.

e Continued Pre-Training: This technique goes beyond fine-tuning by
allowing users to further train the model on large amounts of
custom data, making it even more specialized for niche applications.
Continued pre-training is beneficial when businesses require an Al
model that deeply understands industry-specific jargon or technical
nuances.

These customization techniques provide enterprises with unparalleled
control over how foundational models behave in their unique applications.

API-Based and Serverless Architecture

Amazon Bedrock offers a serverless and API-driven architecture,
allowing developers to integrate generative Al functionality without
managing underlying infrastructure. A key recent capability of Bedrock is
Unified API Access, where a single, consistent API endpoint is used to
invoke foundation models from multiple providers. This model-agnostic




interface abstracts provider-specific differences in request and response
formats, enabling developers to switch between models—or route requests
across them—without changing the application code. As a result, teams can
rapidly experiment, compare models, and evolve their Al stack over time
while maintaining a stable integration layer.

The API management layer in Bedrock acts as a standardized interface over
diverse foundation models. It handles authentication, request validation,
response normalization, and provider-specific orchestration, ensuring that
interactions with models remain secure, consistent, and production-ready.
This unified, serverless approach significantly reduces integration
complexity and accelerates time-to-market for Al-powered applications.

Scalable and Cost-Efficient Model Deployment

Amazon Bedrock enables on-demand scaling, allowing applications to
handle fluctuating workloads without overprovisioning infrastructure. In
addition to elastic scaling, Bedrock supports burst capacity handling,
automatically absorbing short-term traffic spikes to maintain consistent
performance during unpredictable demand.

For cost optimization, Bedrock offers multiple pricing and capacity options.
Alongside pay-as-you-go usage, organizations can purchase Provisioned
Throughput (reserved capacity) to secure predictable performance at
discounted rates for steady or high-volume workloads. This combination of
elastic scaling and reserved capacity allows teams to balance cost, latency,
and throughput across experimentation, production, and enterprise-scale
deployments.

Guardrails and Security Features

Amazon Bedrock ensures robust security and responsible Al usage through
its built-in guardrails and deep integration with AWS security services.
Security in Amazon Bedrock is implemented through a comprehensive
framework that addresses data protection, model safety, access control,
and compliance, enabling organizations to deploy generative Al with
confidence in regulated and enterprise environments. Key capabilities
include:




e Content filtering and safety guardrails to prevent harmful, toxic,
biased, or policy-violating outputs, with configurable thresholds
aligned to organizational standards.

e Enhanced bias detection and mitigation, helping teams identify and
reduce unintended bias across prompts, responses, and datasets,
especially in customer-facing applications.

e Multi-model guardrail consistency, ensuring that safety and policy
controls are applied uniformly even when applications switch between
or orchestrate multiple foundation models.

o User access control through AWS Identity and Access Management
(IAM), enables fine-grained permissions at the API, model, and feature
levels.

e Data protection and privacy controls, ensuring customer prompts,
responses, and fine-tuning data are not used to train shared foundation
models and remain isolated within the AWS account of the customer.

e Audit logging and compliance support via AWS CloudTrail and
CloudWatch, providing traceability of model invocations, configuration
changes, and access patterns for governance and regulatory audits.

e Advanced security monitoring and threat detection, leveraging
AWS-native security services to detect anomalous usage patterns,
misuse, or potential abuse of Al endpoints.

Together, these controls allow organizations to enforce policy-driven Al
behavior, meet regulatory and compliance requirements, and maintain
trust while scaling generative Al across production workloads.

What is New in Amazon Bedrock (2025-2026)

By 2025, Amazon Bedrock has continued to evolve from a model-access
service into a more complete enterprise Al platform. Key advances focus on
simplification, control, and production readiness. The unified, model-
agnostic APIs of Bedrock have matured, making it easier to route traffic
across multiple foundation models using a single integration surface.
Support for agentic workflows has expanded, enabling more robust multi-
step reasoning, tool use, and orchestration patterns within managed Bedrock
Agents. The platform has also strengthened governance and safety controls,
with deeper guardrail capabilities, improved evaluation tooling, and tighter



integration with AWS-native monitoring, identity, and security services.
Collectively, these enhancements reflect a shift toward building scalable,
auditable, and cost-aware generative Al systems that are designed for long-
running enterprise workloads rather than short-lived experiments.

