Al SYSTEM DESIGN « DAY 1

WHAT IS
Al SYSTEM DESIGN?

From models to useful, reliable products
ML ¢ LLMs « GenAl « Agentic Al

Same ideas.
Real impact.
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Can you help
me with this?

Of course!
Here's a plan ...

Data Model Tools Reliable
Product

 Learn how the pieces work together.

@Ilearn.machinelearning Swipe to trace the whole system —



DESIGN THE WHOLE PRODUCT

Choose how data, models, software and people work
together to meet a goal.

e User input Appllcatlon

H

Useful result 5

Data + state
\_ _J

@ Access checks e failure handling ¢ measurement

\'l

- @ - A strong model is one part of a working Al system.

@learn.machinelearning



FOUR IDEAS, DIFFERENT ROLES

These overlap. They are not four separate stacks.

PREDICTIVE ML GENERATIVE Al

Estimate a score, class or number. Create content such as text or images.
A Demand: Hil
ke @< 1,250 Here's a draft answer
/ to your question ...
: p
Today Tomorrow
Example: forecast tomorrow's demand. Example: draft a support answer.
A model for language tasks. A system that chooses actions

toward a goal.

Search
> Q information

o)
—— E— 0
[—]—’ 69 —’[ﬁ_ﬁ ] ) OUsetooIs
2 a Take action
Often used inside GenAl applications. Example: investigate a delayed order.

“ !,

" | Anagentcan useanLLM, tools and other ML models.

@learn.machinelearning



Al SYSTEM DESIGN - DAY 1

-

Can you

N

help me with

my order?

f

7

-\Q'- The job decides the data, tools and controls.

~
Sure!
What do you

START WITH THE USER'S JOB

Example: a customer-support assistant

need help with?

N
Explain the return policy

Needs: approved

company knowledge
_
~
Check my order status
Needs: current
order data
W,
N
Request a refund
Needs: business rules
and action permissions
W,

@learn.machinelearning



Al SYSTEM DESIGN ¢ DAY 1
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MATCH THE DESIGN TO THE TASK

Three small examples
( N\
DEMAND | e o .
FORECAST : | o
VRECA @ Ill axr =
// > i \ . J Predicted
L hd l I 1 Recent signals e T_:%EIE? o demand )
POLICY \ ;
ANSWER =5 |
(D[ -~ [=]
@ Y reg'?:\f;?g;ﬁcy LLM A
'd N
ORDER ( . .
INVESTIGATION fmd out why
my order was _’
@ delayed. &
Q | Goal : Model and tool steps " Outcome
N — J

Each result can change the next step.

Reuse only the components the task needs.

@learn.machinelearning



Al SYSTEM DESIGN - DAY 1

SEPARATE PREPARATION FROM SERVING

Some work happens before a user request.

PREPARATION

=kadls

train model ] —’

Training data

Documents

—) @-».... —)

chunk + embed

(F'Do this R

&

saved model \

s .

search index

o Preparation may run continuously in the background.

LIVE REQUEST

a— B

User input

model + relevant data

I@

result

-‘@'- ‘ Indexing documents is not the same as training an LLM.

@learn.machinelearning



Al SYSTEM DESIGN ¢ DAY 1
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TRACE ONE REQUEST

Example: answering a company-policy question

> @

Receive the question
and verify access

3
S

Fetch relevant, —
permitted information ||~

Y

Trace timing,
errors and
cost

Build the model input

%

Generate and check
the response

y

Return the answer
or hand off

=4

~ - s
- @ - Every step can affect quality, delay and reliability.

@learn.machinelearning



DATA HAS DIFFERENT JOBS

Know which source answers which need.

TRAINING DATA RETRIEVED CONTEXT
Teaches model patterns. Supplies evidence at request time.
[r; = A Ir-lelp Center |
-llll
d_‘ L‘-J
Example: historical demand. Example: the current return policy.
LIVE TOOL DATA APPLICATION STATE
Reports the latest external state. Tracks the current task.
(1% | Refund Request |
5 Order #48291 i ID: RF-73021
+ Status: In progress
Processing Shipped Delivered
Example: an order's shipping status. Example: a saved refund-request ID.
4 Model weights are not a live company database.

@learn.machinelearning



RAG CONNECTS ANSWERS TO SOURCES

Retrieve evidence, then ask the model to use it.
/

”

Question: 8  Toypolicy:
What is the return window? —— | ~ Returns are accepted
. within 30 days.
' \
3 » '
Retrieve LLM: question + Answer with
allowed policy evidence source

The policy says 30 days. [1] % []Toy retumsipolicy

RAG can reduce guessing.
= It does not guarantee correctness.

@learn.machinelearning



TOOLS CONNECT Al TO THE WORLD

A tool is an interface to data or an action.

