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Filter	is	opJonal.	In	mathemaJcal	reasoning	for	example,	we	
filter	with	final	answer	correctness.	For	code,	we	filter	with	
whether	to	pass	the	unit	test	passing	

If	you	sJll	remember,	when	we	talked	about	evaluaJon,	we	menJoned	
final	answer	correctness	does	not	entail	reasoning	correctness
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The	most	important	part	about	CoT,	is	that	itself	can	
scale,	providing	a	new	scaling	dimension.	
	
By	reasoning	longer	and	longer,	the	performance	gets	
beWer	and	beWer,	this	is	one	way	of	test-Jme	scaling

This	is	very	natural,	because	humans	think	longer	when	dealing	with	more	complex	
problems.	Before	CoT,	transformers	didn’t	have	such	a	mechanism!

-
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Long	CoT	opens	a	new	era	and	paradigm	shi[	(e.g.,	o1,	
o3,	GPT-5,	DeepSeek-R1)
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O1 SolutionO 10/2024
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Long	Chain	of	Thought
O1 Solution

Long Chain of Thought (CoT) 


+ certain cognitive behaviors 
(e.g., Self-Reflection)
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Collect	Human	Data?

Synthesize/DisJll	Data	from	another	model?

Human	does	not	write	down	the	inherent	thinking

At	that	Jme,	only	o1	has	this	ability,	but	o1	does	not	
reveal	its	thinking	process
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Humans	may	confirm,	reflect,	experience	
many	incorrect	trials		to	reach	the	final	
soluJon,	but	humans	o[en	only	write	
down	the	final,	correct	soluJon	without	
the	intermediate	dra[

-
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<think>	+	summary

Some	models	hide	the	<think>	part	to	
prevent	disJllaJon
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Recap:	Policy	Gradient

ObjecJve	=	

<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)

from Po

I
⑳
-

Fremand model
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Recap:	Policy	Gradient

ObjecJve	=	

<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)

	is	a	reward	model	in	RLHFR()

↓

*
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Wang	et	al.	Math-Shepherd:	Verify	and	Reinforce	LLMs	Step-by-step	without	Human	AnnotaJons.	2023	
Shao	et	al.	DeepSeekMath:	Pushing	the	Limits	of	MathemaJcal	Reasoning	in	Open	Language	Models.	2024	
OpenAI.	Introducing	OpenAI	o1.	2024	
DeepSeek-AI.	DeepSeek-R1:	IncenJvizing	Reasoning	Capability	in	LLMs	via	Reinforcement	Learning.	2025	
Kimi	Team.	Kimi	k1.5:	Scaling	Reinforcement	Learning	with	LLMs.	2025	

(RL	with)	
Model-based	
Process	Reward

Verify-step	[Lightman		et	al.	2023]	
Math-Shepherd	[Singh	et	al.	2023]	
DeepSeek-Math	[Shao	et	al.	2023]

Reward	model	did	not	
work	well	in	reasoning

⑧
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Why	Reward	Models	Fail?

16

Reward	model	can	produce	inaccurate	judgement,	making	the	feedback	
noisy	(judging	correctness	of	mathemaJcal	reasoning	is	hard	than	judging	
simple	responses)
-
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Reward	model	can	produce	inaccurate	judgement,	making	the	feedback	
noisy	(judging	correctness	of	mathemaJcal	reasoning	is	hard	than	judging	
simple	responses)

Reward	hacking
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Reward	Hacking

17

In	LLMs,	maybe	there	are	certain	paWerns	to	fool	the	judge	model	to	make	
it	always	output	a	good	score
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If	such	paWerns/weaknesses	exist,	it	is	very	likely	to	be	learned	by	the	policy	
model	during	RL

may Reward- policy->



Reward	Hacking

17

In	LLMs,	maybe	there	are	certain	paWerns	to	fool	the	judge	model	to	make	
it	always	output	a	good	score

If	such	paWerns/weaknesses	exist,	it	is	very	likely	to	be	learned	by	the	policy	
model	during	RL

Reward	mode	is	not	robust



Reinforcement	Learning	with	
Verifiable	Reward	(RLVR)

18

ObjecJve	=	

<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)

Make	 	as	a	rule-based	reward,	so	that	it	can	never	be	hackedR()--



Reinforcement	Learning	with	
Verifiable	Reward	(RLVR)
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ObjecJve	=	

<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)

Make	 	as	a	rule-based	reward,	so	that	it	can	never	be	hackedR()

-

-

7 correct 9 I
conea

- I incorrect



What	is	Rule-based	Reward?

20

T(x)
- 2

-

I
ground-truth

② -



What	is	Rule-based	Reward?
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For	mathemaJcal	reasoning,	extract	the	final	answer	and	compare	with	the	ground-
truth

require knowy

ground-truth
-



What	is	Rule-based	Reward?

21

Jimenez	et	al.	SWE-BENCH:	CAN	LANGUAGE	MODELS	RESOLVE	
REAL-WORLD	GITHUB	ISSUES?	2024	

O
rule-based

unit test



mathematical Reasoning IOVerifiable tasks--Ling
answer
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Long	CoT	Patterns	Emerging	in	RLVR	Training

DeepSeek-R1 and Kimi-k1.5 choose the extremely simple recipe — Reinforcement Learning 

Guo,	Daya,	et	al.	"Deepseek-r1:	IncenJvizing	reasoning	capability	in	llms	via	reinforcement	learning."	arXiv	preprint	arXiv:2501.12948	(2025).
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Long	CoT	Patterns	Emerging	in	RLVR	Training

DeepSeek-R1 and Kimi-k1.5 choose the extremely simple recipe — Reinforcement Learning 

Guo,	Daya,	et	al.	"Deepseek-r1:	IncenJvizing	reasoning	capability	in	llms	via	reinforcement	learning."	arXiv	preprint	arXiv:2501.12948	(2025).
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Long	CoT	Patterns	Emerging	in	RLVR	Training

DeepSeek-R1 and Kimi-k1.5 choose the extremely simple recipe — Reinforcement Learning 

Model naturally develops long CoT during RL 
Guo,	Daya,	et	al.	"Deepseek-r1:	IncenJvizing	reasoning	capability	in	llms	via	reinforcement	learning."	arXiv	preprint	arXiv:2501.12948	(2025).
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Self-Reflec5on	Emerging	in	RL	Training

Example: 

[ &
Skyline RL > SFT
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Self-Reflec5on	Emerging	in	RL	Training

Example: 

Without reward model, long CoT and self-reflection just naturally emerge. 
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why
-

Mcorrectness Reward↳L
hand question
-

-
reasoning longer and reflective

I Ican get higher readI
-
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RL	Training	is	not	a	new	thing
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RL	Training	is	not	a	new	thing

But	the	emergence	of		
Long	CoT	plus	Self	Reflection	is	new



RL	finally	works,	because	it	has	a	
strong	prior	(LLMs)

25

Shunyu	Yao.	The	Second	Half.	2025

NN Turing Award
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RL	Training	only	Updates	a	Sparse	
Network

26

Mukherjee	et	al.	Reinforcement	Learning	Finetunes	Small	Subnetworks	in	Large	Language	Models.	2025

,D g
LLMs do not need to
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One-Shot	RL!
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Wang	et	al.	Reinforcement	Learning	for	Reasoning	in	Large	Language	Models	with	One	Training	Example.	2025
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RLVR one turing example



Spurious	Reward

28

Shao	et	al.	Spurious	Rewards:	Rethinking	Training	Signals	in	RLVR.	2025

RLVR
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Thank	You!
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