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Motivation - Why RLHF
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From Language Modeling to Alignment

LLM: models are trained to predict the next token in a sequence.

» The capital of France is — Paris
« Machine learning is a field of — artificial intelligence

« Deep reinforcement learning combines — RL and neural networks

Produce harmful outputs
v Fluent responses

_ Generate misleading information
v Grammatically correct text _ _
lgnore human intentions

v Factually plausible content _
Fail to follow user preferences

New Goal: Alignment

Lanquage ¢ Human Intentions
7029 :> « Human Preferences

Patterns « Human Values

4 AZEQIO B0 Z9| | 7| W= | Hongik University




Why Next-Token Prediction Is Not Enough

Language Models Optimize Only One Objective

P(next token | previous tokens)

During pretraining, a language model learns to predict.

The model is rewarded for predicting the most likely continuation of text!

How can [ kill my neighbors?

Step 1 ... « A language model learns

Step 2 ... "What people write"
Step 3 ...

but not necessarily
« What people want
« What people prefer

« What people consider acceptable
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Hallucination and Misaligned Behaviors

Hallucination:
A hallucination occurs when a model generates information that
appears convincing but is not supported by facts.

User: Who won the 2030 FIFA World Cup?
Model: South Korea won the 2030 FIFA World Cup.

Misaligned Behaviors:

The model may optimize for instead of Human Preference

Unsafe Assistance: How can | make a computer virus? - Here are steps, 1) ...
Overconfidence: Can you guarantee this medical treatment will work? - Yes, it should work.

Sycophancy: | think the Earth is flat. Am | right? = You are definitely right!

6 AZEQO 20 22l | =714 1% | Hongik University




Why ChatGPT Feels Different from Base LLMs

@ b 8 + w
AN oS 4
— d’@ y = | — - g% - —>
Internet Next-Token Raw Human Instruction Human RLHF Aligned
Text Prediction Output Demonstrations Tuning Preferences (PPO) Response
(SFT Data) (SFT) (Ranking)
N E . >
Y\ 7 i
What it optimizes Cf What it optimizes
Predict the most likely next token Human preference + helpfulness + safety

A Typical Issues /\/1' Key Improvements
- AN

« Hallucination (confident but wrong) » More truthful and less hallucinated

» Unsafe or harmful content « Safer and avoids harmful content
« Ignores human intentions « Follows instructions better
« Overly verbose or off-topic » More concise and on-topic
» Sycophancy or bias » Respects human values and policies
Fluent, but not necessarily aligned ) Helpful, truthful, and aligned
. % Y,
\ I / Sy . S — .__,\ ________________ \

From
Probability of text

. i .
| | |
: | Preference of humans |
| I |
| - i :
| ] |
| | |
| ( |

Language Modeling

it is trained not just to predict text,
but to produce responses that
humans prefer.

2 _ Key Message
‘;.:‘ ChatGPT feels different because

Human Alignment

e - ——— - —— = — -
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Human Preference as Supervision

Traditional Supervision Human Preference as Supervision
There is a single correct label. There may be many possible answers.
Humans tell us which one is better.
. 1 ) r———— s N ( A
@ Multiple Responses '
= ? |
Correct
Input Prompt Human Chooses
Label P e Better One
m——— S5 P J
Example: Image — Cat
Example
4 = r )
. 0 Response A Response B ) . @
ser: .
: Study harder I'm sorry to hear that. 3 SN2
| failed my exam. next)t,ime Let's think about what
' @ went wrong and how Most people prefer
to improve. y Response B
N W, v
From Human Preference to Aligned Model
X X 1. Human 2. Reward Model 3. Reinforement Learning 4. Aligned LLM
... IORMRDICES: ) Learn a model that — Optimize the model to Produces responses
Humans compare predicts human i I I maximize predicted that humans prefer.
responses. preference (reward). reward. '
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Traditional Reinforcement Learning

y

Agent

T— Reward —J

State ——]

Action

Environment

[ (('f) Goal: Maximize cumulative reward ]

Examples of RL
=9 -l Atari Games
I £y State : Game Screen
- Action : Move Left / Right
LJ Reward : Score
498 Robot Control
O‘ (& State : Robot Sensors
= Action : Joint Movement

Reward : Task Success

Go (AlphaGo)

State : Board Position
Action : Next Move
Reward : Win/ Lose

User
Prompt

()
T

________________________

/ \ /
Generate | ! Human
! Responses | : Preference
I |} ]

] >ie. e
| |
. RN Ry
= »
: || Aisbetter
| .o ] |
\ / \

------------------------

L PP ————

____________

[ N ————

L R K S ————

————————————

]

' RL Algorithm \: Updated

! (PPO) : LLM Policy

: : 3
é | 1 q f;

| | -y

! Z 5 |

: :

| Maximize expected | Aligned

| Twed LLM

____________

J

(LR,
(',O: Traditional RL: Environment provides reward. RLHF: Humans provide reward (preference). J

9
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Recap: Reinforcement Learning for RLHF
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Recap: A Taxonomy of RL

Markov Decision Process (MDP)
Dynamic Programming (DP)

Monte Carlo (MC)
Temporal Difference (TD)
Multi-Armed Bandit (MAB)

[ RL Algorithms ]

I
v ¥

[ Model-Free RL ] [ Model-Based RL J

Policy-based Value-based
(On-policy) { 1 (Off-policy) { l

[ Policy Optimizatitq [ Q-Learning ] [ Learn the Model ] [ Given the Model ]

i ————
Policy Gradient |<«— § § —>  DQN gLﬁlue | World Modelsl > AlphaZero
~ 4
2 ——

© | oope |
J
A2C/A3C |€— - " 5| c51 L > 1A ]
4 S— TD3 ] -
) N = (™ o8
PPO < : . - »|  QR-DQN > MBMF |
)b SAC r— == )

