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Last Time
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• Unsupervised training of LLMs
• Emergent Capabilities

• Challenges of MLE-based unsupervised training



Today
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• Pipeline
✓Pretraining

✓Domain Adaptation

✓Alignment

✓Instruction Tuning

✓Preference Optimization

✓RLHF / DPO



What does MLE not do?
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• No task goals

• No explicit reward

• No utility

Can we fine-tune our model to be useful after learning unsupervised 
P(X) learning?

• Dataset selection drives everything



Post-Training as Utility Optimization
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• Instead of 𝑝𝜃 𝑥𝑡+1 𝑥<𝑡 , we want to optimize utility:

max
𝜃

𝐸𝑥,𝑦∼𝜋𝜃
𝑅 𝑥, 𝑦

• Problem: Reward 𝑅is unknown

• Must be learned from humans or verification signals

• Main approaches:
Method Reward Source

SFT demonstrations

RLHF learned reward model

DPO preference likelihood

RLVR programmatic reward



From Unsupervised to Supervised
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• Can we directly train toward utility via explicit rewards?
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Supervised Fine-Tuning (SFT)

Ben Lengerich © University of Wisconsin-Madison 2026

• Show the language model how to appropriately respond to prompts 
of different types

• “Behavior cloning”

https://huyenchip.com/2023/05/02/rlhf.html
https://huyenchip.com/2023/05/02/rlhf.html

• InstructGPT

https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://huyenchip.com/2023/05/02/rlhf.html


Supervised Fine-Tuning (SFT)
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• Show the language model how to appropriately respond to prompts 
of different types

• “Behavior cloning”

• InstructGPT

1.3B model can outperform 175B model



Supervised Fine-Tuning (SFT)

Ben Lengerich © University of Wisconsin-Madison 2026

• Show the language model how to appropriately respond to prompts 
of different types

• “Behavior cloning”

• Dataset: 𝑥𝑖 , 𝑦𝑖

• Loss: 𝐿𝑆𝐹𝑇 = −𝐸 𝑥,𝑦 log 𝑝𝜃 𝑦 𝑥

• Limitations:
• copies surface behavior

• cannot represent tradeoffs between responses



Model Distillation: A type of SFT
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• Dataset: 𝑥𝑖 , 𝑦𝑡𝑒𝑎𝑐ℎ𝑒𝑟

• Loss: 𝐿𝑑𝑖𝑠𝑡𝑖𝑙𝑙 = −𝐸𝑥 log 𝑝𝜃 𝑦𝑡𝑒𝑎𝑐ℎ𝑒𝑟 𝑥

• Benefits:
• transfer reasoning ability

• smaller deployment models, cheaper inference

• Example:
• Phi models

• Gemma

• Many open reasoning models



Model Distillation: Legal?
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From Anthropic Feb 23, 2026

https://www.anthropic.com/news/detecting-and-preventing-distillation-attacks


Supervised Fine-Tuning (SFT)
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• But real responses involve multiple competing objectives

• Ex:
• accuracy vs simplicity

• brevity vs completeness

• caution vs usefulness

• SFT only sees one chosen response and cannot represent these 
tradeoffs.



Why Preference Learning Helps
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• Instead of demonstrations (𝑥𝑖 , 𝑦𝑖)

• Preference learning uses comparisons: (𝑥, 𝑦𝑤 , 𝑦𝑙) where 𝑦𝑤 ≻ 𝑦𝑙

• This allows the model to learn relative quality rather than copying a 
single example.



Reinforcement Learning with Human Feedback
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Reinforcement Learning with Human Feedback
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Direct Preference Optimization (DPO)
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• Key idea: RLHF objective can be solved without RL.

• Loss:
𝐿𝐷𝑃𝑂 = − log 𝜎 𝛽 log 𝜋𝜃 𝑦𝑤 𝑥 − log 𝜋𝜃 𝑦𝑙 𝑥

• Interpretation:
• push probability mass toward preferred responses

• avoid training reward model

• avoid PPO instability

• DPO implicitly assumes the reward model is log-linear in policy 
likelihood.



