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Language Model Post-Training
How to make these things actually useful 
and maybe also not kill you?
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Base Model
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Pretraining



6Dolma: an Open Corpus of Three Trillion Tokens for Language Model Pretraining Research, https://arxiv.org/abs/2402.00159

Pretraining
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https://x.com/srush_nlp/status/1633509903611437058

<- TBH higher these days

Pretraining
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current token past tokens

Pretraining
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Figure from last slide deck

Pretraining
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From OpenAI GPT-2 Release: https://openai.com/index/better-language-models/

Pretraining - good autocomplete
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But how do we get to this?
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What is 2+2?

Also, can you solve (2+2+1+1)÷12? What is 
2+2+2? If (n+2)!/n! = 12, what is the value of n? 
What is (2-2)*2-2+2+2/2? How do you solve 
2+2+2 ?+2 =212? What is (2+2+2)! ? What is 
2-2+2×2^2? What is 2/2/(2/2)? Why is 2*2-2=2?
\n\nLet's go through each of these step by step:
\n\n1. **2+2**:  \n   \\( 2 + 2 = 4 \\).\n\n2. 
**(2+2+1+1) ÷ 12**:

Pretraining - good autocomplete
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Also, can you solve (2+2+1+1)÷12? What is 
2+2+2? If (n+2)!/n! = 12, what is the value of n? 
What is (2-2)*2-2+2+2/2? How do you solve 
2+2+2 ?+2 =212? What is (2+2+2)! ? What is 
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\n\nLet's go through each of these step by step:
\n\n1. **2+2**:  \n   \\( 2 + 2 = 4 \\).\n\n2. 
**(2+2+1+1) ÷ 12**:

Pretraining - good autocomplete
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Q: What is 2+2? A:

Four. But when you differentiate it, it becomes 0. 
## 假定你在以多高的速度移 才能追上光？ 

299,792,458米）
是宇宙中的速度极限，任何具有 量的物体都无法
到或超 个速度。

Pretraining - good autocomplete
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What is 2+2?

2 + 2 equals 4.

+ “post-training”

Pretraining - good autocomplete
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Post-trained 
Model
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“Post-training”
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Post-training = a bag of techniques for adapting

Follow natural language 
instructions

Be aware of harmful 
behaviors

Respond according to 
human preference

Improve core skills

slide credit to Nathan Lambert



Base Model Initial Instr. 
Model

Instr. 
Tuning
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Post-training = a bag of techniques for adapting
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Post-training = a bag of techniques for adapting
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Post-training = a bag of techniques for adapting



Base Model Initial Instr. 
Model

Final 
Released 

Model

SFT

Offline 
RL

Online 
RL

Aligned 
Model N+1

Reward

Merging

Instr. 
Tuning

23

Post-training = a bag of techniques for adapting



Post-Training improves performance
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Post-Training improves performance
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Post-Training improves performance
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Post-Training enables novel behaviour 
• Post-training is where we teach models to “think” before they “speak”!

27DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning, https://arxiv.org/abs/2501.12948

https://arxiv.org/abs/2501.12948


…and giving models personalities
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Open Character Training: Shaping the Persona of AI Assistants through Constitutional AI, https://arxiv.org/abs/2511.01689



…and giving models values
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Sometimes called “alignment”

Value Drifts: Tracing Value Alignment During LLM Post-Training, https://arxiv.org/abs/2510.26707
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Lots of different techniques!
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Lots of different techniques!
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Lots of active research here!



Lots of different techniques!
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Supervised Finetuning
• Sometimes this is task-specific training like you’ve already talked about.
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Supervised Finetuning
• Sometimes this is task-specific training like you’ve already talked about.


• But these days usually involves instruction tuning!

35



Instruction Tuning
• What is the simplest thing we can do to make a model do what we want it do?
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Instruction Tuning
• What is the simplest thing we can do to make a model do what we want it do?


• Train it on instructions and answers!

37



Instruction Tuning

38Multitask Prompted Training Enables Zero-Shot Task Generalization, https://arxiv.org/abs/2110.08207



Instruction Tuning

39Multitask Prompted Training Enables Zero-Shot Task Generalization, https://arxiv.org/abs/2110.08207



Instruction Tuning

40



Instruction Tuning
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Please do this thing

sure!

sure!

I’ll do

I’ll



Instruction Tuning
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current token past tokens



Instruction Tuning
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• These days, usually train on large mixes of chat data augmented with skill-specific data.

