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Run Stack Repository Created at Author
() digital_data_etl_run_2024.09.26.15_38.51 © default 26/09/2024, 15:38:51 D default
1187442f
E] digital_data_etl_run_2024_09_24_12_29_57 () default 24/09/2024, 12:29:58 D default
d1632846
] digital_data_etl_run_2024.09_24.12.29.31 (O default 24/09/2024, 12:29:31 D default
a94b23d4
() digital_data_etl_run_2024.09.24.12.28 40 O default 24/09/2024, 12:28:41 D default
40530bbb
@ digital_data_etl_run_2024_08_26_09_14_06 () default 26/08/2024, 11:14:06 D default
906dff30
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Author D default
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© get_or_create_user compieted

(i) Overview Code ©) Logs 2 Configuration
v Logs
Step get_or_create_user has started.

2024-09-26 15:38:51.597 | INFO | steps.etl.get_or_create_user:get_or_create_user:11
- Getting or creating user: Maxime Labonne

)
Step get_or_create_user has finished in 0.073s.
Step get_or_create_user completed successfully.
() LLM-Engineers-Handbook [ % Editpins - | [@wateh @ - |
¥ 7 Branches 0 Tags [ Q Gotofile J [ Add file ~ J
0 iusztinpaul docs: Improve README d3f23f4 - 17 hours ago  ¥Y) 116 Commits
B8 .githubjworkflows fix: Loading Settings from ZenML secrets 2 months ago
B vscode feat: Add DE pipeline logic 4 months ago
B8 code_snippets feat: Add custom ODM example last week
I configs docs: Extend README yesterday
B dummy_dataset added finetuning script v1 2 months ago
B images docs: Update README with .env details 3 days ago
I8 Im_engineering docs: Extend README yesterday
B8 pipelines feat: Add dataset generation logic with prefernce support 2 weeks ago
B steps feat: Add dataset generation logic with prefernce support 2 weeks ago
B tools feat: Add dataset generation logic with prefernce support 2 weeks ago
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8bba35c4-8ff9-4d8f-a039-08046efc9fdc
B instruct_datasets 10

(i) Overview [©] Metadata [ Visualization

v Uncategorized

data_categories articles
storage_size 493.23 KB
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LLM-Engineers-Handbook / configs / digital_data_etl_paul_iusztin.yaml (&

. iusztinpaul docs: Comment out Medium urls

62 lines (61 loc) - 4.62 KB

1 settings:

2 docker:

3 parent_image: 992382797823.dkr.ecr.eu-central-1.amazonaws.com/zenml-rlwlcs: latest

4 skip_build: True

5 orchestrator.sagemaker:

6 synchronous: false

7

8 parameters:

9 user_full_name: Paul Iusztin # [First Name(s)] [Last Name]

10 links:

11 # Medium (only articles that are not under the paid wall work)

12 # - https://medium.com/decodingml/an-end-to-end-framework-for-production-ready-1lm-systems-by-building-your-1lm-twin-2cc6bb01141f
13 # - https://medium.com/decodingml/a-real-time-retrieval-system-for-rag-on-social-media-data-9cc01d50a2a0

14 # - https://medium.com/decodingml/sota-python-streaming-pipelines-for-fine-tuning-1lms-and-rag-in-real-time-82eb87795b87
15 # - https://medium.com/decodingml/the-4-advanced-rag-algorithms—you-must-know-to-implement-5d0c7f1199d2

16 # - https://medium.com/decodingml/architect-scalable-and-cost-effective-1lm-rag-inference-pipelines-73b94ef82a99
17 # Substack

18 - https://decodingml. substack.com/p/real-time-feature-pipelines-with?r=1ttoeh

19 - https://decodingml. substack.com/p/building-ml-systems—the-right-way?r=1ttoeh
20 - https://decodingml. substack.com/p/reduce-your-pytorchs-code-latency?r=1ttoeh

21 - https://decodingml.substack.com/p/1lm-agents-demystified?r=1ttoeh
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Chapter 5: Supervised Fine-Tuning
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® Pending

Prompt
Which is more problematic: That good things regularly happen to bad people, or that bad things regularly happen to
good people? Respond as if you were an intellectual with a confident and principled take one way or another.

