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1. gt

Machine Learning (I41d SF(S WINAT AYFIIS dataset N8, model train 33,
accuracy Mt Q3R hyperparameter tune F 1 SIteAT score QT A TW—IFIGT FI|

g industry-(s s @RI 1, 9F6 It Machine Learning model Q3% a3f6 Sitat
Machine Learning system a3 f&fas 7371

Notebook-& model 95% accuracy fits #iitg, g production-a prediction fite
72 second ST fATS #CF1 Training-a3 feature real-time prediction-93 SN 71-8
ST (T A1t Traffic IMGTe database slow 3o 211t Model service down 3
application-a3 wgsef feature IF O 2T | WRIT model OF JI 2178 WANT NS
Fier TR [ F—I68 track T 23

Q3 ST (A3 8 37 ML System Design & Production Engineering|

Production-a &% &g “&@H model IIRZF FAI?" T & tA—model-BrE
JeI fast, scalable, reliable @32 useful service REIE BT 7R?

1.1. Model Atk System
93T6 production ML system design FICS MYIFITS QAT ATHT T&F MIFIK:

* Prediction ¥ we e 3J?

Peak traffic T© Q3 traffic IrGT Bt I?

* Online feature (YT (YTF AT QIR F9 fresh (O I?

« Training @ serving-4 feature @F3SIJ calculate 3oz 6 71?7

« Model unavailable 3¢ fallback Ft 23?

« New model safely deploy @38 compare F1 (I FeIF?

Data drift It model performance degradation eI detect II?

93 2T notebook-level ML (/T production engineering-& Sieiml |

1.2. @3f6 Recommendation System futa 3t

g3, 96 food delivery app-a3 & personalized restaurant recommendation
system (Sf3 9o 231 Model iRGTE collaborative filtering, embedding 3T ranking
model IR FT (T AT | Offline evaluation-4 Recall@K I NDCG ST (JT9 AR

] production system-a3 =198 fF% constraint Witx:

* Recommendation 150 ms-aF Jy YIS S|

* Platform-9 S e user 8 TS A4 restaurant/menu item SR
* Peak hour-@ &ifS second-a I&IF IS request |

* Y open IR user-a9 location-4 deliverable restaurant (¥ItS 3|

* Model fail 918 home page blank J14T I 7|

o3 AfSG request-a 1K item score T practical T QFf6 &K online flow:

User Request
.



API / Gateway
i

User & Context Features
l

Candidate Generation
1

Availability Filters
i

Ranking Model
1

Business Rules
)

Top Results

Background-a data 8 model lifecycle-8 te:

Clicks / Orders / Events
i
Data Pipeline
1
Feature Generation
i
Model Training
l
0ffline Evaluation
i
Model Registry
l
Deployment
.
Monitoring

Model #dt system =%; aft data, feature, API, storage, infrastructure,
business rules @3k monitoring-a3 S5 Y& /6 component|

1.3. &4 Interview-a fgafo wwge?

ML Engineer, Al Engineer, Applied Scientist It Senior Data Scientist role-a3
interview-a 8¢ model train FJIF WFoT (ML ] 11 Interviewer GINCS 51N candidate
fRes Rgrete e «iEw [ A

* scale Q3R latency requirement;

+ offline 8 online computation-a3 boundary;

+ cache, queue Q3R database-aF AWIG;

+ safe deployment 8 rollback strateqgy;

+ failure handling 8 graceful degradation;

* logging, monitoring @3X retraining loop;

* accuracy, latency, freshness, reliability 8 cost-a3 trade-offl



93 IZCIF o155 architecture JUg FAAT FI; problem (AT structured way-cS {531
AT OIS CofF T

1.4. Traditional System Design-a3 5its <3y

Traditional System Design-43 database, cache, load balancer, message queue,
replication, sharding @3g distributed systems—sR3 ML Engineer-Q3 &= IR |
ML system-4 a3 S5 WIS 5% concern (It 7T

* Feature computation 8 freshness

+ Offline @3} online feature consistency

+ Training-serving skew

* Batch 8 online inference

+ Candidate generation @3% ranking

* Model registry 8 deployment

+ Data drift @3 concept drift

* Feedback loop, delayed label 8 retraining

o3 @33 recommendation architecture-a Backend Engineer API 8 database
scaling 9t ©173+; ML Engineer-& @33 3% candidate, feature freshness, model
quality @3] feedback bias fRt8 SIt® 3@[|

1.5. Technology 7, Problem futa %

Requirement 7T I “Kafka, Redis, Kubernetes, Spark” I« a6 common mistake!
Technology-a3 919 architecture-a< justification I AT GO AS:

Traffic 8 data volume &7

+ Real-time result JfS78 IR 5 [1?
Acceptable latency 8 availability 97

« &M failure business-a3 G} T FfoFa?

