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Recall: What is a language model?

• Language Modeling is the task of predicting what word comes next

the students opened their ______

• More formally: given a sequence of words                                 ,
compute the probability distribution of the next word             :

where            can be any word in the vocabulary

• A system that does this is called a Language Model

2. Language Modeling

exams
minds

laptops
books

11
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Recall: Generating text with RNNsGenerating with an RNN Language Model (“Generating roll outs”)
Just like an n-gram Language Model, you can use a RNN Language Model to 
generate text by repeated sampling. Sampled output becomes next step’s input.

<s> my favorite season

sample

my
sample

favorite
sample

season
sample

is

is42

sample

spring

spring

sample

</s>
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Transformer



Embeddings



Embeddings: Similarity



Embeddings: Directions



Embeddings: Directions



Recall: RNN Bottleneck problem1. Why attention? Sequence-to-sequence: the bottleneck problem
En

co
de

r R
NN

Source sentence (input)

<START>    he        hit        me       with        a         pieil           a         m’      entarté

he        hit        me       with        a          pie    <END>

Decoder RNN

Target sentence (output)

Encoding of the 
source sentence. 

This needs to capture all 
information about the 

source sentence.
Information bottleneck!

6
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Pooling in RNNsThe starting point: mean-pooling for RNNs

10

• Starting point: a very basic way of ‘passing information from the encoder’ is to average

the movie a lotoverall I enjoyed

positive

Sentence 
encoding

How to compute 
sentence encoding?

Usually better: 
Take element-wise 
max or mean of all 

hidden states
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Solution: Attention

• On each step of decoding, use direct connection to the encoder to focus

on a particular part of the sequence

• A bit like what humans do!

• Attention provides a solution to the bottleneck problem!
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Attention is weighted averaging!Attention is weighted averaging, which lets you do lookups!

11

Attention is just a weighted average – this is very powerful if the weights are learned!

In a lookup table, we have a table of keys 
that map to values. The query matches 
one of the keys, returning its value.

In attention, the query matches all keys softly, 
to a weight between 0 and 1. The keys’ values 
are multiplied by the weights and summed.
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Using dot products
Sequence-to-sequence with attention

En
co

de
r 

RN
N

Source sentence (input)

<START>il           a         m’      entarté

Decoder RNN

At
te

nt
io

n 
sc

or
es

dot product

15

COMP579, Lecture 15 7



Using softmax for aggregationSequence-to-sequence with attention
En

co
de

r 
RN

N

Source sentence (input)

<START>il           a         m’      entarté

Decoder RNN
At

te
nt

io
n 

sc
or

es
On this decoder timestep, we’re 
mostly focusing on the first 
encoder hidden state (”he”)

At
te

nt
io

n 
di

st
rib

ut
io

n

Take softmax to turn the scores 
into a probability distribution

16
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Putting it all togetherSequence-to-sequence with attention
En

co
de

r 
RN

N

Source sentence (input)

<START>il           a         m’      entarté

Decoder RNN

At
te

nt
io

n 
di

st
rib

ut
io

n
At

te
nt

io
n 

sc
or

es
Attention 

output
Concatenate attention output 
with decoder hidden state, then 
use to compute !"!	as before

!"!	

he

18
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Attention example (continued)Sequence-to-sequence with attention
En

co
de

r 
RN

N

Source sentence (input)

<START>il           a         m’      entarté

Decoder RNN
At

te
nt

io
n 

sc
or

es
At

te
nt

io
n 

di
st

rib
ut

io
n

Attention 
output

he hit me

!"%	

with

21
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Attention more formallyAttention: in equations

• We have encoder hidden states 
• On timestep t, we have decoder hidden state 
• We get the attention scores         for this step:

• We take softmax to get the attention distribution        for this step (this is a probability distribution and 
sums to 1)

• We use        to take a weighted sum of the encoder hidden states to get the attention output 

• Finally we concatenate the attention output        with the decoder hidden 
state      and proceed as in the non-attention seq2seq model

24

COMP579, Lecture 15 11



From translation to language generation: Self-attentionSelf-Attention: keys, queries, values from the same sequence

34

Let !!:#	be a sequence of words in vocabulary #, like Zuko made his uncle tea.

