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1.

Al that comes to your data wherever you need it
most, from pocket to cloud, through the industry’s most
comprehensive Al-ready portfolio

Hybrid Al approach that brings together the right mix
of public private and personal foundational models to
make it ‘your Al' — personalized to the unique needs of
the organization or individual. Not one-size-fits-all.

for all



for all

Lenovo’s Al-ready portfolio is the smarter choice
for your transformation,

1. For businesses of all sizes, needs, industries, IT
environments and stages of Al adoption; for
individuals of all kinds, anywhere in the world.

2. Making your Al journey easier with Lenovo Al
Advisory services, 165+ validated Al solutions and
a wide ecosystem of partners

3. Responsible Al — inclusive, secure, sustainable,
ethical

Lenovo 2024 Lenovo Internal. Al rights reserved.



A new wave of Al
Innovation drives
competitive
advantage for
businesses
across many
vertical markets.

Lenovo 2024 Lenovo. Al rights reserved.
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0 leap ahead

Your focus must shift

Five Al transformation imperatives to get into the race.

Competitive Al adoption is no longer an option; it's a competitive requirement for companies of all sizes in all industries
_ Data is the defining feature of an Al strategy. Use your data to your advantage through useful insights.

L ocation Matters Not all Al will be in the public cloud; location is a key factor in an Al strategy. Where can Al help your business?

LLMs & Beyond Most companies will need an LLM strategy, but Al won’t be limited to LLMs. Al can be used everywhere.

Responsible Al Data security, privacy, sustainability, and ethical mandates are critical. Leverage Al responsibility.

Lenovo 2023 Lenovo. Al rights reserved.






New Processor Component to drive Al Model Utilization

Fast Response — ideal S High Throughput - Ideal
e i CPU:: A AR — ..
for low-latency Hana () ol for digital content
workloads creation / consumption

v

Low Power — Ideal for sustained Al workloads, capable for handling multiple
operations in real time and able to lead based on accumulated data.

Performance of NPU chip is measured in “TOPS” (Tera Operations per
Second) — it tells how many computing operations an Al chip can handle in
one second

Lenovo 2024 Lenovo Internal. All rights reserved.



Solutions from Al developers to content creators and consumers

Model Creation

Model Utilization

<

Lenovo Lenovo

ThinkSystem  ThinkStation

»

Category: Execution Data Science Training

* LLM Model » Data Loading * Model Training
- Training & » Data Cleansing * Model Tuning
Capab|l|ty: Development « Data Visualization « Hyper Parameter
* Model Selection Tuning

Sample Use .ChatGPT 2

Large Language Al Framework Tuning
Models Development Parameters

Largest Immediate Opportunity

LenoVvo 2024 Lenovo External. Al rights reserved.

ThinkStation PX Al Appliance Solution

@ Advantages vs. Competition
Higher Lenovo
Performance "“ﬂkmﬂ“ﬂ"
|I|| # CPUs: 2
More #Cores: 120
Scalable
6 Memory: 4TB
Hichi GPUs: 4
ThkSeln ok PCle: 9
@ Gen5: 4
Cost vs. erF
Cloud .
7 e

Lenovo 2023 Lenovo External Al rights resenved
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Solutions from Al developers to content creators and consumers

<

Model Creation Model Utilization

»

Lenovo Lenovo

. Lenovo Lenovo
ThinkSystem ~ ThinkStation ThunkPad  ThinkBook

_ : : - Inferencing Inferencing
Category: Execution Data Science Training (Creator) (General)

* LLM Model » Data Loading * Model Training Generative Al: Generative Al: Throughput/

- Training & » Data Cleansing * Model Tuning Large Language Diffusion Models Performance,
Capab|l|ty: Development e Data Visualization * Hyper Parameter Models (LLM)

* Model Selection Tuning

Basic/Latency Sustained

Sensitive Inferencing
Periodic Inferencing

ChatGPT - ~ 2oo0m
&, Bard Al % @'\ o

Se |
J L %
Large Language Al Framework Tuning LLM / Natural TXT to Image Style Dynamic Noise Background
Models Development Parameters Language Creation Transfers Suppression Segmentations
Premium NPU
(40+ TOPS)

High Performance Basic NPU
dGPU (Workstations), TFLOPS 10-15 TOPS

LenoVvo 2024 Lenovo External. Al rights reserved.