Response

As an intellectual, it is important to ge that both si ic and have significant ethical

implications.

can be p

If good things regularly happen to bad people, it can create a sense of injustice and unfairness. It may lead to a lack
of trust in the justice system and other institutions, and can cause feellngs of resentment and anger in those who
perceive themselves as being good and deserving of positive iti if bad is y
rewarded, it can reinforce neg: actions and ge positive actions, creating a toxic and unhealthy culture.

On the other hand, if bad things regularly happen to good people it can also create a sense of injustice and
unfairness. It may lead to feelings of h 1ess and di in those who are victimized, and can cause a

of social 1 and trust. A if good behavior is i i it can di g
positive actions and lead to a culture of cynicism and despair.

Ultimately, as an intellectual, | believe that both situations are problematic and require careful consmeratlon and
actlon We must work to create a just and equitable society that rewards positive ior and p

, reg of whois i d. This requires a to fairness, empathy, and a willingness to take
action to address injustice when we see it.

GUIDELINES

Is the response relevant for the given prompt? *

Does the response include any of the following?

|1/ Hate Speech

4] Personal information

6| Untruthful info
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3 Not English
5| Sexual content

|7 Violent content

Rate the quality of the response: * ()
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Provide a correction to the response: ()
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f

rules

instruction

Explain how list comprehensions improve iteration speed in Python.

Define what an LLM Twin is and its purpose.
Describe how audio narrations can enhance the reading experience.
Describe the role of a vector database in embedding storage.

Explain the concept of quantization in the context of LLMs.

output

List comprehensions serve as a highly efficient mechanism for iterating
over lists in Python, enabling operations to be expressed in a single
line. This method eliminates the need to explicitly call the .append
method during iteration, which contributes to its speed. Python
processes list comprehensions similarly to traditional for loops at the
bytecode level, yet the overhead of function calls is reduced, resulting
in a performance boost. As evidenced by benchmarks, list comprehensions
can achieve speeds that are 200 times faster than conventional looping
methods.

An LLM Twin is an AI-driven character designed to replicate your own
writing style, personality, and voice. By leveraging large language..

Audio narrations can significantly enhance the reading experience by
adding an auditory dimension to the text. This feature allows readers ft..

A vector database serves as a crucial repository for storing embeddings
along with their associated metadata, such as the embedded text, source..

Quantization in the context of LLMs refers to the process of reducing
the precision of the numbers used to represent the model's weights. Thi..
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Chapter 6: Fine-Tuning with Preference Alighment
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prompt
string

What is the purpose of instruction datasets in
guiding language models?

What components will you learn to build in the
Hands on LLMs course?

what is the purpose of the function
fetch_all_cleaned_content?

What does the scroll method do in the context
of data retrieval?

rejected
string - le

Instruction datasets are designed to
efficiently guide a language model toward a
specific task, such as news classification.

In the Hands on LLMs course, you will learn to
build a real-time streaming pipeline, a fine-..

The function fetch_all_cleaned_content is used
to efficiently retrieve a list of cleaned..

The scroll method is used to start scrolling
through the database, allowing for the..

chosen
string - lengths

Instruction datasets offer an efficient way to
guide a language model toward a specific task
like news classification.

There are 3 components you will learn to build
during the course n a real time streaming..

To easily fetch data from a Qdrant database,
you can utilize the Python function..

Initialize the Scroll Start by scrolling
through the database using the scroll method,..