For each !$	, let $$ = &!%, where & ∈ ℝ&×|)| is an embedding matrix.

1. Transform each word embedding with weight matrices Q, K, V , each in ℝ&×&

2. Compute pairwise similarities between keys and queries; normalize with softmax

!%& = #'($) %%& =
exp(!%&)	

∑&* exp(!%&()
3. Compute output for each word as weighted sum of values

#% = -.' (queries) $% = /.' (keys) 0% = 1.' (values)

2% =3
)
%%& 0%

COMP579, Lecture 15 13



Attention blueprintThere are several attention variants

• We have some values and a query

• Attention always involves:
1. Computing the attention scores  
2. Taking softmax to get attention distribution ⍺:

3. Using attention distribution to take weighted sum of values:

thus obtaining the attention output a (sometimes called the context vector)

27

There are 
multiple ways 

to do this
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Attention: Query, Key



Attention: Query, Key





Attention: Query, Key



Attention: Value



Attention: Value



Attention: Value





Multihead attentionHypothetical Example of Multi-Head Attention

48
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Multi-headed Attention



Transformer decoder

The Transformer Decoder

56

• The Transformer Decoder is a 
stack of Transformer Decoder 
Blocks.

• Each Block consists of:
• Self-attention
• Add & Norm
• Feed-Forward
• Add & Norm

• That’s it! We’ve gone through 
the Transformer Decoder.

Transformer Decoder
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Multi-layered Perceptron



Transformer



Transformer encoder

The Transformer Encoder

57

• The Transformer Decoder 
constrains to unidirectional 
context, as for language 
models.

• What if we want bidirectional 
context, like in a bidirectional 
RNN?

• This is the Transformer 
Encoder. The only difference is 
that we remove the masking 
in the self-attention.

Transformer DecoderNo Masking!
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PretrainingPretraining through language modeling [Dai and Le, 2015]

Recall the language modeling task:
• Model 4" 5# 5$:#&$), the probability 

distribution over words given their past 
contexts.

• There’s lots of data for this! (In English.)

Pretraining through language modeling:
• Train a neural network to perform language 

modeling on a large amount of text.
• Save the network parameters.

25

Decoder
(Transformer, LSTM, ++ )

Iroh goes to make tasty tea

goes to make tasty tea END
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Pretraining / finetuning paradigm

The Pretraining / Finetuning Paradigm

Pretraining can improve NLP applications by serving as parameter initialization.

26

(Transformer, LSTM, ++ )

Iroh goes to make tasty tea

goes to make tasty tea END

Step 1: Pretrain (on language modeling)
Lots of text; learn general things!

Step 2: Finetune (on your task)
Not many labels; adapt to the task!

(Transformer, LSTM, ++ )

J/L

… the movie was … 
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What data to use?Where does this data come from?

Model Training Data

BERT BookCorpus, English 
Wikipedia

GPT-1 BookCorpus

GPT-3 CommonCrawl, WebText, 
English Wikipedia, and 2 
book databases (“Books 1” 
and “Books 2”)

GPT-
3.5+

Undisclosed
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GPT (Devlin et al, 2018)Generative Pretrained Transformer (GPT) [Radford et al., 2018]

2018’s GPT was a big success in pretraining a decoder!
• Transformer decoder with 12 layers, 117M parameters.
• 768-dimensional hidden states, 3072-dimensional feed-forward hidden layers.
• Byte-pair encoding with 40,000 merges
• Trained on BooksCorpus: over 7000 unique books.

• Contains long spans of contiguous text, for learning long-distance dependencies.
• The acronym “GPT” never showed up in the original paper; it could stand for 

“Generative PreTraining” or “Generative Pretrained Transformer”

50 [Devlin et al., 2018]
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RL comes in the picture!

