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Machine	learning	system	design	interview

Given	text	here:	Machine	Learning	System	Design	Interviews:	Top	25	Questions	to	Evaluate	Your	Skills	A	machine	learning	system	design	interview	assesses	your	ability	to	develop	scalable	and	efficient	systems,	combining	technical	skills,	problem-solving,	and	system	thinking.	The	following	25	questions	cover	various	aspects	of	designing
recommendation	systems,	handling	data	imbalances,	optimizing	models,	and	integrating	machine	learning	into	real-world	applications.	1.	Design	a	system	for	real-time	recommendations	on	a	large	e-commerce	platform.	Consider	collaborative	filtering	techniques	and	integrate	Kafka	for	real-time	data	streaming,	Apache	Spark	for	processing,	and
deploy	the	model	on	AWS	with	periodic	retraining	using	the	latest	data.	2.	Explain	gradient	boosting	and	its	use	cases.	Gradient	boosting	is	an	ensemble	technique	that	adds	models	sequentially	to	correct	previous	errors.	It's	useful	in	scenarios	with	high	variance	and	bias,	like	predicting	customer	churn.	Use	it	where	predictive	accuracy	is	crucial	and
computational	resources	are	adequate.	3.	Compare	bagging	and	boosting	in	machine	learning.	Bagging	trains	multiple	models	in	parallel	on	different	data	subsets	and	averages	their	predictions	to	reduce	variance.	Boosting	trains	models	sequentially	to	correct	predecessor	errors,	primarily	reducing	bias.	Choose	bagging	for	stability	and	boosting	for
performance.	4.	Design	a	system	for	predicting	stock	prices	using	machine	learning.	Integrate	with	financial	markets	data	through	APIs,	use	LSTM	neural	networks,	and	run	the	model	on	a	cloud	platform	with	high-compute	capabilities	for	real-time	processing	and	predictions.	5.	Ensure	scalability	in	your	machine	learning	system	by:	Deploying
models	in	containerized	environments	using	Docker	and	orchestrate	with	Kubernetes	for	dynamic	scaling.	Build	data	pipelines	with	technologies	like	Apache	Kafka	to	prioritize	scalability.	6.	Discuss	trade-offs	between	SQL	and	NoSQL	databases	in	machine	learning	systems.	SQL	databases	provide	structured	data	storage,	powerful	queries,	and	data
integrity.	NoSQL	databases	offer	flexibility,	scalability,	and	prioritized	read/write	speeds.	Choose	the	best	database	for	your	application	based	on	specific	needs.	7.	Handle	missing	data	in	a	dataset	by:	Imputing	values	using	techniques	like	mean	or	median	imputation,	regression	imputation,	or	k-nearest	neighbors.	Consider	data	preprocessing	to
handle	missingness	effectively.	8.	Design	a	system	for	real-time	chatbot	conversations.	Integrate	natural	language	processing	(NLP)	with	machine	learning	models	and	deploy	on	cloud	platforms	for	scalability	and	real-time	interactions.	9.	Optimize	model	performance	using	techniques	like	hyperparameter	tuning,	early	stopping,	and	regularization.	10.
Explain	how	to	integrate	machine	learning	models	into	real-world	applications,	such	as	web	scraping	or	sentiment	analysis.	Missing	data	approaches	include	Imputation	(replacing	values	with	mean/median/mode),	Deletion	(removing	rows/columns),	and	Prediction	(using	other	data	points).	How	to	design	a	fraud	detection	system	using	machine
learning?	It	involves	Data	Collection,	Feature	Engineering,	Model	Training,	Deployment,	and	Feedback	Loop.	What	is	"Feature	Importance"	in	machine	learning	models?	It	refers	to	assigning	scores	based	on	how	useful	features	are	at	predicting	the	target	variable.	How	can	machine	learning	improve	demand	forecasting	accuracy?	By	incorporating
external	data	sources,	experimenting	with	different	models,	tuning	hyperparameters,	and	using	Ensemble	Methods.	How	do	you	train	a	machine	learning	model	on	large	datasets?	By	splitting	data	into	training/validation/test	sets,	using	batch	processing,	and	parallel	processing	across	multiple	nodes.	How	would	you	evaluate	the	performance	of	a
machine	learning	model?	Through	cross-validation,	performance	metrics	(accuracy,	precision,	recall),	and	A/B	testing.	What	is	the	use	of	Convolutional	Neural	Networks	in	image	recognition?	They	can	automatically	detect	important	features	without	human	supervision,	capturing	hierarchically	higher-level	features	for	tasks	like	facial	recognition	and
object	detection.	To	implement	a	context-aware	NLP	system,	I	would	utilize	BERT	(a	pre-trained	model)	to	analyze	text	relationships	and	nuances.	Given	text	here	Understanding	Contextualization	in	Machine	Learning	To	grasp	the	essence	of	a	word	within	a	sentence,	fine-tuning	is	essential.	Model	monitoring	and	scalability	are	critical	considerations.
