Al ENGINEER INTERVIEW

from zero to usable genai systems

A. FROM NLP TO LLMs
0 Language models start from predicting text

1]

© ©

i

Problem

How do we model
language so0 a maching
can predict what
comes next?

What it is

n=gram models predict
the next word from

the previcus (n-1) words.

How it warks

Count how often words
follow a context,

Pick the most likely
next word,

What is an LLM?

Prablem

We need models that
understand rich conbext
and gonerate useful

text at scole.

What it is

LLM = Large Languoge
Madel. Trained an
maostive text to predict
and generate tokens,

How it works
Transformer orchitecture
learns pottérms fram
billions of tokens using
salf-attantion.

Example (bigram: n=2)

Context: “the cat™ —

Mext word Count
sat 18
s 7
on 3
and 2

{h'j analogy

pradict next word

Pinext | the cat)

0.60
0.23
0.10
0.07

n-gram is like autecmplete using

only the last few words.

Interview cue

“a-gramt predict the noext word from a thort
context wiing frequency counts.”

LLM = Large Language Modal

A neural network trained on massive text
data to predict the next token given
prévious tokens,

Koy traits

&2 Huge training data {web, books, code, ..}

& Billions of parameatérs

£ Hondles long-range context

& Gaenerotes, summarizes, tronslates, reasons

[.j Analogy

H &n LLM is like a very well-read porson who
writes well, but doos not sutomatically kKnow
your company’s privote documénts or

current data.

Interview cue

=

“An LLM predicts the next tolben using

patterns learned from a massive dataset.”

€@ Why the LLM is not the full product

©
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Fi=[F i
Logal stalistics

Prablem
LLM: don't sutomatically

kndww your privote dato,
policies, or Tools.

What it is

An LLM alone locks
context, permissions,
up-to-dote dato, and
actions.

How it works

You must connect data,
APle, teols, and safoety.
layars around the LLM.

LLM= can do...
& Generate text
&  Summarize
& Roason on text
v Bt NOT automatically:

Accoss private company datoa

El Obey your permissions & policies

Call tools f APls rellably

El Stoy up-to-dote with internal systoms

|EI' nterviow cue

“An LLM iz a powerful brain, not a business system.”

MLP EVOLUTION AT & GLANCE

Ernboddings
Meafmng verlon

RMB 7 CHN Tegnalpainers
Soquence modaly Attenticn ol scole

==l

S

LLMs
Gaparal tent rntellgenoe

B From n-grams to modern language models

Al

©

Problem

Short context misses
meaning and long-
range dependencies.

What it is

Modarn LMz uze more
caontext (and better
representations) to
capturé maaning,

Haow it works

Use bigger context
windows = neural
modals (e.g.,
Transformers) to

pradict the next token,

Short context (n-gram)
Context: “bank of the™

Likely next: nver [ year J ... (weak)

Lenger context (LM)

Context; | deposited cash at the bank

on Main Streat.”

Likely next: yesterday /in / ... (strong) o

) Analogy

W

Short mamory = forgetful student,

Long memory = understonds the story.

E} Interview cue

“Modem LMs overcome ne-groem limits with
largar contest and newral architectures,”

&3 =
e roeTs Ernivodding Heural / FMNN S CHN T el ol TR LM

[19808=20008) (2000s-20104) (30 10a) {2017F=) (20 =}
© Tokens — pieces of text the model reads/writes
@ Froblem Expmple tokenization

Models work on numbers, Test: “&1 engineers build useful systems.”

mal row taat,

Wprd - lownl

ED Tw“'“ . S Al enginesrs | build wseful | systems || .
== Tokonz ars the basic

g tweards, sul - 1 HBO2 325 1704 2403 13

symbals] an LLM Sulvward (BPE)

consumaes/produces. A&l | onginger s Eradld L sl Bt ]
@ Hoaw it worke 01 I3 16 325 1650 478 6123 16 13

Teaxt — tokonizer —» Symbols [ spaciol

taloens {ID). <B0S» Al efnginoer & a <ECS

Mode| cperates on :

- IDs., o f1=3] 27381 & 12 1

L?_j Intorview cue

iy -

HLP ENVOLUTION TIMELINE

X -

& - @

o & pretnpme mene  LLMS operate on bolen 1D, not e words.®

@ Hallucination and grounding

®

Froblem

LLMs can producs
plaunible but wrong
B rs.