Lambert

Review: reinforcement learning basics in language

16

Language model we are 
training

Completion to promptreward model & other 
infrastructure

Next prompt
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Learning from Human Feedback (Knox, 2012)
Teaching an Agent Manually via 

Evaluative Reinforcement (TAMER) 

sDelayed reward Action
State

Sensory 
display

Reward 
model

Action

Supervised 
learner

Credit 
assigner

Action 
selector

samples

Human Environment

TAMER 
agent

Ĥ : S ⇥ A ! R

H : S ⇥ A ! R

a

a

h
Environment 

Agent 

(State, Reward) Action 

TAMER 15 

ICDL 2008 and K-CAP 2009 

If greedy: 

• Numerical reward is a high-variance signal even when learned
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Deep RL from Human Feedback (Christiano et al, 2017)

An alternative approach is to allow a human to provide feedback on our system’s current behavior
and to use this feedback to define the task. In principle this fits within the paradigm of reinforcement
learning, but using human feedback directly as a reward function is prohibitively expensive for RL
systems that require hundreds or thousands of hours of experience. In order to practically train deep
RL systems with human feedback, we need to decrease the amount of feedback required by several
orders of magnitude.

Our approach is to learn a reward function from human feedback and then to optimize that reward
function. This basic approach has been considered previously, but we confront the challenges involved
in scaling it up to modern deep RL and demonstrate by far the most complex behaviors yet learned
from human feedback.

In summary, we desire a solution to sequential decision problems without a well-specified reward
function that

1. enables us to solve tasks for which we can only recognize the desired behavior, but not
necessarily demonstrate it,

2. allows agents to be taught by non-expert users,

3. scales to large problems, and

4. is economical with user feedback.

RL algorithm environment

observation

action

human 
feedback

reward predictorpredicted
reward

Figure 1: Schematic illustration of our approach:
the reward predictor is trained asynchronously
from comparisons of trajectory segments, and the
agent maximizes predicted reward.

Our algorithm fits a reward function to the hu-
man’s preferences while simultaneously training
a policy to optimize the current predicted reward
function (see Figure 1). We ask the human to
compare short video clips of the agent’s behav-
ior, rather than to supply an absolute numerical
score. We found comparisons to be easier for hu-
mans to provide in some domains, while being
equally useful for learning human preferences.
Comparing short video clips is nearly as fast as
comparing individual states, but we show that
the resulting comparisons are significantly more
helpful. Moreover, we show that collecting feed-
back online improves the system’s performance
and prevents it from exploiting weaknesses of
the learned reward function.

Our experiments take place in two domains: Atari games in the Arcade Learning Environment (Belle-
mare et al., 2013), and robotics tasks in the physics simulator MuJoCo (Todorov et al., 2012). We
show that a small amount of feedback from a non-expert human, ranging from fifteen minutes to five
hours, suffices to learn most of the original RL tasks even when the reward function is not observable.
We then consider some novel behaviors in each domain, such as performing a backflip or driving
with the flow of traffic. We show that our algorithm can learn these behaviors from about an hour of
feedback—even though it is unclear how to hand-engineer a reward function that would incentivize
them.

1.1 Related Work

A long line of work studies reinforcement learning from human ratings or rankings, including Akrour
et al. (2011), Pilarski et al. (2011), Akrour et al. (2012), Wilson et al. (2012), Sugiyama et al. (2012),
Wirth and Fürnkranz (2013), Daniel et al. (2015), El Asri et al. (2016), Wang et al. (2016), and
Wirth et al. (2016). Other lines of research considers the general problem of reinforcement learning
from preferences rather than absolute reward values (Fürnkranz et al., 2012; Akrour et al., 2014),
and optimizing using human preferences in settings other than reinforcement learning (Machwe and
Parmee, 2006; Secretan et al., 2008; Brochu et al., 2010; Sørensen et al., 2016).