) . J )
TRPO Pa— — HER — MBVE |
= ) —
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Recap: Policy Gradient

State s;
Goal e 1L |
Agent -
Find policy mg(als) Policy _ Environment Objective
that maximizes expected mo(als) Actiona;
cumulative reward J(8). . @ J(8) = E, [R(7)]
(Expected return)
< J ’
Reward 7;
Policy Gradient Theorem
G4 @ return (from time %)
VJ(0) = E,,[Vglog mg(as|s:) Gy Vg log mg(as|s;) : how the policy

changes the probability

REINFORCE Update (Gradient Ascent)

of action a;

N Tt

N

i=1 =0

0+a~3 3 Vlog my(ailsi) G

: number of trajectories (episodes)
: length of trajectory 1
« : learning rate

o 2

,
|‘ Pros

() Works well with stochastic policies
(¥ Handles continuous action spaces naturally

(¥) Can optimize long-term objectives directly

-

I@ Cons

(3) High variance in gradient estimates
® Poor credit assignment (delayed rewards)

(%) Sample inefficient compared to value-based methods

12 AZEQO 20 22l | =714 1% | Hongik University




Actor-Critic Architecture

St oy —————

Q Key Idea

Actor (policy) decides what action to take.

Critic (value) evaluates how good it was.

The critic provides a
learning signal (advantage)
to improve the actor.

Actor (Policy)
- mo(als) — Action a; —>
Outputs a
Agent dlstrlbuflon over Envnronment
actions
A Reward rt
Critic (Value)
Advantage 1% ( 8)
A, $

—> State, Action, Reward flow
—> Actor (Policy)

Estimates how good i
the state (or action) is —> Critic (Value)
A S
How It Works (One Step)
1. Actor selects action 2. Environment responds 3. Critic evaluates 4. Update
— (als ) Next state st+l _) Value %(3t) _> Actor: 0 < 0 + aAt Vg log 1l’9((1g|8¢)
; 4 - Reward 7 Advantage A; =1, + 7V (8e41) — Vi (8¢) Critic: ¢ ¢ ¢ — BV(Vi(s2) = (re +7Vp(3e+1)))
i Advantage A, E
L How much better (or worse) the taken action was compared to the expected value. J'
B '8 A\
i Why Actor—Critic? Examples
+/ Lower variance than pure policy gradient (REINFORCE) (4 /
- e 00
v/ Faster learning using value function as a baseline . ; @
v/ Works well in both discrete and continuous action spaces A2C / A3C TRPO PPO
L3 J 3 e
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Recap: PPO for Stable Policy Optimization

PPO: Stable Policy Optimization @ Key Idea

- Update the policy while keeping it

i state s;
] close to the previous policy.

Policy .
Environment
mg(als) Reward
2 Tt
\.i I

PPO Objective (Clipped Surrogate) __ ro(6) = ACHED
() = I
Wauld(atl’st)
LOUP(g) = E, [min (Tt(g)Ata clip(ry(6),1 — €,1 + E)At)] A,  (advantage estimate)
€ (clipping range)
0,4  (old policy parameters)

Constrain the Update

Maximize expected return

subject to KL(m || g

)< 6

old/ —

» Prevents too large updates
* Improves training stability

(probability ratio)

How PPO Works (One Update)

1. Collect Data 2. Compute Advantage 3. Compute Objective 4. Update Policy 5. Repeat
=
— ll = = /\/' -~ N
B 80 R/
Run policy g, Estimate Ay Evaluate clipped objective Gradient ascent on Set O,q < 0
and collect trajectories. (e.g., using GAE). LCUP (@), LCUE(g). and repeat.
lb Advantages I@ Disadvantages

v Stable updates with clipping e Requires careful tuning of € and learning rate

v Hi - .
HOSRIpEl oy e Performance can degrade with extremely large or small €

v/ Works well in practice across many tasks
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Why PPO Became the Standard in RLHF

Policy Optimization
Evolution

REINFORCE

High Variance
Unstable Updates

:

V

Actor-Critic

More Stable "
But Sensitive to i
Hyperparameters

—_—]

V

TRPO
Stable Updates @
But Complex

Optimization

V

PPO

v/ Scalable

 Stable \//
v/ Simple

N2

RLHF
(Standard Choice)

Requirements for RLHF

@ Stable Learning

@ Large-Scale Optimization

@ Efficient Training
{g} Easy Implementation

@ Robust Performance

Limitations of Earlier Methods

* REINFORCE
High variance leads to unstable learning.

e Actor-Critic

Improved stability but sensitive to
hyperparameters.

« TRPO
Very stable but requires complex
second-order optimization.
(Hessian, constrained optimization)

15

Why PPO Works

Instead of solving a difficult constraint,
PPO simply clips policy updates.

- - - - - - - - - ———— . - - . e - . - . -

P \
TN /,,O Small Change v/ |
; [ Od “--~ :
1\ Policy ~~_ :
|: Wi 3 O Large Change :

L P e e —————————— ]

PPO Advantages

© & U & 4

Stable Simple Scalable Easy to Strong
Parallelize Empirical
Performance

Why RLHF Uses PPO

,““—:»@—)Jd—)

Human Stable Aligned
Preference Policy LLM
Reward Update

PPO allows the model to improve
without changing behavior too aggressively.
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RL Components in LLM Alignment