What It ie

Hllucsmation = confident
but false. Grounding =
anchor answers o feal
doto/sources.

How it works

Provide relevant contests
{RAQ], chatlons, and
wverification to graund

oirtpaits.

Hallucination (bad)

0 Wha i tha CEQ af ACHE Ise?
(intesrmanl dtan ook in trodining)

# dohns Smdth ks the CEQ

of ACME |ne. x

(Plmusibie b moy be falus)

Grounded (good)

O Wt it the TED af ACME Inc?

A Agcording o ACME MR doc
{2028-03). the CED i
Jaren [how, -,

2da
e

Source: HR_Peopss_2024-03, pdf

Beoat practicos
o Use RAG with trusted documents  «F Cite sources

wf Werrly onitical focts

E Intervicw cus
“Grounding redeces hallucinations by ancharing the model te

trusted dota and showing sources.”™

MINI EXAMPLE: NEXT-WORD PREDICTION

Prompt:

“The chef cooked o™

Model prodicts maat token:

meal

(0.52)

delicious {(0.21)

wonderful (0.08)

Model picks highest prababiiity (sampling/decoding may vary).

of Werity ervtical focts

new  [0.05)

a Embeddings / Word2Vec as meaning vectors

@

(1]

&

Problem

Words as IDs/lists
do not copture
meaning or similarity,

What it is
Embeddings map
words to dense
vectons in a
continupus space;

How it works
Models learn vectors
o0 simalar words end
up closer together,

2

Example (2D visualization)

A

king
[ ]
£ @ 2ppie
. gqueen
¢ orange
o REii]
fruit
@ paris

® london

= france

Déimension 1 =

[E:J Interview cue

xH:' Analogy

Vectors are like GPS
coordinates for
il

Example math

king = man + woman

= queen

“"Embeddings place semantically similar words

closer together in vector space.”

@ Prompt — generated answer

@

ON -/

=

S W -

“Holla world|™

Problem
How do we get useful
cutput from an LLM?

What it is

You provide a prompt
(inzstrections + conbext).
Model generates an
andwer tokén by tokin,

How it works
Prampt — takens —
LLM — next-token
prediction == decoded
(L. 4

Input [Premat) Model (LLM)
LLM
Prompt: [TranzFarmer]
of vector dolabeses | —F predietion =
i 3 Eeullat pemiy™

repented
alp
a8

Output [Anywer)

Andwer:
= High somaontic
soarch guality

= Hardles unstrectured
dota at scole

= Improves RAG
Fo e E e

Fipeline: Prompl = Tokenize == LLM —= Decode — Output text

Annology

You ask o question; the model writes the best
possible continuatian,

intarview cus
A prompt guides the model to genarate tho
mast rslovant continuation”

What an Al Engineer really does

Problem

& model olone =
value., Busineytes need
relighle, tecure, unelul
Syalbrni,

What it iz

Al Engineer tuins a
madel into o wsable,
swife. ond wcalable
applicotion.

Haw it warks

Db dato Mo, RAG,
tools, AP, evole, cofety,
monstoring, and dopicy.

LLM alone Ve

Kncws public data only
Mo ecceas bo privote dole
Mo tools or attone

Mo poliies J peametisons
Hard to avaluate

L L4 4 S %

Mot producticn-ready @

e

An Al Engineer does not just use ChatGPT.
AV An Al Engineer turns an Al madel into a

KEY TAKEAWAY

Enterprise GendAl system

Connected 1o company dota [FRAG)
Tools & APls (search, CHN, )
Pormigalons & policios enfoscod
Safety, gusrdralls. sbserabaliny
Evaluated & monitoned

Reliable, secure, useful

©

47

[/

Y,

usable enterprise system.

