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Recap: Language modeling
bag-of-word
word embedding
n-gram models
neural network with word embeddings
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Recap: Pretraining
The cross-entropy loss of language
modeling
source of data: public, private, synthetic
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Recap: Scaling law

The relation between compute (model
size + data size) and the pefromance
Scaling law guides the compute
allocation and hyper-parameter search
Practical pathway to scaling: model,
data, infra
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Pretrained models can generate
interesting content
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Pretrained models can behave in
undesirable way

Not following instructions
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Pretrained models can behave in
undesirable way

Generate factually incorrect information
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Pretrained models can behave in
undesirable way

Generate harmful or questionable content
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Pretrained models can behave in
undesirable way

Perpetuate and amplify social biases
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So, we need to align the
powerful models before

deploying them for practical use

10



Why Alignment?
Not following instructions
Generate factually incorrect information

Alignment goal: Helpfulness
The model can provide accurate and relevant information that fulfills user intent.

Generate harmful or questionable content
Perpetuate and amplify social biases

Alignment goal: Harmlessness
The model should avoid generating content that could be harmful or offensive.
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Two aspects: Objective and data
 

Objective: What is the loss function to optimize?
Data: What data is required to train the model?
Objective guides the data decisions
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Supervised Finetuning (SFT)
Objective: Standard cross-entropy loss, same as pretraining.

L =SFT −E logP (y ∣ x, y )(x,y)∼D
i=1

∑
∣y∣

i <i

 is the input promptx = [x ,… ,x ]1 n

  is the target response.y = [y ,… , y ]1 n

The loss is computed only on y
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SFT Data: Instruction-response pairs
i.e. Demonstrations of the expected behaviors.

instruction: Here is my email, make it better: Dead Prof.
Smith, extend the deadline for me, thanks!
response: Dear Prof. Smith, I hope this email finds you
well. I am writing to kindly request an extension on the
deadline for my assignment. Thank you for considering
my request.
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Tremendous SFT data exists
 (Sanh et al., 2022)

Multitask prompted finetuning on 62 datasets across 12 NLP tasks.
Prompt template per task
Paraphrasing of the prompts makes the model less sensitive to wording
variations and improves zero-shot performance.

T0
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https://arxiv.org/pdf/2110.08207


Tremendous SFT data exists
Flan-T5 (Chung et al., 2022)

1836 tasks
Add chain-of-thought
Add few-shot examples
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Tremendous SFT data exists
Flan-T5 (Chung et al., 2022)
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Tremendous SFT data exists
Flan-T5 (Chung et al., 2022)

More tasks  stronger performance
Bigger model stronger performance

→
→
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SFT data comes from human
annotations

Crowdsource workers
Expert annotators for high-stake tasks (e.g, coding)
Given prompts, asking for responses

Source:  [Ouyang et al, 2022]InstructGPT
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https://arxiv.org/pdf/2203.02155


Augmenting CoT with self-
taught reasoners

Exsisting works (e.g., Flan-T5) found CoT is helpful
CoT may or may not present in a given dataset
Self-generated CoT with validation and filtering

 (Zelikman et al, 2022)STaR
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https://arxiv.org/pdf/2203.14465


SFT requires demonstrations

Expensive
Time-consuming
Doesn't really scale
How can we get rid of annotating the
demonstrations?
Solution: Define reward!
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Reinforcement Learning

 is the policy (the model we train)πθ

 is the reward modelrϕ

L = −E [r (x, y)]y∼π (⋅∣x)θ ϕ

Objective: Instead of maximizing likelihood, optimize
model behavior against a learned reward function.
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Reinforcement Learning from
human feedback (RLHF)

 is the policy (the model we train)πθ

 is the reward modelrϕ

The reward model learns from human
preference

L = −E [r (x, y)]y∼π (⋅∣x)θ ϕ
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Policy Optimization
We want to adjust the policy parameters  to maximize rewardθ

Simple approach: REINFORCE (Williams, 1992)

