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Post-training



Overview of Concepts

Post-training aligns a trained model to be more
helpful or better at following instructions.

RLHF, DPO, and RLVR are common 
RL-based
post-training methods.

Reinforcement learning (RL) involves learning via
experience, rather than via copying training data.

Instruction tuning  supervises an LM on 
data
derived from many NLP tasks.



GPT

● Let’s talk about GPT.
● These things are gigantic!

GPT4 has roughly 1.8 trillion parameters !!!



GPT

● Let’s talk about GPT.

● Trained on an extremely large chunk of text.
○ Example: 

https://raw.githubusercontent.com/karpathy/char-rnn/master/data/tiny
shakespeare/input.txt

○ Reality: entire internet

https://raw.githubusercontent.com/karpathy/char-rnn/master/data/tinyshakespeare/input.txt
https://raw.githubusercontent.com/karpathy/char-rnn/master/data/tinyshakespeare/input.txt


GPT

● Let’s talk about GPT.

● Trained on an extremely large chunk of text.
○ Reality: entire internet
○ https://huggingface.co/spaces/HuggingFaceFW/blogpost-fineweb-v1 

https://huggingface.co/spaces/HuggingFaceFW/blogpost-fineweb-v1


raw text

but,
computers
don’t get
text



bytes

vocab size: 2

seq length: 
too long



bytes

vocab size: 256

seq length: long



unique tokens

vocab size: 
100k

seq length: 
short



GPT

● Step 1: download and preprocess the internet

● Step 2: tokenization
○ convert raw text into sequences of symbols (tokens)
○ https://tiktokenizer.vercel.app/ 

https://tiktokenizer.vercel.app/


GPT

● Step 1: download and preprocess the internet

● Step 2: tokenization
○ convert raw text into sequences of symbols (tokens)
○ https://tiktokenizer.vercel.app/ 

● Step 3: training neural network (Decoder of the Transformer)
○ visualization: https://bbycroft.net/llm 

https://tiktokenizer.vercel.app/
https://bbycroft.net/llm
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● Step 3: training neural network (Decoder of the Transformer)
○ visualization: https://bbycroft.net/llm 

○ inference: 

https://bbycroft.net/llm
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GPT

● Step 3: training neural network (Decoder of the Transformer)
○ visualization: https://bbycroft.net/llm 

○ inference: 

https://bbycroft.net/llm


GPT

● So that’s GPT. What did we achieve when we successfully trained a 
GPT?



GPT

● So that’s GPT. What did we achieve when we successfully trained a 
GPT?
○ It’s just a blabber that keeps generating text that looks like human 

languages. 
○ Or rather, it is just “dreaming” the internet that it has seen.
○ https://huggingface.co/openai-community/gpt2 

● It’s not the magical ChatGPT yet
○ It doesn’t interact with you.

https://huggingface.co/openai-community/gpt2


GPT

● So that’s GPT. What did we achieve when we successfully trained a 
GPT?
○ It’s just a blabber that keeps generating text that looks like human 

languages. 
○ Or rather, it is just “dreaming” the internet that it has seen.
○ https://huggingface.co/openai-community/gpt2 

● It’s not the magical ChatGPT yet
○ It doesn’t interact with you.
○ we call these models the base models (GPT2,3,4, Llama..)

https://huggingface.co/openai-community/gpt2


ChatGPT

Post-Training:
● Train on conversations between human and AI assistant



Instruction Tuning



Language models don’t know what you 
want.

• Pre-trained models simply predict the most probable next token.

• This is not the same thing as following instructions.

• A large model has probably seen “Boston University was founded in 1839” before. 
How can we get it to actually respond to this query in a helpful way?

Prompt: What year was Boston University founded?

LM output: Better yet, what year was Northeastern University
founded? Or Boston College?



Instruction Tuning Data

Translate this from 
English to Thai:

Cats sleep quietly.
แมวนอนหลับอยางเงียบ

ๆ

Summarize this 
report.

studies of massive 
galaxy clusters and 
groups at @xmath5 

typically find 
environments with 
little - to - no star 

formation activity…

Answer the question 
given the context.

Context: Boston University 
is a private research 
university in Boston, 

Massachusetts. BU was 
founded in 1839 by…

Question: When was BU 
founded?

Answer: 1839

Concatenate instructions
to supervised responses.
Train on these with typical
self-supervised language
modeling objective.



Generating Instruction Tuning Examples

• You can hand-write 
instructions, but this 
would take a lot of 
effort.

• It’s more common to 
design templates, and 
slot in examples from 
existing datasets.