TOKEM FLOW [UNDER THE HOOD)

Tokens (D)

15496 || 995 | |0 |
- F s &

Mext token 1D
i
LLM

L Text
— —F
-y
Decodle
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Al ENGINEER INTERVIEW

from zero to usable genai systems

C. CONTEXT: RAG, CAG, CRAG
&) WHY CONTEXT MATTERS

HLP INTLITION: REFRESENTATION + CLASSIFIER

Problem

LLMzs can produce confident Botter

but wrong answers without o rpanaion g

A = ¥
the right context. ~spple” | —> -'.- * —> & .
o, L ] ' ® - * »

g;] What it is °® ==

Context WWHEE the facts Better context = better features = better answers

and constraints the model

should usa to answer.
Q ,'l.!ulg.g:r'
Asking o doctor with the right chart and test resulis

{@} How it werks beats asking with ne background
Bettor context I::tttr @ st ibew cub
representations inside LLM: don't know by defaulf.

the model —~ better We must give them the right evidence,

classification / generation,
@ Commaon mistake
Relying on madel memory instead of providing
refiable, up-to-date contest.
€) CHUNKS oS AT
@ Problem |
Long documents are too big o
to embed and retreve
m What it &= SPUT INTO CHUKKS (WITH OVERLAR)
smaliar, avorlapping pioces =T 1= ... (=
{chunks) for retrieval, —il |1 ,_-l_:_ 1 R e | . i —

= 300-800 tokens with 10-20% everlap

{E}} How it works
Chunk == embed = store.
Ratrieve the chunks mast
relevant o the query.

! fumaloey
Cut & lang Beak mio pases 1o pou cbn Fnd the pght paged fatt,

@ Intarview cue
Good chuniing engrowes recall withoul watting conteat windoe.

I::E:) Comrven matiake
Chunks oo big (miss precision) or too small (lose meaning).

€D COLD DATA vs HOT DATA

* COLD / STATIC DATA @ HOT / DYMAMIC DATA

L]

Changes froquently (secends / minutes)

Changes rarely (days / months /7 years)

Exampios: polickes, $0Ps, manuals, ®  Examples: customer records, orders,
product docs, company knowledge financial data, live DBs, news

Best for: CAG [cachs)

Best for: RAG [rotriove)

& Goal: fast, consietent, law cast Goal: froshness and accuracy

—+ Keep in cache —+ Retrieve in real time

@ Interview cue  Different dota, different strategy. Choote bated on volatifity,

@ Commeon mistake  Caching hot data or redrieving static data.

€@ RAG (RETRIEVAL-AUGMENTED GENERATION)

@ Problem

Maodel training data is static
and incomplete; it may not
contan youer latest or Pl"ﬂ'ﬂ#.

RAG IM A MUTSHELL

S -~ Q-B-4

domain knowledge.
Knowledge Retrigwe Add to LLM
m What it is Source Prompt Generate
Ratrieve relevant information

oF Py add B o the Grounded answer with sources

prampt, then generate a
grounded anpewer,

@ How it works

Find =+ Fifter - Attach -»

Generate. The model cites E-:; Interview cue

the rétrigved facts. RAG roducet hallueination and keepd Shiwedd Curont
By grounding tham in retrieved facte,

4 Analegy
¥ Boarching the Ebrary in real Bme and reading the most
relevant pages before anpwering,

@ Comman mistake
Rutriewing too much / imelevant context and overioading

the prempL.

@ EMBEDDINGS AND VECTOR DATABASE

@I Foblem #

SEMANTIC SEARCH

Koyward soarch misses -
msaning; synonyms and P » M » Choery vact
i |
paraphrasas fail, L] /‘.
L ol . » Similar (retrievod)
L] whatitis # .
i .
Embeddings convert teat s & . L acion
into denae vectors, >

Vectar DB finds similar
wactors {somantic seanch)

{.::1} How it works

Text -+ embedding model —
wvector DB index = cosmne
similarity search.