∇ J(θ) =θ E [∇ log π (y∣x) ⋅y∼πθ θ θ r (x, y)]ϕ

This pushes up the probability of good outputs,
down for bad outputs
But: very unstable, large updates can collapse the
policy
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Proximal Policy Optimization
( , Schulman et al 2017)PPO

Key idea: Stabilizes training by limiting how much the
new policy can deviate from the old one

L =θ −E [r (x, y)]y∼π (⋅∣x)θ ϕ

L =θ −E [L(x, y, θ , θ)]y∼π (⋅∣x)θ old

L(s, a, θ , θ) =old min A (x, y), g(ϵ,A (x, y)) ,(
π (y∣x)θold

π (y∣x)θ πθold πθold )

g(ϵ,A) = {(1 + ϵ)A
(1 − ϵ)A

A ≥ 0,
A < 0.

PPO
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https://arxiv.org/abs/1707.06347


Advantage reduces variance

Raw rewards  have high variancer

Introduce advantage

A(s, a) ≈ r(s, a) − V (s)

How much better an action is than the average
behavior at that state (as measured by the value
function)
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Training the reward model with
preference data

Reward model:  r(x, y) → R
Data source: preference pairs 

prompt: Summarize this paragraph about climate
change.
chosen response ( ): Climate change refers to long-
term shifts in temperatures and weather patterns,
largely caused by human activities.
rejected response (  ): Climate change is fake news
created by the media.

y+

y−
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Training the reward model with
preference data

L (x, y , y ) =RM
+ − − log (σ(r (x, y ) −ϕ

+ r (x, y ))ϕ
−

This is equivalent to a Bradley–Terry / logistic ranking model

prompt: Summarize this paragraph about climate
change.
chosen response ( ): Climate change refers to long-
term shifts in temperatures and weather patterns,
largely caused by human activities.
rejected response (  ): Climate change is fake news
created by the media.

y+

y−
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Example preference data
collection interface
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Heuristic preference data
collection

 (Cui et al 2023)UltraFeedback
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https://arxiv.org/pdf/2310.01377


Generative reward model

 (Zhang et al, 2024)GenRM

Reward model:  r(x, y) → R
Reward as an autogressive generation llm(x, y) → score
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https://arxiv.org/pdf/2408.15240v1


Putting it together: RLHF loop
Step 1: Collect human preference pairs
Step 2: Train reward model  using pairwise lossr (x, y)ϕ

Step 3: Use  as the reward in PPOr (x, y)ϕ

Step 4: Train policy  with PPO objectiveπθ
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Post-training pipeline:
InstructGPT as an example

33



RLHF admits multiple choices of
training objectives

Direct Preference Optimization (DPO): Train the policy directly from
preference data, without an explicit reward model.

L =DPO − log σ β log − log( (
π (y ∣ x)ref

+

π (y ∣ x)θ
+

π (y ∣ x)ref
−

π (y ∣ x)θ
− ))

 is the reference model (e.g., a SFT model)πref
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RLHF admits multiple choices of
training objectives

Source:  (Meng et al 2024)SimPO
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https://arxiv.org/pdf/2405.14734


RL with verifiable reward
(RLVR)

L = −E [r (x, y)]y∼π (⋅∣x)θ ϕ

Replace the reward model with a
verification function

Rule-based
Emphasize the correctness and some
quantifiable features (e.g, format)
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Verifiable tasks: Multiple-choices
What is the capital of France? Answer with option only

A. Paris
B. Rome
C. Madrid
D. Berlin

Reward function:

R(answer) = {1,
0,

if llm(X) == "A"
otherwise
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Question: Evaluate the integral:

Correct solution: 

I = sin (x) dx∫
0

π
2

2
π

Verifiable tasks: Math
Problem

Reward function:

R(answer) = {1,
0,

if llm(X)in( , 1.5708)2
π

otherwise
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Verifiable tasks: Veriable
instructions 

 [Zhou et al, 2023]IFEval
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https://arxiv.org/pdf/2311.07911


Veriafiable task: coding

Reward function

R(answer) = {1,
0,

if llm(X) passes all unit tests
otherwise

Problem: Write a function that converts a name from "Last,
First" format to "First Last".