Requirement
1
Constraint
1
Trade-off
1
Architecture
i
Technology

Problem 8 constraint #IfX®F 31 $2IY& technology @(% (ST =& =7

1.6. Production Engineering 3teTl Trade-off-ag ¢4«
&34, 76 model TT:

Model A Model B

Accuracy = 94% Accuracy = 95%
Latency = 40 ms Latency = 900 ms
Cost = Low Cost = 8x higher

6 gt



@Hf6 It —aF Ted FINT “Model B” 311 Fraud detection-a 1% improvement-
97 financial value 3T (e #i1tF | g search autocomplete-a 900 ms latency user
experience 98 FICo AF | 7S business goal 8 constraint-a3 $21F R$3 S|

Production ML-& common trade-off:

* Accuracy 19 Latency

* Latency 3915 Throughput

* Freshness 3917 Cost

* Recall 391 Serving Time

* Personalization 919 Cacheability
* Reliability 391 Infrastructure Cost
« Complexity 3919 Maintainability

Strong interview answer 8 final architecture Ite1 1; (1 trade-off-a3 FAT GG
(TR (ST R, ©ON8 I P

1.7. Failure F1SIf3S 4t Design 39

Production-@ server crash, network timeout, database lag, missing feature I
external API failure S5CS 2ItA | ©1% O WGy oF:

a3 component fail FICT user B AU GIR system FIOIK BAE?

TSI

+ Recommendation model unavailable — user-a3 area-3 popular items
* ETA model unavailable — map ETA + historical median
* Fraud model unavailable — rule-based risk check

AtF Graceful Degradation I 21 Full intelligence #M8IT 9T (ITe18 service (T9
Ao FfTe FF useful IFT A

1.8. 9% I8 I TAI?

9% I3 Machine Learning Engineer, Al Engineer, Data Scientist, Applied ML
Engineer, ML-focused Software Engineer Q3% production ML fr4te siadt student-
MF G351 Basic Machine Learning @I I¢e discussion follow a1 3RG1 X(J;
distributed systems-a3 advanced knowledge S(o3 ATATGH (3|

1.9. FoitT I3 *rora=?
Definition Y2 71 FF AST concept-&F IWI system-aF 5 Nfetg (rg:

+ Traffic 10x 2CeT AN bottleneck &I NI?

+ Model 500 ms fAteT 100 ms target FISII ST FIEA?

* (P9 result cache F3T TI?

« Training 8 serving feature SIAMI X(A BT STH 3(I?

« Input data IMCeCy, FIF model LRI ER—I IO JAHRA?

Food Delivery, Search, Recommendation, Fraud, ETA It Chatbot— It #if5foe
system &3 58T FCT conceptSTat connected architecture RGIR 471 M|



Interview question (9IteT @3 flow IR FHA:

. Requirement 8 scope

. Scale @ constraints

ML objective 8 metrics

Data 8 feature pipeline
Model training 8 evaluation
Online serving 8 latency
Scaling 8 storage

Failure 8 fallback

. Logging 8 monitoring

10. Deployment @8 retraining

O© 00 NO UL~ WN B

afS exact answer 7F; discussion organized J141F framework|

1.10. Chapter Summary

Machine Learning r<1s S1eid prediction (ofF 909 21 ML System Design
AT 13 prediction-& IBI Ao FroT fast, scalable, reliable @3]
maintainable service-@ e TS 27|

PIqS! chapter-4 WINAT &% FI] 516 fundamental concern AT Scalability,
Latency, Throughput Q32 Reliability!|

8 gt



2. Scalability, Latency & Reliability Fundamentals
9B production system design T &St BIRIG 2% AfRw Faco 37

Workload IIGtat system FSIR scale FAE?

+ QB request-aF response FS FS AK?

- T3’ STCT system F© request handle FICS AFR?
* Failure 3te18 service 96! dependable NFI?