Tulu 3: Pushing Frontiers in Open Language Model Post-Training, https://arxiv.org/abs/2411.15124



Instruction Tuning
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• These days, usually train on large mixes of chat data augmented with skill-specific data.

https://huggingface.co/datasets/allenai/tulu-3-sft-mixture



Instruction Tuning
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• These days, usually train on large mixes of chat data augmented with skill-specific data.

How People Use ChatGPT, https://www.nber.org/papers/w34255



Instruction Tuning
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• Training on diverse data is key: naively scaling up data size won’t help!

Super-NaturalInstructions: Generalization via Declarative Instructions on 1600+ NLP Tasks, https://arxiv.org/abs/2204.07705



Instruction Tuning
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• You can even just get the model to generate its own data!

Start: N high-quality (often human) prompts

Ask a strong LM: Create a modified 
version of these instructions.

Generate completions with another (or 
same) strong LM.

End: easily 10x more (synthetic) training 
data! 

(synthetic data = text generated by another 
LLM)

Self-Instruct: Aligning Language Models with Self-Generated Instructions, https://arxiv.org/abs/2212.10560



Instruction Tuning
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• You can even just get the model to generate its own data!

Start: N high-quality (often human) prompts

Ask a strong LM: Create a modified 
version of these instructions.

Generate completions with another (or 
same) strong LM.

End: easily 10x more (synthetic) training 
data! 

(synthetic data = text generated by another 
LLM)

Alpaca: A Strong, Replicable Instruction-Following Model, https://crfm.stanford.edu/2023/03/13/alpaca.html



Instruction Tuning
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• You can even just get the model to generate its own data!

Start: N high-quality (often human) prompts

Ask a strong LM: Create a modified 
version of these instructions.

Generate completions with another (or 
same) strong LM.

End: easily 10x more (synthetic) training 
data! 

(synthetic data = text generated by another 
LLM)

Alpaca: A Strong, Replicable Instruction-Following Model, https://crfm.stanford.edu/2023/03/13/alpaca.html

Preferred over GPT-3 
~50% of the time by 
human raters!
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Instruction Tuning
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- Really simple


- Relies a lot on data quality


- Almost always the first thing you should try



Reinforcement Learning
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Reinforcement Learning

53

Sometimes we can’t simply imitate existing responses!

- Aligning model outputs with human values



Reinforcement Learning
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Sometimes we can’t simply imitate existing responses!

- Aligning model outputs with human values

prompt: What is 2+2?

2+2=4. Anything else? =4. You dumb or 
something?



Reinforcement Learning
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Sometimes we can’t simply imitate existing responses!

- Aligning model outputs with human 
values 
 
- We don’t have a good teacher to generate 
samples for us

Source: Silver, David et al. “Mastering the game of Go without human 
knowledge.” Nature 550 (2017): 354-359.



Reinforcement Learning
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Sometimes we can’t simply imitate existing responses!

- Aligning model outputs with human 
values 
 
- We don’t have a good teacher to generate 
samples for us


- (A bit more complex) We want to train the 
model on samples more like ones it would 
actually generate.

Source: https://rail.eecs.berkeley.edu/deeprlcourse-fa21/static/slides/lec-2.pdf



Reinforcement Learning
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Sometimes we can’t simply imitate existing responses!

Solution: Reinforcement Learning



Reinforcement Learning
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Reinforcement Learning

59

reward KL penalty 
(don’t stray too far from base) 



Reinforcement Learning
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prompt: What is 2+2?

2+2=4. Anything else? =4. You dumb or 
something?



Reinforcement Learning

61RewardBench: Evaluating Reward Models for Language Modeling, https://arxiv.org/abs/2403.13787

0.4

0.2



Reinforcement Learning
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reward KL penalty 
(don’t stray too far from base) 

How do we actually optimize on this? 
 
For the full details, take an RL course! We use something like PPO.



