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Recap:	Why	Do	We	Want	Reinforcement	
Learning
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SFT

ImitaKon	external	data	
Performance	limited	by	external	data

RL	

Maximize	reward	rather	than	imitaKon		
The	model	may	surpass	humans	(e.g.,	AlphaGo)
-



Review:	REINFORCE	/	Policy	Gradient
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ĝ = Ex→pω(x)R(x)→ω log pω(x)

How	to	implement?



Review:	REINFORCE	/	Policy	Gradient

3

<latexit sha1_base64="M6L7ndo78JNh8H+XhMNLZfyLsnI="></latexit>
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ĝ = Ex→pω(x)R(x)→ω log pω(x)

How	to	implement?

ObjecKve	=	

<latexit sha1_base64="ZPZlXaRuPZFtgvGazt2t7yXZF7k="></latexit> n∑

i=1

1

n
R(x(i)) log pω(x

(i))
<latexit sha1_base64="WB76QHwCxgr8OeTZt7BK//siQJ4="></latexit>

x(1), ..., x(n) → pω(x)

This	objecKve	looks	kinda	like	weighted	log	likelihood	maximizaKon?

What	is	different?



Review:	REINFORCE	/	Policy	Gradient

3

<latexit sha1_base64="M6L7ndo78JNh8H+XhMNLZfyLsnI="></latexit>
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How	to	implement?

ObjecKve	=	
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(i))
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x(1), ..., x(n) → pω(x)

This	objecKve	looks	kinda	like	weighted	log	likelihood	maximizaKon?

What	is	different?

1. Have	a	weight	of	R(x)
2. The	data	x	is	sampled	from	the	model	itself,	not	from	a	staKc	dataset



CollecBng	high-quality	Human	
Feedbacks	maJers	a	lot,	but	not	easy
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Human	Feedback	is	Precious
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Many	products	already	track	our	
feedback	to	help	improve	the	models



RLHF:	Human	AnnotaBon	MaJers	
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How	you	annotate	the	reward	
model	training	data	will	
subsequently	decide	the	model	
behaviors6



Crowdsourcing	is	difficult
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--↳ from strangers at scale
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Crowdsourcing	is	difficult
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Nowadays,	many	annotators	just	use	LLMs	to	annotate	to	make	money…
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Crowdsourcing	Ethics
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Crowdsource	Biases
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RLAIF	—	When	the	Feedback	is	from	AI
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RLAIF	—	ConsBtuBonal	AI
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Anthropic.	ConsKtuKonal	AI:	Harmlessness	from	AI	Feedback.	2022

Dewalt



Challenges	of	RL(HF)
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ObjecKve	=	

<latexit sha1_base64="ZPZlXaRuPZFtgvGazt2t7yXZF7k="></latexit> n∑
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n
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x(1), ..., x(n) → pω(x)

Training Inference

Each	training	step,	the	algorithm	needs	to	run	inference	again
Inefficient

The	original	RL	is	called	“on-policy”	because	the	training	data	is	from	the	dynamic	
policy	itself.	SFT	is	like	“off-policy”	where	the	training	data	is	from	a	fixed	distribuKon
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ObjecKve	=	
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x(1), ..., x(n) → pω(x)

Training Inference

Each	training	step,	the	algorithm	needs	to	run	inference	again
Inefficient

Off-policy	algorithms	will	typically	be	easier	to	apply,	more	efficient	and	stable,	with	
performance	compromise,	which	we	will	talk	a	bit	later
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LLM	Scaling	Laws	
(for	pretraining)
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The	BiJer	Lesson
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The	BiJer	Lesson
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The	BiJer	Lesson
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“The	biger	lesson	is	a	claim	in	arKficial	intelligence	that,	in	the	long	run,	simpler	
systems	that	can	scale	with	available	computaKonal	power	will	outperform	more	
complex	systems	that	integrate	domain-specific	human	knowledge“--
-
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The	BiJer	Lesson
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Language	Model	Scaling	Law
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Kaplan	et	al.	Scaling	Laws	for	Neural	Language	Models.	2020