Amazon Bedrock Platform Evolution

2023 — Foundation and Access: Amazon Bedrock launched with a clear
promise: managed access to leading foundation models without
infrastructure overhead. Early capabilities had focused on serverless, API-
based inference, on-demand scaling, and pay-as-you-go pricing, allowing
teams to experiment with Generative Al while avoiding GPU provisioning
and operational complexity.

2024 — Enterprise Readiness: As adoption increased, Bedrock expanded
toward production needs. Features such as Provisioned Throughput
improved cost predictability and latency stability, while Guardrails, [AM
integration, encryption with AWS KMS, and CloudTrail logging
strengthened security, compliance, and responsible Al usage. This marked
Bedrock’s shift from experimentation to enterprise deployment.

2025 — Control, Efficiency, and Governance: By 2025, Bedrock evolved
into a more complete generative Al platform. Unified, model-agnostic APIs
simplified integration across multiple providers, while advances in
monitoring, evaluation, and safety controls supported large-scale, long-
running workloads. The focus moved beyond raw scalability to cost-aware
deployment, fine-grained access control, and auditable Al systems which
are designed for regulated and mission-critical environments.



Platform Evolution: 2023 —+ 2025

2023 2024 2025
2023 Foundation & Access 2024 Enterprise Readiness 2025 Platform Maturity
= Serverless inference = Provisioned Throughput Unified, nodel-agnastic APIs
Degioy models without infrastructuns management Guarantesd capacity for production workloads: Consistert inberface across all model providers
s Pay-as-you-go pridng s Guardrails for safiety Cost-aware scallng pattems
Coat-effective eoxperimentation and scaling Content fitering and responsibie Al controb Intelligent resoiron aptimization amd nouting
& APT-based model acoess: s TAM, KMS, CloudTrail Advanced monitoring & evaluation
Simple intogration with existing applications Enterprise-grasde securty and sacess cantrol Pieal-time performance tracking and analytics
= Rapid experimentation = Compliance & suditability G first depl
Quick iteration and prototype developenent Mt reguintony requinameants and Qovernance Policy-driven infastruchune and compliance

Figure 1.6: Evolution of Amazon Bedrock (2023-2025)

Together, these phases reflect the progression of Bedrock from model access,
to enterprise-grade deployment, to a governed platform for scalable and
responsible generative Al.

Key Reasons to Choose Amazon Bedrock

Amazon Bedrock offers a seamless, scalable, and enterprise-ready solution
for businesses looking to integrate generative Al into their workflows.
Several key factors set Bedrock apart from other Al platforms:

e No Machine Learning Expertise Required: Unlike Amazon
SageMaker, which provides full control over machine learning models
(requiring deep ML expertise), Amazon Bedrock abstracts away the
complexity of model training and infrastructure management. This
makes it accessible to developers, product managers, and business
users who want to leverage Al without having specialized in ML
knowledge.

e Wide Model Selection and Flexibility: Bedrock provides access to
multiple best-in-class models, allowing businesses to select the most
suitable foundational model for their use case. This flexibility ensures
that companies are not t locked into a single Al vendor, unlike
proprietary solutions that force reliance on a single model provider.



e Faster Time-to-Market: By eliminating the need for infrastructure
setup, model fine-tuning, and extensive ML expertise, Amazon
Bedrock allows businesses to quickly integrate Al capabilities into their
applications, reducing development time from months to weeks or even
days.

e Deep Integration with AWS Services: As part of the AWS ecosystem,
Bedrock integrates seamlessly with services like Amazon S3 (for
storing custom data), AWS Lambda (for serverless processing), AWS
Step Functions (for orchestrating Al workflows), and Amazon
CloudWatch (for monitoring usage and performance). This allows
organizations to build end-to-end Al-powered applications using a
familiar AWS environment.