• SuperNaturalInstructions [Wang et al., 2022]: 
diverse instruction-tuning examples from 1616 
tasks (76 task types)!



Evaluating Instruction-tuned Models

• Pre-train as normal

• Training: use a collection of 
existing tasks with prompts.

• Testing: Hold out some tasks 
and prompts.

• Leakage is a concern



Flan

[Chung et al., 2022]



ChatGPT
● Models need tokens to think. Each 

forward pass only has limited 
number of computation 
capabilities.



Llama 3.1 
(8B)

Before instruction tuning After instruction tuning



Self-Instruct [Wang et al., 2023]

Take a pre-trained model, fine-tune on examples generated by GPT-3.

Taori et al. [2023]: fine-tune Llama on 52K self-instruct examples to create a model called “Alpaca”



Llama 2

• Hire humans to do data 
annotation/creation

• Develop helpfulness and 
safety guidelines for 
creating high-quality 
instruction-tuning data

• 27.5K examples

• Goal: good starting point 
for RLHF—not to be the 
best LLM



Recent Data Collection Methods

• MAmmoTH2: extract 
instruction tuning data from 
the internet, use LLMs to 
rephrase/normalize it

• MAGPIE: generate user 
prompts and responses to 
the prompts using LLMs. 
Filter them and then train a 
model on this data

[Yue et al., 2024]

[Xu et al., 2024]



ChatGPT

● Hallucinations:
We want the 
model to say “I 
don’t know” but 
it’s likely going to 
make stuff up.



Reinforcement Learning 
from Human Feedback 

(RLHF)



From Instructions to Preferences

• Instructions are good for telling models how to do something (teaching procedural 
knowledge).

• Preferences do not require procedural knowledge. We can simply show models 
examples of outputs that humans prefer or disprefer.

Ideally, we would like
the model to encode
that 



RLHF Overview

[Ouyang et al., 2022]



Reinforcement Learning

• In (self-)supervised learning, a model learns from labeled examples, or learns to 
mimic some training distributions.

• In reinforcement learning (RL), the model makes its own decisions, and receives 
rewards for making the right kinds of decisions.

• RL is very hard and slow!



ChatGPT - Reinforcement Learning

Post-Training (reinforcement learning):
● We want the model to discover 

what kind of prompt will always 
get to the correct final answer
○ through trial and error



Reinforcement Learning Basics

• RL has four primary components:

• Actions are the set of possible “moves” given the current state

• States are the configurations of the environment

• Rewards are scalar feedback signals informing an agent how well it’s doing

• Policies are the “strategies” of the agent; this is where states get mapped to 
actions

We can think of pretrained LMs as policies    , and preference scores as rewards 



Learning a Reward Model

• Given input : “Who was the U.S. president during World War II?”

• A good output  might look like: “Franklin D. Roosevelt, Harry Truman”

• In reinforcement learning, we’d have a reward model assign some positive score 
to this output, like +2, and our LM would learn to maximize its reward

• But what is the reward model here? What score should we use? How good, exactly, 
is the above response?



Bradley-Terry Model

• Input : “Who was the U.S. president during World War II?”

• Good output  might look like: “Franklin D. Roosevelt, Harry Truman”

• Bad output  might look like: “Herbert Hoover, I don’t know”

• Bradley-Terry model: turn preference scores into log-probabilities

•                                        we classify pairs as             (+) or             (-), but the 
model’s output is a continuous probability

(This is a softmax
over possible
outputs.)





Learning a Reward Model

• Input : “Who was the U.S. president during World War II?”

• Good output  might look like: “Franklin D. Roosevelt, Harry Truman”

• Bad output  might look like: “Herbert Hoover, I don’t know”

• We can train a reward model  r(o, x) to return preference probabilities



KL Divergence

• The Kullback-Leibller (KL) divergence measures the difference between two 
distributions p and q:

So the KL term in the loss essentially
tells the model to keep the output
distribution as similar as possible to the
original model.



Reinforcement Learning from Human Feedback

• Goal: train a policy     that maximizes rewards for outputs from a policy derived from 
human preference data



Preventing Catastrophic Forgetting

• We can’t usually do this directly, because the model will forget everything it’s 
learned during pretraining. (This is often called catastrophic forgetting.)

• So we add a regularizer that penalizes the post-trained model for being different 
from the base model:



RLHF

• Goal: find a policy     (LM parameters) that maximizes this objective:

• So we have to optimize both the reward model and the LLM alongside each other.

• Online RL: the learning trajectory can change during training.