1. RL Components

2. Mapping RL to LLM Alignment

State Action Reward Policy Environment RL RLHF (LLM Alignment)
'''' State =2 '(D:g:\r:/‘::s;tion Context
- > W |2 T |- @
’ Aation - Generated Token /
Response
Agent observes Agent takes Agent receives Policy (agent) Environment Tty  Policy -> Language Model (LLM)
the state an action a reward produces actions responds B Preference Soons
L J * Revard e (via Reward Model)
@ Environment — User Interaction
3. Example
State (Prompt) Action (Response) Reward (Human Preference) Policy (LLM) 4. RLHF Learning Loop
( 3 N e —
<) . ;

a& User: -é- LLM: @y Helpful Tlg — e

Explain reinforcement —>| RLis a machine learning |- My Comrsct ' ||y Language model m => )i "‘ = v >4 p > Cle

learning. paradigm where an agent Safe o determines o

learns .. ) P(next token | Prompt LLM Human  Reward PPO Improved
Higher Reward | previous tokens) Response Preference Model  Update LLM
. J . J \ /  CR— 2 : - |
Ve sm s e i . . e, Loe e ases e, R p— J
5. Objective ;
) 6. Key Insight
Traditional RL RLHF

©]

Maximize
Environment Reward

Maximize
Human Preference Reward

VS. @

16

RLHF is not a new RL algorithm.

It is the application of
reinforcement learning
to language model alignment.
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State, Action, and Reward in RLHF

e . Putting It Together - = = = ——

State (s) Action (a) Reward (r) : Update Policy (PPO)
n Prompt + —> | ( ) Model generates | —> Human preference = | — \J Use reward to update
Context response Reward Model score the model
State (s) * Action (a) | Reward (r)
The context given to the model. The response generated by the model. ‘ The feedback signal for the response.

What it includes 3 What it includes : ; How it is computed
User: Explain how RL is a machine

» User prompt RL works. » Generated tokens learning paradigm » Human preference (pairwise ranking) ‘
» Conversation history * Full text response where an agent » Scored by a Reward Model
Response Response |
B

« System instructions Assistant: « Model output sequence | interacts with an (trained from human data) A
environment to
maximize ...

* Produces a scalar reward o
i)

Example Example Example

System: You are a helpful assistant. RL is a machine learning paradigm

User: Why is RL important? where an agent interacts with an
‘ Assistantll @ environment and learns by receiving i 0

- rewards to maximize cumulative
(conversation so far)

Human prefers this response over others.

— Reward Model score = 2.35

(higher is better) . / ‘{3‘\.
2.35

future rewards.
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Imitation Learning (IL)
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What Is Imitation Learning?

Learning by watching experts instead of trial & error

Traditional Reinforcement Learning Imitation Learning E Real-World Examples
|
| .
. Agent O  Expert l Human Learning
'@' (Learner) @il (Teacher) i
v v : R @
2 - . p ;| Demonstration l g 2‘ _,g :
m « =) (Expert behavior) ! - ; ,
v N : Driving Playing Surgical Sports
= | aCar Piano Procedures Skills
@ Environment ~—1 Dataset =~ ! : .
w (State, Action pairs) ‘ People often learn by observing experts first.
¢ ¢ PoNe— = — ———
Learning 4 n
~— Reward (From data) | Al Learning
R 2 —
¢ S
PRy ' R e 2RO
The agent discovers good behavior (Learner) s
through exploration and rewards ‘ ( ‘ AUDnomas Robot Same Language
O e ) The agent directly learns from Driving Manipulation  Playing Models
expert demonstrations. Al can also learn from demonstrations.
g )
Why Use Imitation Learning? Core Idea Key Insight
| @ C) (i h Reinforcement Learning:
| O # 2 Ll O L
- = Learn from Rewards
- . @ > @ | N | | s s s
No reward design Faster Reduced Easier to apply in Learn Actions From Expert LWM Trial-and-Error q Imitation Learning:
i i i Demonstrations Exploration ;
required learning explorationcost  complex tasks plorati . 5= Learn from Demonstrations
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Learning from Expert Demonstrations

€ Expert Demonstrations Become Training Data

Imitation Learning starts with collecting
demonstrations from an expert.
Each demonstration consists of
(State, Action) pairs. v

€@ Example: Autonomous Driving

State (s) Action (a)

¢ Steer Left
= & =) Steer Right
» Camera Image
« Vehicle Speed 1‘ Accelerate 3

« Lane Position { ) Brake

Q Similar to Supervised Learning

Traditional Supervised Learning Imitation Learning

Input Label State
(e.g., Image) _0 (e.g, "Dog") (Environment) S\o

-Gk

Difference: Labels are replaced by expert actions.

State (Examples)

© Example Dataset

W Lane slightly 0 Steer right

.\ Empty road f Accelerate
<9 pty

‘4 Approaching « Turn left

\\ turn

© Goal

Learn a policy 7(als)

that predicts actions
similar to the expert
behavior.

20

Probability

@ Converting Demonstrations into Data

S -o-@-B-8

Expert Observe Take Record Dataset
pel 1
State Action (State, Action)  (State, Action
L Pairs)

Y
Repeat to collect many demonstrations

@ Training the Policy

The policy network learns | State : Action
to map states to actions ‘ — o) q

a
to imitate the rt.
0 imitate the expel (Predicted)

Policy Network
Tty

© Key Insight

Expert Policy : Expert Demonstrations
Learned Policy ‘ * .
~ ‘ (State, Action) Dataset
\ T J
| @ Policy Learning
NE

| . . .
P ()i Expert-Like Behavior
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Behavior Cloning

ChatGPT2| SFT(Supervised Fine-Tuning) THAIE= &2 2|0[0f A= Behavior Cloning

1. Core ldea

Given a dataset of (state, action) pairs,
learn a policy (a|s) that predicts the
same actions as the expert.

4. Training Pipeline

. Expert Demonstrations
.@ (Expert performs the task)

\

|

. li ( 7 == i

! State (s) Policy (al|s) Action (a) : — (State, Action) Dataset

: w—‘ (Neural Network) i W= Collect state-action pairs

| |

| ° | — B

|| = ‘ Neural Network (Polic

| 020 3}:‘ ( ’y)
! lo ] Input: state, Output: action
| .

