
Bits of Language: 
Post-training



Recap
• Last week. LLM Pretraining 

• GPT — Next-token predictors



Recap
• Today. LLM Post-training 

• Alignment 
• Reasoning 
• Acceleration 
• Retrieval-Augmented Generation 
• Agentic AI



Alignment



Problem
• Pretrained LLMs often generate contents ill-aligned with human values 

• e.g., wrong information



Problem
• Pretrained LLMs often generate contents ill-aligned with human values 

• e.g., wrong information 
• e.g., bias/toxic behavior



Problem
• Pretrained LLMs often generate contents ill-aligned with human values 

• e.g., wrong information 
• e.g., bias/toxic behavior 
• e.g., misuse



• Difficult to fix these behaviors via fine-tuning only 
• Requires collecting massive datasets on all boundary cases 

• Idea. Collect binary preferences + Train a “preference imitator”

Idea



RLHF
• Step 1. Collect human response to conduct supervised fine-tuning (SFT)



RLHF
• Step 2. Use human preference feedback to train a reward model



RLHF
• Step 3. Update LLM based on the reward



Remarks
• This ideas can be used for various fine-tuning tasks, not confined to 

alignment toward human values 

• Technical keywords 
• PPO (Proximal Policy Optimization) 
• DPO (Direct Preference Optimization) 
• GRPO (Group Relative Policy Optimization)



Reasoning Models



Problem
• LLMs tend to show poor 

performance at tasks that 
require an advanced reasoning 

• math problem solving 
• program synthesis 
• logical reasoning



Chain-of-thought prompting
• If we showing some examples of sequential reasoning to the LLM, then 

LLMs tend to do a structured thinking



Zero-shot chain-of-thought
• It turned out that we do not necessarily need demonstrations — 

we can simply elicit CoT by simple prompts



Self-consistency
• Furthermore, we can sample various reasoning traces, and take a 

majority vote of the traces 
• Sampling. Instead of choosing top-1 token, randomly select tokens



Search-and-verify
• We can even do an explicit beam search 

• Generate multiple next tokens by selecting top-k choices 
• Generate multiple next tokens again, and prune out some choices 
• Select the best answer using a reward model



Sequential revision
• More recently, people believe that a sequential revision is more token-

efficient than parallel reasoning methods



Remarks
• All these ideas are called test-time scaling 

• Using more inference cost (not training cost) to generate more 
accurate answers 

• People believe that the benefits of scaling up pretraining has saturated, 
and test-time scaling is more efficient way to achieve better performance 
(if not only) 

• However, Gemini 3 challenges this belief 
• We can still scale up pretraining!



Compression & 
Acceleration



Problem
• LLMs have a lot of parameters 

• High memory requirements (i.e., high HW cost) 
• High energy requirements 
• High latency







Pruning
• Reduce the number of nonzero parameters 

• Can skip unnecessary computations 
• Can store less number of FP32 weights

WprunedX =
w1 w2 0
0 w5 0
w7 0 w9

x1 x2 x3
x4 x5 x6
x7 x8 x9

WX =
w1 w2 w3
w4 w5 w6
w7 w8 w9

x1 x2 x3
x4 x5 x6
x7 x8 x9



Quantization
• Reduce the precision of parameters  (e.g., FP32 —> INT4) 

• Can invoke integer arithmetics 
• Less # of gates and energy, chip space 

• Save memory

[2.43 1.72
9.72 −3.28] [x1 x2

x3 x4] ⇒ [ 2 2
10 −3] [x1 x2

x3 x4]



Retrieval-Augmented Generation 
and Agents



Problem
• The factuality of LLM responses are suboptimal 

• Tend to hallucinate —  makes up nonexistent information 
• Some information are outdated — pretrained on old news



Idea
• Give an access to a database 

• Given some user query, retrieve relevant document from the DB 
• Uses some embedding model 

• Retrieved document is given to LLM as a context



Idea
• Top-k relevant documents are discovered by similarity matching 

• Formally, given a set of documents  and the query , we do: 

 

• As the DB is too large, we organize  using some data structure 
• e.g., hierarchical navigable small world

𝒱 q
arg max

v∈𝒱
sim(q, v)

𝒱



Navigable small world
• We construct a loose graph of vectors 

• Each document is connected to nearby documents 

• Enters some point 
• Explores all neighbor documents 

• Evaluate similarity with query 
• Jump to the most similar neighbor 
• Repeat 

• Can skip evaluating many documents



Hierarchical navigable small world
• We can do this with a hierarchy of graphs 

• Enables us to skip much more documents



Tool-Augmented Generation
• This paradigm is extended to a use of general tools 

• e.g., use diffusion models to generate answers 
• e.g., write codes for numerical evaluation



Agentic frameworks
• More recently, LLMs are being used to interact with environments 

• e.g., googling for some information, continuously changing the 
search keywords if the desired result do not come up 

• https://openai.com/index/introducing-chatgpt-agent/

https://openai.com/index/introducing-chatgpt-agent/




• Reinforcement learning basics

Next class
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