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1.	Introduction

Artificial	 intelligence	 chatbots	 went	 from	 a	 niche	 research	 curiosity	 to	 something	 hundreds	 of	 millions	 of	 people	 use	 every
single	day	 in	the	span	of	about	two	years.	For	most	people,	"AI"	now	means	typing	a	question	 into	a	box	and	getting	back	a
fluent,	confident-sounding	answer.	But	underneath	 that	simple	 interface	 is	a	genuinely	complicated	stack	of	 ideas:	statistics,
linear	algebra,	decades	of	research	into	language,	and	a	surprising	amount	of	trial	and	error.

This	guide	is	written	for	someone	who	uses	chatbots	regularly	but	wants	to	actually	understand	what	they	are	talking	to.	Not
the	marketing	version.	Not	the	panic-headline	version	either.	The	real,	practical	version:	where	this	technology	came	from,	how
it	works	well	enough	that	you	can	reason	about	its	limits,	how	to	talk	to	it	effectively,	how	to	build	a	small	one	yourself,	whether
you	can	run	one	on	your	own	hardware,	and	—	probably	most	 importantly	—	how	to	use	these	tools	without	quietly	handing
over	your	own	ability	to	think.

You	don't	need	a	computer	science	background	to	follow	this.	Where	something	technical	shows	up,	it's	explained	the	way	you'd
explain	it	to	a	smart	friend	who	has	never	opened	a	terminal.	By	the	end,	you	should	be	able	to	look	at	"AI"	the	category	and



actually	break	it	apart	into	its	pieces:	this	is	a	chatbot,	this	is	an	image	generator,	this	is	a	search-augmented	assistant,	this	is
an	agent,	this	runs	in	the	cloud,	this	could	run	on	your	laptop,	this	is	a	solved	problem,	this	is	still	mostly	guesswork.

2.	A	Short	History	of	Chatbots	(Before	and	After	ChatGPT)

It's	easy	 to	assume	chatbots	started	with	ChatGPT	 in	 late	2022.	 In	reality,	 the	 idea	 is	decades	older,	and	understanding	 the
earlier	attempts	tells	you	a	lot	about	why	modern	chatbots	behave	the	way	they	do.

ELIZA	 (1966).	 Built	 by	 Joseph	 Weizenbaum	 at	 MIT,	 ELIZA	 is	 generally	 considered	 the	 first	 chatbot.	 It	 didn't	 understand
language	at	all	—	it	used	pattern	matching	and	canned	rules	to	simulate	a	psychotherapist,	mostly	by	rephrasing	whatever	the
user	typed	back	to	them	as	a	question.	("I	am	feeling	sad"	would	prompt	"Why	do	you	say	you	are	feeling	sad?")	What	surprised
Weizenbaum	was	how	many	people	treated	ELIZA	as	if	it	genuinely	understood	them,	even	after	being	told	it	was	just	following
scripted	rules.	That	effect	—	people	attributing	understanding	to	a	system	that	has	none	—	still	matters	today	and	has	a	name:
the	ELIZA	effect.

PARRY	 (1972).	 A	 follow-up	 system	 designed	 to	 simulate	 a	 person	 with	 paranoid	 schizophrenia,	 used	 partly	 for	 psychiatric
training.	Still	rule-based,	but	more	elaborate	in	its	internal	"state"	than	ELIZA.

Rule-based	and	decision-tree	bots	(1980s–2000s).	For	decades	after	ELIZA,	most	chatbots	—	from	early	customer	service
bots	 to	AOL	 Instant	Messenger	bots	 like	SmarterChild	—	worked	 the	 same	basic	way:	a	 large	 set	of	hand-written	 rules	and
pattern	matches,	sometimes	combined	with	keyword	spotting.	They	could	feel	impressive	within	a	narrow	range	of	topics	and
would	break	down	completely	outside	it.	This	era	also	produced	the	Turing	Test	as	a	cultural	benchmark,	and	periodic	claims	of
chatbots	"passing"	it,	most	of	which	relied	on	tricks	(like	Eugene	Goostman	pretending	to	be	a	13-year-old	non-native	English
speaker	to	excuse	its	mistakes)	rather	than	genuine	understanding.

Statistical	and	retrieval-based	systems	(2000s–2010s).	As	search	engines	and	machine	learning	matured,	chatbots	started
using	 statistical	 methods:	 retrieving	 the	 most	 relevant	 pre-written	 answer	 from	 a	 large	 database,	 or	 using	 shallow	 machine
learning	 to	 classify	 what	 a	 user	 wanted	 (an	 "intent")	 and	 respond	 accordingly.	 This	 is	 the	 era	 of	 early	 Siri,	 Alexa's	 original
architecture,	and	most	corporate	"virtual	assistants"	—	genuinely	useful	for	narrow	tasks	(set	a	timer,	check	the	weather)	but
not	conversational	in	any	deep	sense.