VECTOR D8 FEATURES
" Fast ANM search [eg, HMHSW)

' Meatadota fllers
' Top-k reaults with scores
u:' Sralogy  Iniesd of malthing words, you msch meaning

E} IPlpryiiey Euse Dobusbiogm o Vs D asaitis rrmins el biapeiri

E:} Comman mntain  Miseg enbvebieg b o R g i

@ CRAG = CAG + RAG (HYBRID ARCHITECTURE)

| CONTEXT WINDOW (what the model sees) &
% —3 || Cached Content | [ RetiwedComtet | [—] ¢
User | ) User Guary (RAG) LLM
Question Stble knowiodge ™% ™| Fresh knowledge | {Marge & Reasan) |
tpubl:ilﬂ. SOPy, nstruchons fﬂﬂ!. ﬂ.‘-l:l:h"ﬁ‘, TEo= L ’
prodst docs) : neEwes) l
Arpeor

[with sources)

Why it works
v Cache takes care of stability and speed S rnicalee
v Retrieve bringe froshaeis and specificity. CRAG utes the best of both wards:
speed * freshaens

v LM marpes both for sowrate antwirs,

@ Commen mistake  Orerfilling the conlmt window or giing kew-quality retrined chanks,

€) RAG PIPELINE

&—}—}@E:—}uﬂﬂ—}%—}+¢'¢
User

Embed Retrieve Rerank Build LLM
question query chunks (top-k) prompt answer
User asks Convert the Search vector Rerank for Compaose LLM reads
a guestion. guestion to a D8 for relevance prompt with and produces

vector, relevant and diversity; chunks + the final

chisrks, kisep top-k. gk ructions. BNEWET,
l:,:} Analegy Ask —+ look up —+ pick the best pages —+ give to expert — get answer,

@ Interview cue  RAG = Retrieve at runtime, then Generate with grounded context.

@ Common mistake  Ignoring reranking or using foo smafl/large chunk sizes.

€& CAG (CACHE-AUGMENTED GENERATION)

@ Prablem
Some knowledge i stable
and used frequently,
Retrigving it every time is
wasbelul and sbow,

(] whatitis
Preboad stable, reusable

knowiodge into a local
cache of prompt template
w0 the moded can wse il

directly. Fast, consistent answers

CAG = HOTES ALREADY OM THE DESK

LLM

{é} How it works
Cache -+ attach directly

to prompt = genorate,
Ma retreval round-trip.

e
VS Analogy  Keep your mostuted noles on your dedk, no reed Bo go te Kbrary,
IE) Interview cud  CAG reduces laloncy and cost for stable, Ragh-rouie bnowiadoe,

@' Comemon mistaie  Caching data tha changes offen - atsls J/ irsanmect e

€D) DECISION RULE
WHEN TO USE WHAT

El'lg-iﬂﬂ'lh maast decsde what Stable + Reuced CAG KH-F it mb‘h

to exchn, whal 1o retriove, * {rarely changes, —F (Cache) Preload in prompts

o both, wped often) or hocal store,
m Whatit s Dynawis + Changing RAG Fotch at ritang

ﬁ.i.'l'l'.ﬂ nule to choose 6 td‘."g"iuﬁ-m- - fﬂ""’.’“ﬁl from Lalest

CAG, RAG, or CRAG based time-seraitive) i

o dats charsctenstics,

oy | Mnai Entanpring CRAG  Cache the stable

@ Hew it works oS0  (both stable & [CAG » RAG)  part, retrieve the

Avsess stability, rewe dynamic] fresh part.

frecquency, and freshness

FEquaremEnts.

E} Irtaryvisw Sus
Mot ol pntarpers kaowlpdor chanded ot the Lame fpeed, 2o
I wasild sepacate mhat should be cached fram what should be retrieved. ™

I:E‘.'::I- Comman meslye
Oine-size-Fts-all approsch. W huris latency, cost, or scuracy:
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Al ENGINEER INTERVIEW

from zero to usable genai systems

B. MAKING Al USABLE

D ari

Problem
Systems can’t talk

safely or in a controlled way.

What it is
A controlled way for systems
to talk to each other

0

How it works
A client sends a request to an

APL. The APl validates, processes,

and returns a response.

@ Analogy

A wailter betwoen customer
and kitchen

E] Interview cue

“Explain an AP like I'm five,”

® rooL caLLING

Prablem
Model needs infe or action
outside its knowledge.
[T] What it is
The model asks to call a
function or APL. Backend
executes i and returns
the result.

@ How it works

LLM decides =+ sends tool
request -+ backend runs it
=+ result goes back - LLM
continues.

@ Analogy

Azkng a teammate to look

something up and report back

O memory

Problem
We maed to remember important
info acrods sessions.