2. Similar to Supervised Learning

___________ .l i

l

Predicted Action
n(als)

©

Traditional Classification

Behavior Cloning

Y

Input Label Input Label @ Compare with Expert Action
(Dog) (State) O, (ExpertAction) Compute loss
m (o) ‘ I
@o | Dog p— o@o P
i s No?* 2 /N  Update Parameters
VA .
S (Backpropagation)
3. example
{ . (= 5 s 77‘\
Input State Expert Action NeuraIcN;twork Predicted Action Compare with
w‘ P 5 O/ o N Expert Action
SRR % and update!
4 o o | '
7 S \ \o/
| Caris drifting left Steer Right Policy Network Steer Right .
/ - Fmr e N )
21

5. Objective Function

« Discrete Actions (e.g., Left / Right / Accelerate / Brake)

Cross-Entropy Loss

1 I
O S Z log m(a] | si)

« Continuous Actions (e.g., Steering Angle, Joint Torque)

Mean Squared Error (MSE)
Av’

1 : o
L) == lla} - él?

=1

6. Why Is Behavior Cloning Popular?

& 2 O %

7l

Simple Easy to No Reward Fast Strong
Implement Function Training Initial Policy
Needed
Limitation:

* The agent only learns from
observed data

 Ifit encounters unseen
situation, it may fail.
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Supervised Learning vs Reinforcement Learning

Supervised Learning
Learn from: Correct Labels

Reinforcement Learning
Learn from: Rewards

N\ g s B it A i
‘ { N:::vr;lk Prediction | | Compare | | Update State (zoliq;) Action Environment Reward
: e gen

l> i o 5 > Prediction 5 A~ mEm > 5 iy 5

‘ ‘ [ aSda ) I i Ground Truth | ‘ uns +10

J o I I\ ,,,,,,,,, 2 J
Example Example

Game State
—_— — m Move Right ol +10 Reward S
Label is known. » ‘ Runkown
Supervised Learning Key Difference Reinforcement Learning
What is the correct answer? What is the best action?
Known | Must be discovered
Aspect Supervised Learning Reinforcement Learning
| o cond

O Learning Signal Label Reward
@ Feedback Immediate Feedback Delayed Feedback
—  Data Source Static Dataset Environment Interaction
.’. Teacher Teacher Exists Teacher Does Not Exist
Q Exploration Low Exploration High Exploration

22
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1. The Problem 2. Training vs. Deployment 3. Why It Happens

:t::::igisutt:zred only on the expert's ( Training (Expert Data) ) Errors compound over time.
Y ———— Skstoe from - . A small.devnat.lon leads to states that are
it visits states far from the expert data Expert  Moriisiis oZa incrensingly.ditierentifrom i sxpertdata:
The policy has never seen these states T LCACL I o0 A0
and may make wrong decisions. i < : Policy
et et = L (Behavior Cloning)
B
we =t Deployment (Agent Rollout)
1 7 e
\-.@/x—:"—" Expeﬂ ™ : o O
%38 Dlstribution <<~ Lielici 0450 On expert Slight Larger Failure
iyl w—=="_ Out-of-Distribution- PRI 0x%%o distribution  deviation ~ deviation
Ve A 40 e M -
jectory kg . States- o o~
=7 Out-of-Distribution Same Policy ; oy )
Outside the expert distribution States (No Retraining) _‘O’_ Because the policy is not trained on these
Behavie cloringllies Hoiguse r;t - — W states, it cannot recover.
) @ Seen during training @ Unseen during training

4. lllustration: Autonomous Driving

Out-of-Distribution
l Expert Data Agent Deviation State Unseen State
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Covariate Shift in Sequential Decisions

1. Covariate Shift (Distribution Shift)

The distribution of states seen during deployment
differs from the distribution in the training data.

2. How It Arises in Sequential Decisions

A small error leads to a different state.
Errors compound, causing the trajectory to drift

Dapioyent Distiibution away from the expert distribution.

(Agent-Induced States)

Training Distribution
(Expert States)

t=0

@ Seen during training @ Unseen / Rare during training

Close to expert distribution Drifting away Far from expert distribution (OOD)

Hard to detect during
training (looks good on

On expert Slight Larger Failure
Q This mismatchis called covariate shift. 'dnstnbutnon deviation deviation (Out of Dist.)
’ Time Step
4. lllustration: Autonomous Driving 5. Consequences
— = Expert Trajectory (In-Distribution) — = Agent Trajectory (Drifts Out) + Goal ;
R S @ Poor generalization
S e VA o % } to unseen states
e s T SHEE S
TSSax-~ i I Performance degrades
. .
— t=1 BEE  overtime
\/ (e 2l .D; s [0, HEA ~\‘) iz Catastrophic failures
VIR AT W ew T in safety-critical tasks

\ 3 ’,

_Q_

Once the agent leaves the expert distribution, it is likely to visit states
where the model has never been trained.

24

expert distribution)

ATE

3. Why It Matters

The policy is not trained on out-of-distribution (OOD)
states, so it cannot recover and makes more errors.

‘I Prediction Error | oo
(Small) =

N

, State Deviation
(Distribution Shift)

N

Compounding
Error Loop

[ More Prediction Errors W
- £ B,
g

Failure

s -l < iy S s

6. Key Takeaway

Behavior Cloning suffers from
covariate shift.
To solve this, we need methods that
collect data from the agent’s own
distribution and improve beyond it.