2024 Al PC Levels of Capabillity

Platform Scenario & Benefit
High
Performance dGPU Medium and Large Al Model
dGPU Fine Tune Advanced Al PC
_ Qualcomm Microsoft Copilot "
Premium NPU D Other Light Al Models Next Gen Al PC
GO Ol I Medium LLM + RAG
Basic NPU Hardware enabled Al PC

(10-15 TOPS)

No NPU

LenoVvo 2024 Lenovo Confidential. All rights reserved.

Intel Small Core
Intel Raptorlake -R
AMD Rembrandt-R

Cloud based Al
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Next-Gen Al PC benefits




IDC Forecast
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Lenovo Commercial Al Initiatives & Workstreams

Capabilities/

Microsoft Co-Pilot Workstations
Local Inferencing /Generative Al Model Dev| Design
* Personal Work Assistant » Al Data Prep & Processing
0w Content Generation » Al Model Development
(o))
g * Summarization/ Q&A * Al Model Training/Tuning
(D)
‘= * Contextual Search * Al Model Deployment
o
% * Voice Transcriptions * Generative Design &
L Content creation

* Workflow Automation

. Bing Chat * Large RAG model

* RAG model

Industry Led Al Capabilities

LenoVvo 2023 Lenovo Confidential. Al rights reserved.

Lenovo Al Lab

Local Inferencing

Local foundation model

Personalized knowledge
base

Framework support xPUs

Lenovo general/ device/
work/ meeting assistants

Natural intention
interaction

CSW / Dev/ STIC

Lenovo Device Intelligence
Intelligent Asset Manager
On-Device & Virtual Experts
Thinklog data analysis
Accessibility by Al

Think Al Shutter
Performance Tuner

Al Fingerprint key

Lenovo Differentiators

ISV Partnerships

Intelligent threat protection

Security/ Privacy - Prompt
Filtering, Model protection

Anaconda (Workstation)

NVIDIA Al Enterprise
(Workstation)

* Intel OneAPI (Workstation)
» Adobe, Dropbox

» Partner led ISV engagements

Better Together

13






Hardware-Enabled Al PC
Lenovo ThinkBook ThinkPad EDU

Premium Cleansheet w CleansheetH

Big Core Z Series
EXTEND EXTEND
Cleansheet
716 G2 Z13 G2
V17 G4 IRU

X12/X13 Series

Refresh Refresh intel.
V14 V15 G5 IRL EXTEND

Cleansheet T Series
intel intel intel.
AMDZ\

V14 V15 G4 ABP

Mainstream | EXTEND EXTEND

Small Core L Series

V14 V15 G4 IAN ﬂ ﬂ “ “
V14 V15 G4 AMN E Series
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Why i1s RAG important?

Servizio ' Economia Digitale (@

Come usare Llama 3 (I’AI di Meta) sul
proprio computer e perché farlo

E possibile usare un modello di intelligenza artificiale sul proprio computer senza bisogno di
essere ingegneri informatici.

di Alessandro Longo

LenoVvo 2024 Lenovo External. Al rights reserved.
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https://www.ilsole24ore.com/art/come-usare-llama-3-l-ai-meta-proprio-computer-e-perche-farlo-AFWnNOpD

Why Is RAG can be used with Italian documents?

iIGenius e Cineca annunciano
Modello Italia: il primo
Foundational Large Language
Model italiano

LenoVvo 2024 Lenovo External. Al rights reserved.
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Introduction

Whatis LLM

What is RAG?

LLM And It's Limitation
Why RAG is important?
RAG Architecture

How Does RAG Work
RAG Vs Fine-Tuning
Benefits Of RAG
Applications

Demo
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o

LenoVvo 2024 Lenovo External. Al rights reserved.
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What is LLM

« Alarge language model (LLM) is a type of artificial intelligence program that can recognize and
generate text, among other tasks.

 LLM are very large models that are pre-trained on vast amounts of data.

 Built on transformer architecture is a set of neural network that consist of an encoder and a
decoder with self-attention capabilities.

« It can perform completely different tasks such as answering questions, summarizing documents,
translating languages and completing sentences.