Data	drift	detection	is	also	necessary.	Addressing	Underfitting	Underfitting	can	be	overcome	by	increasing	model	complexity	or	reducing	regularization.	Feature	engineering	can	also	aid	in	capturing	complex	relationships.	Data	Security	Ensuring	data	security	involves	encryption,	access	controls,	and	auditing.	Handling	Imbalanced	Data	Imbalanced
data	can	be	tackled	through	resampling,	synthetic	data	generation,	or	algorithmic	adjustments.	Deep	Learning	Challenges	Challenges	include	computational	resources,	model	interpretability,	and	large	data	requirements.	Anomaly	Detection	A	machine	learning	system	for	detecting	anomalies	in	network	traffic	would	involve	data	collection,	feature
engineering,	model	selection,	and	deployment.	An	alert	system	is	also	necessary	for	notification	purposes.	Supply	Chain	Optimization	Optimizing	supply	chain	operations	using	machine	learning	requires	data	integration,	model	training,	and	algorithmic	adjustments.	Predictive	analytics	can	be	applied	in	various	supply	chain	management	contexts	by
leveraging	regression	models	or	time	series	forecasting	to	anticipate	future	demand	and	supply	conditions.	Additionally,	optimization	algorithms	can	suggest	optimal	ordering	quantities	and	routing	of	deliveries.	Furthermore,	simulation	techniques	can	test	different	supply	chain	scenarios	and	their	outcomes.	Continuous	learning	can	refine
predictions	and	recommendations	based	on	new	data	and	outcomes.	To	improve	customer	retention,	a	machine	learning	approach	involves	analyzing	comprehensive	customer	data,	developing	a	churn	prediction	model	using	algorithms	like	XGBoost	or	Random	Forest,	and	identifying	feature	importance.	Targeted	intervention	strategies	for	customers
at	high	risk	of	churn,	such	as	personalized	offers	or	proactive	customer	support,	can	then	be	implemented.	Model	monitoring	can	ensure	the	adaptation	to	changing	customer	behavior	and	feedback.	To	enhance	search	engine	relevance,	one	can	collect	data	on	user	queries,	clicks,	and	feedback,	employ	natural	language	processing	techniques,	develop
relevance	models	using	RankNet	or	deep	learning	models,	and	incorporate	user-specific	and	context-specific	features	to	personalize	search	results.	Continuous	online	learning	algorithms	can	continuously	update	the	model	based	on	new	user	interactions.	In	a	subscription-based	service,	predicting	and	preventing	churn	involves	collecting
comprehensive	customer	data,	creating	predictive	features	from	raw	data,	utilizing	survival	analysis	or	classification	models	like	XGBoost,	and	implementing	targeted	interventions	for	high-risk	customers.	Model	evaluation	and	update	are	also	crucial	to	maintain	its	accuracy	over	time.	Machine	Learning	Professionals	Remain	in	High	Demand	Whether
pursuing	a	career	as	a	machine	learning	engineer	or	research	scientist,	acing	machine	learning	interviews	can	open	doors	to	dynamic	projects	and	fulfilling	careers.	However,	ML	interviews	differ	from	standard	software	engineering	ones,	testing	beyond	coding	proficiency	into	algorithms,	mathematics,	data	manipulation,	and	applied	problem-solving
skills.	Employers	expect	candidates	to	discuss	model	deployment,	maintenance,	and	scaling	in	production,	including	MLOps	or	advanced	system	design	for	model	inference.	To	prepare	for	these	interviews,	experts	have	compiled	30	real	coding	and	system-design	questions	that	aim	to	test	depth	of	knowledge	and	practical	know-how.	These	questions
cover	topics	from	linear	regression	to	distributed	training	strategies,	ensuring	candidates	can	demonstrate	technical	breadth	and	depth.	Employers	value	the	ability	to	produce	actual	results,	handle	complex	data,	and	articulate	design	and	deployment	decisions.	Given	text:	Cleaning	&	Preprocessing	Load	data	from	CSV	file,	standardize	dates,	and