Data

text text

L L

( Frozen model ] Iogifs/____( Trained model )‘—

logits l l text

KL Reward
divergence model

scores scores

Update weights!




text l

Frozen model

scores

l text
[ Trained model )

A

scores

Update weights!
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Chapter 7: Evaluating LLMs

Answer Relevance

Faithfulness

Question Answer

Context

Ground Truth
(human
curated)

1

Context Precision

Context Recall

RAG Evaluation ARES

=L

Step #1

LLM Generation of A

Synthetic Dataset:
Generate synthetic queries
and answers
from in-domain passages

Step #2

Preparing LLM Judg
Train LLM judge
with synthetic data

es:

Step #3

Ranking RAG Systems
with Confidence Intervals:
Use LLM judge to evaluate
RAG systems with
PPI + human labels




Chapter 8: Inference Optimization

Tokenizing Computing Generating
of
014 [N D d
i ecodin
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(@* K*T) * V computation process with caching
Keys_T
Step 1 eys_ rctlmspose
Queries Values Results
[T
Q 4 64 4
et
o
64 64 64
L 4 —
l Caching K lCaching v
Cache memory
Restoring Restoring
from cache K from cache V
Step N Keys_Transpose
— d Values
) )
o Queries Cadhed Cached part Results
< 64 K
(7] 64
(]
64
L 5 —
Values that will be computed on this step Values that will be taken from cache
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Small Model
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<s> 5> I have a dream
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Model
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X

Without parallelism

\i4 Y

With tensor parallelism

X Wo Yo
Wi Y
Single GPU Data Parallelism Pipeline Parallelism Tensor Parallelism
o © © © o
3 b T B = Model Mgdel
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32-bit float (FP32)

sign exponent (8 bits) significand (23 bits)

' '

o1 o00000O0O0OCTO0COOTOOTTOOCOOTITI11TI1T1T1O0T1TT1O011
[—1)° x 2128127 x 15707964 = 3.1415927

16-bit float (FP16)

sign  exponent (5 bits) significand (10 bits)

1
h v

01 000010010071 000

[=1)0 x 2128127 | 571 =3.141

bfloat16 (BF16)

sign exponent (8 bits) significand (7 bits)

——

01 000O0OO0OOO0OT1TO0O0T1O00O01

(—1]° x 21287127 % 15703125 = 3.140625

Absmax quantization Zero-point quantization

3.0 3.2 4——Inputs——p 30 3.2

-127 127 4— Outputs —Pp -128 127
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Chapter 9: RAG Inference Pipeline

SageMaker Inference .
Feature Pipeline Endpoint Answer
Date (Chun (Chunk) (Embed) %
Warehouse —
HTTP API
RAG & fine-tuning data
Context
l Top K results for
n "
Article Chunk 1 Search 1 - N
Arficle Chunk 2 Ranked Chunks
Results = Recailk <K
Code Chunk K s
@ Results y \ Post Chunk 1
" : —  NxK .‘ ‘
Vector DB Search 2" xK Results \ / Code Chunk 2
. e
“Search N" xK Results etk
cle Chunl
Query .
A Filtered Ex s
pansion
Searches Vector ey Query 1 <. N
Search i Yy \ @
H ‘ QUel'Y 2 <o . | ;
YO @S
Search 2 @‘ Query N < ”Wr;toc:r; i:;ticle
oee Self Query @————
searchN @ Query ®
o . Query 4
Retrieval -t =
Module -4




Results Results

® Rerank Context
N x K xK
Vector DB
Py —  Results Articles ~  Search Articles
<K/3 xK/3
Results + Results Posts Search Posts
<K <K/3 xK/3
Vector
“— Results Repositories < DB \— Search Repositories
<K/3 xK/3
xN

Searches ’

Zoom in on the

“Search” operation

Query
.................... Query 1
§ Query 2
Search 1 @2 """""
% “Write an article
Search2 (3 :  QueryN about...”
Query
SearchN (" @
. Query
Filtered Metadata
Vector
Search A:utlgor.