« Open Al's GPT-3 model has 175 billion parameters. Also, it can take inputs up to 100K tokens in
each prompt

LenoVvo 2024 Lenovo External. Al rights reserved. 20



LLM and it’s limitations

Not Updated to the latest information: Generative Al uses large language models to generate texts and these models
have information only to date they are trained. If data is requested beyond that date, accuracy/output may be
compromised.

Hallucinations: Hallucinations refer to the output which is factually incorrect or nonsensical. However, the output looks
coherent and grammatically correct. This information could be misleading and could have a major impact on business
decision-making.

Domain-specific most accurate information: LLM's output lacks accurate information many times when specificity is more
important than generalized output. For instance, organizational HR policies tailored to specific employees may not be
accurately addressed by LLM-based Al due to its tendency towards generic responses.

Source Citations: In Generative Al responses, we don’t know what source it is referring to generate a particular response.
So citations become difficult and sometimes it is not ethically correct to not cite the source of information and give due
credit.

Updates take Long training time: information is changing very frequently and if you think to re-train those models with new
information it requires huge resources and long training time which is a computationally intensive task.

Presenting false information when it does not have the answer.

LenoVvo 2024 Lenovo External. Al rights reserved.



What is RAG?

* RAG stands for Retrieval-Augmented Generation

* It's an advanced technique used in Large Language Models (LLMs)

« RAG combines retrieval and generation processes to enhance the capabilities of LLMs

* In RAG, the model retrieves relevant information from a knowledge base or external sources

 This retrieved information is then used in conjunction with the model's internal knowledge to generate coherent and
contextually relevant responses

* RAG enables LLMs to produce higher-quality and more context-aware outputs compared to traditional generation
methods

» Essentially, RAG empowers LLMs to leverage external knowledge for improved performance in various natural
language processing tasks

Retrieval Augmented Generation (RAG) is an advanced artificial intelligence (Al) technique that
combines information retrieval with text generation, allowing Al models to retrieve relevant
information from a knowledge source and incorporate it into generated text.

LenoVvo 2024 Lenovo External. Al rights reserved.
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Why Is Retrieval-Augmented Generation important

* You can think of the LLM as an over-enthusiastic new employee who refuses to stay informed with current events
but will always answer every question with absolute confidence.

« Unfortunately, such an attitude can negatively impact user trust and is not something you want your chatbots to
emulate!

 RAG is one approach to solving some of these challenges. It redirects the LLM to retrieve relevant information from
authoritative, pre-determined knowledge sources.

« QOrganizations have greater control over the generated text output, and users gain insights into how the LLM
generates the response.

 Improved Accuracy and informativeness: RAG models can access and integrate information from the real world
through the retrieval component, which leads to more accurate and informative responses.

 Reduced need for training data: RAG models can learn from external knowledge bases, which reduces the need
for large amounts of training data.

» Ability to be updated easily: RAG models’ knowledge can be easily updated by updating the retrieval component,
which is much faster and easier than retraining the entire model.

LenoVvo 2024 Lenovo External. Al rights reserved. 23



Generalized RAG Approach

Let's delve into RAG's framework to understand how it mitigates these challenges.

Retrieval Methods Generative Approach

Vector embeddings
Embedding Model
. Vector DB

i . External Data Source

mbeddings

Private or Custom Data - ‘

Top N Documents
[similarity or semantic search)
k

Embedding Model

Retrieved Context

Embedding Model

— Trained Model

Retrieved Context

Prompt

Query + Prompt

p Formatted Response * O
Query + Prompt (User Interface) T — Q

Response




How Does RAG Work?

* Retrieval Augmented Generation (RAG) can be likened to a detective and storyteller duo. Imagine you are trying to

solve a complex mystery. The detective's role is to gather clues, evidence, and historical records related to the case.

« Once the detective has compiled this information, the storyteller designs a compelling narrative that weaves
together the facts and presents a coherent story. In the context of Al, RAG operates similarly.

« The Retriever Component acts as the detective, scouring databases, documents, and knowledge sources for
relevant information and evidence. It compiles a comprehensive set of facts and data points.

« The Generator Component assumes the role of the storyteller. Taking the collected information and transforming it
into a coherent and engaging narrative, presenting a clear and detailed account of the mystery, much like a
detective novel author.