impute	missing	values.	KNN	Implementation	Implement	a	basic	KNN	classifier,	computing	the	majority	label	among	k	nearest	points.	SQL	Query	for	Feature	Extraction	Write	a	SQL	query	to	aggregate	total	monthly	spending	per	user.	Binary	Classification	Metrics	Compute	precision,	recall,	and	F1	score	given	true	labels	and	predicted	labels.	Cross-
Validation	Implement	k-fold	cross-validation	for	a	linear	regression	model.	Gradient	Descent	Optimize	a	mean	squared	error	cost	function	using	batch	gradient	descent.	One-Hot	Encoding	Produce	an	array	that	one-hot	encodes	categorical	values.	Dimensionality	Reduction	(PCA)	Perform	Principal	Component	Analysis	on	a	dataset	with	n	features,
returning	the	top	k	principal	components.	Data	Pipeline	Construction	Write	a	Python	function	to	load	data,	split	it	into	train/validation/test	sets,	normalize	numeric	features,	and	return	the	splits.	A	collection	of	coding	and	system	design	questions	for	machine	learning	interviews	is	provided.	The	questions	cover	various	aspects	such	as	implementing	a
simple	neural	network	layer,	confusion	matrix	and	visualization,	balanced	sampling,	hyperparameter	tuning,	time	series	forecast	evaluation,	and	stream	processing	for	real-time	ML.	Additionally,	15	system	design	questions	are	listed	that	focus	on	data	pipelines,	model	serving,	and	large-scale	architecture.	The	coding	questions	include:	1.
Implementing	a	fully	connected	layer	with	ReLU	activation.	2.	Producing	a	confusion	matrix	from	given	arrays	of	true	labels	and	predicted	labels.	3.	Oversampling	or	undersampling	a	highly	imbalanced	binary	classification	dataset.	4.	Performing	grid	search	over	2	hyperparameters	using	cross-validation.	5.	Computing	Mean	Absolute	Percentage
Error	(MAPE)	for	time	series	forecast	evaluation.	The	system	design	questions	cover	topics	such	as:	1.	Data	ingestion	and	ETL	for	ML,	including	batch	vs.	streaming	ingestion	and	handling	data	quality	checks.	2.	Real-time	model	serving,	including	low-latency	inference	strategies	and	scaling	horizontally	with	load	balancers.	3.	Building	a	system	to
evaluate	user	queries	using	an	ML	model	in	under	100	ms.	These	questions	aim	to	assess	the	candidate's	coding	skills,	problem-solving	abilities,	and	knowledge	of	machine	learning	concepts	and	systems	design	principles.	You	need	a	centralized	repository	of	features	for	consistent	offline	training	and	online	inference.	Key	points	include	feature
computation	pipeline,	avoiding	training-serving	skew,	and	using	tools	like	Feast	or	custom	solutions.	Train	a	deep	learning	model	on	millions	of	images	requiring	multiple	GPUs	or	machines	and	discuss	data	parallel	vs.	model	parallel	strategies,	synchronising	gradients,	and	handling	checkpointing.	Construct	an	A/B	testing	infrastructure	to	compare
the	performance	of	two	ML	model	variants	on	live	traffic	and	split	user	requests	between	the	models,	collecting	metrics	and	calculating	statistical	significance.	Design	a	system	for	low-latency	predictions	in	edge	devices	using	model	compression,	on-device	inference	frameworks,	and	handling	intermittent	connectivity	updates.	Develop	a	multi-tenant
ML	platform	with	resource	isolation,	data	governance	and	versioning,	monitoring	usage	and	cost	for	each	team,	and	detect	data	drift	and	trigger	retraining.	Create	a	recommendation	engine	architecture	with	real-time	vs.	batch	approach,	collaborative	filtering	or	content-based	filtering,	and	a	data	pipeline	for	user	interactions.	Integrate	CI/CD
processes	into	an	MLOps	pipeline	with	tracking	experiments,	hyperparameters,	metrics,	automated	triggers	for	new	training	runs,	and	containerising	models.	Design	a	system	for	model	explainability	and	monitoring	with	techniques	like	LIME	or	SHAP	for	local	explanations,	logging	predictions,	and	threshold-based	alerts.	Build	a	real-time	fraud
