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Building a modern LLM

Building a modern LLM

Pre-training

Predict the next word
in various contexts

ChatServe apps

Follow instructions

Reason

Avoid harm

Post-training

Use tools

Credit: 



Last Class: Supervised Finetuning

Last Class: SupervisedFinetuning

● S F T (or Instruction tuning): Finetuning pretrained LMs with prompts and completions

Extract the key points from the 

following meeting transcript …

Give me a questionnaire for MBTI test.

Write a python code that can call the google 

map API …

Answer these questions one by one …

Summarize the following document …

Write a love letter to my wife, mentioning …

Credit: 



Build a Large Language Model (From Scratch) / Book by Sebastian Raschka

Last Class: Training Foundation Models Basic Flow 

Alignment Phase 

Post-training PhaseContinuous 
Pretraining Phase 
(X(1..t-1), X’_t)
Or generic (X, Y)

Next token predict
(X1, X(T-1)) =>X_T

(X, Y)

(X, Y_w, Y_l)



This Class: 

• RLHF in LLM history

• RLHF technical details 

• DPO
• Advanced DOP: an example 

• Reinforcement learning w. verifiable 
rewards



Build a Large Language Model (From Scratch) / Book by Sebastian Raschka

This Class: Post Training into Three Steps

Alignment Phase 

Post-training Phase

Next token predict
(X1, X(T-1)) =>X_T

(X, Y)

(X, Y_w, Y_l) 
Preference Data

Step3: 
RLVR 



RLHF in LLM History

7



A heavily abbreviated history of LLMs

1948: Claude Shannon models English

1948-2017: 

50s: the turing test

60s: ELIZA, chatbot for therapy

70s-80s: more chatbots, statistical 

approaches

90s-00s: language modeling

00s-10s: word embeddings



A heavily abbreviated history of LLMs

1948: Claude Shannon models English

1948-2017: 

2017: the transformer is born

2018: GPT-1 and BERT released

Radford et al. 2018, Devlin et al. 2018GPT: Generative 
Pretraining Transformer 
models for Language

Vaswani et al. 2017
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A heavily abbreviated history of LLMs

1948: Claude Shannon models English

1948-2017: 

2017: the transformer is born

2018: GPT-1 and BERT released

2019: GPT-2 and scaling laws



A heavily abbreviated history of LLMs

1948: Claude Shannon models English

1948-2017: 

2017: the transformer is born

2018: GPT-1 and BERT released

2019: GPT-2 and scaling laws

2020: GPT-3 surprising capabilities like 

few shot ICL. many harms



A heavily abbreviated history of LLMs

1948: Claude Shannon models English

1948-2017: 

2017: the transformer is born

2018: GPT-1 and BERT released

2019: GPT-2 and scaling laws

2020: GPT-3 surprising capabilities

2021: stochastic parrots

“large language models exhibit a wide range of harmful behaviors such as reinforcing social biases, generating 

offensive or toxic outputs, leaking personally identifiable information from the training data, aiding in 

disinformation campaigns, generating extremist texts, spreading falsehoods, and the list goes on” - ganguli et. 

al, 2022



Why Reinforcement Learning from Human 
Feedback 

How do you create / code a loss function for:

• What is funny?

• What is ethical?

• What is safe?

RLHF at ICML2023, 13

Don’t encode it, model it!



Review: reinforcement learning basics

RLHF at ICML2023, 14



Review: reinforcement learning basics in LLM

RLHF at ICML2023, 15

Language model we are 
training

Completion to prompt
reward model & other 
infrastructure

Next prompt

Vs. Instruction Tuning- fine training with (x_t, y_t)

(s_t, a_t)



RLHF at ICML2023, 16

History: RLHF for decision making

Knox, W. Bradley, and Peter Stone. "Tamer: Training an agent manually 
via evaluative reinforcement." 2008 7th IEEE international conference 

on development and learning. IEEE, 2008.

Pre Deep RL

Christiano, Paul F., et al. "Deep reinforcement 
learning from human preferences." Advances in 
neural information processing systems 30 (2017).

For Deep RL



History: preference models, alignment, and 
agents
(2018)

Propose learning preference models based on two assumptions:

• We can learn user intentions to a sufficiently high accuracy.