o Cost-Effective Al at Scale: Amazon Bedrock supports multiple pricing
options so teams can balance flexibility, performance, and cost
predictability. For many workloads, on-demand inference works like
pay-as-you-go billing, where you pay per request based on usage (such
as tokens processed for text models). For production systems that
require more consistent throughput or tighter latency expectations,
Bedrock also offers provisioned capacity, where you reserve dedicated
model throughput for a defined period to achieve more predictable
performance and spend. This range of pricing models allows
organizations to start small without upfront GPU investments, then,
gradually graduate to reserved capacity as usage stabilizes—often at a
lower total cost than operating and scaling model infrastructure in-
house.

e Enterprise-Grade Security and Compliance: With built-in
guardrails, Amazon Bedrock is built with enterprise security in mind,
offering data encryption, role-based access controls, and model output
moderation to comply with strict industry regulations. Businesses
operating in finance, healthcare, and government sectors can
confidently adopt Al while meeting compliance requirements.

Generative AI Use Cases of Amazon Bedrock

Amazon Bedrock enables a wide range of applications across industries,
benefiting from the foundational models to drive efficiency, creativity and
automation. Bedrock allowed many of the organizations to make use of the




pre-trained models to implement generative Al capabilities to transform their
business without needing to build models from scratch. In the following
paragraphs, we explore some of the most impactful use cases where Amazon
Bedrock is used by real world industries:

Text Generation and Summarization — Personalized Travel
Itineraries of the Lonely Planet

Lonely Planet, a globally recognized travel guide company, sought to
revolutionize the way travelers access curated travel content. With over 50
years of extensive travel recommendations, the company aimed to digitally
transform its knowledge base into personalized travel itineraries. By using
the Generative Al capabilities of Amazon Bedrock, Lonely Planet was able
to generate dynamic, and customized travel plans for users, ensuring
recommendations remained accurate, relevant and scalable.

The Al-powered solution helped the company reduce content generation
costs by 80% thereby enabling them to offer tailored recommendations
without sacrificing the authenticity of their expert advice. Whether a traveler
is looking for adventure, cultural experiences, or food-centric trips, the Al
system can instantly generate unique itineraries based on user preferences,
ensuring a highly engaging and personalized travel planning experience.

Al-Powered Customer Support — Al-Driven Contact Center of
Ryanair

Ryanair, one of the leading low-cost airlines of Europe, aimed to enhance its
customer support services by automating responses to high-volume
inquiries. Traditionally, airline customer service teams manage thousands of
requests daily, ranging from flight status updates to refund processing and
baggage claims. To improve efficiency, Ryanair integrated Amazon Bedrock
with Amazon Connect, enabling an Al-powered contact center capable of
understanding and resolving customer queries through natural language
interactions.

With this Al-driven approach, Ryanair significantly reduced response times,
improved customer satisfaction, and streamlined support operations by
automating frequently asked questions and providing real-time assistance.
This solution not only reduces the workload for human agents but also



enhances the overall travel experience by providing instant and accurate
responses to customers.

Energy Efficiency and Sustainability — AI-Driven Utility
Analysis of Carrier

Carrier, a leader in climate and energy solutions, needed a way to optimize
energy consumption for commercial buildings while ensuring sustainability
goals were met. Managing diverse utility bill formats across different
regions and languages posed a challenge in extracting and analyzing energy
consumption data efficiently.

With Amazon Bedrock, Carrier developed Abound Net Zero Management,
an Al-powered solution that can ingest and interpret complex utility bill data,
regardless of format or language. The system then generates insights and
actionable recommendations to help businesses optimize their energy use,
reduce costs, and minimize their carbon footprint. By leveraging generative
Al, Carrier has empowered organizations to achieve greater energy
efficiency and sustainability compliance without requiring manual
intervention.