detection	system	that	ingests	transaction	data	within	sub-50ms	windows.	High-throughput	ingestion	and	in-memory	inference/micro-batching	were	discussed	as	crucial	aspects	of	a	fraud	classifier.	Balancing	false	positives/negatives	was	also	emphasized	in	the	context	of	streaming	environments.	The	choice	between	cloud-based	or	on-premise
machine	learning	architecture	was	debated,	considering	cost,	security,	compliance	factors,	and	potential	hybrid	approaches.	A	comparison	between	data	lakes	and	warehouses	for	machine	learning	applications	highlighted	their	respective	pros	and	cons.	Integration	with	advanced	analytics	tools	was	also	discussed.	Techniques	for	deploying	large
language	models,	such	as	model	sharding	or	MoE,	were	examined	in	the	context	of	serving	requests.	To	succeed	in	machine	learning	job	interviews,	one	must	solidify	foundations	in	core	concepts	like	linear	algebra,	calculus,	probability/statistics,	and	fundamental	ML	topics.	Real-world	projects	involving	data	cleaning,	feature	engineering,	model
selection,	and	evaluation	are	essential	for	demonstrating	practical	skills.	The	ability	to	operationalize	solutions,	handle	drift,	and	refine	pipelines	is	crucial.	Interviewers	appreciate	examples	of	overcoming	constraints	and	debugging	training	jobs	or	handling	data	imbalance.	Familiarity	with	widely	used	frameworks	like	PyTorch,	TensorFlow,	scikit-
learn,	and	MLOps	platforms	like	MLflow,	Kubeflow,	or	DVC	is	also	essential.	System	design	skills	were	emphasized,	including	connecting	data	sources,	training	pipelines,	inference	endpoints,	and	monitoring	performance.	Understanding	key	metrics	for	different	tasks,	such	as	classification,	regression,	ranking,	or	recommendation,	enables	making
data-driven	decisions.	The	trade-offs	between	simpler	models	(explainability)	and	complex	ensembles	(better	performance)	were	discussed	philosophically.	The	key	to	acing	machine	learning	system	design	interviews	is	to	adapt	solutions	to	constraints	while	showcasing	communication	skills.	Highlight	teamwork,	stakeholder	alignment,	and	soft	skills
like	learning	from	feedback.	Demonstrate	genuine	interest	by	asking	insightful	questions	about	the	team's	approach	to	data	versioning	or	experiment	tracking.	With	a	holistic	perspective	combining	coding,	theoretical,	architectural,	and	communication	skills,	you'll	be	well-equipped	to	tackle	any	challenge.	1.	Understand	the	Problem	and	Set	Goals	To
develop	a	high-quality	dataset,	define	the	problem,	identify	system	requirements,	and	align	with	the	interviewer.	2.	Choose	a	Model	Architecture	Select	a	suitable	model	architecture	that	addresses	the	needs	of	the	core	ML	task	identified	in	Step	1,	such	as	recommendation,	regression,	classification,	generation,	or	ranking.	3.	Train	and	Evaluate	the
Model	Train	and	evaluate	the	selected	model	using	a	dataset	mapping	features	to	a	scalar	value,	categorizing	input	into	categories,	associating	input	and	output	space	samples,	predicting	order,	or	other	relevant	methods.	4.	Deploy	the	Model	Determine	how	to	deploy	the	model,	serve	it,	and	monitor	its	performance	considering	factors	like	accuracy,
performance,	traffic/bandwidth,	data	sources,	computational	resources,	and	constraints.	5.	Summarize	the	Solution	and	Considerations	Present	a	summary	of	the	proposed	solution,	highlighting	key	aspects	such	as	system	goals,	requirements,	and	potential	tradeoffs,	and	discuss	additional	considerations	that	would	address	with	more	time	or
resources.	Given	article	text	here	Metadata	and	data	quality	are	crucial	in	preparing	raw	data	for	use.	This	includes	understanding	the	condition	of	the	data	to	determine	necessary	pipelines	and	transformations.	For	example,	click	data	may	be	in	a	JSON	serialized	format,	while	user	metadata	is	directly	available	within	a	Postgres	account	table	but
must	be	handled	with	care	due	to	its	sensitive	nature.	1.	We	will	first	clean	and	preprocess	the	data	by	reading	it	in	its	raw	format,	deserializing	it,	and	finalizing	the	first	four	features:	age	group,	location,	an	array	of	favorite	artists,	and	an	array	of	last	listened-to	songs.	2.	To	ensure	data	privacy,	we	will	mask	Personal	Identifiable	Information	(PII)
