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Webex App

Questions?

Use the Webex app to chat with the speaker
after the session

How

. Find this session in the Cisco Events mobile app

.CI ick 0Join the Discussiono

. Install the Webex app or go directly to the Webex space

. Enter messages/questions in the Webex space

Webex spaces will be moderated
by the speaker until February 28, 2025.

cisco L{{@/

Architecting Hybrid Multi-Cloud
Infrastructures

8:30AM - 10:00AM (GMT+1) | February 7 Almost Full

IREI;\&AET] w & w

Venue
@ View Location
(@) Join the Discussion

Speakers

_ﬁ ¥ David Jansen
Distinguished Architect - Cisco System.

Cloud continues to be the disruptor, as customers
have been on the cloud journey for several
vears. This session will address architectural




A Introduction
A AlIML, Generative Al,
Neural Networks, Langchain &

A RAG 6 why and what?
A Hallucinations and context
A Retrieval, Augmentation, Generation
A Demo Time! :

A Advanced RAG
A RAG Fusion, RAPTOR

A On- Prem Al Solutions
A Open Source LLMs w/ UCS and Nexus |
A Demo Time!

A Wrap- up
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o f 1 nt r o dilcts

| am a Distinguished Engineer in the Network Transformation team,
and have been with Cisco for 25 years.

| work primarily with large, high - performance Enterprise network architectures,
designs, and systems. | have over 39 years of experience

with designing, implementing, and supporting solutions with many

diverse network technologies.

| have a strong background in, and focus on, customer requirements,

and integrating these into the products and solutions Cisco builds.
| have a special interest in

Dave Zacks
Distinguished Engineer

dzacks@cisco.com

BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public
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| am a Compute Solutions Engineer i n Ci scoés Cloud and Al '
Infrastructure Group. | have been with Cisco for 25 years focused
on the areas of

| am the author of the Al Toolkit for UCS X - Series and C- Series
which can be found on GitHub at: www.github.com/pl247/ai - toolkit

Prior to Cisco, | was co - founder and Vice President of Network
Operations for Escape Communications, and hold a patent
pertaining to Data Center Ethernet.

Patrick LeMaistre

Solutions Engineer
plemaist@cisco.com
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o f | nt roducti on

| am a Principal Engineer in Cisco TAC. | am 35 years old, with
13.5 years experience in and a strong focus

in the security and networking spaces.

| am a Problem Solver, a architect, a Teacher, and
an Innovator, in addition to being a husband and father (2 boys).

Fun facts:
Love eating and trying out new things
Social media phantom

Prapanch Ramamoorthy

Principal Engineer
praprama@cisco.com

BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public



Artificial Intelligence is Everywhere

O

Meta Al
Facial Recognition Voice Activated Assistants Chat Bots
Deep Learning Natural Language Processing Generative Al

c 1 s co W. BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 8



Al encompasses the whole world

of ML and Deep Learning An Al technology where the
rules are not set in the
program, but are learned

Artificial Intelligence while the program is used

Machine Learning

A form of ML that uses
Neural Learning
Networks

Deep Learning

Generative Al A powerful mechanism

that allow neural

Language networks to
Models learn language and

generate content

c 1 s CO M. BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 9



A Snapshot of GenAlCa p a b i Il ti es é

Prompt: A stylish woman walks down a Tokyo street filled with warm glowing neon and
animated city signage. She wears a black leather jacket, a long red dress, and black boots,
and carries a black purse. She wears sunglasses and red lipstick. She walks confidently and

casually. The street is damp and reflective, creating a mirror effect of the colorful lights.
Casual / Fun ~Why did the photon refisse to compets inthe Summer Olympics? Many pedestrians walk about.