Required	compute,	dataset	and	parameters	need	to	increase	exponenKally
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Power	Law	for	Language	Model	Scaling
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Kaplan	et	al.	Scaling	Laws	for	Neural	Language	Models.	2020

Non-embedding	parameters	N,	dataset	size	D,	compute	budget	 	Cmin

For	loss	to	decrease	10%	relaKvely,	the	N,	D,	or	 	needs	to	increase	around	10	
Kmes

Cmin

-
-

-
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Kaplan	et	al.	Scaling	Laws	for	Neural	Language	Models.	2020
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Power	Law	for	Language	Model	Scaling
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Kaplan	et	al.	Scaling	Laws	for	Neural	Language	Models.	2020

Power	law	is	exciKng	because	it	means	as	we	scale	up,	the	performance	can	
conKnue	gemng	beger

Power	law	is	also	pessimisKc,	because	it’s	harder	and	harder	to	increase	
model	size,	data,	compute	exponenKal.
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Loss	is	Predictable

22

Kaplan	et	al.	Scaling	Laws	for	Neural	Language	Models.	2020

Dashed	lines	show	the	
predicted	curve
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Scaling	Laws	for	PredicBon
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OpenAI.	GPT-4	Technical	Report.	2024

Before	launching	large-scale	training,	we	can	predict	its	performance	in	
advance	by	fimng	smaller-scale	experiments!

-*-·
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OpenAI.	GPT-4	Technical	Report.	2024

Downstream	task	performance	can	be	predicted	relaKvely	well
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Close	RelaBonship	between	Pretraining	
Loss	and	Downstream	Performance
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Huang	et	al.	Compression	Represents	Intelligence	Linearly.	2024
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Certain	AbiliBes	Remain	Hard	to	Predict
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OpenAI.	GPT-4	Technical	Report.	2024



Scaling	Laws	for	PredicBon
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OpenAI.	GPT-4	Technical	Report.	2024

Scaling	law	is	very	useful	as	it	can	be	used	to	
check	whether	our	large-scale	run	is	as	
expected	in	the	middle

-

-
Al Mi I
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If	everything	is	desKned	before	training,	then	what	we	is	pertaining	studying?

Even	though	the	form	is	power	law,	but	the	coefficient	can	be	different	with	
different	architectures	and	data	quality.	We	want	to	find	high	data	quality	
and	beger	model	arch	so	that	it	scales	more	efficiently

Is	this	a	dead	end	and	just	requiring	too	many	resources?
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Scaling	Laws	for	Resource	AllocaBon
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Hoffmann	et	al.	Training	Compute-OpKmal	Large	Language	Models.	2022
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Hoffmann	et	al.	Training	Compute-OpKmal	Large	Language	Models.	2022

Given	a	fixed	FLOPs	budget,	how	should	one	trade-off	model	size	and	the	
number	of	training	tokens?
In	pracKce,	we	are	open	FLOPs	bounded,	like	we	can	only	use	1000	H100s	for	3	months.	

But	this	situaKon	is	changing,	in	the	future	we	may	be	data	bounded
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Scaling	Laws	for	Resource	AllocaBon

Varing	model	parameters	for	the	same	FLOPs,	there	is	an	opKmal	model	size,	
larger	is	not	always	beger	(because	the	model	is	trained	with	less	data)

26e1
Flop ↑
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Scaling	Laws	for	Resource	AllocaBon

The	opKmal	model	size	and	training	token	size,	they	should	increase	TOGETHER	
as	we	have	more	compute

-a
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Scaling	Laws	for	Resource	AllocaBon

Chinchilla	OpKmal	AllocaKon

Hoffmann	et	al.	Training	Compute-OpKmal	Large	Language	Models.	2022

-
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Thank	You!
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