This analogy illustrates how RAG combines the investigative power of retrieval with the creative skills of text generation
to produce informative and engaging content, just as our detective and storyteller work together to unravel and present
a compelling mystery.

LenoVvo 2024 Lenovo External. Al rights reserved.
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RAG Components

RAG is an Al framework that allows a generative Al model to access external information not included in its training
data or model parameters to enhance its responses to prompts.

RAG seeks to combine the strengths of both retrieval-based and generative methods.

It typically involves using a retriever component to fetch relevant passages or documents from a large corpus of
knowledge.

The retrieved information is then used to augment the generative model’s understanding and improve the quality of
generated responses.

RAG Components:

Retriever
Ranker
Generator
External Data

What is a Prompt?
A prompt is the input provided by the user to generate a response. It could be a question, a statement, or any text that
serves as the starting point for the model to generate a relevant and coherent continuation

LenoVvo 2024 Lenovo External. Al rights reserved. 26



RAG Components, cont.

External data

The new data outside of the LLM's original training data set is called external data. It can come from multiple data
sources, such as a APIs, databases, or document repositories. The data may exist in various formats like files, database
records, or long-form text.

Vector embeddings
ML models cannot interpret information intelligibly in their raw format and require numerical data as input.
They use neural network embeddings to convert real-word information into numerical representations called vectors.

» Vectors are numerical values that represent information in a multi-dimensional space

« Embedding vectors encode non-numerical data into a series of values that ML models can understand and relate.
Example:
» The Conference (Horror, 2023, Movie) - The Conference (1.2, 2023, 20.0)
« Tales from the Crypt (Horror, 1989, TV Show, Season 7) - Tales from the Crypt (1.2, 1989, 36.7)

* The first number in the vector corresponds to a specific genre. An ML model would find that The Conference and Tales
from the Crypt share the same genre. Likewise, the model will find more relationships

LenoVvo 2024 Lenovo External. Al rights reserved.
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RAG Components, cont.
Vector DB

. Vector DB is a database that stores embeddings of words, phrases, or documents along with their
corresponding identifiers.

. It allows for fast and scalable retrieval of similar items based on their vector representations.

. Vector DBs enable efficient retrieval of relevant information during the retrieval phase of RAG, improving the
contextual relevance and quality of generated responses.

. Data Chunking: Before the retrieval model can search through the data, it's typically divided into manageable
"chunks" or segments.

. Vector DB Examples : Chroma, Pinecone, Weaviate, Elasticsearch

Objects as Vectors

/ Embedding |

Model

Vector Database

LenoVvo 2024 Lenovo External. Al rights reserved. 28



RAG Components, cont.

RAG Retriever

LenoVvo 2024 Lenovo External. Al rights reserved.

The next step is to perform a relevancy search. The user query is converted to a vector representation and
matched with the vector databases

The retriever component is responsible for efficiently identifying and extracting relevant information from a vast
amount of data.

For example, consider a smart chatbot for human resource gquestions for an P
organization. If an employee searches, "How much annual leave do | -
have?" the system will retrieve annual leave policy documents alongside
the individual employee's past leave record. These specific documents will
be returned because they are highly-relevant to what the employee has
input. The relevancy was calculated and established using mathematical
vector calculations and representations.

29



RAG Components, cont.

RAG Ranker

- The RAG ranker component refines the retrieved information by assessing its relevance and
Importance. It assigns scores or ranks to the retrieved data points, helping prioritize the most relevant
ones.

* The retriever component is responsible for efficiently identifying and extracting relevant information
from a vast amount of data.

For example, consider a smart chatbot that can answer human resource gquestions for an organization.
If an employee searches, "How much annual leave do | have?" the system will retrieve annual leave
policy documents alongside the individual employee's past leave record.

Augment the LLM prompt

* Next, the RAG model augments the user input (or prompts) by adding the relevant retrieved data in
context. This step uses prompt engineering techniques to communicate effectively with the LLM.

« The augmented prompt allows the large language models to generate an accurate answer to user
gueries.

LenoVvo 2024 Lenovo External. Al rights reserved.
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RAG Components, cont.

RAG Generator

 The RAG generator component is basically the LLM Model such a (GPT)

 The RAG generator component is responsible for taking the retrieved and ranked information, along with the user's
original query, and generating the final response or output.