Because it didn't want to be weighed down by mass and preferred to move at the speed of

tell me a joke about the summer olympics in the style of Albert Einstein

light, where time dilation makes every event feel like a lifetime!”

e ~ie Enterr ¢ hat A powered by Azure OpenA
cisco y

Help me write an RFP response why a customer would choose DNA Center

e Dear [Customer], =]

Thank you for the opportunity to respond to your Request for Proposal (RFP) regarding the
selection of a network management solution. After carefully evaluating your requirements
and i various pas halious shar Cleen DMA Cantae is tha itoal chales &

your organization. Aow| 1, Ent Chat Al it

Iy I Al

cisco
1. Unified Network Mana
entire network infrast
can you write a python script to acd a VLAN and SVI to a catalyst switch using the python
This unified approach ¥ 5 By i . o o
library paramiko?
overall efficiency.
2. Intent-Based Network]
Networking, enabling e Certainly! Here's an example Python script that uses the Paramiko kbrary to add a VLAN and =]
than manually configul SV (Switched Virtual Interface) to a Cisco Catalyst switch:

MULTIMEDIAS
Text, Pictur

BUSINESSd

Answering RFPs,
Writing

cIsco '&/

BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 10



Neural Networks 0 Identify Patterns with Deep Learning

Divide and conquer large amounts of complex data

Is this a Car?

80—

cisco L{V&/

Input Layer Hidden Layer
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Outer Layer

\ WAL

222222222
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— Yes
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person

3

handbag

l
cisco Li/&/
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Why is this happening now?

ascolae!



S Cal e @DZ High- density, High - performance GPUs

Parameter nviiA |8 ;
(Synapses) Blackwell NVIDIA Flagship Accelerator Specification Comparison
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Qutput
Probabilities

Add & Norm
Feed
Forward
s I N\ | Add & Norm z
i ) Mult-Head
Feed Attention
Forward T 7 Nx
— ]
Nix Add & Norm
f—" Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
A g A y)
—— J . —_—)
Positional o) @ Positional
Encoding Encoding
Input QOutput
Embedding Embedding
Inputs Outputs

(shifted right)

Figure 1: The Transformer - model architecture.

cisco L{{@/

Attention Is All You Need

Ashish Vaswani*
Google Brain
avaswani@google.com

Llion Jones*
Google Research
llion@google.com

Noam Shazeer*
Google Brain
noam@google.com

Niki Parmar*
Google Research
nikip@google.com

Jakob Uszkoreit™
Google Research
usz@google.com

Aidan N. Gomez* 1
University of Toronto
aidan@cs.toronto.edu

Lukasz Kaiser*
Google Brain
lukaszkaiser@google.com

Illia Polosukhin* *
illia.polosukhin@gmail.com

arxiv:1706.03762 [es.CL]

BRKAF 2920
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https://arxiv.org/abs/1706.03762

Foundation for
Transformer Models

You have no problem interpreting oObankd in

Attention Mechanism - Overview

o swam across the river to get

A machine needs some hel pé

I swam river (o get bank.

The goal of the attention mechanism is to add
contextual information to words in a sentence.

c 1 s co L‘V&~ BRKAL 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 16



Cambri an EXpl oggwismiwmenof

Open Source

Closed Source Llama Mnstral

Claude Gemma
Mlxtral Dolphin
Gemini
Chat Zephyr
GPT
Vicuna Wizard j
t - [ § P

Models OVvari ous types, size

cisco L‘V&. BRKAL 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 17



1,000,000,000,000

Billions to
Trillions of
Par amet ¢

500,000,000,000

r FUN FACT!

=4

The human brain contains
86 billion neurons and over
100 trillion synaptic connections

Transformer -XL ‘

GPT 3'/.
e

GL &DA

-
|
4

B
Ai2 & } B ooz

2018 2020 2023

cisco L{V@/
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Al 0 Network Type Fundamentals