« Full Name

Use author details
as filters




®
Results
N x K
Vector DB
xN

Searches

Search 1
Article Chunk 1

Article Chunk 2
Code Chunk K

Search 2
Post Chunk 1

Code Chunk 2

Code Chunk K

Search N
Article Chunk 1

Post Chunk 2

Aritcle Chunk K

Top K

Article Chunk 4

Post Chunk 10

Article Chunk K

PR

Top K

®

Aggregate & Results
Deduplicate — = NxK
Ranked Results N x K

——

Article Chunk 4

Post Chunk 10

Article Chunk K

Post Chunk 1

Results N x K

Post Chunk 1
Code Chunk 2
Article Chunk 3

Article Chunk 4

Post Chunk 10

Post Chunk 11

Article Chunk N x K

®

Rerank




Routing

—  Search Articles

Picked Search + Search Posts

Router «—— Query

Vector DB
\— Search Repositories
Conversation Memory
History
User Prompt Option 2:
Summary +
Generated Answer latest K
Option 1:
User Prompt Keep only the Conversation
latest K Summary
Generated Answer
User Prompt
User Prompt
Generated Answer g Frompt
Generated Answer Gonotaled Answer
User Prompt
Generated Answer Hser Rrompt
User Prompt

Generated Answer

Generated Answer




Chapter 10: Inference Pipeline Deployment

Online Real-time Inference

HTTP Requests

( Client )

Inference
Request

Result

v

( ML Service )

Asynchronous Inference

Queued HTTP requests,
handled asynchronously

( Client >«
Inference Request Result
Request | acknowledged
—1
= Notification
Listener
Inference R ..... ol _ "l'z';suh
Request S acknowledged
ML Service >

C

Offline Batch Transform
Manually ran or scheduled job

——)( ML Service )
xN

Data

Records
Storage

Results computed
notification
Notification
Listener
~— A
[
—_
L —
xN Data xM
Results Storage Results




Monolith

Monitoring .('_ Model Welghts
L ;LN! and Model
usiness A
Logic (pre & post Registry
processing)
@<—}—— Stateful Features
® ~
Client Vector DB
Inference Pipeline Request
N Client
Microservices
il — Model Weights
P Microservice
Monitoring
Model
l Registry
@<—|——— Stateful Features
Business
Microservice (pre & SN
& post processing) Client Vector DB
Request
— Client

Inference Pipeline




Replica 1 Replica 2 Replica 3

LLM LLM LLM
Microservice Microservice Microservice
GPV T T T
Intensive
Scenario . Replica 1
Business
Microservice
Replica 1

LLM

Microservice

CPU e

Intensive

Scenario Replica 1 Replica 2 Replica 3

Business Business Business
Microservice Microservice Microservice




Deploy LLM Weights —|
LLM
LLM Microservice
Load & Quantize
LLM
Prompt Monitoring
Pipeline
Prompt &
Answer REST API
Stateful
L @ J ( Features
Server Vector DB
Response Retrieval «—— User Query «—
Clients
Client
Request l
Context
l
L Answer Prompt PI'OITIpt 4—/
Template
L ® Advanced RAG Logic

Model
Registry

Vector
DB

®
PR

“Write a post...”

Client

I

Generated post

J

Business Microservice as a REST API




: Create SageMaker
AWS |AMs

SR
IAM User

——

)
IAM Execution

Role
|

Using the SageMaker IAM User
call the create_endpoint() function

v

create_endpoint()

#1. Create
instances of

ResourceManager

config_exists()

endpoint_exists()

Use the ARN of the IAM Execution Role

to attach it to the SageMaker deployment

#2. Inject all resources
into the deployment
strategy

#3. Deploy the
SageMaker Inference
Endpoint

huggingface_deploy_
config ‘

model_resource_ ¢
config

( SageMaker Inference )
Endpoint

A

HTTP API

A2

DeploymentService

deploy()

SagemakerHuggingface

Strategy

deploy()

Pending
deployment

Deployment

Finalized




Amazon SageMaker » Dashboard

Dashboard
Recent activity
Ground Truth Notebook Training
Labeling jobs Notebook instances Training jobs

No recent activity. No recent activity. No recent activity.

Recent activity within the

Processing Canvas

Processing jobs Endpoints

Models
28 C leted

tuning jobs

No recent activity.

© 1 Created

Batch transform jobs

No recent activity.