» The generator ensures that the response aligns with the user's query and incorporates the factual knowledge
retrieved from external sources.

Update external data

« To maintain current information for retrieval, asynchronously update the documents and update embedding
representation of the documents.

« Automated Real-time Processes: Updates to documents and embeddings occur in real-time as soon as new
information becomes available. This ensures that the system always reflects the most recent data.

» Periodic Batch Processing: Updates are performed at regular intervals (e.g., daily, weekly) in batches. This
approach may be more efficient for systems with large volumes of data or where real-time updates are not
necessary.

LenoVvo 2024 Lenovo External. Al rights reserved.
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RAG Based Chat application

Simplified sequence diagram illustrating the process of a RAG chat application

Sends query
—}

Forwards guary
—}

Retrievas & generates response

_—

Returns responsa

Displays response
{—

LenoVvo 2024 Lenovo External. Al rights reserved.
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Understanding RAG Architecture

« Step 1 - User sends query: The process begins when the user sends a query or message to the chat
application.

« Step 2 - Chat App forwards query: Upon receiving the user's query, the chat application (Chat App) forwards
this query to the Retrieval Augmented Generation (RAG) model for processing.

« Step 3 - RAG retrieves + generates response: The RAG model, which integrates retrieval and generation
capabilities, processes the user's query. It first retrieves relevant information from a large corpus of data, using
the LLM to generate a coherent and contextually relevant response based on the retrieved information and the
user's query.

- Step 4 - LLM returns response: Once the response is generated, the LLM sends it back to the chat
application (Chat App).

« Step 5 - Chat App displays responses: Finally, the chat application displays the generated response to the
user, completing the interaction.

LenoVvo 2024 Lenovo External. Al rights reserved.



RAG Vs Fine Tuning

» Objective
* Fine-tuning aims to adapt a pre-trained LLM to a specific task or domain by adjusting its parameters based on
task-specific data.
 RAG focuses on improving the quality and relevance of generated text by incorporating retrieved information
from external sources during the generation process.

« Training Data
* Fine-tuning requires task-specific labeled data /examples to update the model's parameters and optimize,
leading to more time & cost
* RAG relies on a combination of pre-trained LLM and external knowledge bases

« Adaptability
* Fine-tuning makes the LLM more specialized and tailored to a specific task or domain
 RAG maintains the generalizability of the pre-trained LLM by leveraging external knowledge allowing it to
adapt to a wide range of tasks

* Model Architecture
» Fine-tuning typically involves modifying the parameters of the pre-trained LLM while keeping its architecture
unchanged.
* RAG combines the retrieval and generation components, with the standard LLM architecture to incorporate the
retrieval mechanism.

LenoVvo 2024 Lenovo External. Al rights reserved.
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RAG Benefits

« Enhanced Relevance:
* Incorporates external knowledge for more contextually relevant responses.

« Improved Quality:
+ Enhances the quality and accuracy of generated output.

« Versatility:
« Adaptable to various tasks and domains without task-specific fine-tuning.

« Efficient Retrieval:
» Leverages existing knowledge bases, reducing the need for large labeled datasets.

« Dynamic Updates:
» Allows for real-time or periodic updates to maintain current information.

« Trust and Transparency
» Accurate and reliable responses, underpinned by current and authoritative data, significantly enhance user trust in Al-driven
applications.

« Customization and Control:
* Organizations can tailor the external sources RAG draws from, allowing control over the type and scope of information integrated into
the model’s responses

« Cost Effective
LenoVvo 2024 Lenovo External. Al rights reserved. 35



Applications

Conversational Al:
 RAG enables chatbots to provide more accurate and contextually relevant responses to user
gueries.

Advanced Question Answering:
 RAG enhances question answering systems by retrieving relevant passages or documents
containing answers to user queries.

Content Generation:
* In content generation tasks such as summarization, article writing, and content
recommendation, RAG can augment the generation process with retrieved information,
incorporating relevant facts, statistics, and examples from external sources.

Healthcare:
* RAG can assist healthcare professionals in accessing relevant/latest medical literature,
guidelines.

LenoVvo 2024 Lenovo External. Al rights reserved.
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