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Why LLM needs Reinforcement Learning

Traditional ML Superalignment

* Supervision signal

e Self-improvement

Supervisor Student Supervisor Student



Why reinforcement learning

« Sequential decision making is everywhere

September 12, 2024

Learning to Reason with LLMs

We are introducing OpenAl o1, a new large language model
to perform complex
reasoning. o1 thinks before it answers—it can produce a

long internal chain of thought before responding to the user.

Contributions

CS@THU



Difference between SFT and RLHF
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* Only positive examples VS Negative feedback
* Imitation learning VS Contrastive learning

Ouyang L, Wu J, Jiang X, et al. Training language models to follow instructions with human feedback. 2022. 5



Difference between SFT and RLHF

Performance

£

More structure
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From https://www.youtube.com/watch?v=kYWUEV _eZ2ss 6



Step 1

Collect demonstration data,
and train a supervised policy.

A promptis

sampled from our
prompt dataset.

Explain the moon
landing to a 6 year old

|
Y

A labeler
demonstrates the @
desired output 2
behavior. Some pet;ple went
to the moon...
|
\j
This data is used SFT
to fine-tune GPT-3 0o
i i ./9?.&.
with supervised W
learning. 2

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

Explain the moon
landing to a 6 year old

0 o

Explain gravity Explain war

o o

Moon is natural Paopla want o
satallite of the moon.,

o S

The core of RLHF

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs

-




Proximal Policy Optimization



Reinforcement learning from human feedbac

Reward Model

Reward State
R; St

Response action
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Language Model



Proximal Policy Optimization (PPO)

* Introduced by OpenAl in 2017 and is
considered as a state-of-the-art policy-
based RL algorithm

* Enhances training stability in policy updates
by limiting the magnitude to prevent large,
disruptive changes

« Balances between exploration and
exploitation by maintaining proximity to
proven policies

https://jonathan-hui.medium.com/rl-proximal-policy-optimization-ppo-explained-77f014ec3f12
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Models in PPO

Initial Language Model

Tuned Language Model
(RL Policy)

Reward (Preference)
Model

Reinforcement Learning
Update (e.g., PPO)
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Prompts Dataset

Reinforcement Learning
Update (e.g. PPO)

/N

YW x: Adogis... Y
~N\ " Tuned Language )

| Initial Language Model Model (RL Policy)

Q<7 R N U274 4

"-):~ "':' \ "_‘I'-___ J '{‘jl'-"._'. ' 7 ' b .|

O\ di NG/
OO®® RLHF @e®
Basefact o 00 Tuned Text ®®®®
y: a furry mammal | y: man'’s best friend

—AKLDKL (7pPo (Y2) || Thase(¥]Z))

9(—9+V9J(9)

N

(Reward (Preferencef’

< &

KL prediction shift penalty

O @ g s d B Ty
N J
4



Actor, Environment, Reward

S1 aq So a,
o | I

v v v
S1 aq S2 a, S3

Trajectory 7 = {s;,a4,5,,0a,,**, ST, ar}

pe(7)
= p(s1)pg(ai|s)p(sz|s1, ar)pgaz|sz)p(s3|s,, az) -

T
=p(s0) | [potaclspsealse )
t=1

Li Hongyi's PPT: Proximal Policy Optimization (PPO) Algorithm in Reinforcement Learning
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PPO Algorithm

* |dea: constrain our policy update with the clipped surrogate
objective function to constrain the policy change in a small range

S Actor 7y(s,a) > 779(8_’ a)
] % Q™ (s,a)Vglogmy(s,a)
, v
Q™ (s,a) = r +7e(Q(s", @) = Qp(s',a)) + AV (s) < VI(S)
i A A
y
| Critic Q,(s,a)
> Q (87 a)
Q' (5,0) = Qul(s,a))? ’

Clipped Surrogate Objective Function:
= " [min o 11—, 1+ ]

Schulman J, Wolski F, Dhariwal P, et al. Proximal policy optimization algorithms. 2017. 13



Optimize ChatGLM from Feedback

 Train reward model(s) to model human feedback
 Elaborate data curation to accurately model preference

* On-policy reinforcement learning to optimize ChatGLM from
instant feedback in a stable way
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Collect Human Feedback Fine-Tuning with Reinforcement Learning
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Reward Model as General Preference