[_:D What it is
Persistent information the system
eaf ree Later

{C:.} How it warks

Stoved 2 DB J wector store
knowledge base and retrieved
when neaded,

Analogy

A notebook wou keep tor

e:’:_.;?}

Waur IE.r\-:'

"When would you e memaory

APl FLOW

R -
Clignt [HTTF) AP Forsard | Backend
(Uner [ Appl | = | (Gotewsy)  —2 | Service

& |8

(J50M)
Read [/ Write

e

Databate
{or Other Service)

Common mistake / warning

{:D Exposing secrets in URLs or
returning koo much daka.

TOOL CALLING FLOW

2 Call Teed | Tool / AP/
(A1 D81 patabase

1. Tewd Backend

LLM
Roquest  (apy / Orchestralor]

Comman miatake | warrsg

@ Mat vahdating too! outputs
before sending 1o LLM

Intervew cue

"Walk e theough 1ol calling.”

STATE vs MEMORY

STATE [Short-teem) MEMORY (Long-term)
* Current seision * Acrows seisions
* Tampoory » Parsigtent
* In memary * Stored in DB/ KB
® Loat when sessson » Rotrieved whan
wnds waful
E‘I..'IIT!J‘I‘ E[,:rnple-
Chat PIETS s uar pmﬁreﬂ:ﬂ-.
in Bhit sedion past tickats, docs

Comman mistake / waming
@ Storing pensitive data forewes
withoul retonton polices.

Interveew cwe

iraiesd of stateF*

@) BACKEND API

@
[

Problem
User requests need to be
handled, secured and routed.

What it is

The backend receives the user
request and coordinates the
system.

How it works

It authenticates, validates,
routes to services / tools |
DB, and retumns the result.

@ Analogy

The eantrol conter of

your app

Frantend

BACKEND FLOW

Services

B

Backend

, —
(Wb [ Makila) ey AR

= &9 Taols
= “ - .
e JL |
@ Database |
Interview cue Commeon mistake / warning

"Hew does the backend fit in Skipping validation, auth,

the system?

@ T00L ERROR HANDLING

Prablem
Tools can fail. The system
must handle it gracefully,

EL] What it is

or rate limiting,

ERROR HANDLING PATTERNS
Common Fadlures

O 6 | B

Detect failures, recover if Timsout Invelid Input ~ Mimsing Permimion) | Bed Response
possible, and ghve useful o sy Hm b 'r_ju'ﬂ i
messages ko users. e ——" re——

{-E::; How it works + r v
Detect error -+ decide: retry, ~ '
fallback, or show user an kS O ‘%
(helpful) error. Retry Fallback User-Frimndhy
Analogy

®  Like a smart auto-retry
wilh a backup plan ) Common mistake / warning
-.,I?J Sl @ Silent faslumes or émply respondes
“Homw ds you haredle tool fadures?” P

@ AGENT AGENT LOOP

@ Problem 1. Goal
Complex tasks need multiphe o T [Vser Reguet)
steps and decinons. -\N

E B, Weai Sﬂp .

[T] whatitis {or Finish) 2. Plan

T An agent plans, uses tools, What fo dat)
observes results, and decides T e
the next step, = y

@ 4, Ohuerve
Hew it works (i)
Loop until the goal &5 reached == 3. Act
or stopped., P ég [Use Tool / APT)

Analogy

@ @

A propeek TG A 1

gets things done

E| Inerview Cun

“Hiow does an agen! decice the

et itopT

& D not use sgents when a simple
AP call or simple RAG pipeline
i-'.'-tn-m.rgh.

® rooLs

@

[;Ei Interview cue

Problem

1108 alane can't access bve EXAMPLES OF TOOLS

data or take actions. “ @ E.
What it is g o0
Tools are functions the LLM Search Database Caloulator
can ask the system to run. (Web) Cuery

How it works il

The model decides it needs Y I
a tool, asks for it, and uses Send Email Sab Weathis Croate Ticket
the result,

Analogy . and many more

It tha LLM is the brain,

toals are the hands

Common mistake / warning
Giving too many tools or
unclear descriplions.