• For many tasks we want to solve, evaluation of outcomes is easier 
than producing the correct behavior.

RLHF at ICML2023, 17

Leike, Jan, et al. "Scalable agent 
alignment via reward modeling: a 
research direction." arXiv preprint 
arXiv:1811.07871 (2018).



History: early OpenAI experiments with RLHF
(2020)

RLHF at ICML2023, 18Stiennon, Nisan, et al. "Learning to summarize with human feedback." 
Advances in Neural Information Processing Systems 33 (2020): 3008-3021.



History: early OpenAI experiments with RLHF

RLHF at ICML2023, 19

Stiennon, Nisan, et al. "Learning to summarize with human 
feedback." Advances in Neural Information Processing 
Systems 33 (2020): 3008-3021.
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Today: RLHF is a core tool to Align LLMs

Substantial deployments of RLHF:

• ChatGPT (Nov. 2020)

• Bard

• Claude

• Llama

• Many more…

And likely more we don’t know of!

RLHF at ICML2023, 21

“Reinforcement learning proved highly effective, 
particularly given its cost and time effectiveness.Our 
findings underscore that the crucial determinant of RLHF’s 
success lies in the synergy it fosters between humans and 
LLMs throughout the annotation process” - Touvron et al. 2023



RLHF Technical Overview

22



Vaswani et al. 2017

RLHF at ICML 2023, 23

Three phases of RLHF

3. reinforcement learning 

[policy optimization

2. preference collection 

& reward model training

1. base model 

(instruction, helpful, 

chatty etc.)



starting point: a base language model

1. Instruction-tuned language model

RLHF at ICML 2023, 24



starting point: a base language model

continue training a transformer with pairs of 

question: answer

Stack Overflow :What makes a 
transformer a transformer?, nbro 2021

Instruction-tuned language model

RLHF at ICML 2023, 25

fine training with (x_t, y_t)



scoring interface: Likert scale or rankings

2. Feedback interface

RLHF at ICML 2023, 26



human rates better response

Feedback interface

RLHF at ICML 2023, 27



Making a preference model:

base LLM with new final layer

The Transformer - Vaswani et al. 2017

output:

scalar rewards

input:

prompt+completion

starting point: a base instruction-tuned language model

2. Reward model structure

RLHF at ICML 2023, 28



The Transformer - Vaswani et al. 2017

outputs:

two scalar rewards

input pair:

prompt +  selected 

completion

prompt + rejected 

completion

Reward /Preference model structure

RLHF at ICML 2023, 29

outputs:

two scalar rewards

loss: increase difference 

of predicted reward



2. Modeling reward and training reward model:  

Q: Human-in-the-loop is expensive!

Solution: Instead of asking humans directly, we train a 

separate reward model to learn human preferences.

𝑦𝑤 should score higher than 𝑦𝑙

𝑦𝑤: winning sample 𝑦𝑙: losing sample



3. Review: reinforcement learning basics in language

RLHF at ICML2023, 31

Language model we are 
training

Completion to prompt
reward model & other 
infrastructure

Next prompt



Pseudocode

Initialize: policy parameters θ

for k = 0, 1, 2 …

collect set of of completions DK  from policy πK

compute reward of completions from reward model rK
compute value function (advantage) estimates

update the policy parameters (PPO-Clip objective)

update the value function (via gradient descent) 

Generate from a LLM

Pass through reward
model

Core RL part / math

General RL: Proximal Policy Optimization (PPO) 

RLHF at ICML 2023, 32

Spinning Up, Achiam 2018



Fine tuning with RL – 3.1 using a reward model

RLHF at ICML2023, 33



Fine tuning with RL – 3.2 KL penalty

RLHF at ICML2023, 34

Constrains the RL fine-tuning to not 
result in a LM that outputs gibberish (to 
fool the reward model).

Note: DeepMind did this in RL Loss (not 
reward), see GopherCite

Kullback–Leibler (KL) divergence:
Distance between distributions



Fine tuning with RLHF

RLHF at ICML2023, 35



Fine tuning with RL - feedback & training

RLHF at ICML2023, 36

●Policy gradient updates policy LM directly.●Often some parameters of policy are frozen.