Frontend
( NIC CPU NIC \ Network
H “
<
L1 L1 Scal
= GPuFe—>GPUle caleup
s sasl Network
. N
slGPUEe—pfoPURe— | e
TTT - | e
NVLINK/XG™MI/ | e e
ETHERNET | .. Backend
\ ,/ ,,,,,, o Scaleout
Network
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Why Networking is Relevant to Al Deployments
LLMs are orders of magnitude more intensive than DLRM

alaln
cisco

oo oo
I %Z
—T— Al/ML for Network Engineers

Deep Learning Recommendation Models

Search, Feed ranking. Ads & content
recommendation

Inference needs 10s of Petaflops for 1 sec TTFT

Inference needs a few Gigaflops for 100ms TTFT
Generate intelligent, creative responses

Narrower scope, domain specific
Training : ~1 Petaflop/ sentence

Training: ~100 Gigaflop/ sentence

An Improved user experience means a faster time to first

token, making distributed inference an imperative

CISCO M./ BRKAF 2920

© 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public
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How are LLMs Trained for Text and Code?

Step 1: Data Collection Step 2: Tokenization
(Feeding Knowledge) (Breaking It Down)

Step 3: Parameter Learning Step 4: Fine - Tuning
(Storing Knowledge) (Specialized Learning)

cisco L‘V&~ BBBBB 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 21



Step 1: Data Collection (Feeding Knowledge)

ALLMs are trained on massive amounts of
text data nbooks, articles, websites, and
more.

AGiving a child access to a library of books,
the more they read, the more they learn.

Fun Fact: GPT-4 was trained on terabytes of text, equivalent to hundreds of millions of books.

cisco M- BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public
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Step 2: Tokenization and Vectorization
Breaking it Down

AMy name is Dave"

I !

A The text is split into tokens
(words, subwords, or
characters) so the model can

process It. ‘ [ OMy ", Oname", O0i s
ATOkenS are further Spllt into _ |
vectors (numerical values)
"My" ->[0.12, -0.43,0.33,0.85, -0.17]
"name" - > [0.52, 0.10, -0.21, 0.44, - 0.09]
_ _ is"  ->[0.09, -0.15,0.47,0.13, 0.56]
A Teaching a child to break " Ri c har>d®67, -0.25 -0.33,0.78, 0.45]

down sentences into words &
letters.

BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 23



Step 3. Parameters Learning (Storing Knowledge)

Vectorized Text

"My" ->[0.12, -0.43,0.33, 0.85, -0.17]
"name" - > [0.52, 0.10, -0.21, 0.44, -0.09]
is"  ->[0.09, -0.15, 0.47, 0.13, 0.56]
oDave®»[0.67, -0.25 -0.33,0.78,0.45]

Vectors flow through neural

networks; parameters learn
) ) Neural Network
token relationships.

Parameters store relationships between tokens to predict next words.

A child learns how words fit name is has
together to form sentences .
My big bro Dave e
first grade teacher

cisco M- BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 24



Step 4: Fine - Tuning the Model (Optimizing Predictions)

A Pgrgmeters are gdjusted to My name is Cat
minimize prediction errors.

A The model improves by learning
from its mistakes

A A child practices speaking by
receiving feedback & adjusting.

My name is Dave

cisco M- BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 25



A Foundational Generative Al Model!

A Pre-trained on vast datasets
including text, images, code,
etc.

A Can handle a broad array of
guestions across domains.

cisco M- BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 26



Lack of

Real Time Data Domain Specific Data Up- to- Date Data

can cause

cisco Lz%o//



What is a Gen Al Hallucination?

Definition:
A When Al models generate information that is plausible but incorrect
or completely made up often due to insufficient training data.

Context:
A Daveds haiblack.Col

| et me

b U
yays! o

FoNoS i de a
answer an

Gen Al Answer:
Dave asks:

X . ]I Foundétional oYour hai
[ OWhat s my Model obviously red! 6

c 1 s co L‘V&~/ BRKAL 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 28



Retrieval Augmented Generation (RAG)

Definition:
A Allows the Al Model to query external sources for data.