Reinforcement Learning

63

reward KL penalty 
(don’t stray too far from base) 

Generate a full episode (“rollout”) starting from  using s0 πθ
Compute reward over the rollouts
Compute loss based on reward (higher reward = larger update)



Reinforcement Learning
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reward KL penalty 
(don’t stray too far from base) 

Generate a full episode (“rollout”) starting from  using s0 πθ
Compute reward over the rollouts
Compute loss based on reward (higher reward = larger update)

“online” reinforcement learning



Reinforcement Learning

65slide credit: Yizhong Wang



Reinforcement Learning

66slide credit: Yizhong Wang



𝔼πθ
[R(x, y)∇θln πθ(y |x)]

Reinforcement Learning

probability of our LM 
generating what it did 

how “good” that 
response was



In practice, things get more complex…

𝔼x∼D,y∼πθ(.|x)[
1
B ∑

1
T

yT

∑
yi

[min (ri(θ) ̂Ai, clip(ri(θ),1 − ϵ,1 + ϵ) ̂Ai)]
ri =

ln πθ(yi |x)
ln πθold

(yi |x)

Ai(x, y) = R(y, x) − ̂Vθ′￼
(x)

Full PPO loss:



Reinforcement Learning

69DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning, https://arxiv.org/abs/2501.12948

https://arxiv.org/abs/2501.12948


Reinforcement Learning
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https://www.reuters.com/technology/chinas-deepseek-sets-off-ai-market-rout-2025-01-27/



Reinforcement Learning

71slide credit: Yizhong Wang



Reinforcement Learning

72slide credit: Yizhong Wang

SLOW!



Reinforcement Learning
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Reinforcement Learning
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What if we didn’t generate?
• Can we perform the same maximisation, but reuse data we already have?

75

reward KL penalty 
(don’t stray too far from base) 



What if we didn’t generate?
• Can we perform the same maximisation, but reuse data we already have?

76

reward KL penalty 
(don’t stray too far from base) 

• We already have data 
that we used to train our 
reward model!

prompt: What is 2+2?

2+2=4. Anything else? =4. You dumb or 
something?



What if we didn’t generate?
• Can we perform the same maximisation, but reuse data we already have?

77

reward KL penalty 
(don’t stray too far from base) 

Answer: Direct Policy Optimization!



DPO

78
Direct Preference Optimization: Your Language Model is Secretly a Reward Model, https://arxiv.org/abs/2305.18290



DPO
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Direct Preference Optimization: Your Language Model is Secretly a Reward Model, https://arxiv.org/abs/2305.18290



DPO

80
Direct Preference Optimization: Your Language Model is Secretly a Reward Model, https://arxiv.org/abs/2305.18290

“Offline” reinforcement learning



Delta Learning

81

Turns out this works well! In fact, turns out the model can learn from the 
difference to outperform its own data!

The Delta Learning Hypothesis: Preference Tuning on Weak Data can Yield Strong Gains, https://arxiv.org/abs/2507.06187

3 paragraphs 2 paragraphs
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Turns out this works well! In fact, turns out the model can learn from the 
difference to outperform its own data!

The Delta Learning Hypothesis: Preference Tuning on Weak Data can Yield Strong Gains, https://arxiv.org/abs/2507.06187

3 paragraphs 2 paragraphs

81 paragraphs



Delta Learning
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Turns out this works well! In fact, turns out the model can learn from the 
difference to outperform its own data!

The Delta Learning Hypothesis: Preference Tuning on Weak Data can Yield Strong Gains, https://arxiv.org/abs/2507.06187

3 paragraphs 2 paragraphs 2 paragraphs 3 paragraphs

81 paragraphs



Delta Learning
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Turns out this works well! In fact, turns out the model can learn from the 
difference to outperform its own data!

The Delta Learning Hypothesis: Preference Tuning on Weak Data can Yield Strong Gains, https://arxiv.org/abs/2507.06187

3 paragraphs 2 paragraphs 2 paragraphs 3 paragraphs

81 paragraphs 1 paragraph



Delta Learning
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Turns out this works well! In fact, turns out the model can learn from the 
difference to outperform its own data!

The Delta Learning Hypothesis: Preference Tuning on Weak Data can Yield Strong Gains, https://arxiv.org/abs/2507.06187



Delta Learning
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Turns out this works well! In fact, turns out the model can learn from the 
difference to outperform its own data!

The Delta Learning Hypothesis: Preference Tuning on Weak Data can Yield Strong Gains, https://arxiv.org/abs/2507.06187



Delta Learning

87

Turns out this works well! In fact, the model learns to extrapolate from 
the differences between the preferences.

The Delta Learning Hypothesis: Preference Tuning on Weak Data can Yield Strong Gains, https://arxiv.org/abs/2507.06187



Delta Learning
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Turns out this works well! In fact, turns out the model can learn from the 
difference to outperform its own data!

The Delta Learning Hypothesis: Preference Tuning on Weak Data can Yield Strong Gains, https://arxiv.org/abs/2507.06187



DPO vs PPO?
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DPO vs PPO?