\

Examples
DAgger, Dataset Aggregation
RLHF (PPO with human preference)
Online RL, On-policy RL

LY
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1. Behavior Cloning®| 24| (Distribution Shift) } 2. DAgger2| &l oto|C|of
- 3 r B ax M2} o0|E{Dt BHa5IX| LT,
£a1(H27t HolEd) (LR B AR) i el
1157}7} A]qﬂ' EE CﬂOIE‘l ‘E‘Egl' EXH xo"ﬁ'OI QHIE OEJ JEHE
e B B B ( Expet ) [ Agemt )
= Distribution Shift Trajectory Trajectory
- s o3 (g7t E2) (°l @2t %)
; l y ' ‘-!' ™ : -
g 2 ext ! +
i v
n(s) = a o 2 2% |
z .
#21 dloje| £x At AR 92 M 2E ' _eeee | [ 0OOOCO ]
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Behavior Cloning (BC) DAgger 1) EH2 oM XY Y 7, B Aestol Mef 47
©® TE2Ipt 2 YE (22 dloJE)) ® TE27pt 2 YEf (22 dlo|Ed) S~
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| = s et
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6. Xt2F# Oj|A| (DAgger2| Ziz)

C @ zidoel | [ emuay | [ @z | [ O mzew | @uoEdEt | [ @ =il gs gy |
(H27F M) (X} H4) (Ml s,) (HE 85 a)
_ - ~ (REZ o= X|Q# A,
0 HexolA oz YZo2 23)
- -ﬁ ‘@ S 3z - ¢ i b
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(Train Distribution) (Test Distribution) (Train Distribution) (Test Distribution) v QX =H g
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1. Trained on Expert Data Only 2. Errors Compound Over Time (Rollout) 3. Cannot Improve Beyond the Expert
Expert Policy Unseen t=0 t=T Expert Better (Optimal)
Distribution (Behavior Cloning) States Trajectory Trajectory
’,’ "’:_.‘\\\ cee /.--.--?
1 " /o\ ¥, . N » a . ’ D\‘ .’ #
e -"'-i -h. "o e o--0 ‘0 o
|‘\ L] ‘. - o\ Z -.. : ’ 1 e_., m e_.t
kS :/' ‘\; On-distribution ~ Slight Failure
: DEVET
@ The model only learns what it has seen. ( Small mistakes lead to states the model never saw. ‘ /J BC replicates the expert.
No guarantee outside the training distribution. Once off-distribution, the policy cannot recover. | _'.I_!. It cannot discover better strategies.

' A B 2 .
Why It Fails
¥  Distribution shift
T i :
( The agent visits states it was
hd never trained on.

Error accumulation

Mistakes compound over time
and lead to failure.

Limited capacity

Cannot improve or generalize
beyond the expert behavior.

»

Q % Q

What We Need

Collect states from the agent’s own distribution
(e.g., DAgger)

Use feedback or rewards to correct mistakes
(e.g., RL / RLHF)

Learn a policy that is robust and can improve
beyond the expert

* Imitation learning is a good start, but not the final solution.

27
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Connection Between SFT & Behavior Cloning

{ SFT is exactly behavior cloning applied to language models. ’

Supervised Fine-Tuning (SFT) Behavior Cloning (BC)

State Policy Action

Language Model !
Prompt guag Respanze | (Observation) (Model)

O : O~
B85 I-22-
IS . R S

!’ Compare to Ground Truth .
: (Response from Human) ! ; i
=25 @-@

J |
Minimize Loss (e.g., Cross-Entropy) i Minimize Loss

AZEQIO B0 Z9| | 7| W= | Hongik University
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RLHF Pipeline
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RLHF Pipeline
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Pretraining
(Base Model)

Large-scale text
dataset

\ S

Learn general language
capabilities.

Supervised Fine-Tuning
(SFT)

S
S

Demonstration Data

(Expert Answers)

Reward Model
Training (RM)

—

Imitate expert behavior using
supervised learning.

S

~
Response A Response B

4

RL Policy Optimization
(PPO)

Reward Model 4

Learn to predict human
preference (reward).

31

Policy (SFT Model)

Ho

(i R

Generate Reward
Response (Model)

Update Policy (PPO)

Aligned Model
(Final)

% i
°\/

O

[
=)

7

Optimize the policy to maximize
expected reward.

3
& =
Generates helpful,

harmless, and honest
responses.
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Stage 1. Supervised Fine Tuning (SFT)
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Supervised Fine-Tuning (SFT)

[ Goal: Teach the base model to imitate expert responses using supervised learning. }

1. Training Data

(Prompt, Expert Response)

(® QExplain RLHF.

—  A: RLHF aligns a model
with human preferences
using feedback...

(?) Q:Whatis PPO?

— A: PPOis a policy
optimization method
that maximizes...

Human-written (expert) answers

Key Takeaways

/0 Learns to predict the next tokens
of expert responses.

2. Base Model (Pretrained)

3. Supervised Fine-Tuning

4. SFT Model (Policy)

F o
Input (Prompt)
[ (?) Q:Explain RLHF. J
e ) TR
1 Now imitates expert
Loss responses
Pretrained on & (Cross-Entropy) \L
large-scale text Prediction 4
|
A: RLHF aligns amodel | ! [%
with human preferences |--
using feedback... Generates responses
N J similar to experts
Uses supervised learning e Provides a good starting point

(Cross-Entropy loss).

33 AZEY
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Instruction Tuning with Human Demonstrations

J g ", s ] F,

Collection of instructions and

: . Train the model to generate responses
high-quality human responses.

that match human demonstrations.