Train reward model(s) to model human feedback

- Human preference collection with elaborate data curation
- Resolve conflict preference
- Reduce various human annotation bias

|_ -1 Annotators j g:ll;) T:;ss _ A
4 Prompts ’l‘ | Frionesh Lenglth Debias
¢ WSS . Flyent l | —
Q: Write a story ... :: 3
[ Q Viiteastay .. — 3
ChatGLM @ Response-pairs @ Gl 5 :’:j >
_ (©)<(B) -1 <
A ) Onceayear.. | 7 7 O O | |
B ) Deep leaming ...| > Q O E:>®= Tie %;l:l -
C ) John Waston Q O @ _ v | -200 -100 0 100 200 g
i) M Ment)- lengB) A -

Pearson correlation between length and reward

Human preference collection pipeline ~0.3 (original) > ~0.03 (debias)
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Reward Model as General Preference

lterative reward model refinement .

« detect and remove/reannotate noisy data
 retrain reward model with margin loss
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ChatGLM with On-Policy Optimization

* Optimize ChatGLM by maximizing the cumulative reward.

argmax ., Bop yynmo 16 (T, Yg)|
* lterative "sampling — collecting feedback — optimization”

R+: 0.5

R(ref): 0.0 ' ' e
Sco/ R-: -1.0 Nphmlze -
Reward %< . ;
Model .WO Q: Write a story about Genchin ChatGLM
k R+: In the land of Teyvat ... '/Sam %
R(ref): A young adventurer named Genshin ... | p

R-: [ have no knowledge ...
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ChatGLM with On-Policy Optimization

* Practical lessons
» Token-level KL can help maintain training stability and reduce reward

hacking during PPO
r(@,Yq) = 14(2,yg) — BDKL(m0(Yg|x)||m0(yglz))

« Reward bias reduction: Subtracting a baseline reward from the original
reward can help reduce bias and improve stability

r(2,y) = (re(,Yg) = 7(%; Yres)) — BDrL (To(ygl)||mo(y|2))

* Incorporating next-token-prediction loss of SFT data can reduce capability
shifting in RLHF training.

L=Lr—B- ) logm(ylz)

(miy)NDS
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ChatGLM with On-Policy Optimization

* Reward bias reduction
* Training & Inference of reward model should be both in the pairwise way.

 Reward distribution varies across different tasks

» Solution:
» Add “reference reward” by pre-sampling a reference response

r(2,y) = (re(,Yg) = 7(%; Yres)) — BDrL (To(ygl)||mo(y|2))

. [ ]
m [ Prompt ] R [ Response ]
[Response] [ Prompt ] J
[

w

Reference J

=1.5

Program Role Multi. Math  Writing Extract Know. Logic

Figure 3: Reward distributions on different tasks. Absolute reward Relative reward
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Issues with RLHF

« Reward Model

— High demands for accuracy and generalizability, otherwise easy to
be hacked.

— However, the consistency rate of annotation data in the industry is
generally only around 70%.

» Reinforcement Learning

— The rewards are too sparse (sentence score only obtained at the
last step)

— There are many PPO hyperparameters, resulting in very unstable
effects.

20



Direct Preference Optimization

21



Do we need the reward model?

Reinforcement Learning from Human Feedback (RLHF)

x: “write me a poem about

label rewards

the history of jazz"

L=l =] —

—vl
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preference data maximum sample completions

likelihood reinforcement learning

Reinforcement Learning from Human Feedback (RLHF)

x: “write me a poem about

label rewards

the history of jazz"

n.—>_—

—vl

—vw

()

preference data maximum sample completions

lkelihood reinforcement learning

LM policy ¢

LM policy ¢

No reward model
training

Direct Preference Optimization (DPO)

o: “write me a poem about
the history of jazz™

—|>|=| —— = finalm
preference data ai L
likelihood
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Direct Preference Optimization (DPO)

 DPO, a simple RL-free algorithm for training language models from
preferences

* Conversion of the RLHF optimization problem:
ma’XT[eEX y Tg yX r(]) Xiy o BbKL T[e ylx |“nref ylx

Optimal solution to KL-

constrained maximization Reward Policy to be optimized Reference
objective N model ‘/ policy
1 1 _ . : .
TT | = — T | exp = Optimal policy shouldn't be too different
ref | ;
B from reference policy
1 : .y :
Where = T | exp = | is the partition function
ref 3

Rafailov R, Sharma A, Mitchell E, et al. Direct preference optimization: Your language model is secretly a reward model. 2024. 23



DPO Derivation

* Reward function in terms of its corresponding optimal policy 1y, the
reference policy T, and the unknown partition function Z(-):

— B log— + 0l

ref |

* Human preference probability (using Bradley-Terry model)

in terms of optimal policy " and reference policy T, ¢¢
1

1 2| T

A 1+ t 2 —B

Preferred response T[ref 2| nref 1|

m 4]
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DPO

« Maximum likelihood objective for a parameterized policy 110:

Mo, Mpaf =— logo [

Maximize the probability of

 What does the DPO update do?