Amazon SageMaker > Endpoints

Endpoints

Update endpoint Actions ¥

Q search endpoints

Name v ARN

(8.} twin arn:aws:sagemaker:eu-central-1:992382797823:endpoint/twin

v Creation time v Status Last updated

8/17/2024, 8:38:34 PM

@ Creating

8/17/2024, 8:38:34 PM

_




Replica 1 Replica 2 Replica N

LLM
Microservice

SageMaker Inference

LLM
Microservice

LLM
Microservice f

Application Load |,
Balancer

i Client I
Inference

Endpont e
Possible Use Cases
Replica 1
0 Requests /
LLM .
Second Microservice | (0 €ven O replicas)

Replica 1 Replica 2
~10 Requests /
LLM LLM
Second [ Microservice ] [ Microservice J
Replica 1 Replica 2 Replica 20
~100 Requests /
LLM

LLM LLM
Second [ Microservice J L Microservice ]

Microservice







New data Different ML models or
arrived data preprocessing methods

] [ odol ] [ Codo ]

Re-labeling ML model or
required data preprocessing methods
changed




Data Science/
ML Research

\ Specific (ML Models:
PyTorch, Tensorflow,
HuggingFace, etc.)

ML Engineering

Intermediate (Engineering:
MLOPS APls, DBs, modularity, etc.)

Generic (Infrastructure: Docker,
K8s, cloud, etc.)




TRACE q@a
7.21s

SPAN retrieval
3.13s

GENERATION prompt-embedding

0.53s 11 0 (3 11)
DEBUG

SPAN vector-store
2.61s

SPAN context-encoding

0.00s

SPAN fetch-prompt-from-langfuse

0.00s

GENERATION generation
4.07s 1296 - 235 (3 1531)




ZenML Code
Repository

Build Docker
Image

Docker Image ]

Push Docker
Image

({(

ECR Docker
Registry

—t —
— —
[ [ ZenML Dashboard
S3Artifact Qdrant &
Storage MongoDB
' | Executing job SogeMaker
EC2 VM [ EC2 VM J EC2 VM

Execute pipeline step
in the Docker container

: Docker Pipeline to
Container Execute

[ Trigger Pipeline ]

ZenML |
Dashboard |




Collections

cleaned_articles embedded_articles

DELETE

Amazon ECR ) Private registry » Repositories

Private repositories

Repositories (2) C Create repository
Q Filter status 1 (o)
Repository 2 URI Crosted sk = Tag B Scan Encryption
name immutability frequency type
992382797823.dkr.ecr.eu-central- March 21, 2024, 15:58:08 .
( crawler Disabled Manual AES-256
1.amazonaws.com/crawler (UTC+02)

Disabled Manual AES-256

(UTC+03)

992382797823.dkr.ecr.eu-central- August 10, 2024, 14:52:34
1.amazonaws.com/zenml-riwlcs




Create repository

Amazon ECR > Private registry > Repositories » zenml-rlwlcs

zenml-rlwlcs

Images (1) c

Q Search artifacts

- Image tag v Artifact type Pushed at v Size (MB) v Image URI

O latest Image August 10, 2024, 18:24:58 (UTC+03) 3494.10 Copy URI




end_to_end_data_run_2024_08_10_18_33_47 ()

&

+ -| Run Insights
A
L o This is a preview of ZenML's new dashboard with limited features. (7 open
O Switch to the legacy dashboard to access the full details. P
O Overview 2 Configuration
Vv Details
© get.or_create_user.2 © getor_create_user.3 @ get.or_create_user
Id acddea20-57a4-41fb-b8a6-5de898d736ef
B ioosemen - B o
Status @ running
©) crawl_links_2 ) crawl_links_3 © crawl inks
Pipeline °E end_to_end_data
o © query.data_warehouse [y cmwied ks {y crwesinks
Author D decodingmi@gmail.com
[y rowdocuments
Start Time 10/08/2024, 18:33:55
End Time Not available
v Stack $ aws-stack
Artifact Store aws-stack
© query_data_warehouse = completed
(i) overview = [&] Code  ¢) Logs /2 Configuration
v Details
Orchestrator url Not available
Orchestrator run id arn:aws:sagemaker:eu-central-1:992382797823:pipeline/end-to-end-data-b
Id 6876bd76-e1f6-4e62-bc8c-c8f5d0f87659
Status © Completed
Pipeline °E end_to_end_data
Code Path

s3://zenml-rlwlcs-992382797823/code_uploads/8524b9c5e855a0ad1cf4c34a90120724268698fb @