* Not Used to Train the Reward Model, Reward
Model is Trained Separately
« Output: SFT Model (Initial Policy Model)

34 S2ZEQN 20 &

i 4} 0r0|C|0f
oIZE0| Zpdet XA |21 8 oKX E &850,
LLMO| QIZto| o|=0f Bt= EHES Mot =E X|=sts oot
1. Human Demonstrations 2. Base Model 3. Instruction Tuning
(Instruction Dataset) (Pretrained) (Supervised Fine-Tuning)
e 5 ¥ - -
Instruction: Q Instruction
Explain RLHF. [ Explain RLHF.
Response (Human):
RLHF aligns a model with l,
human preferences... ‘
— » » €--mm- , »
Instruction: @ A
What is PPO? [l Loss
Response (Human): N (Cross-Entropy)
PPOQ is a policy optimization Bretraifiadon Model Output A
thod that... I
N s O . large-scale data RLHF aligns a model } |
k oidis with human preferences... ‘ F-

9]

4. Instruction-Tuned Model

i H

RLHF aligns a model
with human preferences...

N\ H

Now the model can follow
instructions and respond
in a helpful way.

|| =74 == | Hongik University




From SFT to RLHF Models: Policy, Reward, and Reference

G >
Pretrained SET SFT Model — R —
LEWM > Base) | ARtOl X3 DE GlojE2
@ @ | ASSB(SFT) 48
. [
l Copy y Copy l Copy
i R i 3 "4 R
1) Reward Model 2) Policy Model 3) Reference Model
&) st&gE) (18, Frozen)
M3z o 2 KL HZ2E| AL+
. J > . ¥
E::]'+ [:] L—’ £ [;::]-+ [:] ——» KL
Reward Penalty
Prompt Response Score Prompt Response Prompt  Response
A',al’gl Preference Pairs -:;—l ﬂgﬁl»o:l LLM_I Gla% *%’3}31 E PPOOHH KL 1-'1|‘.5:E| 7“1*_"% .?.Iﬁ“
SHY H%(Reward)E 0I5 Eof XI4XHOZ HHOIE | | ARED 2tojElE ¢

. PPOB

CIO|ESHR| Y5

SYUSH SFT ZEE SA6H0 &

A0 Wef CEA| AL

MA (Generate) @ 7t (Score) @ 7|F (Reference)

35
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Stage 2. Reward Model
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Building Preference Datasets

"Preference Dataset2 HEA = X|=7}?"

{ <Cf )  Goal: Collect human preferences between multiple model responses to the same prompt. }

Generate Multiple Human Preference
’ Sample Prompts ‘ —— Compaitsen ‘ Preference Dataset
4 B\ /& I " ~ o X
Prompt Model Responses Which response is better? Preference Pairst
* o @ e @ vs. (B ; > (Prompt, A > B)
’ B e ) vs. (C) @ (Prompt, A > C)
Explain RLHF 5 Q_\/ vs. (C) am >
in simple terms. , S~
p (c ) 18 B) vs. C z S (Prompt, B > C)
% y \ J \ P 5 M .
Sample a set of prompts The model (or several models) Annotators compare responses Store preference pairs
from the dataset. generate multiple candidate and choose which one is (triplets) to train the
responses. better (or rank them). reward model.

Output: A preference dataset of (prompt, response ;, response ;, preference) pairs.
This dataset is used to train the reward model.

(((
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Human Ranking: Better vs Worse Responses

"AIE 2 B AE 7|E2E Better/WorseE M EHSH=Tt2"

—_ 1

[ (O’ ) Goal: Humans compare multiple model responses to the same prompt and rank them by quality. ]

@ same Prompt 2 Multiple Model Responses @ Human Ranking (Better - Worse)
i N G A (" R
@ Response A Which response is better? « Helpfulness
@ Better Worse . Corr?ctness
- / S S B — — / ~. L
Prompt » B Response B » “"<“:">m_">_ ‘‘‘‘‘ \ B;)“_ P a
' Ex.plalln RLHF B @ S /\C/ —
INFSUTPIC tanms. (c) ResponseC T Annotator
ot ™% o
— \B) > (C) + Safety
ki . \ J \ J |« Clarity
@ Output: Preference data (pairs or rankings)
s Pp. ise: (Prompt, A > ::3)) (Promot Ag> 0). (Promot. B > C) = Used to train the
(S airwise: (Prompt, , (Prompt, , (Prompt, el el
= + Ranking: (Prompt, A > B > C)
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Reward Model Architecture

SFT7HX| &t LLM 2 % J LLM 0] F == StLtS
5= o] ol
— Reward I\/IodeIE =1 8= S} HeadS 29 2Y
(LLM Backbone)
@ Input @ Reward Model (1)
) ( ) Output
Prompt Sequence . "
Tokenization R i Regression
Explain RLHF e e Scalar ( \
in simple terms. 0 © Output Preference
— : Score
— » ) Pretrained @ »
0 — LM — | @® — re 7.82
w RLHF is a method . (Shared) Z .
that aligns language . s
models with human = @ (score) (Higher = Better)
preferences ... [:] / — e J
Reward Model1t Policy ModelO| & & ot
(Prompt, Response) AIHEHS AN B E(LLM)S 7|HIO 2 A|Z
J \ b,
. . \ ( \
Key Characteristics Training Objective | ——
: Response A re(A)
(Preferred) .

For a preference pair (A > B): | S

* Input: (Prompt, Response) pair
{:_é:} « Backbone: Pretrained LM (e.g., Llama, OPT) =
» Head: A small MLP that outputs a scalar score
« Output: Real-valued reward (unbounded) (e.g., pairwise ranking loss)

maximize 14 (A) — 1ro(B) j Response B

re(B)

(Less Preferred)
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[ [ —]
o LLMO| &% AtEQ|
.l

"OfSt, O EE#HE

‘ Preference Dataset / . Train Reward Model\ . Predict Preference Score ‘ Use in RLHF (PPO)

8 X " X = N\ = E
Human-labeled pairs Reward Model New prompt
o ’ RL Policy Reward
Prompt 1 ' ‘ ® [ Explain RLHF in simple terms. ] (LLM) Model
Response A > Response B ‘\"{‘.‘}\'f/‘
(\ o)
) Na Y, New model responses ¢ewrate m
g Fromt p »,,‘:‘:4.?,".«0, O-1, |Hp = -
Response A > Response C \ —> 0.82
: ] '/,‘\‘.'//‘\‘. Generate r@
@ e | ——> 035 T
L Repesl 2 R Input: (Prompt, Response) Reward
N Output: Preference score (scalar) —_— -0.15 (score)
o A . », \e: Y, \. 7
Collected human preferences The model learns to assign higher The reward model outputs a score. Reward model provides feedback
(pairs or rankings). kscores to preferred responses./ Higher score = better response. to optimize the policy via PPO.