“What kinds of toals
would you build?™

D srare

[0

&

9

O

fem STATE = SHORT-TERM CONTEXT
How do we keep track of what's ;
happening right now? Cusrent Session
What it is User: What's the woather in SF? % e
Temporary information about : : mﬁ: =
the current conversation or Al W's sumny in San Francisca,
e ‘ U And tomarrow? I "
How it warks
Stored in memaory / session, Al Rainy with highs of 18°C.
Cleared whan the session
ends.
Analogy

sticky nobes on a whiteboard

in & meeting X ;
3 meeting Commen mintafe | warnies

Storing bang «lesm info n

Interveew cue
“Wvhat's the difference Between

stade and memory ™ state [ gots boat),
MULTI-AGENT SYSTEMS

MULTI-AGENT ORCHESTRATION
Problem :
One "9!'5"" can't !“ E‘ﬂ at Bvchaitrator | Mln.lgﬂ Aﬂn-l
everything. Benat down goal, ssugn, collegt rendt
What it is .
Several specialized agents | b=y ‘I """" R ]
coordinate to complete a
complax task, Plarsrgr Rebiover Barvabyit Writer Viahdabpe

_ Ageet | Agent Agant Ageet Agert
Hoar it works = . & » :
A manager forchestrator atsigng 4 T S G o R S I
tasks, cofiocts results, and i 1
erchestrates the flow,
Shared Tool & Dats

.ﬁl.n.lul-u_-:_‘;l:l' Dugp = DB « APE » Veclor Soce
i adm whushe sach person
has a role

Commaon mistake | warning

Too musch conndimatson oot for
simple tasks.
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Al ENGINEER INTERVIEW

from zero to usable genai systems

D. PRODUCTION + INTERVIEW ANSWERS

D D Logs

Guardrails @ Security / permissions

Prablem
Models con hallecinate, autput
unsafe content, or go off track,

What it is
Salety and quality comrels

@
©
3,

Input

(P Analogy

Road guardrails keep the
car gn the road ard prevent
it from falling off a cliff,

LLM ¢ Tools £

Owitput

Froblom
The system might access
data the user should not see,

What it is
The system enforces sccess

{;} Analogy
Like office keycands: you can
only enter reoms you have

pRrmission 1o BCCOES.

Froblem

When something goes wrong.
wr dhon't know what happened.

What It is
Logs mecond what happened

l:;) Analogy
Airplane black box:

records the flight so we can
understand what happened.

arounsd the model, Gunrdrails g Guardeails only to what the user is ."'Q"'L iz & — Doata f Tasls / prompl. retrieval, tool call, @ Q., g‘:g . @ i}
{valloate) fcheck) allowed to see. Usar Parmitiions Resources error, answer, latency, cost.

How it works @ é’_-} % @ {icbortity) (Roles 1 Policies) @ Prompt  Retrievsl  Tool Call  Answer  Latency Error

Validate inputs, constrain {é‘,} How it works {@} How it works Cost

behavior, check outputs, J, AuthN (who you are) « « Examples Log every important step

block o fix rieky content.

Interview cus

=

What guardralls would you add

Logs / Evaluation -

Common mistake

TAN

Relying only on the bato

Auth2 [what you can da),
Rowfald-level filters,
tanant isolation, encryplicn,

@ Intarviow cus
How do you madd Surd ulers

¥ Tenant & cannot see Tonant B's data.

¥ Uger A can see only thowr documents,
¥ Finance role can accoss budgets.

Common mistake
Hard -coding scceks

rubes

with Tirmestamps and D5,
Stere in a searchable place.

Intarview cue
What would you leg for

=

Log flalds

timestamp, weer_id, sessson_id, model, prompt, retreval _ids,

Common mistake

tool_calls, output, error, latency_ms, cost_usd

Legping toe [fttle (can't debug)