9% chapter-a Availability, Fault Tolerance, High Availability @32 SLI-SLO-SLA-Q3
IS TRETSIE 2T 2|

2.1. Scalability — Workload IGtet System FISITI 5e1C3?

Business 3T X1 user, request 8 data-ax sifer qTT1 @3 workload acceptable
latency, reliability 8 cost-93 Jt43 handle 19 wwi3 Scalability |

1,000 requests/minute
I Business Growth
100,000 requests/minute

8Y WIS server (5T FA3 system scalable =T 11 Algorithm, database, data
pipeline @32 ML inference path-&8 3T workload-a3 SoTIr4 3co 37|

2.1.1. ML System-4 Scalability

5 million products tet &ifS6 request-a 9 product heavy model it score Tt
slow 8 expensive | S13 FIGTG TS 13 stage-4 It FIT 3T

5 Million Products
]
Candidate Generation
i
500 Relevant Candidates
1l
Ranking Model
i
Top 20 Recommendations

Candidate generation %% relevant set (I3 | Expensive ranking model 8¢ 13
set score I QANH scalability infrastructure @3] algorithm—my3 SIS

Interview-ready Definition

Scalability XCeTT users, data T traffic IRGCeT8 acceptable latency, reliability @3
cost TGy (J¥ workload handle 1K 59T |

2.2. Vertical vs Horizontal Scaling

Capacity IS 36 common ST Wit |

2.2.1. Vertical Scaling — Scale Up

Existing machine-a3 CPU, RAM T hardware capacity ISt Vertical Scaling It |



8 CPU, 16 GB RAM
1 Upgrade
64 CPU, 256 GB RAM

S Gemmers sxer| fFg @6 machine-ad physical limit @11ty high-end hardware-
A cost T T IR machine fail T single point of failure TS |

2.2.2. Horizontal Scaling — Scale Out
Q3B machine =GN FI1F I WA machine st FAT Horizontal Scaling|l

Users
{

Load Balancer
{

S1 S2 S3

Traffic G server (5T FAT | S request distribution, shared state, data
consistency, failure handling 8 database bottleneck-43 stSr distributed-system
complexity ¢ofF =31

Vertical Scaling — Machine *f&=Ieit 5|
Horizontal Scaling — Machine-a3 31431 IIGITHT|

Large-scale system-a horizontal scaling &fr flexible, 7@ complexity & Sw
architecture IV 73 F5fS3 I I

2.3. Latency — Q36 Response (TS T© 0T SAITsH?
Request ATSITAT (ITF response g ST 218 I Latency I«T 371

Request
)
Recommendation API
i
80 ms
i
Response

Model accurate (18 required time-a3 W&y prediction TS 1 #11FteT online use
case-aQ (TG practical 18 3CS |

Model A Model B
Quality = Very High Quality = Slightly Lower
Latency = 5 seconds Latency = 100 ms

Interactive recommendation-a3 &=y Model B & useful s #1ta1 ©13 quality Q3R
response speed Q303 evaluate FICS XTI

2.3.1. Average 9, Percentile Latency
Average latency slow user experience FFITS I BI% p50, p95 8 p99 AT T

10 SCALABILITY, LATENCY & RELIABILITY FUNDAMENTALS



p50 80 ms - 50% request 80 ms A I
p95 300 ms - 95% request 300 ms qA I
p99 = 900 ms - 99% request 900 ms A I

p95 8 p99 slow requests T tail latency JITS AR FI| Percentile-a3 I time
window @3 traffic volume-8 Sty 1 GitS|

Interview-ready Definition

Latency 2T Q316 request process B response RERIGT Mo system-ag (7 515731
&7 Production-@ average-ad A= p50, p95 8 p99 il =

2.4. Throughput — RfWE STy T T 79?

Throughput & @G system Rfig I <G F© request 3T task process FACS
AT Web service-q @ft stigiges RPS—Requests Per Second—Mmea 2= 1 =7

10,000 requests/second
10,000 RPS

Throughput

2.4.1. Latency vs Throughput

Latency — a6 request © %o complete 3J?
Throughput — =i SN (16 F© request complete 3?

Restaurant-Q QFe customer AT (TS 10 HAG Worsr F3a7 1B latency-a3
TTol| Restaurant O3 61T 300 order serve FICA GG throughput-a3 NCSt|

Capacity-a3 QM traffic at& queue (SfF =I; U7 throughput limit-a7 FIRCS
observed latency-8 JITGI ML serving-a batching throughput Ireite 1R, g
batch sjef @I W latency IFGITS AT

Interview-ready Definition

Throughput 2T QFfG system W TR J0&3 GG T request T task process
IO AT | Web system-a aft ST&IFers RPS T &6 517 237

SCALABILITY, LATENCY & RELIABILITY FUNDAMENTALS 11
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