The	neural	network	shift	(2013–2017).	Machine	translation	and	speech	recognition	started	improving	rapidly	using	neural
networks,	particularly	a	design	called	the	recurrent	neural	network	(RNN)	and	later	a	variant	called	LSTM.	These	could	process
sequences	of	words	and	started	to	produce	noticeably	more	fluent,	if	often	bland,	text.	This	period	matters	because	it	set	up	the
key	insight	that	would	arrive	in	2017.

The	 Transformer	 (2017).	 Researchers	 at	 Google	 published	 a	 paper	 called	 "Attention	 Is	 All	 You	 Need,"	 introducing	 the
transformer	 architecture.	 Instead	 of	 processing	 text	 strictly	 word	 by	 word	 in	 order,	 transformers	 use	 a	 mechanism	 called
"attention"	that	lets	the	model	weigh	the	relevance	of	every	word	in	a	passage	against	every	other	word	simultaneously.	This
turned	out	to	be	dramatically	more	efficient	to	train	at	scale	and	dramatically	better	at	capturing	long-range	relationships	in
language.	Nearly	every	major	chatbot	today	—	GPT	models,	Claude,	Gemini,	Llama,	and	others	—	is	built	on	some	variation	of
this	architecture.

GPT-1,	GPT-2,	GPT-3	(2018–2020).	OpenAI	released	a	series	of	"Generative	Pre-trained	Transformer"	models,	each	 larger
than	the	last,	trained	on	huge	amounts	of	text	scraped	from	the	internet,	books,	and	other	sources.	GPT-2	(2019)	was	initially
withheld	from	full	public	release	over	concerns	about	misuse,	which	looks	almost	quaint	in	hindsight	given	what	followed.	GPT-
3	(2020),	with	175	billion	parameters,	was	the	first	model	of	this	lineage	genuinely	good	enough	to	write	coherent	essays,	code,
and	 conversation	 across	 a	 huge	 range	 of	 topics,	 but	 it	 was	 accessed	 mostly	 by	 developers	 through	 an	 API,	 not	 the	 general
public.

InstructGPT	and	reinforcement	learning	from	human	feedback	(2022).	A	crucial	and	underappreciated	step:	raw	GPT-3
was	good	at	predicting	the	next	word,	but	bad	at	reliably	following	instructions	or	refusing	harmful	requests.	OpenAI	trained	a
version	 called	 InstructGPT	 using	 human	 feedback	 to	 fine-tune	 the	 model's	 behavior	 —	 essentially,	 humans	 ranked	 different
possible	responses,	and	the	model	was	trained	to	produce	more	of	what	humans	preferred.	This	technique,	called	RLHF,	is	a	big
part	of	why	chatbots	feel	helpful	and	conversational	rather	than	just	autocomplete.

ChatGPT	(November	30,	2022).	OpenAI	released	a	 free,	easy-to-use	chat	 interface	built	on	a	 fine-tuned	GPT-3.5	model.	 It
reached	an	enormous	number	of	users	within	days.	 It	wasn't	 the	biggest	 technical	 leap	 in	 the	sequence	above	—	 it	was	 the
packaging:	a	free,	simple,	conversational	interface	that	made	the	underlying	capability	legible	to	non-technical	people	for	the
first	time.	This	is	the	moment	"AI	chatbot"	entered	everyday	vocabulary.

The	competitive	era	(2023–present).	ChatGPT's	success	triggered	rapid	competition.	Google	released	Bard,	later	rebuilt	and
renamed	Gemini.	Anthropic,	founded	by	former	OpenAI	researchers	with	a	specific	focus	on	AI	safety,	released	Claude.	Meta
released	the	Llama	family	as	openly	downloadable	("open-weight")	models	rather	than	something	accessed	only	through	an	API,



which	kicked	off	a	large	ecosystem	of	locally-run	and	fine-tuned	variants.	Microsoft	integrated	GPT-based	models	into	Bing	and
then	rebranded	that	assistant	as	Copilot.	Chinese	labs	 including	Alibaba	(Qwen),	DeepSeek,	and	others	released	increasingly
capable	open-weight	models,	some	of	which	became	notable	for	strong	performance	relative	to	their	training	cost.	xAI	released
Grok.	Mistral,	a	French	lab,	focused	on	efficient	open-weight	models.	Each	new	generation	added	capabilities:	longer	context
windows	(how	much	text	a	model	can	"remember"	within	a	conversation),	multimodal	input	(understanding	images,	and	later
audio	and	video,	not	just	text),	tool	use	(letting	the	model	search	the	web,	run	code,	or	call	other	software),	and	more	recently,
"reasoning"	models	that	are	trained	to	work	through	problems	step	by	step	before	answering,	trading	speed	for	accuracy	on
harder	tasks.