such	as	date	of	birth	and	email	addresses,	and	parse	location	coordinates	to	convert	them	into	city	and	state.	3.	We	will	then	discard	any	unnecessary	fields	and	normalize	the	remaining	data	by	converting	everything	to	lowercase,	removing	spaces	and	punctuation,	and	formatting	timestamps	correctly.	4.	After	cleaning,	we	will	store	the	data	in	a
Postgres	database	for	further	processing.	5.	Next,	we	will	select	and	train	a	suitable	machine	learning	(ML)	model	based	on	the	type	of	learning	problem,	use	case,	simplicity,	and	practical	constraints.	6.	For	the	Spotify	example,	we	can	consider	using	traditional	recommendation	systems	like	collaborative	filtering	or	deep	learning-based	models,
depending	on	the	system	requirements	such	as	latency	or	memory	optimization.	7.	We	will	identify	suitable	model	architectures	that	meet	the	system	requirements	and	select	a	model	architecture	that	provides	enough	accuracy	while	considering	simplicity	and	practical	constraints.	The	key	to	building	an	effective	architecture	for	a	recommendation
system	is	to	strike	a	balance	between	different	trade-offs.	When	selecting	a	model,	it's	essential	to	consider	factors	such	as	data	availability,	training	efficiency,	and	accuracy.	For	instance,	a	simpler	neural	network	model	may	be	chosen	to	improve	training	performance	at	the	cost	of	increased	latency	during	inference.	In	the	Spotify	example,	a
straightforward	approach	is	taken	by	starting	with	a	simple	architecture	that	focuses	on	collaborative	filtering.	This	method	leverages	mutual	sharing	between	listeners	to	develop	trends	in	music	preferences.	The	simplest	model	generates	unique	feature	vectors	for	each	user,	which	are	then	scored	between	-1	and	1	to	represent	users'	preferences.
To	normalize	these	scores,	the	scoring	method	consolidates	them	into	a	single	number.	Each	item	is	also	scored	between	-1	and	1	based	on	its	popularity	and	plays.	This	allows	for	direct	comparison	of	users	across	different	scales.	The	resulting	user-item	matrix	is	then	computed	by	multiplying	feature	vectors	with	recommended	song	scores	and
applying	a	threshold.	The	threshold's	value	determines	the	level	of	precision	in	recommendations,	with	lower	values	yielding	more	information	but	also	potentially	less	accurate	results.	Conversely,	higher	thresholds	result	in	more	limited	recommendations	but	greater	accuracy.	Step	4	involves	selecting	a	model,	choosing	an	optimizer	algorithm,
defining	metrics	for	monitoring,	and	tuning	hyperparameters.	Training	plans	may	vary	depending	on	hardware	availability,	parallel	training	jobs,	data	distribution	across	devices,	and	specific	models	that	allow	fine-tuning	of	pre-trained	models.	In	the	Spotify	example,	the	training	process	involves	creating	user-item	matrices	through	featurizing	non-
numerical	data	and	code.	The	trained	model	generates	probabilistic	predictions	for	recommending	items	to	users.	Click	data	is	collected	as	positive	feedback	if	a	recommendation	is	clicked,	with	unclicked	items	considered	negative	feedback.	The	evaluation	plan	should	be	presented	to	an	interviewer,	considering	the	context	in	which	the	model	will	be
used	and	how	incorrect	predictions	might	impact	users.	Evaluation	standards	include	metrics	such	as	accuracy	(F1,	precision,	recall),	bias	(group	fairness),	calibration,	sensitivity/robustness,	among	others.	Changes	impact	model	predictions.	Comparing	against	simple	models	like	random	or	human	baselines	highlights	pros	and	cons	of	chosen
evaluation	metrics,	such	as	precision@k	versus	ndcg@k	for	ranking	tasks.	For	instance,	Spotify	uses	features	to	see	the	difference	in	positive	and	negative	recommendations,	indicating	feature	significance.	This	data	can	be	used	to	create	a	feature	weighting	algorithm	improving	collaborative	filtering.	Step	5:	Model	Deployment	Understanding	how