Context:
A Daveds hablack.coIOI-
Dave DB
RAG
Dave asks: .
R . ] I Foundatlonal oYour a i
[0 What 1s my obviously black! 06

cisco L‘V&~/ BRKAL 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 29
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Lan g C h ai n LangSmith

LangServe ChainsasRest APls @ Python

Templates Reference Applications @ Pythan

LangChain @ python

Cebugging
Chains Agents Retrieval Strategies
Playground

LangChain-Community fraluation

Annotation
Model IO Retrieval Agent Tooling
Monitoring

Tool

Toolkit

LangChain-Core B Jaageript

LCEL - LangChain Expression Language

Parallelization Fall

BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public




An open- source framework for Al development

APython or Integrated openAl
Javascript Options for private LLMs
AHighly . . .
abstracted I\Evol\'/lng quickly and daily |
AEasy oLIi ke devel oping or
A Accessible LCEL (Langchain Expression Language)

cisco W‘/



https:// ollama.com/library

V4
n d e Cisco UCS with

Blog iDiscod: I Nvidia H100 GPU

up to 70B parameter

{.);.? models, 8- bit quantized

And Keep I

You can experiment with all of the Al Sotupmciiiclgwiligs
capabilities we are showing, and get language models.

your hands dirty , almost no matter what
hardware you can get

Model quantization is the process of reducing the precision of a model's
parameters from floating-point to lower bit-width representations (such
as 8-bit integers) to decrease its memory footprint and computational
requirements while aiming to maintain accuracy. Gaming PC / Mac,
larger / discrete GPU
up to 30-40B parameter

models, 4- bit quantized

Generic PC / Mac,

no GPU or small GPU

up to 7- 15B parameter
models, 4- bit quantized

f > L :
Raspberry Pi 5 NVIDIA Orin Zai ’ 2 . Dy NVIDIA DIGITS
up to 7B parameter Nano Super RN - 1 PetaFLOPFP4
models, 4- bit quantized 1024 CUDA cores, performance, based on
32 Tensor cores Blackwell architecture

BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 32



RAG O
Why and What?

asco Lo/ Prapanch



Limitations of Large Language Models

» 00 U t

(5
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These limitations result in hallucinations

Incorrect answers

(base) praprama@PRAPRAMA-M-16WG ~ % ollama run phi:latest

>>> what is the world record for crossing the english channel entirely on foot?

As of 2021, the official world record for crossing the English Channel on foot is held by Tom Hiddleston, who completed the
journey in just 11 hours and 34 minutes. However, there have been many attempts to break this record over the

years, with some individuals taking longer due to adverse weather conditions or unexpected obstacles.

>>> I::i‘r'\d anm ? for help)

Out of date information

who is the current CEO of microsoft?

As of my last update in 2021, the CEO of Microsoft is Satya Nadella. He has been serving as the
CEQ since February 2014. However, since you asked for the "current” CEO and it's now 2024

according to y context, | would recommend checking the most recent and accurate

information by visiting Microsoft's official website or consulting a reliable news source.

cisco M- BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public
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010110
110010
001011

Retrieval

Gather data from a
data source (often a
vector store) based on
the user query

cisco L{V&/

Z

Augmented

Append the prompt
with retrieved context
and pass it on to the
model

BRKAL 2920

7 .

Generation

Generate the
response taking both
the prompt and the
contextual data into
consideration

© 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public

37



RAG Pipeline
Part 1 0 Load and Store the Data

[0.3,04,0.1,1.8,1.1..]

e a | || | [07.1.4,2.1,4.8,41..)
(1.2 0.3,1.2 4.1,18..]
M
v

[0.3,0.4,01,1.8,1.1..]

[0.7,1.4,21,4.8,4.1..]

@ [1.2,0.3,1.2,4.1,1.8..]

Source: langchain.com

BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public



Embeddings and Semantic Search

AEmbeddings 6 0Vectors6 r epresenting objects |
video, etc. in a machine consumable format

A Embedding models 0 Specially trained ML models to represent objects in a
multi- dimensional vector space.

