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Overview: LLM training stages

2

Pre-training
 Mid-training
 Post-training


• Goal: Learn from as much as data to learn general 
linguistic and world knowledge


• Objective: Language modeling (next token prediction)

• Data: Raw text

• Goal: Make the model usable (follow 
instructions, enable conversation)


• Objective: ??

• Data: ??

(Typically same as pre-
training with a higher-
quality subset of data 
and different learning 

rate schedule)

Dominates compute and data 
(at least, traditionally)
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Recap: Prompting & in-context learning
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Positive

Review: Circulation revenue has increased. 
Sentiment: Positive 

Review: Paying off the national debt will be 
extremely painful. 
Sentiment: Negative 

Review: The company anticipated its operating 
profit to improve. 
Sentiment: __________

    .
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Recap: Paradigm shift: one model does it all

4

Completion: Das Abendessen war großartig

Prompt: Translate the following sentence from 
English to German: “The dinner was great”

Large language 
models

Machine 
translation

Sentiment 
analysis

Question 
answering

Machine 
translation

Text 
summarizationNLP before 2020:
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Recap: Paradigm shift: one model does it all

5

Sentiment 
analysis

Question 
answering

Machine 
translation

Large language 
models

Prompt: Given the following paragraph […], how 
would you phrase it in a few words?

Completion: Graffiti artist Banksy is 
believed to be behind […]

Text 
summarization

NLP before 2020:

•  “Foundation Model” (Bommasani et al., 2021)

•  Zero or very few human-annotated 
examples required

Text 
summarization
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Recap: This is how we use ChatGPT today

6



Berkeley CS 288 

Is pre-training enough?
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• Recall: base (pretrained) language models are good at modeling documents

• To get them to do what we want, we have to format the prompt as if it was a web 

document

Translate this to Chinese: “The hippopotamus ate my homework.” 

Translate this to Chinese: “The giraffe ate my homework.”
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Is pre-training enough?

8

The dog chased a squirrel at the park. = 这只狗在公园里追一只松鼠。 

I was late for class. = 我上课迟到了。 

The hippopotamus ate my homework. = 河马吃了我的作业。

• Problem 1: we can’t just directly ask for what we want

• Problem 2: we don’t have fine-grained control over the outputs

• 1-page summary?

• Summary for a 5th grader?

• Summary I can use in a Tweet?

• Recall: base (pretrained) language models are good at modeling documents

• To get them to do what we want, we have to format the prompt as if it was a web 

document
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From Pre-training to Post-training
(From GPT-3 to ChatGPT)



Berkeley CS 288 

What is post-training?
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• Different ways of post-training:
• Instruction tuning or supervised fine-tuning (SFT)
• Reinforcement learning from human feedback (RLHF) or preference learning

• Reinforcement learning from AI feedback (RLAIF)
• Reasoning with reinforced fine-tuning

• Different from task-specific fine-tuning in BERT models: the goal is to 
produce a general-purpose model that can solve many tasks!


• Once post-trained, the model is used out of the box for any task!

Today’s main focus!
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What is post-training?

11
From Llama-3
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Training LMs to follow instructions with human feedback
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(Ouyang et al., 2022)

• The “InstructGPT” paper

• Precursor of ChatGPT
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Language modeling  following instructions≠

13https://openai.com/index/instruction-following/
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Language modeling  following instructions≠

14https://openai.com/index/instruction-following/
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Language modeling  following instructions≠

15

InstructGPT can be misused!

https://openai.com/index/instruction-following/
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InstructGPT: training pipeline

16
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Step 1: supervised fine-tuning (SFT)

17

•  13k prompts are written by labelers/collected from API
•  Responses are written by labelers
•  Training on SFT data for 16 epochs

• Similar to pre-training, except 1) supervised data; 2) loss is only calculated 
on y


• Similar to task-specific fine-tuning, but the data is not for a single task — it 
should be as large and diverse as possible, covering nearly all tasks users 
may want.

Instruction data (prompt, completion): (x, y)

−
|y|

∑
i=1

log P(yi ∣ y<i, x)
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Step 1: supervised fine-tuning (SFT)

18
 Tulu (Wang et al., 2023)
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Step 1: supervised fine-tuning (SFT)
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Step 2: reward modeling (RM)

20

•  33k prompts are written by labelers/collected from API

•  Labelers need to rank K responses (sampled from model; K=4~9) 

•  The RM is only 6B parameters: R : (x, y) → ℝ

L(θ) = −
1

(K
2 )

E(x,yw,yl)∼D[log (σ(rθ(x, yw) − rθ(x, yl)))]
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Step 2: reward modeling (RM)

21(Ties are allowed and encouraged)
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Step 3: reinforcement learning

22

•  Key idea: fine-tuning supervised policy to optimize reward 
(output of the RM) using PPO (Proximal Policy 
Optimization)


•First collect prompts from API

L(ϕ) = E(x,y)∼πRL
ϕ

[rη(x, y)]