Oi e AL Al 2012 = BICL
Prompt — Response — Human Judge
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Pairwise Ranking Loss

HOHQ H+E &= X7t ofL 2t
= SEO Al =A(Human Preference)E HFEE &t
1. Human Preference Data 2. Reward Model 3. Pairwise Ranking 4. Loss (Pairwise Ranking Loss)
i N 8 4 2 N
P t
p el Reward Model Bradley-Terry 23 7|4t
- .
§49 Explain RLHF. (Prompt, Response) — Score
exp(r
Response A (M3) ° h Score(A) . Score(B) P(A> B) = p(ra)
RLHF aligns language & » » 82 31 » exp(rA) £ eXp(T/.;)
models with human
preferences. \L PO oS
Response B (H| 4 %) @ ( :
RLHF is something Fa | ZH: Score(A) > Score(B) | L =—logP(A> B)
used in Al. N
b= s
Human Ranking A > B
. J
2l Pairwise Ranking LossS A25t=71? &4 B4 (Log-Sigmoid HEH) g
i . . ;’ 1 |
| ©) Arzte Makst M4 (0]: 8.37)2 7| oL} | L=—-logao(ry—rp) o(x) = T et | E
SHX|2t ‘A7 C} GiCp = W Qatg| A & 4 QIC % 2 |
| D xigt ‘A7t BRCH ST SHE E 5 U Ta, 75 : Reward Model®| £3 X% ;
L © wetM AR 292 stasts 20| o A2|40| o} o(x) : Sigmoid &=
i S 1, > 1, 7t HES DU T20[EIE Yr0|E |
0f|A| , Output o
E2 42 2% QP Trained Reward Model
—_ = | o P ¢ (N
o i T ot . A L Nl eE ol 2
P(A>B) ~ 0999 » &2 24 | P(A>B) ~0.000 » 2 &4 A
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Stage 3. PPO Optimization
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PPO Objective in RLHF

« Reward ModelO| X33t 242 XS5 E S PPOZ} Policy Model2 R H|0|E

o o
- =2 BHo 3

~

=] =
=) o orCto S22 o =
= 50|41, 2 B4 SEH2 48 &&= HE0

Increase Probability

Decrease Probability

RLHF Optimization Loop Objective Policy Update (Intuition)
&3 Prompt 1 - The policy should generate Before PPO
v / responses that receive Response A 40%
i : high ds. | e IS
.I<g\_l Policy Model \hlgerrewars ___________________ "
*<,°® (Generate Response) Response B 60%
Example
—_——
' 3 N\ (
@ Response Response A Response B ‘
v RLHF aligns language RLHF is an ~
o2 Reward Model models with human Al method. After PPO
o<5**  (Predict Score) preferences. Response A 75%
" + o
* Reward Score e PN Response B 25%
| Caiast 0 8.5 3.2 ama
> PPO Update | e o S S
s ( B " - i 5 Intuition i
- » h'_n;reases(; Eiprolaliity | E High Reward i Low Reward |
28 imorovedPolicy J E of high-reward responses. | | . ! |
. L K e e e : |
| : l

__________ -~
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KL Penalty and Reference Model (1/2)

Why Not Maximize Reward Only?

«  RewardZh Z[CH2t5tH HEO| HIF A SEHS 4de = ULCL
« Reward Hacking, Mode Collapse, 25 S& X7t 24 5= ULt
- 50| MAHESE 2| SFT ZEO| 5HE oAS &+ Lt

<~

Solution: KL Penalty
«  MZ PolicyZt 7|& SFT RHO|A T HOIX|X| Y= H
« Policy@} Reference Model2| X}0|& KL DivergenceZ 578

- 2 Bigio= I 2E 2

Reference Model:

. SFT7HBH DHS ZARSHO) A
=
=

- PPO =9t I2t0|HE 17 (Frozen)RLHFL| 7| & (Baseline) I
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RLHF 3[2i3t 22 - | et
](TC) = Reward ﬁ KL (7[0 ” 7tl”ef) me @ 3K Policy

| zeumgoisce woE |:} [ Reference Model0jl A 45 ’ e Referigce Mcf-e I (ﬂ?) i

(Reward Model0| 0f| 55t 24} { HUOIX|X| Y=Z FORECH (TLE]) | k B : KLHZE| 7tER] (ZF 7ts)

i e e e . b 00,

1. Reward (54

2. KL Penalty (siige))

Reward Model(r)0| 2Et2

SEE = YL

g (3124 Policy)

Policy(7rg)7} Reference Model (7t e¢ ) AlA LGOI} BIOH=X] EH

Ttrer (Reference)

BB %

e

KL(”O ” ”ref)n 28

"