Why	hardware	matters	to	this	story.	None	of	the	above	would	have	been	practical	without	a	parallel	hardware	shift.	GPUs	—
chips	originally	built	to	render	video	game	graphics	—	turned	out	to	be	extremely	well	suited	to	the	kind	of	massively	parallel
matrix	math	 that	 training	and	running	neural	networks	requires,	 far	better	suited	 than	 traditional	CPUs,	which	are	built	 for
doing	one	thing	at	a	time	very	fast	rather	than	many	things	at	once.	Companies	like	Nvidia,	whose	chips	became	the	default
hardware	for	AI	training,	went	from	a	gaming-hardware	company	to	one	of	the	most	valuable	companies	in	the	world	largely	on
the	back	of	this	shift.	This	matters	for	understanding	why	AI	capability	jumps	have	often	lined	up	with	hardware	generations,
and	 why	 "how	 much	 compute	 was	 used	 to	 train	 this"	 has	 become	 a	 genuinely	 meaningful	 way	 researchers	 compare	 model
generations	to	each	other.

The	throughline	across	this	whole	history	is	worth	noticing:	chatbots	didn't	get	smart	all	at	once.	They	got	fluent	long	before
they	got	reliable,	and	they	got	reliable	in	narrow	domains	long	before	they	got	reliable	in	general.	That	gap	between	sounding
right	and	being	right	is	the	single	most	important	thing	to	understand	about	every	chatbot	you	will	ever	use,	and	it's	a	theme
this	guide	will	keep	coming	back	to.

3.	Types	of	AI	Chatbots

"Chatbot"	has	become	a	catch-all	term,	but	the	systems	hiding	behind	that	word	work	in	genuinely	different	ways.	It	helps	to
sort	them	into	categories.

Rule-based	chatbots.	 These	 follow	 scripted	 decision	 trees:	 if	 the	 user	 types	X,	 respond	with	 Y.	 Still	 extremely	 common	 in
customer	service	widgets	on	websites.	Cheap	to	build,	predictable,	but	brittle	—	they	fail	hard	the	moment	a	conversation	goes
somewhere	the	designer	didn't	anticipate.	You	can	usually	spot	one	quickly	because	it	offers	you	a	fixed	menu	of	button	options
rather	than	free-form	conversation.

Retrieval-based	chatbots.	Instead	of	generating	new	text,	these	search	a	database	of	pre-written	responses	or	documents	and
return	the	best	match.	Many	early	virtual	assistants	and	FAQ	bots	work	this	way.	They're	safe	(they	can't	say	something	nobody
wrote)	but	limited	to	what's	already	in	their	database.

Generative	 chatbots	 (large	 language	 models).	 This	 is	 what	 people	 mean	 today	 when	 they	 say	 "AI	 chatbot"	 without
qualification	—	ChatGPT,	Claude,	Gemini,	and	similar	systems.	Rather	than	retrieving	a	pre-written	answer,	they	generate	new
text	one	piece	at	a	time,	predicting	what	should	come	next	based	on	patterns	learned	from	enormous	amounts	of	training	text.
This	 is	 why	 they	 can	 answer	 questions	 nobody	 ever	 wrote	 down	 verbatim,	 write	 original	 content,	 and	 hold	 open-ended
conversations	—	and	also	why	they	can	fluently	generate	something	confidently	wrong,	since	nothing	in	the	process	checks	the
output	against	ground	truth	by	default.

Multimodal	chatbots.	A	newer	category	(though	rapidly	becoming	the	default)	that	can	take	in	and	sometimes	produce	more
than	 just	 text	—	 images,	audio,	 sometimes	video	or	documents.	You	can	show	a	photo	of	a	broken	appliance	and	ask	what's
wrong,	or	hand	over	a	spreadsheet	and	ask	for	analysis.

Voice	assistants.	Siri,	Alexa,	and	Google	Assistant	predate	the	current	chatbot	wave	and	were	historically	built	on	narrower,
intent-classification	systems	rather	than	full	generative	models,	though	newer	versions	increasingly	incorporate	large	language
models	underneath.	They're	optimized	for	short,	task-oriented	commands	rather	than	open-ended	conversation.

Agentic	AI	/	AI	agents.	The	newest	category.	Rather	than	just	answering	a	question	in	a	chat	window,	an	agent	is	given	a	goal
and	some	tools	—	web	browsing,	code	execution,	file	access,	other	software	—	and	works	through	multiple	steps	on	its	own	to
accomplish	something,	checking	 its	own	progress	along	the	way.	This	 is	 the	direction	most	of	 the	 frontier	 labs	are	currently
pushing:	assistants	that	don't	just	talk	about	a	task	but	actually	do	parts	of	it.

Domain-specific	 /	 fine-tuned	chatbots.	Many	businesses	build	 chatbots	 on	 top	 of	 an	 existing	general-purpose	model,	 but
narrow	 its	 behavior	 and	knowledge	 to	 a	 specific	 use	 case	—	a	 legal	 research	assistant,	 a	medical	 information	bot,	 a	 coding
assistant,	 a	 customer	 support	 bot	 trained	 on	 one	 company's	 documentation.	 These	 use	 the	 same	 underlying	 technology	 as
ChatGPT-style	bots	but	with	guardrails	and	extra	context	aimed	at	one	job.
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