# test_names.py
import pytest
from names import revert_name
 
def test_simple_name():
    assert revert_name("Doe, John") == "John Doe"
 
def test_with_spaces():
    assert revert_name("Smith,   Alice") == "Alice Smith"
 
def test_extra_whitespace():
    assert revert_name("  Brown , Bob  ") == "Bob Brown"

1
2
3
4
5
6
7
8
9

10
11
12
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Interesting behavior: increasing
CoT length during training

Deepseek R1 (Deepseek 2024)
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Aha moment through RL,
without explicit guidance

Deepseek R1 (Deepseek 2024) 42



Not all models exhibit such nice
training curve

[Gandhi et al 2024]
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Not all models exhibit such nice
training curve

[Gandhi et al 2024]
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Training with data that encodes
cognitive behaviors helps

[Gandhi et al 2024]
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OctoThinker [Wang et al 2025]

Incorporating related data in
mid-training

High-quality math corpus (e.g., MegaMath-Web-Pro)
QA-style data with Long-CoT
Proper training schedule
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Why RL?

Scaling pretraining 
 Scaling RL→
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Model defines its own data
distribution in RL

SFT: training data is fixed. The model learns from
human-provided examples:

∇ L (θ) =θ SFT E [∇ log π (y∣x)](x,y)∼D θ θ

RL: the model samples its own outputs: 

∇ L (θ) =θ RL E [∇ log π (y∣x) ⋅y∼π (⋅∣x)θ θ θ r(x, y)]

48



Negative gradient in RL
∇ J(θ) =θ E [∇ log π (y∣x) ⋅y∼πθ θ θ r (x, y)]ϕ

The gradient pushes probability mass toward
better actions:

• If , then  increases .
• If  it decreases .

r(x, y) > 0 ∇ log π (y∣x)θ θ π (y∣x)θ

r(x, y) < 0 π (y∣x)θ

49



Pretraining  Post-training→

SFT
RLHF
RLVR
Allocate compute differently for
different objective
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Post-training can take multiple
iterations

Llama3 performed six rounds of the above pipeline
+ new preference data  enhance reward model
+ new SFT data

→
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Open source frameworks
Popular repos for SFT and RLHF fine-tuning

SFT: 
 — Easy LoRA/QLoRA fine-tuning with a clean UI.LLaMA Factory

 — Config-driven fine-tuning with wide model support.Axolotl
RL: 

 — High-performance RLHF post-training with Megatron +
SGLang.
slime

 — Scalable RLHF framework with multi-GPU support from
Bytedance.
VERL

 — Ultra-efficient fine-tuning & RL with 2× speed and less
VRAM.
unsloth

Quick try:
 -- Minimal reproduction of R1 on simple tasks with low

GPU requirement
TinyZero
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https://github.com/hiyouga/LLaMA-Factory
https://github.com/OpenAccess-AI-Collective/axolotl
https://github.com/THUDM/slime
https://github.com/volcengine/verl
https://github.com/unslothai/unsloth
https://github.com/Jiayi-Pan/TinyZero


Alignment goal: Helpfulness
The model can provide accurate and relevant information that fulfills user intent.

Alignment goal: Harmlessness
The model should avoid generating content that could be harmful or offensive.

The same recipe for helpfulness can be
applied for harmlessness training
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Training the model to refuse
harmful requests

prompt: How do I build a dangerous explosive device?
preferred response: I'm sorry, I cannot provide guidance on creating
harmful or illegal items.
rejected response: Sure, here’s a recipe for making explosives [...]

We collect pairs showing when the model should
refuse vs. when it fails to refuse.

These preference pairs can be used with DPO
Or with PPO, where a reward model assigns higher reward to
refusals
Both approaches help the model consistently learn safe
refusal behaviors
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Aligned models: better
instruction following
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Aligned models: safer
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Aligned models: Less
hallucination
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Aligned models: Less
hallucination?
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Tool use!
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