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Pre-Training vs Post Training

• Pre-training is the first and largest stage of training an LLM. Pre-training is the phase where a large language model 
learns general language patterns by analyzing massive amounts of text. Outcome is a base/foundational model that:

– Knows language well

– Generates coherent text

– But does NOT reliably follow instructions

– And is not aligned with human values or safety expectations

• Post-training refers to everything done to a base model after pre-training to make it more useful, safer, and better aligned 
with human expectations.

– Instruction tuning (often called supervised fine-tuning, SFT) is the process of fine-tuning a pretrained large language model on a 
dataset of (instruction, output) pairs, with the explicit goal of teaching the model to follow natural-language instructions rather 
than merely continue text statistically. It directly bridges the gap between next-token pretraining objectives and user intent.

– Preference alignment refers to the process of training LLMs so that their outputs conform to human preferences, norms, and 
values—such as being helpful, truthful, safe, polite, and contextually appropriate—rather than merely statistically likely continuations of 
text.

https://todatabeyond.substack.com/p/visual-guide-to-llm-preference-tuning



Instruction tuning 

Source : cs224n



Super-NaturalInstructions dataset for Instruction tuning 

Source : cs224n



Instruction Tuning Evaluation

• Goal: Assess ability to follow instructions for novel tasks.

• Method: Leave-one-out evaluation at task cluster level.

• Example: Remove all sentiment analysis datasets for testing.

• Ensures no overlap with training tasks.

• Metrics:

• Accuracy (classification)

• chrF (translation)

• ROUGE (summarization)

• Benchmarks



Benchmarks for multitask LMs

UnifiedQA is a single, unified question-answering (QA) model proposed by Khashabi et al. (EMNLP 2020) that can handle multiple QA formats 

with one model, instead of using separate architectures for each format. It uses T5 as base model.
Source : cs224n





Progress on MMLU

Source : cs224n



Instruction finetuning and performance gains

FLAN (short for Finetuned Language Net) is a family of instruction-tuned language models introduced by Google Research, 

first described in “Finetuned Language Models Are Zero-Shot Learners” (Wei et al., 2021). 

Source : cs224n



Instruction finetuning and performance gains

Source : cs224n



Instruction finetuning and performance gains

Source : cs224n



A huge diversity of instruction-tuning datasets

Source : cs224n



Limitations of instruction finetuning?

Source : cs224n



Preference Alignment

• Preference alignment refers to the process of training LLMs so that their 
outputs conform to human preferences, norms, and values—such as being 
helpful, truthful, safe, polite, and contextually appropriate—rather than merely 
statistically likely continuations of text

• Unaligned or weakly aligned LLMs tend to:
– Respond confidently with false information (hallucination)

– Optimize for verbosity and politeness rather than correctness

– Reflect annotator or dataset biases

– Fail under ambiguous or adversarial prompts

• Empirical studies show that human preference optimization significantly 
improves perceived usefulness, safety, and trustworthiness of LLM systems



Preference-based alignment

Preference-based alignment trains a language model not just to produce correct 
answers, but to produce answers that humans prefer.

Instead of learning from:

“This is the right answer.”

The model learns from:

“Between these two answers, humans prefer A over B.”

This shift directly addresses the core problems of instruction fine-tuning:

• No single correct answer for many tasks

• Token-level loss misaligned with human judgment

• Difficulty encoding abstract qualities like helpfulness, politeness, safety



Preference Data Types

• Pairwise Comparisons

– Most common

𝑦+ > 𝑦−

• 2. Ranked Lists

𝐴 >  𝐵 >  𝐶

• 3. Scalar Feedback

Score from 1–5

• 4. AI Feedback (RLAIF)

– Replace humans with models:

• Reinforcement Learning from AI Feedback



Preference Data

The quality of preference data is often more important than the algorithm:

• Human annotation — Gold standard but expensive (Likert scales, pairwise comparison)

• AI feedback (RLAIF) — Scalable; Anthropic's Constitutional AI uses a set of principles for 
self-critique

• Synthetic data — Generated pairs from stronger models (common in open-source 
pipelines)

• Implicit signals — Click-through, upvotes, session length (noisier)



Preference-based alignment methods

• 1. Reinforcement Learning from Human Feedback (RLHF) The 

foundational approach (Christiano et al., 2017; InstructGPT, 2022):

– SFT — Fine-tune on high-quality demonstrations

– Reward model — Train a separate model on pairwise human preferences (A vs B)

– RL optimization — Use PPO to maximize reward while penalizing KL divergence from 

the reference policy

• Strengths: Effective; well-studied Weaknesses: Unstable training, reward 

hacking, expensive human labeling, requires separate reward model



Preference-based alignment methods

2. Direct Preference Optimization (DPO) (Rafailov et al., 2023) 

Key idea:
• Skip reward model + RL 

• Optimize directly from preference pairs

• Eliminates the RL loop entirely by deriving a closed-form loss directly from 
preference data:

ℒDPO = −𝔼 log 𝜎 𝛽 log
𝜋𝜃 𝑦𝑤 ∣ 𝑥

𝜋ref 𝑦𝑤 ∣ 𝑥
− 𝛽 log

𝜋𝜃 𝑦𝑙 ∣ 𝑥

𝜋ref 𝑦𝑙 ∣ 𝑥

Where 𝑦𝑤 =preferred output, 𝑦𝑙 =dispreferred, 𝛽= temperature. 