AVector stores 0 A database specializing in handling vector data, both
storing and retrieving them

omest 1~ o) ol = K = ==

’/

oneei2 ————— (RS @ [wm w5 [
e T~

cisco M- BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 39
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Visualizing Embeddings and Semantic Search

. Representation
Object ID Sentence (2-D) e

a Abatis a 13,145
flying mammal

The bat s
b bat broke in 2 256,75

C Bat is a noun 134,100 Q

c 1 s co W. BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 40



Embedding Models and Dimensions

Model Embedding dimensions
bge- base-en-v1.5 768
LLM2Vec- Mistral- supervised 4096
bge- large-en-v1.5 1024
instructor - x| 768
nomic- embed - text-v1.5-512 512
text- embedding - ada- 002 1536
jina- embeddings - v2- base- en 768

Source and Massive Text Embedding Benchmark data:
https://hugagingface.co/spaces/mteb/leaderboard

c 1 S c o M. BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 41
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RAG Pipeline
Part 2 0 Answer Questions with Context

RETRIEVE

L IIL LIS
N AR
III l 8] ll

Question s Answer

Source: langchain.com

BRKAF 2920 © isco and/or its affiliates. All rights reserved. Cisco Public 42



Visualizing Embeddings and Semantic Search

A
. Representation
Object ID Sentence (2-D)

a Abatis a 13,145

flying mammal

The bat s
b bat broke in 2 256,75
c Bat is a noun 134,100

g: What is a bat?

© 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 43
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Basic RAG DIY

#Load OpenAI API Key
os.environ["OPENAI_API_KEY"] = openai.api_key

#Setup Loader - in this case a PDF Loader
loader PyMuPDFLoader("cisco-annual-report-2022.pdf")

# Load and split the pdf into pages
pages = loader.load_and_split()

# setup a text splitter

text_splitter = RecursiveCharacterTextsplitter(
chunk_size=2580,
chunk_overlap=20,
length_function=len,

# split the pages into smaller chunks called docs
docs

text_splitter.split_documents(pages)

# transform to embeddings

embeddings = OpenAlEmbeddings ()

# setup and store docs and embeddings into ChromaDB
vectordb = Chroma.from_documents(docs, embedding=embeddings,

persist_directory=".")

#Make the database persisten
vectordb.persist()

# setup memory so it remembers previous questions and answers
memory = ConversationBufferMemory(memory_key="chat_history", return_messages=True)

# perform the Conver
qa 1Ret

P P PN

s
= Conver r

E
Conversatio i

e

eval

e

ain.from_llm(Open

P

#Run the question

tional Retreival Chain

AI(temperature=e.5) , vectordb.as_retriever(), memory=memory)

et

question = "Who is the senior leadership team at Cisco?"

result = ga.run(question)

#Print the results to the screen
print(result)

cisco L{{@/
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Simple RAG

Benefits

AMAbi I 1ty to
knowledge

pl ug

ASimple implementation 6 easy to
replace loaders, splitters, models

ADepending on use case, can run
with very small local models

h o

cisco Lz{@/

Drawbacks

ABlecessary to aweak padlaenétdiss
(chunking, retrieving, prompting)
for maximum results

ADoes not suit itself well for
dynamic data & need to keep
database updated

BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public
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Advanced RAG
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Techniques to Optimize Basic RAG

s How can we optimize the user
AHow can we optimize how data is embedded?

AHow can we optimize the responses
generated by the models?

cisco Lz{@/



Advanced RAG o Multi- Query

Part 5: Multi Query

Flow:
— T
Q- {}[---- > |= '
v :-E-.@—‘EH Documents "
ﬂ [ reLorg \-h
_,,’ —
Question 2710 _. > QA ------ 0 |---=> |= -> @ --> Answer
- . . \ vﬁmm Documents ,;"
\‘)4 — !
]
Q3> -----1 {}f---- > (= '
-.__.-I Documents
Veetorstore
rag- from- scratch/rag from scratch 5 to 9.ipynb at main - langchain- ai/raqg - from - scratch - GitHub

c 1 S CO M. BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 49


https://github.com/langchain-ai/rag-from-scratch/blob/main/rag_from_scratch_5_to_9.ipynb

