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Administrivia

‣ Midterm next week: 90 minutes (but you have 120), topics list posted
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‣ Assignment 3 out next week; I will push the deadline a bit (quiz stays)

‣ Final project released, proposals due after spring break

‣ Assignment 1 back

‣ Assignment 2 due and quiz today

‣ HPC change: ood system rather than direct ssh



What is SFT?

Feb     12       ,       1809   <eos>
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‣ Same as language model training, but only compute loss on the 
response. Learn to respond to questions given prompts.

When  was  Lincoln born? 

Prompt Response



When is SFT?
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Kind of SFT!	
(similar data but train over	

all tokens, not just responses)

SFT! Kind of SFT!	
(requires labeled data but 

different objective)



Why is SFT?
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‣ LLM pre-training can be considered either unsupervised or self-supervised

‣ Unsupervised: we’re just learning a function p(x) representing our data 
(the web)

‣ Self-supervised: it’s supervised prediction (predict the next word), but 
the labels are “free”

‣ This isn’t the same as supervised learning, where we tell a model exactly 
what outputs we want it to return. SFT lets us do this.

‣ Where is pre-training on the web going to differ from what we want?



Data Example: Alpaca

8 Slide credit: Tatsu Hashimoto



RLHF, DPO

Preference data is a natural way to nudge the model’s style: more concise, more 
polite, etc.
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Figure 1: DPO optimizes for human preferences while avoiding reinforcement learning. Existing methods
for fine-tuning language models with human feedback first fit a reward model to a dataset of prompts and
human preferences over pairs of responses, and then use RL to find a policy that maximizes the learned reward.
In contrast, DPO directly optimizes for the policy best satisfying the preferences with a simple classification
objective, fitting an implicit reward model whose corresponding optimal policy can be extracted in closed form.

we will show that the RL-based objective used by existing methods can be optimized exactly with a
simple binary cross-entropy objective, greatly simplifying the preference learning pipeline.

At a high level, existing methods instill the desired behaviors into a language model using curated
sets of human preferences representing the types of behaviors that humans find safe and helpful. This
preference learning stage occurs after an initial stage of large-scale unsupervised pre-training on
a large text dataset. While the most straightforward approach to preference learning is supervised
fine-tuning on human demonstrations of high quality responses, the most successful class of methods
is reinforcement learning from human (or AI) feedback (RLHF/RLAIF; [12, 2]). RLHF methods fit
a reward model to a dataset of human preferences and then use RL to optimize a language model
policy to produce responses assigned high reward without drifting excessively far from the original
model. While RLHF produces models with impressive conversational and coding abilities, the RLHF
pipeline is considerably more complex than supervised learning, involving training multiple LMs and
sampling from the LM policy in the loop of training, incurring significant computational costs.

In this paper, we show how to directly optimize a language model to adhere to human preferences,
without explicit reward modeling or reinforcement learning. We propose Direct Preference Optimiza-
tion (DPO), an algorithm that implicitly optimizes the same objective as existing RLHF algorithms
(reward maximization with a KL-divergence constraint) but is simple to implement and straight-
forward to train. Intuitively, the DPO update increases the relative log probability of preferred to
dispreferred responses, but it incorporates a dynamic, per-example importance weight that prevents
the model degeneration that we find occurs with a naive probability ratio objective. Like existing
algorithms, DPO relies on a theoretical preference model (such as the Bradley-Terry model; [5]) that
measures how well a given reward function aligns with empirical preference data. However, while
existing methods use the preference model to define a preference loss to train a reward model and
then train a policy that optimizes the learned reward model, DPO uses a change of variables to define
the preference loss as a function of the policy directly. Given a dataset of human preferences over
model responses, DPO can therefore optimize a policy using a simple binary cross entropy objective,
producing the optimal policy to an implicit reward function fit to the preference data.

Our main contribution is Direct Preference Optimization (DPO), a simple RL-free algorithm for
training language models from preferences. Our experiments show that DPO is at least as effective
as existing methods, including PPO-based RLHF, for learning from preferences in tasks such as
sentiment modulation, summarization, and dialogue, using language models with up to 6B parameters.

2 Related Work

Self-supervised language models of increasing scale learn to complete some tasks zero-shot [31] or
with few-shot prompts [6, 25, 11]. However, their performance on downstream tasks and alignment
with user intent can be significantly improved by fine-tuning on datasets of instructions and human-
written completions [23, 36, 13, 39]. This ‘instruction-tuning’ procedure enables LLMs to generalize
to instructions outside of the instruction-tuning set and generally increase their usability [13]. Despite
the success of instruction tuning, relative human judgments of response quality are often easier to
collect than expert demonstrations, and thus subsequent works have fine-tuned LLMs with datasets of
human preferences, improving proficiency in translation [18], summarization [38, 49], story-telling
[49], and instruction-following [26, 32]. These methods first optimize a neural network reward
function for compatibility with the dataset of preferences under a preference model such as the
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DPO teaches a model from 
RLHF involves training a reward model on that 
preference data, then doing RLHF with model-
based rewards



RLVR Intro
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Shortcomings of RLHF
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‣ Does RLHF “scale”? Can we do a very long (~pre-training length) RLHF run and get 
a very good LLM?

‣ DPO is mis-specified 
as an objective



What does RLHF do?

12 Singhal, Goyal, Xu, Durrett (COLM 2024)

‣ Reward models trained on open datasets have high correlations with 
length



Shortcomings of RLHF
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‣ Can’t run PPO indefinitely due to overoptimization

‣ Does RLHF “scale”? Can we do a very long (~pre-training length) RLHF run and get 
a very good LLM?