Amazon SageMaker X

Amazon SageMaker » Dashboard

Getting started AWS Marketplace

Find, buy, and deploy ready to use model packages, algorithms, and data products in AWS Marketplace

4

Applications and IDEs

Dashboard

Studio

Canvas

Rstudio Recent activity
TensorBoard

Profiler Ground Truth
Notebooks Labeling jobs

No recent activity.

4

Admin configurations
Domains

Role manager

Images

Lifecycle configurations

SageMaker dashboard

Notebook Training

Notebook instances Training jobs

No recent activity.

A 2 Failed

© 1 Completed

©5 Created

Inference

Models

Endpoints

No recent activity.

Batch transform jobs

Hyperparameter tuning jobs

No recent activity.

No recent activity.

Recent activity|

Processing

Processing jobs

A 9 Failed

© 4 Running

®© 73 Completed

Service Quotas » AWS services » Amazon SageMaker

E&] Amazon SageMaker [4

Amazon SageMaker is a fully-managed service that enables data scientists and developers to quickly and easily build, train, and deploy machine learning models at scale.

Service quotas info

View your applied quota values, default quota values, and request quota increases for quotas. Learn more [

Q. mlt3.medium

X

7 matches

Quota name A

mLt3.medium for cluster usage

mL.t3.medium for k instance usage

ml.t3.medium for processing job usage

Apps running on ml.t3.medium instance

Studio CodeEditor Apps running on ml.t3.medium instances

Studio JupyterLab Apps running on ml.t3.medium instances

O|Q |0 |0 |0 |G|

Studio Kerr Apps running on mLt3.medium instance

Applied account-level quota value ¥
10
30
10

30

30

AWS default quota value v

0

Request increase at account level

@

Utilization v Adjustability ¥

0 Account level
0 Account level
1 Account level
0 Account level
0 Account level
0 Account level
[} Account level




CD Pipeline

= Build Docker Push Docker =
I Image [Fsaee ) Image !
e i I
ZenML Code ECR Docker
Repository Registry
- On merge On merge
Pull request Pull request
s >
Cl Cl
Pipeline Pipeline
+ Linting « Linting
—/ . Forr-nCl"i"Q — + Formatting —
Feature ' * Testing Staging  + Tesling Production
Branch Branch Branch




@ O PacktPublishing / LLM-Engineering

<> Code (© Issues % Pullrequests @ ® Actions [ Wiki @ Security (1) |~ Insights &8 Settings
€ Cl
@ feat: Add Docker image and CD pipeline #49
I (A Summary
Triggered via pull request 3 days ago Status Total duration
Jobs @ iusztinpaul synchronize #4 zenml-deploy Success 2m15s
@ QA
Test §
° ci.yaml
on: pull_request
Run details
& Usage
&Y Workflow file © oA 185
@ Test 2m7s
@ O PacktPublishing / LLM-Engineering
<» Code (2 Issues % Pullrequests (¥ Actions [0 wiki @ Security @ |~ Insights €3 Settings
€« CD
© Merge pull request #4 from PacktPublishing/zenml-deploy #9
I (M Summary
Re-run triggered 21 minutes ago Status Total duration Artifacts
obia eiusztinpaul -0- 4415577 main Success 7m10s 1

@ Build & Push Docker Image

Run details

@ Usage

&Y Workflow file

cd.yaml
on: push

@ Build & Push Docker Im... 7m 0s




o 992382797823.dkr.ecr.eu-central-
1.amazonaws.com/zenml-vrsopg

August 13, 2024, 09:42:20
(UTC+03)

83 General

Actions secrets and variables

Access
A Collaborators and teams

) Moderation options

Secrets and variables allow you to manage reusable configuration data. Secrets are encrypted and are used for
sensitive data. Learn more about encrypted secrets. Variables are shown as plain text and are used for non-sensitive

data. Learn more about variables.