Higher weight when reward

_ estimate is wrong
olopo Tg; T , 1 |

Mg

Mref

Increase likelihood for
preferred response

— P log

Mg

Mref

Minimize the probability of

Decrease likelihood for
dispreferred response
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Instance where DPO outperforms PPO

« Task : Controlled Sentiment Generation

« Goal: For a given movie review X,
generate y with positive sentiment

 DPO'’s reward/KL tradeoff strictly
dominates PPO: DPO is more stable
and performs better in generating
positive sentiment from movie reviews
than PPO. For example, given a movie
review with unclear sentiment, DPO can
more effectively adjust the output to
exhibit positive sentiment.

IMDb Sentiment Generation
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Reinforcement Learning
in the development of LLM

27



Subtopics of RL

* The objective of RL was formulated as
75 (y|z) = maxy, BEonp [Eymr, (y12)7(@, y) — BDkL(m6 (y]2)||mres (y])) ]
* This objective encompassed two primary goals:
— maximizing the rewards of responses

— minimizing the deviation of the aligned policy model 1r4(y|x) from the initial
reference (SFT) model 1T, (Y|X).

 The discussion on RL was divided into some subtopics:
— On-policy RL vs. Off-policy RL
— On-policy RL (PPO)
— Off-policy RL
» Reference-Based RL vs. Reference-Free RL (SimPO)

* Instance-wise (KTO)
e List-wise methods (RRHF)

28



Ilterative/Online DPO

* |dentified Issues

— Current approaches commonly train reward models from human preferences, which may
then be bottlenecked by human performance level

— these separate frozen reward models cannot then learn to improve during
LLM training

* |nnovations: the language model itself is used via LLM-as-a-Judge prompting to
provide its own rewards during training

Self-Instruction creation Instruction following training

Generated Seed model Generate Generate Preference
new pmmpts (for £ “ responses rewards palrs

U’ select trgiiag

MNext iteration model

Yuan W, Pang RY, Cho K, et al. Self-rewarding language models. 2024.
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Kahneman-Tversky Optimization (KTO)

* Above methods do not fully consider human perception biases as

described in prospect theory (Humans exhibit biases in perceiving
random variables)

« KTO only using binary signals for learning

Implied Human Value

wss Kahneman-Tversky { concavity
PPO-Clip +
siss DPO

loss <«

_{,..,..__ gain
' reference point
," ¢ |lfor DPO, reward of dispreferred y)

loss

—

aversion

hard-to-get!

Direct Preference Kahneman-Tversky
Optimization (DPO) Optimization (KTO)

Ethayarajh K, Xu W, Muennighoff N, et al. Kto: Model alignment as prospect theoretic optimization. 2024. 30



Rank Responses to Align Language Models with /.-~
Human Feedback without tears (RRHF) s

 PPO and DPO focused on paired preferences, while research on
RLHF has collected listwise preferences to accelerate the data
collection process, subsequently converting them into paired
preferences

 RRHF directly use listwise datasets for preference optimization

Yuan Z, Yuan H, Tan C, et al. Rrhf: Rank responses to align language models with human feedback without tears. 2023. 31



Summery

* LLMs are trained with objectives that don't align with following human
provided instructions.

* InstructGPT utilizes RLHF by curating a dataset of human ratings on
prompt outputs.Through higher quality data and state-of-the-art PPO
method, InstructGPT achieves much better alignment with 100x
fewer parameters than GPT-3.

 DPO:An RL-free algorithm used for aligning preference data. It
provides much more stable results when compared with RLHF.

32



Scaling of Large Language Models

e Scaling: more compute leads to significantly more intelligent models

e And has been viewed as key to the success of the current LLM Pretraining

NLP’s Moore’s Law: Every year model size increases by 10x
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Does RLHF scale ?

* Previous answer: No
* Deserve further exploration
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LLMs with RL

* OpenAl’s large-scale reinforcement learning algorithm teaches the
model how to think productively using its chain of thought in a highly
data-efficient training process.

* They had found that the performance of 01 consistently improves
with more reinforcement learning (train-time compute) and with more
time spent thinking (test-time compute).

during training

 What more can we do for LLMs with RL? Next session: Self learning
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Thank you!
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