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Administrivia

4

‣ Assignment 3 released next week

‣ Midterm in two weeks

‣ Assignment 2 due next week (+ quiz)



Scaling Laws

5 Kaplan et al. (2020)

‣ What could scaling laws do for us?



Q1: When to train on repeated data?
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Muenninghoff et al. (2023)



Q1: When to train on repeated data?
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Muenninghoff et al. (2023)



Q2: What architecture to use?
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Q3: How big a model to train?
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In practice
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Olmo 3DCLM



Supervised Fine-Tuning
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Transformer Language Modeling

I       saw    the    dog

hi P (w|context) = softmax(Whi)

W is a (vocab size) x (hidden size) matrix

word probs

12



Training Transformer LMs

<s>       I       saw    the    dog

‣ Input is a sequence of words, output is those words shifted by one

I       saw    the    dog  running

‣ Allows us to train on predictions across several timesteps simultaneously

13



Training Transformer LMs

I       saw    the    dog

Total loss = sum of negative log 
likelihoods at each position

P(w|context)

loss = — log P(w*|context)

14

‣ Parallel inference across several tokens at training time, but at decoding 
time, tokens are generated one at a time



What is SFT?

Feb     12       ,       1809   <eos>

15

‣ 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?

16

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?

17

‣ 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?



Alignment

What do you think of this completion?

Samples from GPT-3
What do you think of this one?
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Why SFT? Safety

19

Unbiased

Non-toxic

Harmless (e.g., don’t help users build a bomb)

Truthful

More later in the semester!



Roadmap

20

‣ SFT is useful for telling a model to respond in a particular way (answer this 
question in this style)

‣ Let’s understand how SFT was used historically, then look at some data



SFT History
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Task Generalization: T0

22 Sanh et al. (2021)

‣ T0: tries to deliver on the goal of T5 
and do many tasks with one model

‣ Crowdsourced prompts: 
instructions for how to do the tasks



Task Generalization

23 Sanh et al. (2021)

‣ Train: a collection 
of tasks with 
prompts. This uses 
existing labeled 
training data

‣ Test: a new task 
specified only by a 
new prompt. No 
training data in this 
task

Train Test‣ Pre-train: T5 task



Flan-PaLM

24 Chung et al. (2022)

‣ Flan-PaLM (October 20, 2022): 1800 tasks, 540B parameter model fine-tuned on 
many tasks after pre-training



Flan-PaLM

25 Chung et al. (2022)

‣ Flan-PaLM (October 20, 2022): 1800 tasks, 540B parameter model

‣ MMLU task (Hendrycks et al., 2020): 57 high school/college/professional exams:



Flan-PaLM

26 Chung et al. (2022)

‣ Flan-PaLM (October 20, 2022): 1800 tasks, 540B parameter model

‣ MMLU task (Hendrycks et al., 2020): 57 high school/college/professional exams:



Self-Instruct/Alpaca

27 Ronen Taori et al. (2023) Alpaca

‣ Fine-tune Llama on 52k outputs with answers 
generated by text-davinci-003

Yizhong Wang et al. (2023) Self-Instruct



“Found” Instruction Data

28

‣ MAmmoTH2: extract 
instruction data from the web 
(using LLMs to reformulate it)

‣ MAGPIE: generate user 
prompts and then the 
responses from scratch using 
an LLM, then filter them and 
train on that data



Where are we now?

29

‣ Many sources of data:

‣ Existing labeled dataset (T0, Flan-PaLM)

‣ Outputs of larger models (Alpaca)

‣ Rearranged data from the web (MAmmoTH2)

‣ How do these differ?



Understanding SFT Data

30

Slide credit: Tatsu Hashimoto
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FLAN

31 Slide credit: Tatsu Hashimoto



Alpaca

32 Slide credit: Tatsu Hashimoto



OpenAssistant

33 Slide credit: Tatsu Hashimoto



Response Lengths Vary

34 Yizhong Wang et al. (2023) TULU



Impact of these Datasets

35 Yizhong Wang et al. (2023) TULU

H
H
H

G
G

G

H+G
H



RLHF
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RLHF: Introduction

37

‣ “Reinforcement learning from human feedback”

‣ In 2022, fine-tuning on labeled datasets was commonplace (T5/T0, 
Flan, other task-specific models from 2019-2022)

‣ These models could do many tasks, but didn’t feel broadly useful, and 
they weren’t “chatbots” as we think of them now

‣ Big shift with ChatGPT in November 2022: RLHF-tuned models



RLHF

38 Ouyang et al. (2022)

‣ Apply this approach to 
optimizing outputs from 
large language models

‣ Step 3 (not shown): do RL 
with this policy



Learning Reward Models

39 Ouyang et al. (2022)

‣ Input x: who was the US president during World War II?