Sales Enablement and Content Personalization — AI-Driven
Sales Assistance of Showpad

Showpad, a leader in sales enablement technology, wanted to enhance the
way sales teams create and interact with content. By integrating Amazon
Bedrock, Showpad developed Al-powered tools that allow sellers to
automate content creation, personalize customer interactions, and extract key
insights from sales data.

With Generative Al, sales professionals can instantly generate product
summaries, client-specific proposals, and customized email templates,
reducing manual effort and ensuring that each communication is tailored to
the needs of the prospect. This solution has enabled Showpad to rapidly
launch over a dozen Al-powered features, significantly improving sales
productivity and customer engagement.

Amazon Bedrock versus Alternative Solutions




Amazon Bedrock is not the sole provider through which organizations can
access generative Al capabilities. While Amazon Bedrock offers a
heterogeneous suite of foundational models, deep AWS integration, and an
enterprise-centric, fully managed operational framework, to understand the
position of Amazon Bedrock in the market, it is essential to compare it with
other leading generative Al platforms: OpenAl APIs, Google Vertex Al, and
Azure Al

e OpenAl APIs: Primarily limited to the proprietary models of OpenAl,
such as GPT-4 and DALL-E, with a more restricted approach to model
availability and ecosystem integration. While OpenAl models are
powerful, they do not offer the multi-vendor flexibility that Amazon
Bedrock does.

e Google Vertex Al: A comprehensive ML platform that facilitates end-
to-end Al model lifecycle management, albeit with a steeper learning
curve necessitating domain-specific ML expertise. Organizations
utilizing Google Vertex Al often require dedicated ML engineers to
effectively deploy and optimize Al models.

e Azure AI: Similar to Google Vertex Al, Azure Al offers generative Al
capabilities, though its model diversity is more constrained relative to
Amazon Bedrock. While Azure provides integration with the cloud
ecosystem of Microsoft, it lacks the model selection flexibility of

Bedrock.
Platform Focus Strengths Comparison with
Bedrock
OpenAl APIs Advanced  language | High performance in | Offers powerful
models (for example, | natural language | models but requires
GPT-4) processing more API handling;
Bedrock provides
broader FM selection
and AWS integration.
Google Vertex Al Comprehensive ~ ML | Broad range of ML | Broader focus than
platform tasks, pre-trained | generative Al; Bedrock
models, custom | 18 tailored for
training generative Al  with
curated FMs.
Azure Al Suite of Al services Strong Microsoft | Comprehensive but
ecosystem integration | less focused on
generative Al; Bedrock




offers user-friendly
FM customization
within AWS.

Table 1.4: Comparative Assessment on Amazon Bedrock versus Alternative

The principal differentiator of Amazon Bedrock lies in its vendor-agnostic
model selection along with its inference handling through unified API and its
seamless interoperability within the AWS ecosystem. This makes Amazon
Bedrock a standout recommendation for enterprises, especially when it
requires optimizing Al performance across various applications, ensuring
both scalability and adaptability.

Conclusion

Amazon Bedrock redefines how businesses approach Generative Al by
offering a streamlined, scalable, and accessible platform. Its robust features,
seamless integration with AWS services, and diverse use cases empower
organizations to unlock the full potential of Al. From text summarization to
personalized experiences, Bedrock is poised to drive innovation and
efficiency across industries.

The approach of the service is to provide a unified interface to multiple
foundation models, while maintaining enterprise grade security and
scalability, positions it as an important tool for organizations looking to
implement Generative Al solutions. By adopting Bedrock, users can
overcome the challenges associated with Al development and focus on
driving innovation and value. This chapter serves as a foundational guide to
understand the Amazon Bedrock, its key characters and real use cases of this
powerful platform.

Looking forward, in the next chapter, we will work on setting up your
environment to perform hands-on with Amazon Bedrock. In furthermore
chapters we will go deeper into foundational models, exploring their
architecture, capabilities, and how they enable transformative applications in
the generative Al landscape.
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