Where to get training data?
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• Distill another model

• Generate synthetic data
• Ex: Self-Instruct, UltraChat

• Reasoning datasets

• Code generation datasets

• Humans, in particular model users

teacher model

      ↓

generate tasks / 

responses

      ↓

filter / judge

      ↓

SFT / preference 

training

Pipeline



Getting data from users
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https://huyenchip.com/2023/05/02/rlhf.html

https://huyenchip.com/2023/05/02/rlhf.html

OpenAI UI

• Can make a dataset of user 
preferences by offering multiple 
responses to prompts and 
having the user pick which they 
prefer

https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://huyenchip.com/2023/05/02/rlhf.html


Does human feedback reduce model hallucinations?
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https://huyenchip.com/2023/05/02/rlhf.html
https://huyenchip.com/2023/05/02/rlhf.html

John Schulman 2023

https://cameronrwolfe.substack.com/p/understanding-and-using-supervised
https://huyenchip.com/2023/05/02/rlhf.html


Failure Modes of Post-Training
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• Reward hacking
• Model learns reward model artifacts.

• Preference overfitting
• Optimizing human preferences ≠ truth.

• Mode collapse
• RLHF reduces response diversity.

• Distribution shift
• Alignment trained on narrow prompts.

• Over-confidence
• RLHF encourages confident answers even when the model is uncertain.



Reinforcement Learning with Verifiable Rewards
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• RLVR

• Better than human feedback: verifiable truth

• Examples:

Task Verifier

math symbolic solver

code unit tests

logic proof checker



Training Reasoning Models
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• Many frontier models are optimized for long reasoning traces.

• Training signals:
• Chain-of-thought demonstrations

• Preference ranking of reasoning traces

• Verifier rewards

• Example training objective: max
𝜃

𝐸 𝑅 𝑥, 𝑟𝑒𝑎𝑠𝑜𝑛𝑖𝑛𝑔, 𝑦  

• Reasoning traces behave like latent programs.



Test-Time Compute
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• Instead of generating a single response, let’s sample multiple 
candidates:

𝑦1, 𝑦2, … , 𝑦𝑘 ∼ 𝑝𝜃(𝑦 ∣ 𝑥)

• Then choose the best using a verifier:
𝑦∗ = argmax𝑦𝑖

𝑅(𝑥, 𝑦𝑖)

• Example verifiers:
• self-consistency

• majority voting

• verifier scoring

• tree-of-thought search

• Key takeaway: Capability can improve by search at inference time, not 
just better training.



Parameter Efficient Fine-Tuning



Adapter Layers
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• Idea: insert a small trainable 
network inside each 
transformer block.

• Advantages:
• stable

• modular (easy to swap)

• Disadvantages:
• adds inference latency



Low-Rank Adaptation (LoRA)
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• Hypothesis: The change in 
weights during model 
adaptation has a low “intrinsic 
rank.”

𝑊′ = 𝑊 + 𝐵𝐴

𝐵 ∈ 𝑅𝑑×𝑟 , 𝐴 ∈ 𝑅𝑟×𝑘 , 𝑟 ≪ 𝑑, 𝑘

Most implementations apply LoRA to Q 
and V projection matrices only.



A few other adapters
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Method Idea

Adapters small bottleneck networks

LoRA low-rank weight updates

BitFit train only bias terms

Prefix / Prompt tuning learn virtual prompt tokens



Modern Training Pipeline

Ben Lengerich © University of Wisconsin-Madison 2026

✓Pretraining

✓Domain Adaptation

✓Alignment

✓Instruction Tuning

✓Preference Optimization

✓RLHF / DPO

Pre-training learns language.

Post-training learns behavior.

In modern LLMs, capability improvements increasingly come from better post-training and 
inference strategies rather than larger pretraining datasets.



The Post-Training Stack
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Stage Objective

Pretraining learn language distribution

SFT imitate desired behavior

Preference learning learn reward

RL / DPO optimize responses

PEFT efficient adaptation

Modern LLMs are not a single training algorithm.
They are a layered optimization pipeline.



Questions?
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