•Train a model (policy) so that its generation maximizes the reward

1. The model generates a response y to a prompt x.

2. The Reward Model looks at it and gives it a score (e.g., +2.5).

3. The PPO algorithm tries to change the model's weights to make 

that +2.5 happen more often.
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•Problem of

• If we only optimized for the reward, the model might find a "cheat code"—like repeating the word 
"Excellent!" 100 times because the Reward Model happens to love that word — “reward hacking”


•Tweak #1: add a per-token KL penalty from the SFT model at each token to mitigate over-optimization 
of the reward model

•Tweak #2: add pre-training loss to “fix the performance regressions on public NLP datasets” (PPO-
ppx)

Step 3: reinforcement learning

23“Reinforcement Learning with Human Feedback (RLHF)”

L(ϕ) = E(x,y)∼πRL
ϕ

[rη(x, y)]

Sample y 
conditioned on x 
from the current 

policy

Maximize 
the reward Penalize the drift between 

the current policy’s 
distribution and the SFT 
model’s distribution

Log likelihood of the pre-training 
data under the current policy

L(ϕ) = E(x,y)∼πRL
ϕ

[rη(x, y) − β log(
πRL

ϕ (y |x)
πSFT(y |x)

)] − γEx∼Dpretrain
log πRL

ϕ (x)
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Who is InstructGPT aligning to?

24

“Our aim was to select a group of labelers who were sensitive to 
the preferences of different demographic groups, and who 
were good at identifying outputs that were potentially harmful.”

“We hired a team of about 40 contractors”

Important to note that alignment ultimately reflects the 
values and judgments of this specific group of annotators.
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Comparison: InstructGPT vs GPT-3
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• 1.3B PPO model is more preferred 
to 175 B SFT/GPT
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Comparison: InstructGPT vs GPT-3
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•  “Alignment tax”

•  PPO-ppx mitigates performance 
regression on most tasks

Other results:
•  Improvements on TruthfulQA
•  Small improvements on 
RealToxicityPrompts
•  No improvements on bias evaluation
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Summary: InstructGPT

27

Instruction data (prompt, response): (x, y)

−
|y|

∑
i=1

log P(yi ∣ y<i, x)

13k prompts, completions are written by human labelers
• Step 1: supervised fine-tuning (SFT) or instruction tuning

• Step 2: reward modeling (RM)
33k prompts, K (4-9) completions sampled, human labelers provide a ranking

Human preference data (prompt, winning response, losing response): (x, yw, yl)

 The RM is only 6B parameters: R : (x, y) → ℝ

L(θ) = −
1

(K
2 )

E(x,yw,yl)∼D[log (σ(rθ(x, yw) − rθ(x, yl)))]
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Summary: InstructGPT

28

•   Key idea: fine-tuning supervised policy to optimize reward (output of the RM) using PPO

31k prompts, no human annotations involved

• Step 3: reinforcement learning (RL)

L(ϕ) = E(x,y)∼πRL
ϕ

[rη(x, y)]
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Open research efforts after InstructGPT:
Supervised Fine-tuning (SFT)
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Supervised fine-tuning (SFT): open research efforts

30

Research questions: 
•  How to collect prompts?

•  How to collect responses? Do responses include chain-of-thought?

•  How to combine and select these datasets for instruction tuning?

• Data: (prompt, response)

• Learning: supervised learning
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Instruction tuning with NLP datasets

31SuperNaturalInstructions (Wang et al. 2022)

T0 (Sanh et al. 2022)
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Instruction tuning with NLP datasets

32T0 (Sanh et al. 2022)
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Instruction tuning with ICL and CoT

33
Chung et al., 2022, Scaling Instruction-Finetuned Language Models


Min et al. 2022. MetaICL: Learning to Learn In Context



Berkeley CS 288 

Instruction tuning with NLP datasets

34

• Convert existing NLP datasets into instruction tuning datasets


• Findings


• The quality and diversity of the instruction-tuning datasets matter much more than the 
amount of data


• Instruction-tuning cannot make up for poor-quality base models


• Users strongly prefer instruction-tuned models over base LMs, even if the base LM is 
orders of magnitude larger.


• Instruction-tuned models can generalize to new tasks that the instruction-tuning data 
did not explicitly include.


• Limitation: NLP datasets don’t cover realistic tasks or the level of control that users want.


• What users want from models is much broader than what’s in existing NLP tasks!
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Self-Instruct: Let the model to generate data!

35Wang et al. 2022. Self-Instruct: Aligning Language Models with Self-Generated Instructions

• 52K instructions & 82K instances

• GPT-3 is used to generate these, and then fine-tuned

• Match InstructGPT’s results!
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Self-Instruct: Let the model to generate data!

36Wang et al. 2022. Self-Instruct: Aligning Language Models with Self-Generated Instructions

• 52K instructions & 82K instances

• GPT-3 is used to generate these, and then fine-tuned

• Match InstructGPT’s results!
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Self-Instruct: Let the model to generate data!