components	fit	together	is	crucial.	Address	key	points:	*	Deployment	Timing:	Choose	evaluation	metrics	and	testing	strategies	for	production	data	like	A/B	tests	or	shadow	deployment.	*	Model	Serving:	Decide	on	hardware	(remote	or	edge),	optimize,	and	compile	the	model,	and	plan	for	varying	user	traffic	patterns.	*	Monitoring:	Post-production
monitoring	is	vital.	Improve	performance,	benchmark	models,	decide	on	ground	truth	dataset,	indicators	for	model	performance	regression,	and	troubleshooting	tools.	In	the	Spotify	example,	this	step	involves	defining	metrics,	deploying	an	A/B	test	plan,	understanding	compute	and	storage	resources,	and	using	services	like	AWS	SageMaker,	Lambda,
and	Elasticache	to	train,	test,	and	serve	recommendations.	Step	6:	Wrap	Up	Review	problem	scope,	data	processing	pipeline,	training,	evaluation,	and	deployment.	Discuss	bottlenecks	and	tradeoffs,	scaling	the	system	for	more	data	or	inference/training	requests,	adjusting	models	and	data	processing	to	handle	distribution	shifts,	and	ending	with	a
high-level	overview	and	additional	considerations.	Given	article	text	here	To	recap,	we’ve	just	designed	a	high-level	system	to	recommend	artists	on	Spotify.	We	first	identified	our	data	sources	as	user	metadata	and	click	data.	We	then	opted	for	a	batch-based	system	to	process	the	data,	used	a	collaborative	filtering	model	to	score	each	user’s	feature
vectors,	and	collected	click	data	to	train	the	model.	We	then	discussed	the	factors	affecting	model	deployment,	such	as	engagement	and	compute	and	storage	resources.	Another	consideration	is	post-production	work.	Machine	learning	is	very	dynamic	since	incoming	data	changes	constantly.	This	affects	the	model	and	its	performance,	so	monitoring
and	observing	the	model,	data,	and	feature	drift	is	important.	Observing	the	model's	performance	is	essential	to	ensuring	we	meet	our	metric.	We	can	check	model	performance	constantly	by	observing	the	metric	we	are	testing	against	(churn).	Common	interview	mistakes	include	rushing	to	a	solution,	looking	for	the	"right"	answer,	defaulting	to
state-of-the-art	models,	overcomplicating	the	model,	and	overlooking	model	evaluation	and	validation.	When	preparing	for	interviews,	be	prepared	to	answer	a	mix	of	behavioral,	coding,	conceptual,	and	system	design	questions.	Practice	yourself	by	participating	in	mock	interviews	and	familiarizing	yourself	with	common	machine	learning	system
design	interview	questions.	1.	Design	product	recommendation	systems	for	companies	like	Meta,	Pinterest,	and	Spotify.	2.	Create	personalized	news	ranking	systems	for	Meta.	3.	Develop	a	product	ranking	system	for	Amazon	shopping.	4.	Implement	YouTube	Search	type-ahead	search	functionality.	5.	Detect	the	language	of	text	inputs	using	NLP.	6.
Classify	social	media	posts	by	topic	or	design	customer	support	chatbots.	7.	Design	fake	news	detection	systems	and	podcast	search	engines.	8.	Build	automated	comment	moderation	systems,	spam	detectors,	and	fraud-detection	systems	for	companies	like	Meta	and	Pinterest.	9.	Monitor	ML	performance	for	fantasy	sports	apps	and	TikTok.	10.	Predict
user	behavior	after	product	updates	using	machine	learning.	11.	Develop	visual	search	functionality	for	Pinterest.	12.	Design	blurring	filters	for	Google	Street	View.	13.	Create	shape-detection	systems	and	automatic	recycling	bin	functionality.	14.	Communicate	with	banks	using	time-series	data.	15.	Make	stock	predictions	from	Reddit	comments
using	a	machine	learning	system.	16.	Design	TikTok's	"For	You"	page	and	"people	you	may	know"	systems.	17.	Evaluate	ads	ranking	and	create	YouTube	advertising	systems.	18.	Develop	interview	tips	for	tackling	the	broad	topic	of	machine	learning	system	design.
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