Advanced RAG o Multi- Query

Related Queries:

Ask a question about the document data:

Please provide a SWOT analysis of this Cisco Annual report with highlight and insights

Send

cisco M- BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 50



Advanced RAG 0 RAG- Fusion

Part 6: RAG-Fusion

Flow:
-
Q =m=m=y {(} |---> |= |‘
'//7 Vectorstore D ‘\.\
B e
Question ‘:Z:_-__> QA -----1 {} t---= > = - W --> @gb -3 Answer
Ty Documerts 4
R Vectorstore s
N — .
QS ------ {(}j---—=> |= '
e Documerts
Vectorstore
rag- from- scratch/rag from scratch 5 to 9.ipynb at main - langchain- ai/raqg - from - scratch - GitHub

cisco L‘V&. BRKAL 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 51


https://github.com/langchain-ai/rag-from-scratch/blob/main/rag_from_scratch_5_to_9.ipynb

RAPTOR
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Look familiar? Like a Well Designed Data Center!

RAPTOR Tree Formation of one tree layer Contents of a node
. 7 8 Qx\ Index #8
Root layer il | B 2. Summarization \ Child Nodes: 2,3
auran
SV by LLM \

nodes 2 and 3

Text: summary of
Y :

TN . Text Embedding
Leaflayer v 2 3 4 5 1. Clustering ) []

B |

[V,

Text chunks

c 1 S CO M. BRKAF 2920 © 2025 Cisco and/or its affiliates. All rights reserved. Cisco Public 53



'
'
'
'
'
'
'
'
|
'
'
'
l
v
i

Raw

RAPTOR

(Document tree at varying levels of abstraction)

Leafs
(RW p!ocumen‘ts)
= Cluster
| C|usters Summar‘y
— p— :\ — !
: . clusters { Rooct ‘:
E : I-—— i : E Summarv 1|
| Embed + Cluster Swmmary | | iBebed + Cluster Summry '
— | = — = | — — i
s — i e
! | : : !
= — | —= ! i
_— : i ‘I : |
: N ! :
; iSummaries that integrate i
p— ' rinformation across docs !
| Y i
] ]
) |
focomr > {} Cmmmmmmmmmemesees M """ L"t'l t  high
documents or: a .f ract, hig
Vectorstore evel summary

langchain/cookbook/RAPTOR.ipynb at master - langchain - ai/langchain - GitHub

cisco L{V&/
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https://github.com/langchain-ai/langchain/blob/master/cookbook/RAPTOR.ipynb

Retrieval

e
Relational DBs GraphDBs VectorDBs | Rawnking Refinement |
- — f— | lgl 1
= g
Question —=>, — | Question —=>. —> Question —>> [} = |
& & & &> ! avestion [2] —> 6B Relevomce &0
] (]
Text-to-SQL Text-to-Cypher Self-query retriever [} El I.I 1
Ni\;?“‘-séi"gﬁagévtﬂtsm Nﬂt'-“‘a]:'- 'Language{ to CVPthF Auto-generate metadata : :
and/or W, ector uery langugage for GraphDBs filt f
query tangugag P ilters fron query ! Re-Rank, RankGPT, RAG-Fusion CRAG '
] ]
1 Rank or filter / compress documents based on relevance ,
Que,r:f Translation ' f
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On- Prem Al

Solutions

Open Source LLMs with Cisco
UCS and Nexus

cISco M/ Patrick "" .



On- Prem Al Solutions:
Business Challenges of Proprietary GenAl Systems

1. Cost: Cloud- based GenAl solutions are becoming a lucrative source of
recurring revenue for OpenAl, Google, Anthropic, etc.

2. Privacy and Security: Commercially available LLMs are something of a
obl ack boxdé for user s. The users hawve
trained, bias, etc.