37Taori et al. 2023 “Alpaca: A Strong, Replicable Instruction-Following Model”

• 52K Prompts are model-generated (Self-Instruct)

• Responses are distilled from OpenAI’s text-davinci-003
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•70K user-shared ChatGPT conversations

•Responses are from ChatGPT

Use user-shared conversations!

Chiang et al. 2023 “Vicuna: An Open-Source Chatbot Impressing GPT-4 with 90%* ChatGPT Quality"
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Human-written from scratch

39(Köpf et al., 2023)

• Notable examples: Dolly, Open Assistant
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An explosion of SFT datasets:  
“How Far Can Camels Go?”

40Wang et al., 2023, How Far Can Camels Go? Exploring the State of Instruction Tuning on Open Resources
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Data mixture of instruction tuning

41

TÜLU v2

Ivison et al., 2023, Camels in a Changing Climate: Enhancing LM Adaptation with Tulu 2
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Superficial alignment hypothesis

42

Superficial Alignment 
Hypothesis: Knowledge is 
learned during pre-training; 
instruction tuning teaches 
models which subdistribution of 
formats to use

1000 manually-selected 
examples work great!

Zhou et al., 2023, LIMA: Less Is More for Alignment
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Superficial alignment hypothesis

43

• “We show that these performance 
discrepancies may slip past human 
raters because imitation models are 
adept at mimicking ChatGPT’s style 
but not its factuality.”


• “[W]e argue that the highest 
leverage action for improving open-
source models is to tackle the 
difficult challenge of developing 
better base LMs, rather than taking 
the shortcut of imitating proprietary 
systems.”
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Open research efforts after InstructGPT:
Reinforcement learning (RL)
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Why RL?

45

• SFT alone is fundamentally off-policy. (Why is this a problem?)


• With RL, we simply from our policy

• We want to train “on policy” — learn wrt. prefixes. that are likely to be generated by our 

model.

• Demonstration data is expensive to get, but we could sample lots of data from our policy.


• Why do we use rewards?

• We (typically) don’t have a label of what action to take in some state if we never see that 

state in the demonstration data.
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RL: open research efforts

46

• Data: (prompt, winning response, losing response)

• Learning: RL (PPO) vs offline PO (DPO)

•  How to get prompts?

•  How to get winning responses and losing responses?

•  How to train the reward model?

•  Is RL really necessary?
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Reinforcement learning from AI Feedback (RLAIF)

47

Figure: (Lee et al., 2024)

RLAIF: first introduced by Bai et al. 2022 “Constitutional AI”
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Direct preference optimization (DPO)

48

Preference data: (prompt, winning response, losing response) (x, yw, yl) ∼ D

1. Optimize reward model over preference data
2. Optimize policy model according to the reward model

Next: Why not directly learn the policy model from preference data?

Rafailov et al., 2023, Direct Preference Optimization: Your Language Model is Secretly a Reward Model
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Direct preference optimization (DPO)

49

Preference data: (prompt, winning response, losing response) (x, yw, yl) ∼ D

(Reminder: we don’t want the PPO model to drift away much from SFT in RLHF too)

Rafailov et al., 2023, Direct Preference Optimization: Your Language Model is Secretly a Reward Model

DPO objective:

LDPO(πθ; πSFT) = − 𝔼(x,yw,yl)∼D log σ (β log
πθ(yw ∣ x)

πSFT(yw ∣ x)
− β log

πθ(yl ∣ x)
πSFT(yl ∣ x) )
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Wide use of DPO in open models

50

Llama 3 also uses DPO instead of RL (iterative training of SFT, RM and DPO)
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SimPO: Simple preference optimization                   
with a reference-free reward

51

Maybe you don’t need SFT model (reference model) either?

Meng et al., 2024, SimPO: Simple Preference Optimization with a Reference-Free Reward
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RewardBench: evaluating reward models

52Lambert et al., 2024, RewardBench: Evaluating Reward Models for Language Modeling
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Post-training: Ongoing challenges (1/2)

53Singhal et al. 2024. "A Long Way to Go: Investigating Length Correlations in RLHF"

• Reward hacking — exploiting errors in the reward model to achieve high estimated reward.


• e.g., longer outputs get higher reward, regardless of quality otherwise
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Post-training: Ongoing challenges (2/2)

54Movva et al. 2025. "What’s In My Human Feedback? Learning Interpretable Descriptions of Preference Data"

• “Preference” is inherently subjective and ill-defined
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Wrapping up: LLM training stages

55

Pre-training Mid-training Post-training

• Goal: Learn from as much as data to learn 
general linguistic and world knowledge

• Goal: Make the model usable (follow 
instructions, enable conversation)
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Wrapping up: LLM training stages

56

Pre-training Mid-training Post-training

• Goal: Learn from as much as data to learn 
general linguistic and world knowledge

• Goal: Make the model usable (follow 
instructions, enable conversation)

Reasoning 
model 
training

• Goal: 
Reasoning?

Reasoning models on 3/19!



Questions?
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