Strengths: Simpler, stable, no reward model needed Weaknesses: Sensitive to 
reference model quality; can forget general capabilities



Extensions & Variants

Method Key Idea

IPO (Azar et al., 2023)
Fixes DPO's implicit reward assumption; more 

robust

KTO (Ethayarajh et al., 2024)
Uses individual good/bad labels instead of pairs 

(Kahneman-Tversky loss)

ORPO (Hong et al., 2024) Merges SFT and alignment into a single stage

SimPO (Meng et al., 2024)
Reference-free DPO variant using average log-

prob

RLAIF
Replaces human raters with an AI judge 

(Constitutional AI)

RLVR
Uses verifiable rewards (e.g., math correctness) 

— used in DeepSeek-R1, o1



Extensions & Variants

• Constitutional AI (Anthropic)

– A notable variant that reduces reliance on human labels:

– Model critiques its own outputs using a written constitution

– Revises outputs accordingly

– These revised pairs become preference training data for RLAIF



‘RLHF’ pipeline

Source : cs224n



Optimizing for human preferences

Source : cs224n



How do we get the rewards?

Source : cs224n



How do we model human preferences?

Source : cs224n



Reinforcement Learning from Human Feedback (RLHF)

• The most widely known approach is Reinforcement Learning from Human Feedback 
(RLHF).

• Pipeline:
– Pretraining

• Train base LLM on large text corpora.

– Supervised Fine-Tuning (SFT)

• Humans write high-quality responses → model imitates them.

– Preference Data Collection

• Annotators rank outputs:

• Prompt: "Explain quantum computing"

• A: ...

• B: ...

• → Human chooses A > B

– Reward Model (RM)

• Train a model to predict human preferences:
𝑟𝜃 𝑥, 𝑦

– Policy Optimization

• Optimize LLM to maximize reward using RL (e.g. PPO)



PPO (Proximal Policy Optimization)

• Proximal Policy Optimization (PPO) is a policy-gradient reinforcement 
learning algorithm designed to make policy updates:
– Stable

– Sample-efficient

– Easy to implement

• PPO improves a language model according to human preferences while 
explicitly preventing it from changing too fast or too far.

• Step-by-step RLHF with PPO:
1. Start with an instruction-tuned LM
2. Generate responses to prompts
3. Score responses using a reward model
4. Use PPO to update the LM: 

o Increase probability of high-reward responses
o Penalize excessive deviation from the original model



RLHF can be complex

Source : cs224n



RLHF provides gains over pretraining + finetuning

This plot is one of the first 
strong empirical 
proofs that:

1. LM likelihood ≠ 
human preference

2. Instruction tuning 
alone is insufficient

3. Preference-based 
alignment is 
essential

4. Scaling amplifies 
alignment when 
objectives are correct



Direct Preference Optimization (DPO)

• Direct Preference Optimization (DPO) is an alignment technique for large 

language models that fine-tunes them based on human preferences without 

requiring reinforcement learning. 

• Unlike RLHF (Reinforcement Learning from Human Feedback), which 

involves training a reward model and optimizing the language model 

accordingly, DPO simplifies the process by using a classification loss to 

directly optimize preferences.

• This method is computationally efficient and stable, making it a promising 

alternative for aligning models to human expectations. 

• It has been successfully applied to tasks like sentiment control, 

summarization, and dialogue generation, often outperforming RLHF-based 

approaches



Removing the ‘RL’ from RLHF 

Source : cs224n



Putting it together for DPO

• DPO derives a reward 
from likelihood ratios 
relative to a reference 
model and optimizes 
human preferences 
directly using a 
Bradley–Terry loss, 
eliminating the need 
for PPO while 
preserving 
KL-regularized 
alignment.



DPO outperforms prior methods 

Source : cs224n



Open source RLHF is now mostly (not RL)

• DPO is used more in LLMs because it directly optimizes human preferences with 
the same quality as PPO-based RLHF, while being far simpler, cheaper, and more 
stable to train.

Source : cs224n



Improving the “RL” from RLHF ---GRPO 

Source : cs224n



Where does the labels come from?

Source : cs224n



Where does the labels come from?
• The leftmost table shows 

demographic statistics of the 
human annotators used in the 
dataset (from OpinionQA). They 
tend to be:
• Western
• Highly educated
• From specific age ranges
• From specific cultural and 

political backgrounds

• The annotators are not 
representative of the global 
population. Preference-based 
alignment amplifies bias

• Preference-based alignment 
amplifies the demographic and 
ideological biases of 
annotators, meaning that 
“human preferences” learned 
by LLMs reflect specific 
populations rather than 
universal values.

Source : cs224n
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