‣ DPO is mis-specified 
as an objective



Shortcomings of RLHF

14 Noam Razin et al. (2025)



Shortcomings of RLHF
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‣ Can’t run PPO indefinitely due to overoptimization

‣ DPO is mis-specified 
as an objective

‣ Does RLHF “scale”? Can we do a very long (~pre-training length) RLHF run and get 
a very good LLM?



RLVR
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“Reinforcement learning with verifiable rewards”

Verifiable reward: problem has a verifiable answer and we can say whether the 
model was correct or not

Why did RLVR “take over”? A shift in focus in where LLMs are being developed:

Language tasks: translation,	
summarization, question 
answering. Somewhat verifiable 
but imperfect metrics

2010-2020 2022-2023

“Chat” tasks: more 
open-ended question 
answering

Verifiable tasks: math, 
coding, agentic tasks

2024-2026



RLHF vs. RLVR
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RLHF RLVR

Problems “Chat” problems (“tell me three 
ways to live a healthy lifestyle)

Rewards
Model-based, “LLM-

as-a-judge”

Verifiable: 1 or 0, correct/incorrect	
(small amount of recent work on LLM-

as-a-judge)

Algorithms PPO, DPO

Training data (prompts x, preferred response 
y+, dispreferred response y-)

(prompts x, answer a)

Math, coding, agentic tasks (“make 
this repo compile + pass tests”)

PPO, GRPO



Basic RLVR:	
Expert Iteration,	
Policy Gradient
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Shortcomings of PPO

19 Zheng et al. (2023) Secrets of RLHF Part 1



Simple Version: Expert Iteration

20 Zelikman et al. (2023) STaR: Bootstrapping Reasoning with Reasoning

Examples {(xi, a)} with inputs x and ground truth answers a

For each example xi 

Do inference ypred = LLM(xi)

If ypred is correct

Train on (xi, ypred) with SFT

How does this differ from SFT?

Why is this better than SFT?



Policy Gradient
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Sample trajectories: run the language model to get output y | input x

Compute the return R (in our setting, reward)

Gradient step:

SFT loss on the trace

View the output as a series of actions a (~tokens) given environment states 
(previous tokens emitted) s

reward

baseline 
(adjustment factor)

How does this differ from expert iteration?

Objective:



Implementing Policy Gradient
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When we implement policy gradient, we compute a “policy gradient loss”

Calling .backward() on this gives us the gradient, but *don’t* look at and 
monitor this loss! Instead monitor the reward value; we really care about 
optimizing that!



GRPO
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GRPO

24

sample problems q, then 
sample G rollouts oi from the 
policy

remember policy gradient: 
reward * prob. This is that term.

group-normalized reward

Ratio allows us to use “stale” rollouts when doing the update.

Clipping: you “max out” if you’ve 
changed the ratio by at least epsilon



GRPO: KL Penalty
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Modified form of KL with better numerical properties (never 
negative)



GRPO
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https://github.com/McGill-NLP/nano-aha-moment/

Grab the samples: 
responses per each 
group



GRPO
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Group normalization



Advantages of GRPO
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[I cut here]



GRPO

29

What is this part doing?

What is this part doing?



Advantages of GRPO
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‣ Group rollout

‣ Compute advantage relative to the group (z-score within the group)

‣ No value model!



Result: “Long Chains of Thought”

31



PRMs, MCTS
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Slide credit: Tatsu Hashimoto



DrGRPO and DAPO
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DrGRPO

34 Question level normalization by stddev is unstable…but why remove length norm?



DrGRPO
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Shorter correct responses are boosted more, longer incorrect responses are 
penalized less

High stddev, low updates          Low stddev, updates amplified

Also excludes KL term



DrGRPO
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“Habits of Effective STaRS”

37

‣ RL only works if the capability is already in the base model (Kanishk Gandhi 
et al., 2025)



“Habits of Effective STaRS”
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‣ RL only works if the capability is already in the base model (Gandhi et al.)



“Habits of Effective STaRS”
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DrGRPO

40
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DAPO
Dynamic sAmpling Policy Optimization

What are some differences you see?

filters out instances with all-0 or all-1 rewards

(this, plus some other stuff around handling of truncated long traces)



42

DAPO



Putting it together:	
Olmo 3
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Olmo 3
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RLVR flavors



Caveat: LongCoTs

45



Olmo Difficulty Filtering
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What trick does this remind us of?



Evaluation

47



Assignment 3 Misc
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Prompts

49

‣ A key ingredient in reasoning models is prompt format

‣ Prompts can be simple (“{question}: “) or they can be complex:

A conversation between User and Assistant. The User asks a question, and the Assistant 
solves it. The Assistant first thinks about the reasoning process in the mind and then 
provides the User with the answer. The reasoning process is enclosed within <think> </
think> and answer is enclosed within <answer> </answer> tags, respectively, i.e., <think> 
reasoning process here </think> <answer> answer here </answer>.	

User: {question}	

Assistant: <think>

‣ Prompts are very important for zero-shot use of models on new tasks, but can be 
combined with training methods: the prompt is simply part of the input

‣ Are prompts more important for SFT or for RL? Why



Answer Parsing
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‣ Several formats for answers being output

‣ OpenThoughts:

**Final Answer**\nThe value of \\( k \\) is \\boxed{\\dfrac{-3 + \\sqrt{13}}{2}} or \
\boxed{\\dfrac{-3 - \\sqrt{13}}{2}}User: {question}

‣ In this assignment: you’ll see how much answer parsing errors might be leading 
to issues

‣ DeepSeek-R1 uses <answer> and </answer> to mark it



HuggingFace
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‣ Site that hosts datasets and models

‣ You will enter paths in your code and the model will automatically pull down the 
models/datasets from the Internet and store them in a local cache
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Next time
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‣ Midterm

‣ After spring break: safety, agents, and more!