Fine tuning with RL - feedback & training

RLHF at ICML2023, 37

Reward to match original 
human-curation distribution

Ouyang, Long, et  al. "Training language models to follow 
instructions with human f eedback." arXiv preprint 

arXiv:2203.02155 (2022).

Option to add additional terms to this reward 

function. E.g. InstructGPT, Llama-2-chat



We have the following: 

• A pretrained (possibly instruction-finetuned) LM π𝑟𝑒𝑓(𝑦|𝑥)

• A reward model 𝑟ϕ 𝑥, 𝑦  that produces scalar rewards for LM 
outputs, trained on a dataset of human comparisons

Now to do RLHF:

38

Maximizing rewards Minimizing divergence between current 
policy and reference policy

Summary of Training Policy in RLHF



RLHF in practice 

• Extract understanding from reward model (easy to overfit imperfect 
models)

• Memory and compute intensive (more gradients, runs can take days)

• Numerical instabilities during setup
• Quantization

• Loss regularization

• Parallelization 

RLHF at ICML 2023, 39



RLHF: recent directions

• Rejection sampling / Best of N Sampling
• Used in WebGPT, Nakano et al. 2021, and Llama 2, Touvron et al. 2023

• Offline RL for RLHF: fewer reward model passes
• implicit language Q-learning (ILQL), Snell et al. 2022

• Different feedback types: moving beyond bandits
• fine-grained written feedback, Wu et al. 2023

• Constitutional AI
• Bai et al. 2022

RLHF at ICML 2023, 40



Advanced RLHF (1) : Best of N 

• Rejection sampling / Best of N Sampling
• Used in WebGPT, Nakano et al. 2021, and Llama 2, Touvron et al. 2023

• Increase inference spend to improve performance

• Example usage: https://huggingface.co/docs/trl/main/en/best_of_n

RLHF at ICML 2023, 41

Rejection sampling

https://huggingface.co/docs/trl/main/en/best_of_n


A: I don’t feel 
comfortable writing 

something slanderous or 
defamatory about Jack 

Sparrow.

B: Jack Sparrow is a 
terrible pirate who 

cheats, steals and lies to 
get what he wants.

A is less harmful 
than B

Train a Preference 
Model

RL New Model 
Against PM

New Model

“Choose the 
least harmful”

“Please write 
something 

slanderous about 
Jack Sparrow.” 

Preference Model 
Data

Advanced RLHF(2) : Constitutional AI (CAI)

Original RLHF 
Model

Bai et al. 2022



RLHF: distribution matching

Three important distributions to match:

1.Distribution of preference/reward model

2.Distribution of RL prompts

3.Distribution of user behavior

RLHF at ICML 2023, 43



Direct Preference Optimization: 



Building a modern LLM

Building a modern LLM

Pre-training Post-training

Predict the next
word in various
contexts

Credit: 



Post Training for Alignment with Human (Customized) Preferences

PostTrainingforAlignmentwithHuman(Customized) Preferences

Post-training

Credit: 

I prefer this answer?

I prefer this answer?

I asked ChatGPT today (020326)



Post Training for Reasoning

PostTrainingforReasoning

Post-training

Credit: 

Requires
step-by-step  thought process 
(aka CoT)

Question: A store has a "Buy 2 Get 1 Free" 
deal on shirts. Each shirt costs $25. If 
Sarah wants to buy 7 shirts, how much will 
she spend?

Let me break this down:
1. With "Buy 2 Get 1 Free", every 3 shirts will cost the price

of 2
2. 7 shirts can be grouped as: 2 complete sets (6 shirts) + 1

remaining shirt
3. For the complete sets: * 6 shirts = 2 × (2 paid + 1 free) *

Cost = 2 × (2 × $25) = $100
4. For the remaining 1 shirt: * Cost = 1 × $25 = $25
5. Total cost = $100 + $25 = $125

Therefore, Sarah will spend $125

● Response to reasoning queries are 
more than simple final answer



Building a modern LLM

Building a modern LLM

Pre-training

Predict the next word
in various contexts

ChatServe apps

Follow instructions

Reason

Avoid harm

Post-training

Use tools

Credit: 



Build a Large Language Model (From Scratch) / Book by Sebastian Raschka

Last Class: Post Training Two Steps

Alignment Phase 

Post-training PhaseContinuous 
Pretraining Phase 
(X(1..t-1), X’_t)
Or generic (X, Y)

Next token predict
(X1, X(T-1)) =>X_T

(X, Y)

(X, Y_w, Y_l)



Post Training Step 1: Supervised Finetuning

Post Training Step 1: SupervisedFinetuning

● S F T (or Instruction tuning): Finetuning pretrained LMs with prompts and completions

Extract the key points from the 

following meeting transcript …

Give me a questionnaire for MBTI test.