Sy et ot ot S R L O RN o st potche. this system? or too much (too noisy/costly).
Observabili i Cost
(31] ty € Evaluation Q) Aniogy (33] G Anviosy
’C;j Pro @ Analogy i Like grading a student Like clowd bille: depends on
: w7 Problam :
i 1 st vy o e 2o DRI N e e Cots co e e o e e o
i _ . e know what's happening, system i3 good? Dirmension Example metrics [(HLP roots) .
or where it foiled. Main cout drivers
Angwer quality Accuracy, F1, Exact Match, What it is
Fillars |
G} What it is : _‘ g-} ':h“ " h'" ) LLM-a5-Judge score @ LLM cost depends on @® < D Q ﬁ .
The ability to understand |,_.r\.";l L S Y ‘(;1 mmuun; a rw-: : LT -tr.w Grounding Context precision/recall, tokens, model cholce. number ke P Aatrivel
what the system did and vy, s : " :uhtr . ;’m‘ val m“ﬂ * Attribution scone of calle, retricval, toals, and [t et ] m cialls [k docsl MH‘II {m
Lot " HE'I':- B - ﬂf.mum'-
= Ritrieval qualkity Recali@k, MRR, NDCG Siar b Tt Sk
{@} How it works A sty e @} How it works Safety Toxitity, Pl leak, Policy violations @ M it ¥ Use smallerfcheaper models where possible.
Logs + makrics + traces + ¥ Retrioval quality ¥ Cost por request Use tast sets and sutomated Latency P50 / pBS / p99 latency Estimato, moasuns, and j E::T m“t':::t:m;“:“_‘w" e
dashboards + alerts. ency (pSO/pHS/poy) fmetl metrics + human reviee. colllia et coekiscushy context and retrieved docs,
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Common miztake
Optimiging only latency and
ignoring cost.

Intervicw cue
Horer would you aptimize
cost without hurting quality?

Common mistake
Building without wvisibility;
debugging becomes guesswork,

Commaon mistake
Only checking vibe; no neal
mEErics Or Test S0

Intarview cuo
Howr would you debug a
bad answer in production?

Intarviaw cue
What metrics would you track
for this use case?

S =

=

@ Latency s @ Deployment € Final interview answer
@ Production lifecycle
Frablom Like a restaurant: long menu, Problam
Lisars gt fruatrated when b"'-'5.'l' kitchen, or slow dn-li_w.re.ry A wyatem s useleds Lk
thiry weit 100 lond. rnakes you wait. il ir's not n production ;Q; — - - |ﬂ“ |I - 1?] - t i GenAl t . t
i or me, an enterprise GenAl system is no
Eﬁ What it is What Intreaies |atency @ What it = : 1 Dema 2 Towla 1 Deplejrmant A Maniboring 5 Familtiazh ’ . P ?5
Latency = how long the : Deployment = putting the oo ust calling an LLM.
e € P~ ’ v
user waits for an anewer. - - e -oaLt system into production.
By Mow it works i i s R ook o i deploy = put into produstion :: :ﬂ Pr:ﬂuﬂ It is designing a flow with context, tools,
- doploymant = roboste f ature Tiags CanAry reliates . . - -
Tactors asdd i
Many ssmputesng! e ipa i b vt permissions, guardrails, evaluation,
model speed, tools, infra, e & TN ¥ Health checks and alerts. observability, and cost/latency control
Follow & Sole raleads ¥  Monitar, learn, and improve. 2 i ;
Y ST SV O B e o m'm s so the system is useful and safe in production.
@ Inbbrview cuo Cosmman mistake E:] Interview cue Common mivtake
What would you de il latency Throwing Bigger models How would you deploy and Shipping tha st demo
in too hagh? at the problam. moanitar this syatem? straight to production.
Risk -+ Mitigation
Production pipeline (end-to-end) Safety B quality flow (summary) o j:qmm @ If | get stuck, say this
Hallucinations RAG = grosndding « eval I weould start simple!
— 1 = LLM f Tools # 3 E
@ - -~ E -2~ ul- u r‘xﬂ B T b B Mo | IS oot /oW Permission + gl loge ¢/ Safi the bt cane. AN
Input . 539 @ Dutput Logs / Todic / uncale output  Salety Filtere = policles . :“dmu;:";bl' O, ] S
Use case Dwesign Build Tests Deployment Manitoring 3 G : e o a 7 : z " a rails, ¥ -
& data (ow)  (LLM + tools) (eva)  (production] & logs m-m} "'"““‘ bk s s P o Optinlun irieme ot cachs s iy
+ : . obinrion IR i & mode: + tec * and only then scale with agents
o e e Low cuality sncwern Better contast + aval + foodback or more complex architecture,

Continuous improvement loap
Page 4 / 4