Code and automation
¥ Branches

© Tags

E3 Rules

® Actions

& Webhooks

3 Pages

[= Custom properties

Security
@ Code security and analysis
£ Deploy keys
Secrets and variables
Actions
Codespaces

Dependabot

passed to workflows that are triggered by a pull request from a fork.

Secrets Variables

Anyone with collaborator access to this repository can use these secrets and variables for actions. They are not

b Repository secrets

New repository secret

Name =1 Last updated

B AWS_ACCESS_KEY_ID 5 days ago Va ﬁ
B AWS_ECR_NAME 13 minutes ago £ U
B AWS_REGION Sdaysago /U
B AWS_SECRET_ACCESS_KEY 5 days ago 7 U




Triggers

Trigger
i T +
Data Collection | v ¥ row ‘ Features ]
. - " Data _~_ Data H .
= Pipeline Pipeline
Scheduled MOﬂgODB Cleaned &
embedded data

/

— <
( - oo Generate Instruct nstoct S3
st Dataset Pipeline Dataset " Artifact Store
erani Trlgg.;ered. i Intrust
by the previous pipeline
Vector DB Dataset
SN
[ Training w s Model
l Pipeline Weights U Registry
Triggered |
by the previous pipeline WLLMht
eights
3 “Writ t about...”
Real-Time Inference Service ", " "> "
Deploy ‘
Pipeline ' [ Inference Pipeline @] sl
Triggered

by the previous pipeline S Update LLM’s Weights 4




@ get_or_create_user_2 @ get_or_create_user @ get_or_create_user_3

g use user
UserDocument

g user
UserDocument UserDocument

©) crawl_links_2 ©) crawl_links ) crawl_links_3

D crawled_links
list

D crawled_links

list

2 query_data_warehouse 0 ‘Crtaw\edJinks
s

D raw_documents

list
) clean_documents

[ cleaned_documents
tist

) chunk_and_embed

D embedded_documents
list

) load_to_vector_db_2 & load_to_vector_db

successful successful
=] ) query_feature_store 8 Fad

ool
O queried_cleaned_documents
list

() create_prompts

jprompts
D b

(&) generate

=] instruct_datasets
TrainTestSplit




Deploy LLM Weights ——
LLM
( . . b
LLM Microservice
Load & Quantize
LLM
Prompt Monitoring
Pipeline
Prompt &
Answer REST API
Stateful
L Y ( Features
Server Vector DB
Response Retrieval <«—— User Query «—
Clients
Client
Request l
/—/ Context
1
\—  Answer Prompt S,
Template
Advanced RAG Logic
@

Model
Registry

Vector
DB

®
PR

“Write a post...”

Client

I

Generated post

J

Business Microservice as a REST API




Appendix: MLOps Principles

Automated Processes

—

Monitoring Pipeline

Trigger
Pipelines

Performance
Drop

|

#1. Feature Pipeline

Features
& Labels

#2. Training Pipeline

Features
& Labels

)

Features
& Predictions

=]

Predictions

=]

#3. Inference Pipeline

Models

Features

Models

(

Manual Processes

Data
Analysis

o

DS Experiments

i

Model
Analysis

Feature Model
Store Registry
——
R —
e
L e
Code
Repository

Build, Test, Package,

and Deploy
the FTI Pipelines

Trigger C1/CD
Pipeline




Acceptance Stress

tests tests
System tests System tests
Integration Integration Integration
tests tests tests

[Unit tests] [Unit tests] [Unit tests] [Unit tests] [Unit tests]




Data drift can occur in either continuous or categorical features.

Continuous Feature Categorical Feature

I reference 300 B reference
3 production production

250

200

count

150

100

50

large medium
category

2001
180
[\

160
140
120

— gradual

~—— abrupt

—— periodic
100 1 1 1 1

0 20 40 60 80 100 120 140 160