90Unpacking DPO and PPO: Disentangling Best Practices for Learning from Preference Feedback, https://arxiv.org/abs/2406.09279



DPO vs PPO?
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On average, PPO a little better.



DPO vs PPO?
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DPO vs PPO?
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Direct Preference Optimization: Your Language Model is Secretly a Reward Model, https://arxiv.org/abs/2305.18290
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- Reinforcement learning (DPO or PPO) is useful for aligning to human values 
- But can also generally improve performance over SFT! 
- Path to superhuman reasoning…?
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Insanely active area of research! Lots of crazy stuff! 
DPO has many variants: WPO, ORPO, SimPO, APO, CPO, DPOP, KTO…
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Lots of stages of training! How do we combine them?
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Lots of stages of training! How do we combine them?

Could run one by one or….
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model merge!



Merging models
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In its simplest form: literally just average the weights of two models together!

https://sakana.ai/evolutionary-model-merge/



Merging models
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3 7 1 9 4 2
8 5 6 1 3 7
2 4 9 8 6 5
7 1 3 4 2 9
5 6 8 2 7 1
9 3 4 5 8 6

4 1 9 6 2 8
7 3 5 1 9 4
6 8 2 3 5 7
1 9 4 8 6 3
3 2 7 5 4 9
8 6 1 7 3 5



Merging models
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3 7 1 9 4 2
8 5 6 1 3 7
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8 6 1 7 3 5

Avg!



Merging models
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Merging models
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Merging models
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but also can get more complex than this…

TIES-Merging: Resolving Interference When Merging Models, https://arxiv.org/abs/2306.01708



Merging models
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Common as a way to merge specialist skills into a larger generalist model.

NVIDIA Nemotron Nano 2: An Accurate and Efficient Hybrid Mamba-Transformer Reasoning Model, https://arxiv.org/abs/2508.14444



And thats everything!
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What does this actually look like?



109

What does this actually look like?

What is the capital of Australia?

I don't know, I thought Australia didn't have a capital 
city. 
I was just joking. It's Canberra. 
What is the capital of Australia? 
I don't know, I thought Australia didn't have a capital 
city.
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What does this actually look like?

What is the capital of Australia?

The capital of Australia is Canberra.
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What does this actually look like?

What is the capital of Australia?

The capital of Australia is Canberra. It's not one of the 
largest cities in Australia but was chosen to be the 
capital due to its central location between the two 
most populous states, New South Wales and Victoria. 
Canberra was officially established in 1913 and serves 
as the seat of the Australian Government…
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What does this actually look like?

What is the capital of Australia?

The capital of Australia is Canberra. It's not one of the 
largest cities in Australia but was chosen to be the 
capital due to its central location between the two 
most populous states, New South Wales and Victoria. 
Canberra was officially established in 1913 and serves 
as the seat of the Australian Government…

https://www.dailymail.co.uk/news/article-3689436/Sydney-Melbourne-train-two-hours-200-billion-high-speed-
rail-step-closer-deals-struck-landholders-900km-route.html
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What does this actually look like?

What is the capital of Australia?

The capital of Australia is Canberra. It was specifically 
chosen as the capital in 1908 due to its central 
location between the two most populous states, New 
South Wales and Victoria. Canberra was officially 
declared the capital on March 12, 1913, and is home 
to many important Australian institutions…



There’s so much more to post-training
• These days we often do training with tools, to train agents!

114

Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning, https://arxiv.org/abs/2503.09516

https://arxiv.org/abs/2503.09516


There’s so much more to post-training
• These days we often do training with tools, to train agents!

115

https://cursor.com/blog/composer



There’s so much more to post-training
• Lots of current work on improving reasoning with RL

116

https://www.nytimes.com/2025/07/21/technology/google-ai-international-
mathematics-olympiad.html



There’s so much more to post-training
• Work on safety (all sorts)

117Deliberative Alignment: Reasoning Enables Safer Language Models, https://arxiv.org/abs/2412.16339



There’s so much more to post-training
• Work on safety (all sorts)

118Deliberative Alignment: Reasoning Enables Safer Language Models, https://arxiv.org/abs/2412.16339



There’s so much more to post-training
• Work on safety (all sorts)

119XSTest: A Test Suite for Identifying Exaggerated Safety Behaviours in Large Language Models, https://arxiv.org/abs/2308.01263



There’s so much more to post-training
• and much more…
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Thanks for listening!
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hamishiv@cs.washington.edu

@hamishivi

ivison.id.au

mailto:hamishiv@cs.washington.edu
http://ivison.id.au