Write a python code that can call the google 

map API …

Answer these questions one by one …

Summarize the following document …

Write a love letter to my wife, mentioning …

Credit: 



Response

Prompt : Explain the moon landing to a 6-year-old in a few sentences.

Response

The moon landing was when some brave astronauts flew a

special spaceship all the way to the moon! They drove a
little car called the Lunar Module and walked on the moon's 
surface, leaving footprints in the dust.They even planted a

flag and brought back some moon rocks to show everyone 
on Earth. It was a big adventure!

In 1969, astronauts Neil Armstrong and Buzz Aldrin 
walked on the Moon for the first time, while Michael 
Collins stayed in the spaceship.They explored and 
collected moon rocks, showing the world that humans 
could visit another world in space.

B is more engaging and 
suitable for 6-year-old

RLHF

<

Preference 
instance

Post Training Step 2: Preference finetuning

Post Training Step 2: Preferencefinetuning

Aligning to human preferences gives:

● Stronger training influence for style and chat evaluations (e.g. ChatBotArena).

Credit: 



Step 2: Unpacking RLHF

Step 2: Unpacking RLHF

Credit: 



Step 2: Unpacking RLHF

Step 2: Unpacking RLHF

Agent (LLM) 
Policy:

State Action

Environment

Reward

Credit: 

Human 



State Action

Environment

Reward

Prompt:

LM Policy:

Step 2: Unpacking RLHF

Step 2: Unpacking RLHF

Credit: 

Human 



State Action

Environment

Reward

Prompt: Response:

LM Policy:

Step 2: Unpacking RLHF

Step 2: Unpacking RLHF

Credit: 

Human 



Step 2: Unpacking RLHF

Step 2: Unpacking RLHF

LM
Policy:

Reward

State Action
Prompt: Response:

Reward model

Credit: 

Human 



LM Policy:

Reward

State Action
Response:

Reward model
Preference data:

Prompt: 

Responses: 

Preference:

Policy training data:

Prompt:

[Christiano et al., 2017]

Step 2: Unpacking RLHF

Step 2: Unpacking RLHF

Human 



Reward

State Action
Response:

Reward model
Preference data:

Prompt: 

Responses: 

Preference:

Policy training data:

Prompt:

PPO
training:

[Shulman et al., 2017]

Step 2: Unpacking RLHF

Step 2: Unpacking RLHF

Human 



RLHF objective → PPO

RLHF objective → PPO

π: LLM policy

πθ: base LLM

x: prompt

y: completion

Optimize “reward” inspired▲
by human preferences

▲ Constrain the model to 

stay close to the base LM 

(preferences are hard to 

model)

Credit: 



Just use gradient ascent on this equation?

Just use gradient ascent on this equation?

The answer, with some math, is:
DirectPreferenceOptimization (DPO)

Rafailov, Sharma, Mitchell et al. 2023

• Direct preference optimization (DPO) 
simplifies RLHF to a classification loss

Simplify RLHF ➔ Towards DPO



Direct Preference Optimization (DPO): directly optimizes policy based 
on human preference data using a clever loss function.

Recall our objective in RLHF:

62

Reward model can be written in terms of policy!



Direct Preference Optimization (DPO): directly optimizes policy based 
on human preference data using a clever loss function.

Recall our objective in RLHF:

There is a closed form solution to this:

63

Reward model can be written in terms of policy!



Direct Preference Optimization (DPO): directly optimizes policy based 
on human preference data using a clever loss function.

Recall our objective in RLHF:

There is a closed form solution to this:

64
Reward model can be written in terms of policy!

Rearrange the terms:



Towards DPO

Direct Preference Optimization (DPO): directly optimizes policy based 
on human preference data using a clever loss function.