‣ Outputs y+: Franklin D. Roosevelt, Harry Truman

‣ Classical RL: assign some value +3 to this output

‣ Should we just get humans to label rewards? What scale do we use? 
What score should this get?



Learning Reward Models

40 Ouyang et al. (2022)

‣ Input x: who was the US president during World War II?

‣ Outputs y+: Franklin D. Roosevelt, Harry Truman
y-: Herbert Hoover, Franklin D. Roosevelt, Harry Truman

<latexit sha1_base64="vbH1M4Kw6y2EkvcM4Pbna+4QlTM="></latexit>

P (y+ � y� | x) = exp(r(y+,x))

exp(r(y+,x)) + exp(r(y�,x))

‣ Bradley-Terry model: turns scores into log probabilities of 1 being 
preferred to 2. Same as logistic regression where we classify pairs as 1 
> 2 or 2 < 1, but we learn a continuous scoring function



Learning Reward Models

41 Ouyang et al. (2022)

‣ Input x: who was the US president during World War II?

‣ Outputs y+: Franklin D. Roosevelt, Harry Truman
y-: Herbert Hoover, Franklin D. Roosevelt, Harry Truman

<latexit sha1_base64="vbH1M4Kw6y2EkvcM4Pbna+4QlTM="></latexit>

P (y+ � y� | x) = exp(r(y+,x))

exp(r(y+,x)) + exp(r(y�,x))

‣ Outcome: reward model r(y, x) returning real-valued scores

Lots of (y+,y-) pairs



RLHF

42 Christiano et al. (2017)

‣ Goal: find a policy       (LM parameters) that optimizes the following:

<latexit sha1_base64="B7t35RqOKJc7+iQMnqSmbjxUvD0="></latexit>

R(x, y) = r(x, y)� �DKL(⇡✓(y | x)k⇡SFT
✓ (y | x))

<latexit sha1_base64="PA5Eh0OH5mYgRmX1QtYeliUCpZ8="></latexit>⇡✓

get high	
reward

stay close to an initial	
SFT policy

‣ This is called proximal policy optimization (PPO)

‣ Important to regularize towards the SFT policy! Reward models are not 
stable enough to make things work

‣ PPO has some details in its implementation: it’s an advantage actor-critic 
model, so there’s a separate value function that gets learned



RLHF

43

‣ For OpenAI, RLHF data is collected from their API. Very different from 
instruct-tuning datasets Ouyang et al. (2022)



DPO

44
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Direct Preference Optimization (DPO)

Slide credit: Yoav Artzi

•Adopt an alternative offline RL setup	

- Offline RL uses a static set of trajectories with rewards, rather than new trajectories 
during learning (like we saw in REINFORCE and PPO)	

•Restrict the reward to a specific form 	

•Combine the reward learning objective with an RL objective to directly optimize a policy

45 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

2



Slide credit: Yoav Artzi46

Maximize the expected 
reward according to our 
prompt data and policy

Penalize for the distribution 
getting further from the pre-

RL distribution 

•DPO starts with a very similar RL objective to PPO	

	

- Where  is the SFT policy before we fine-tune it with preference data

arg maxθ Ex̄∼𝒟,ȳ∼πθ(ȳ|x̄)[r(x̄, ȳ) − βKL[πθ(ȳ | x̄), π
ref

(ȳ | x̄)]]
πref

Direct Preference Optimization (DPO)



Slide credit: Yoav Artzi47

•DPO starts with a very similar RL objective to PPO	

	

- Where  is the SFT policy before we fine-tune it with preference data

arg maxθ Ex̄∼𝒟,ȳ∼πθ(ȳ|x̄)[r(x̄, ȳ) − βKL[πθ(ȳ | x̄), π
ref

(ȳ | x̄)]]
πref

π*(ȳ | x̄) = 1
Z(x̄) πref(ȳ | x̄)exp( 1

β r(x̄, ȳ))

r(x̄, ȳ) = β log π*(ȳ | x̄)
πref(ȳ | x̄) + β log Z(x̄)