• This approach is known as proximal policy optimization (PPO)
• We need the regularization term because without it, the model could forget a lot of what it 

learned during pre-training

maximize preference
reward

stay close to initial parameters 
before post-training



Before and After RLHF
[Ouyang et al., 2022]



Before and After RLHF
[Ouyang et al., 2022]



What is RLHF teaching our models?

• A large amount of the reward improvement is simply because the model’s outputs 
are longer—not necessarily always better!

• (Humans kind of
have this bias, too.
Longer essays are
often scored more
highly than short
essays.)

[Singhal et al., 2024]



DeepSeek - Reinforcement Learning

● OpenAI (ChatGPT) did not disclose too much details on how they got the 
reinforcement learning.

● DeepSeek publicly discussed this!!
https://arxiv.org/pdf/2501.12948 

https://arxiv.org/pdf/2501.12948


DeepSeek - Reinforcement Learning

● Clearly RL made the 
reasoning capabilities 
much better.



DeepSeek - Reinforcement Learning

● The more we train the 
model with RL, the 
longer the generation 
response become

● So apparently RL, 
through training, 
encourages generation 
of longer sequence. 

● It should make sense!



DeepSeek - Reinforcement Learning



DeepSeek - Reinforcement Learning

● This ruminating and COT style 
of generation is not something 
that is achievable by human 
labeling.

● Only RL can discover how to do 
this



Direct Preference 
Optimization (DPO)



Why train a separate reward model?

• Idea: instead of training a reward model, we can just use gradient-based learning 
on preference data

• The LM itself is the
reward model!



Online vs. Offline RL

• Offline RL: use a static trajectory with rewards

• Unlike RLHF, we will not modify the reward model during training

• Combine the reward learning objective with an RL objective to directly optimize 
some policy 

[Rafailov et al., 2024]



Reward Formulation

Ideally, we would like
the model to encode
that 

Instead of learning for r(x,o), they directly define it:



Direct Preference Optimization

This is a partition function, or a sum over all
possible outputs o given prompt x.

Computing this sum would be extremely slow.

Insight: we actually just care about the difference between two rs, where the Zs cancel!



Direct Preference Optimization

So basically, DPO expresses the likelihood of a preference in terms of two LLM
policies instead of an explicit reward model. The DPO loss for one example will be:



Breaking Down the DPO Loss



Direct Preference Optimization



Advantages of DPO

• DPO does not require training a separate reward model.

• DPO learns directly from preferences in a dataset D  without needing to sample 
from a reward model 



Outcomes of Post-training

• Post-training (RLHF, DPO) produces an “aligned” model that should achieve high rewards 
in general on any given input.

• Let’s evaluate against some baselines:

• Best-of-n: given a pretrained model w/o post-training, sample  responses from LM, 
take the best one according to the reward function

• No RLHF, DPO required

• Computationally expensive

• still need to train a reward function. so it’s like half way through PPO

• Preference tuning: just fine-tune w/ cross-entropy loss on preferred outputs

• Simple, but doesn’t make use of negative examples



Evaluation

Win rate: how often are this model’s outputs preferred to other models’ outputs?
Approximate ranking: DPO > Best-of-n > PPO > Preference tuning > Base 
model

[Rafailov et al., 2024]



Evaluation

• What’s the trade-off between the 
two terms in our objective (high 
reward, but also don’t deviate 
too much)?

• DPO achieves better trade-offs 
between these two objectives.

Optimal point



The Death of LM Evaluation?

• Benchmark saturation: models 
achieve perfect or superhuman scores, 
so the benchmark ceases to be useful 
in telling apart the quality of newer 
models

• Classically, NLP evaluation tasks just 
measured whether an output was 
correct or not

• These days, we care more about 
long-form evaluation—which is very 
hard!

[Kiele, 2023]



Evaluating Long-form Outputs

• How can we evaluate the quality of long-form outputs?

• Summaries?

• Responses to open-ended questions?

• Safety?

• An increasingly common approach: use (post-trained) LLMs to compare the outputs 
of two models

• This is called LLM-as-a-judge

• Win rate: what % of the time does the judge prefer model 1’s output?



[Ivison et al., 2024]



Chatbot Arena

• Ranked by Elo.

• All models start with 
1000 points

• When model A’s 
response is preferred 
to model B’s, model A 
takes some points 
from model B



Chatbot Arena



Takeaways

• Post-training takes base LLMs and makes them dramatically more useful

• This is the foundation of most modern LLMs, including most proprietary 
state-of-the-art models you’ve interacted with

• As models continue to improve, evaluation continues to get more difficult

• How can we scale human evaluation?

• Should we trust that LLMs are usually doing the right thing?