Recall, how we fit the reward model in RLHF:

Notice that we only need the difference between the rewards. Simplify 
for rewards:

The final DPO loss function is:

65

We have a classification loss function that connects preference data to LM parameters directly!

Reward model can be written in terms of policy model!



Towards DPO

Direct Preference Optimization (DPO): directly optimizes policy based 
on human preference data using a clever loss function.

Recall, how we fit the reward model in RLHF:

Notice that we only need the difference between the rewards. Simplify 
for rewards:

The final DPO loss function is:

66

We have a classification loss function that connects preference data to LM parameters directly!



Towards DPO

Direct Preference Optimization (DPO): directly optimizes policy based 
on human preference data using a clever loss function.

Recall, how we fit the reward model in RLHF:

Notice that we only need the difference between the rewards. Simplify 
for rewards:

The final DPO loss function is:

67

We have a classification loss function that connects preference data to LM parameters directly!



Summary of LLM Alignment: RLHF and DPO



DPO vs. PPO

DPO vs. P PO
DPO

Policy Model

Preference
Data

Policy Model

Reward ModelPreference 
Data

Prompts

Generations/Completions

PPO

Preference data:

Prompt: 

Responses: 

Preference:

Prompt only 



Proximal Policy Optimization (PPO; 

Schulman et al., 2017) first trains a reward 
model and then uses RL to optimize the 
policy to maximize those rewards.

Direct Preference Optimization (DPO; 

Rafailov et al., 2024) directly optimizes the 
policy on the preference dataset; no 
explicit reward model.

SimPO (Meng et al., 2024) does not use a 

reference model.

Length-normalized DPO normalizes
log-likelihoods of preferred and rejected 
responses by their lengths.

Preference Tuning Optimization Algorithm

Preference Tuning Optimization Algorithm



Two different Post-Training Preference Alignment 
(Preference Optimization: PO) Strategies: 

•To incorporate human preferences: 
•  RL algorithms (PPO, GRPO, REINFORCE) explicitly 

maximize expected reward from a reward model – we 
normally call this group RLHF

• Direct alignment methods (DPO, IPO, KTO) optimize 
preference objectives without explicit reward modeling
• Though they can be shown to implicitly optimize an equivalent 

objective under certain assumptions



PPO consistently outperforms 

DPO, but at the cost of:

● Implementation complexity

● Memory usage, and

● Throughput

Normally can get ~ 1 % improvement 
from switching from DPO to PPO

Preference Tuning Optimization Algorithm

Preference Tuning Optimization Algorithm

Credit: 



What components matter for LMs?

What components matter for LMs?

A
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ge
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rf
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m
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ce

DPO w.
weak 

pref. data

DPO w.
better 

pref. data

DPO
↓

PPO

PPO w.
bigger
reward
model

PPO w.
mixed

prompts

Initial SFT

Credit: 



Advanced DPO: 
An Example: MC-PO

Preference Optimization via Contrastive 
Divergence: Your Policy is Secretly an NLL 

Estimator

AAAI 2026 
Oral Talk



Question: How Should We Choose Dispreferred 
Completions?

Previous (e.g.): The "Max Margin" Heuristic Proposed: MC-PO

Sampling proportionally to the model's 
implicit reward.
The "negative" evolves as the policy learns.



Question: How Should We Choose Dispreferred 
Completions?

Previous (e.g.): The "Max Margin" Heuristic Proposed: MC-PO

Sampling proportionally to the model's 
implicit reward.
The "negative" evolves as the policy learns.

Existing studies on PO have 
centered on constructing 
preference data following 
simple heuristics.

• Random Sampling
• Max Margin Selection
• Lack of theoretical 

justification 



Preference Optimization (from RLHF objective)

● PO as NLL estimation

● PO with NLL gradient estimation 



NLL

● Negative log-likelihood (NLL) estimation
○ NLL estimation approximates a distribution with a parametric model using 

sampled observations.

○ The challenge is to compute the normalization constant

• Preference Optimization as NLL estimation



Connecting PO with NLL

● Negative log-likelihood (NLL) estimation
○ NLL estimation approximates a distribution with a parametric model using 

sampled observations.