3. Training Gap: Models are usually months or years out of date. Requires
Retrieval Augmented Generation (RAG)

4. Fine Tuning: Cloud-based LLMs are o0foundational
tuning for certain use cases
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Meta has a different Approach 0 open source Al
LLaMA (Large Language Model Meta Al)

A LLaMA (Large Language Model
Meta Al) is an LLM released by
Meta Al in February 2023

A Mar 3, 2023 (a week after
| t 0s rlel aeMAn0eR)
was leaked to the open source
community

A Unlike other LLMs, Meta
LLaMA is now available to the
Open Source community
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https://en.wikipedia.org/wiki/Meta_AI

Meta has a different Approach 0 open source Al
LLaMA (Large Language Model Meta Al)

A LLaMA (Large Language Model
Meta Al) is an LLM released by
Meta Al in February 2023

A Mar 3, 2023 (a week after
| t 0s rlel aeMAn0eR)
was leaked to the open source
community (]

A Unlike other LLMs, Meta fihe Al community
LLaMA is now available to the
Open Source community

building the future.
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“\.Norkll:\g Closely with Cigeg we’
it easier than ever for entér 'T@ makjp
obtain the infrastructyre the Prises tg
benefit from Al” Y Need o

Jensen Huang

Founder and CEO, NVIDIA

Nexus Al Networking Chassis

c I S ¢ o M‘/ BRKAF 2920
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Splitting Al Model Across GPUs

Pipeline Parallelism

Different layers to different GPUSs.
Usually on GPU on different hosts
(lower bit rate)

Tensor Parallelism

Layer computations sent to different
GPUs. Best for multi- GPU single host
(higher bit rate)

cisco L{{@/

forward

Layer Layer Layer Layer
0 1 2 3

= e B e

GPUO GPU1 GPU 2 GPU3
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GPU1
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Demo
Multi- GPU Multi- Host

()
Intersight

A Deploy Server Profile
A OS (ubuntu) & Al Tools

!

AARAAN AARAAR
es |- NNRED - R O
-—ﬂﬁ*ﬁ“"}/\ - |s=EmsEsEsEmsEEEn)
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Demo
Multi- GPU Multi- Host

()

Intersight

BRKAL 2920

Open WebUI

’LLM LLM Server @API
Hugging Face Models —»

Clustering Framework

I K%

Al

nvipia Enterprise GPU Driver & CUDA

Ubuntu Operating System
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Demo
Multi- GPU Multi- Host

()

Intersight
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Webex App

Questions?

Use the Webex app to chat with the speaker
after the session

How

. Find this session in the Cisco Events mobile app

.CI ick 0Join the Discussiono

. Install the Webex app or go directly to the Webex space

. Enter messages/questions in the Webex space

Webex spaces will be moderated
by the speaker until February 28, 2025.

cisco L{{@/

Architecting Hybrid Multi-Cloud
Infrastructures

8:30AM - 10:00AM (GMT+1) | February 7 Almost Full

IREI;\&AET] w & w

Venue
@ View Location
(@) Join the Discussion

Speakers

_ﬁ ¥ David Jansen
Distinguished Architect - Cisco System.

Cloud continues to be the disruptor, as customers
have been on the cloud journey for several
vears. This session will address architectural




Fill Out Your Session Surveys

. Participants who fill out a minimum of 4 session
é/ surveys and the overall event survey will get a
unique Cisco Live t - shirt.

(from 11:30 on Thursday, while supplies last)

All surveys can be taken in the Cisco Events
:@;’3 mobile app or by logging in to the Session Catalog M
and clicking the o6Partici [I!-

Content Catalog
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Continue \

your education )

A Visit the Cisco Showcase
for related demos

A Book your one - on- one
Meet the Engineer meeting

A Attend the interactive education
with DevNet, Capture the Flag,
and Walk- in Labs

A Visit the On- Demand Library
for more sessions at
ciscolive.com/on - demand.
Sessions from this event will be
available from March 3.
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