•The optimal policy takes this form	
(according to theoretical results from RL)

•We can rearrange that to give:

•Combine this with Bradley-Terry and…

Direct Preference Optimization (DPO)



48 Rafailov et al. (2023)

‣ Through some manipulation, it can be shown that the optimal policy	
for RLHF satisfies the preference model

<latexit sha1_base64="P8LjxrH3pLaUItzw7EEMuk8bdhM="></latexit>

⇡⇤

‣ We can now learn the policy directly to optimize the log likelihood of the 
preference data in a fashion that looks like supervised learning:

ref = SFT policy. preferred output should be more likely under	
our learned policy than under reference, dispreferred output should be less likely

Direct Preference Optimization (DPO)



Slide credit: Yoav Artzi49

 functions like a 
“learning rate” 
following the 

strength of the KL 
constraint

β Per-example 
weight: higher 

weight when the 
reward model is 

wrong

Increase 
likelihood of 

preferred example

Decrease 
likelihood of 
dispreferred 

example

Direct Preference Optimization (DPO)

• The DPO gradient is:





where 

∇ℒDPO(θ) =

−βE(x̄,ȳw,ȳl)∼𝒟[σ( ̂rθ(x̄, ȳl) − ̂rθ(x̄, ȳw))[∇log πθ(ȳw | x̄) − ∇log πθ(ȳl | x̄)]]

̂r(x̄, ȳ) = β log
πθ(ȳ | x̄)
πref(ȳ | x̄)



Outcome of RLHF/DPO

50

‣ RLHF produces an “aligned” model that should achieve high reward

‣ Best-of-n: sample n responses from an SFT model, take the best one 
according to the reward function

‣ Pro: training-free
‣ Cons: expensive, may not deviate far from the initial SFT model

‣ Preference tuning: apply SFT on preferred outputs
‣ Pro: simple. Cons: doesn’t use the negative examples

‣ Baselines:



DPO Results

51 Rafailov et al. (2023)

‣ Evaluation: win rate (as scored by an LLM)



RLHF in Llama 2

52 Touvron et al. (2023)

RLHF data for Llama 2
‣ They do 5 iterations of (train, get more preferences, get new reward model). 
First 3 iterations: just fine-tuning best-of-n, then they used PPO

‣ Current approaches: many papers exploring versions with active data 
collection (e.g., tune with DPO -> collect preferences -> keep tuning …)



Is DPO the best?

53 Ivison et al. (2024)



What does RLHF do?

54

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

(Prasann Singhal, Tanya Goyal, Jiacheng Xu, GD, COLM 2024 oral spotlight)



What does RLHF do?

55

Length accounts for 85% of 
reward improvement

Overall reward 
gain from PPO 

training

On older preference dataset, most reward optimization was attributable to shifting 
to longer outputs! (Modern datasets are much bigger and this effect is reduced)

Average bin reward 
(SFT model outputs)

Average bin reward 
(RLHF model outputs)

WebGPT

Improvement 
within length-
controlled bins

(Prasann Singhal, Tanya Goyal, Jiacheng Xu, GD, COLM 2024 oral spotlight)



Putting it together:	
Olmo 3

56
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Olmo 3 SFT

57

‣ Several stages where SFT and RLHF is used:	
‣ Midtraining	
‣ Think/Instruct SFT	
‣ Think/Instruct DPO



Olmo 3 Midtraining

58
‣ And Tulu 3 SFT data as well

‣ “Midtraining” is a phase when models are still “pre-trained” using the 
next-token prediction objective, but on data that looks more like post-
training data (including SFT!)



Olmo 3 SFT

59



Olmo 3 SFT
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Olmo 3 SFT
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Olmo 3 SFT
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Putting it together:	
OpenThoughts

64
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OpenThoughts

65



66

Pipeline for distillation of a strong reasoning model (QwQ-32B)



Scaling Up CoT

67

Answer generation 
with QwQ-32B.	

Removing incorrect	
answers didn’t help

High-quality, filtered 
set of questions was 

important

QwQ was the best 
teacher, even though 
R1 achieves stronger 

performance!



Scaling Up CoT: Distillation

68

Scaling training data (for a 7B model) leads to scaled-up performance.	
7B models can still learn to execute the kinds of reasoning method used in R1/frontier models.
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Next time

70

‣ GRPO: what’s the method that led to the models we’re distilling for reasoning?