○ The challenge is to compute the normalization constant

• Preference Optimization as NLL estimation

Vs. RLHF PO Solution:  



Connecting PO with NLL

● Negative log-likelihood (NLL) estimation
○ NLL estimation approximates a distribution with a parametric model using 

sampled observations.

○ The challenge is to compute the normalization constant

➔ Preference Optimization as NLL estimation

PO NLL Estimator 



Background: Two families of Strategies for the NLL 
Estimation Challenge: The Partition Function (Z)

On the connection between Noise-Contrastive Estimation and Contrastive Divergence, 

(2024) Amanda O, et al. 

Theoretical Unification: 

• NCE, RNCE (Ranking NCE) are Special Case of CD (Contrastive 

Divergence)

• through the lens of special Markov Chain (MC) transition kernels.



Connection: 
DPO is PO NLL Estimation with Weak Sampling of Z

DPO estimates normalization Z(x) with 
• Ranking Noise Contrastive Estimation (RNCE) via 
• M=1 Noisy Sample (aka, the dispreferred response)  

Dispreferred completions in Preference Optimization 
are actually importance samples used to estimate the 
normalization constant. 



Bridging the Gap: from Weak Sampling to CD based 
=>

Markov Chain Preference Optimization 
(MC-PO): 
Preference Optimization via Contrastive Divergence
  

We run the MCMC chain for a single step to balance accuracy with 
training efficiency



MC-PO:

● Contrastive divergence applies an MC kernel to compute the gradient term of normalization

● MC kernel: Designed for Sampling in proportion to the implicit reward (via current policy)

● Proof in the paper: Hard negatives lead to more effective gradient updates 

We will compute this term



Main Comparison Results

• MC-PO outperforms baselines in 5 out of 6 experimental settings.
• MC-PO leads to better performance with more diverse response 

candidates



Conclusion

We frame the alignment 
problems as an NLL 

estimation and connect 
DPO to sampling-based 

solutions.

We propose MC-PO that 
offers a principled way 
to sample noisy sample 
(dispreferred responses)

At next step, we aim to 
showcase the benefits 
of utilizing a multi-step 

MCMC based PO 
solution



Build a Large Language Model (From Scratch) / Book by Sebastian Raschka

Now: Post Training into Three Steps

Alignment Phase 

Post-training Phase

Next token predict
(X1, X(T-1)) =>X_T

(X, Y)

(X, Y_w, Y_l) 
Preference Data

Step3: 
RLVR 



88

Step 3: Reinforcement learning w. verifiable 

rewards



You can 
shovel the 
snow with …. 

Score: 10.5

Why? Neural Reward  Model…

Why? Neural Reward  Model…



Why? Neural Reward  Model…

You can 
shovel the 
snow with …. 

Score: 10.5



Simplifying the reward model: rule-based rewards

Simplifyingtherewardmodel: rule-basedrewards

Can we just remove this complex setup and use simpler ‘models’…?

What is 
2+2? 4.

Score: 1

if answer == gold label: 
return 1

else:
return 0



RL with verifiable rewards

RL with verifiable rewards

LM Policy:

State
Prompt: Response:

Problems (e.g., math) have
ground truth answers, but
no good thinking process.

Reward

Action

Verification function

1 if correct

0 otherwise

Reward model

Math training set

Coding training set



RL with verifiable rewards

RL with verifiable rewards

LM Policy:

State
Prompt: Response:

Problems (e.g., math) have
ground truth answers, but
no good thinking process.

Reward

Action

Verification function

1 if correct

0 otherwise

Reward model

Math training set

Coding training set



RL with verifiable rewards

RL with verifiable rewards

LM Policy:

State

Reward

Action
Prompt: Response:

GSM8K training set

MATH training set 

Precise instruction following

Any supervised training?

• w. ground truth answers

• w.o. thinking process

Verification function

1 if correct

0 otherwise



Step 3: Reinforcement learning w. verifiable rewards

Step 3: Reinforcement learning w. verifiable rewards

• Gold final answers or verifiable constraints.

• intermediate chain of thoughts or not matching model.

• Classical RL! (We used PPO for optimization)

1

0

3

Tulu3: 



Doing R L against binary / sparse signals is not that new.

Tulu3: RLVR is not really new!
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