Al SYSTEM DESIGN DAY 1

[ @ Propose a tool call J G g

‘ Iwant to @ dentity @

. ] request a refund
App checks identity, ~ ) wewmens @
arguments and permissions a
Permissions O

L

[ )
[ @ Run the allowed operation ] (=) e
| |

Call tool only approved

e operations
@ Return the result to the

model or workflow

E] Read: get_order_status @ Write: request_refund

For this example, refunds require human approval.

\

Q' Application code enforces what a tool may do.

@learn.machinelearning



FIXED WORKFLOW OR AGENT?

Choose how the next step is decided.

FIXED WORKFLOW AGENT

Code chooses the sequence. The model chooses steps from results.

N '8 Y r Y

Elﬂéuo. ([

Retrieve § draft check

¥ !
| follow j ..

observe
the steps \ /

! Set step, time and spend limits.

_‘Q'_ Use more autonomy when the task
L needs flexible decisions.

@learn.machinelearning



Al SYSTEM DESIGN ¢ DAY 1

STATE, MEMORY AND CACHE

Similar storage, different purposes

STATE: Where are we in this task? [fund ] | TaskState

£ l faa RAD i request #R42 #R42
xample: refund request #R42 is status: awaiting
awaiting approval. P | approval
e o=
MEMORY: What may help |
. - prefer User Memory
across interactions? l Spanish. I a
user_id: U123
Example: a language preference — | language: Spanish
the user chose to save. - -
yom G0 iE
@ 0O0KU
CACHE: What result can we remndppoﬁcy'] Cache_
safely reuse? ] s~
— _' key: policy:vl
Example: a recent policy lookup, o Q nesult: f‘igta%
within its expiry. — i W

° Scope stored data to the right user and retention rules.

il Important action status belongs

in durable storage.

@Ilearn.machinelearning



CHOOSE TOOLS BY RESPONSIBILITY

Examples to explore, not a required shopping list.

RESPONSIBILITY EXAMPLE TOOL
API and application logic FastAPI
Data and durable state PostgreSQL

Vector search in PostgreSQL pgvector
Model inference Hosted model API or vLLM
ML runs and model versions MLflow

Tracing and evaluation OpenTelemetry + Phoenix

Caching and rate limits Redis

(Q | Choose the requirement first, then the tool.

@learn.machinelearning



DESIGN FOR TRADE-OFFS

14/18

Improve the outcome within real constraints.

QUALITY LATENCY COST
= é@)

Does the task How long does What does a successful
succeed? the user wait? task cost?

Example: retrieving more documents may add useful
evidence, but also delay and token cost.

\  MORELATENCY |
\(_AND TOKEN COST

S ’ '
- Q E Measure the effect of a change. More is not always better.

@learn.machinelearning



Al SYSTEM DESIGN « DAY 1

DESIGN THE FAILURE PATH

The system needs a response when a step fails.

| ;& No reliable evidence == @ Say so or hand off

Model request ﬁ Use a bounded retry

(10 times out ey k_/ orfallback

Action is not . .
authorized 4 ® Block it and explain

Refund result # Check saved status
is unknown Q before retrying

o Use idempotency keys to prevent duplicate write effects.

A useful fallback is
part of the architecture.
@learn.machinelearning




EVALUATE THE TASK. TRACE THE RUN.

Quality checks and operational visibility work together.

EVALUATION TRACING

Did the system do the right thing? What happened during this request?
Use test cases with expected outcomes. Inspect steps, timing, tool calls and errors.
- Y™ s K N
(= 131 : [ Model Call j : Logs & Traces
Test cases : .
r Tool Call ] : ® Timing
Input User i ¥ —> E Steps
Expected: ... Regjigst : [ Retrieve Data J ;
Aetual : ... " ! ﬁ Tool calls
B [GeneratEOutput} e & i )
Forecast: compare predictions RAG: check answers against Agent: verify the outcome
with actual demand. source evidence. and action permissions.
; ( . b . AL‘:E‘I: send email
® Predicted Actual |> & Answer: ... ] = @ Alowed
-tgu a € \ J - Action: update record )
: N\//‘ ; - @ Aloved
a Source —>» | Supported S
documents by source? 'u'i Action: delete file
Time ; \ J € Notallowed |
I,
A successful API call does not prove a successful task. 9

@learn.machinelearning



BUILD THE SMALLEST USEFUL V1

Example: aread-only policy assistant

@ Document ingestion
[ ’ J

\
PostgreSQL + pgvector

Allowed policy chunks
1 _

FastAPI app

/

Hosted
LLM API

Chat Ul

@ Access checks * response checks ¢ traces J

Add live tools, caching or an agent loop when a need is measured.

[ "Q" Start with one job and a testable success condition. }

@learn.machinelearning



YOUR FIRST SYSTEM-DESIGN EXERCISE

Choose a policy assistant or a demand forecast.

o What does the user need?

9 Which data and model are required? +

e What can fail, and what happens then?

o How will you measure success?

Sketch the request path. Label each tool’s job.

&

) | DAY 2: Requirements and success metrics

W Save this foundation ¢ Follow for Day 2

@learn.machinelearning
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