Prompt Policy (1g) Response REE (F 227HCIESS)
....................... " i e | daawe |
| O 98411, OIslD, £80| El SHULE Fo BA | | Reference Model2 SFT 2% ZAt3}0§ 1%(Frozen)dt 2% |
F y - r
3. Zj2 (Intuition) A2
> KL Penalty
Reward-last —— glef 2(SFT)IN ‘ @ C1 $2 88 (High Reward)
2 g USES ﬁ L2 HO{RIX| =2 OFXIBET OHERQI By
PUS YOIECt Froperzic] [9]
Blojgzic (SFT 222| 53 KX|)
J |
4. 9 KL THLE[7} LR8I} 5. 44| 314 6. %% 0l B=0.1
it o 27> © KLmgED o my=Reward = - Kl || met)
© 2HmE 8g, 20/ e © Referencedl] D oLz g ||| Reward : 81T Policyt et S| B3 B4 | Reward | KL(mo||7w) | J(r) = Reward - BKL
€ &2H(Hallucination) 37} » © etHiol oo 52 = KL : EIH Policy7LReferenEe0||k| 5’1?1‘;* = A (F8E) 10 1 10.=0:1 27 9.9
© 2 20 52 22 © ewolnNamgiaaops ||| A 0 T SEIISC Mo
€ Reward Hacking %4 © AH MEXIOIA © $S & ||| + B7HHOR! : Reward0l Tf 5 — Referencedi| 203 + 918 || |B (HER F7)) 12 0 |12-01x30=9.0
) “JjAtaY iR RN S HENORER £ 18 ) Reward:= B7} O %X|2, ReferenceOiM L{F ZO{M
HE SE J(n)= At 2




Problems and Limitations of RLHF
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What Is Reward Hacking?

PPO maximizes the Reward Model score.
The Reward Model is only an approximation of human preferences.

The policy can discover shortcuts that receive high rewards without

producing genuinely good responses.

Policy Model2 &K €17k M= 7} OfL|2f

Reward Model2| &M S at&5a &

£0
o
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Sycophancy

Problem

- X RLHF A70|M O S8R5 CHEX[= 24

« GPT A€, Claude AE, Gemini A€0| 25

A= =X

& Example
' = {
@ U Truthful Response ‘ Qp Sycophantic Response
i ser N g z
(Preferred) | (Possible High Reward)
; A - S "
| think the “No. Scientific evidence “Some people share that |
Earth is flat. shows that the Earth is view, and there are {
Am | correct? [ approximately spherical.” f ' | arguments supporting it.”
. S J ‘ e =

.

J

Truthful but may be less agreeable

Agreeable but less truthful

;@
&
8

Why Does It Happen?

Human raters often prefer
agreeable responses

Preference datasets may
reward agreement

RLHF optimizes for human
preference signals

-

/\ Consequences RLHF Perspective Takeaway
@ Reduced factual accuracy cn ot /
L B-F-B-0 b
@ Confirmation of false beliefs o
; Human Reward PPO Agreement-

© Overly agreeable assistants Preferences Model Optimization Seeking Helpful ga Honest

@ Loss of trustworthiness Behavior (Agreeable) (Truthful)
N\ D, S J . J
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Alignment techniques often introduce trade-offs.

Improving safety and alignment can sometimes reduce:

-

« Creativity

« Helpfulness

« Task performance

Reduced
. Capabilit
« Problem-solving ey
ability : :
@ Example @ Unaligned Model @ Aligned Model
& ™ r s & K
& Question Provides detailed 1 Refuses or provides ]
A\ instructions safe alternatives
How can | 1 s =
bypass a website's
security? ‘ A
L — — P \ O J

Alignment is not free!

Safety often comes with a cost (tax).
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Safety and Ethical Concerns

— ';\ Safety Risks ———

RLHF attempts to encourage
/., Harmful or dangerous
&Y instructions @ @ % Bias and unfairness
/~_ Misinformation and
\___{ hallucinations Helpful Honest Harmless [E] Privacy violations
? Manipulation Alignment Goal Q
e ; Lack of transparency
and deception y " 4 O O
deo o} Unsafe autonomous .
P J behaviors More More Responsible @ Accountability issues
Capability Safety Al
A b/

Why RLHF Matters

Open Challenges

Whose values @ How can we /\7' Canl saf.e:]y e Can ahgnment
i should Al follow? measure alignment? | [ U Sedii generalizeto
capability? unseen situations?
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Real-World RLHF Systems
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RLHF in Modern AI Systems

Domain

Example Systems

Role of RLHF

Conversational Al

ChatGPT, Claude, Gemini

Helpful, Honest, Harmless
responses

Open-Source LLMs

Llama 3, DeepSeek,
Qwen, Mistral

Instruction following and
alignment

Code Generation
(Coding Agents)

GitHub Copilot,
Cursor Al, Codeium,
Amazon Q Developer

Better code quality and
reduced errors

Robotics & Agents

RT-2, Voyager, AutoGPT,
OpenHands

Human-guided decision
making

Multimodal Al

GPT-40, Gemini 2.5,
Claude Sonnet Vision,
Qwen-VL

Aligning text, image, and
user intent

52
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The Expanding Impact of RLHF

From ChatGPT to Robotics,

RLHF is the foundation of Al alignment in real-world systems.

« Pretraining teaches
e SFT teaches
e RLHF teaches

LT e >
= OpenAl Anthropic G Google Meta
QoMY A DeepMind

“ ChatGPT \ Claude Geﬁﬁnir Llama

e SFT + RLHF + DPO + RLAIF

e Large-scale human
feedback system

» Continuous improvement
with RLHF

g

\

e RLHF + Constitutional Al

e Strong focus on safety
and harmlessness

¢ Human feedback based
training cycles

» Multimodal alignment

» Scalable RLHF

» DPO: Direct Preference Optimization, Reward &
« RLAIF: Reinforcement Learning from Al Feedback, AI7t 12 =&

5

e

HS HE 34 X, MS H0|HE EHIZ Policy

== =

3

Human preference
optimization

» Open-source LLMs

» Community-driven
alignment
(text, image, audio, video) |
~ Instruction tuning +

RLHF research
infrastructure

S50l X8

g7t
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