Our algorithm follows the same basic approach as Akrour et al. (2012) and Akrour et al. (2014). They
consider continuous domains with four degrees of freedom and small discrete domains, where they
can assume that the reward is linear in the expectations of hand-coded features. We instead consider

2

• People provide a preference among two choices

• Assuming there is a latent variable explaining the choice, reward is fit

using maximum likelihood (Bradley-Terry model)

• Cf. https://arxiv.org/pdf/1706.03741.pdf
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RLHF early attempts

Lambert

History: early OpenAI experiments with RLHF

Stiennon, Nisan, et al. "Learning to summarize with human feedback." 2020.

“Three pigs defend themselves 
from a mean wolf”

18

Summarization
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RLHF training phases

Lambert

Vaswani et al. 2017

base model (instruction, helpful, chatty etc.) 
                                         
                                                               

   	 	 	 	 	 	             
	 	 	 	 	  

Three phases of RLHF

20

preference collection & training

RL optimization
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Supervised fine-tuning (SFT): Same as imitation
learning!

• We have (s, a) pairs, where s is a prompt and a is a generation

corresponding to that prompt (consisting of several tokes

• These are taken from already existing data (eg internet docs, QA, solved

problems...)

• Train a policy ⇡sft that maximizes the likelihood of the observed data:

Jsft(✓) = E(s,a)⇠Psft

2

4 1

|a|

|a|X

k=1

log ⇡✓(ak|s, ai<k)

3

5

Training is done by gradient ascent

• Aka teacher forcing
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Better version: Rejection sampling (aka Best-of-N)

Reinforcement learning: future directions

● Rejection sampling / Best of N Sampling
○ Used in WebGPT, Nakano et al. 2021, and Llama 2, Touvron et al. 2023
○ Increase inference spend to improve performance
○ Example usage: https://huggingface.co/docs/trl/main/en/best_of_n 

RLHF at ICML 2023, 55

Best of N sampling

• Generate N answers from the model, reinforce the correct/top one(s)

• Train a policy ⇡sft that maximizes the likelihood of the top data:

Jrft(✓) = Es⇠Psft,a⇠⇡sft(·|s)

2

4 1

|a|1ais at the top

|a|X

k=1

log ⇡✓(ak|s, ai<k)

3

5

Training is done by gradient ascent

• Online rejection sampling finetuning: a ⇠ ⇡✓ instead of a ⇠ ⇡sft
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Model structure

Lambert

Making a preference model: 
base LLM with new final layer

The Transformer - Vaswani et al. 2017

output: 
 scalar rewards

input: 

prompt+completion

Preference model structure

starting point: a base instruction-tuned language model

22
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Training a reward model

Lambert

The Transformer - Vaswani et al. 2017

input pair: 

selected prompt 
+completion 

rejected prompt 
+completion

Preference model training

23

output: 
 scalar rewards 

loss: increase difference 
of predicted reward
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Bradely-Terry reward model

• Collect data from human raters (pairs of yw, yl responses to a prompt

x)

• Optimize the expected value of:

� log(�(r✓(x, yw) � r✓(x, yl)))

wrt reward parameter vector ✓

• Cf. Ouyang et al, InstructGPT

• Corresponds to maximum likelihood fitting of binomial preference

function if reward is linear over the variables
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Evaluating the reward modelMake sure your reward model works first!

Data

Evaluate RM on predicting outcome of held-out human judgments

[Stiennon et al., 2020]

Large enough RM 
trained on enough 
data approaching 
single human perf
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RLHF finetuning

Lambert

Fine tuning with RL

25
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PPO for RLHF

𝑞𝑞

𝑜𝑜!
𝑜𝑜"

𝑜𝑜#

𝑟𝑟!
𝑟𝑟"

𝑟𝑟#

𝐴𝐴!
𝐴𝐴"

𝐴𝐴#

𝑞𝑞 𝑜𝑜 GAE 𝐴𝐴

𝑟𝑟

𝑣𝑣

Reward 
Model

Policy 
Model

Value 
Model

… … …

Policy 
Model

Reference 
Model

Reward 
Model

PPO

GRPO

Trained
Models

Frozen
ModelsReference 

Model

⊕
𝐾𝐾𝐾𝐾

𝐾𝐾𝐾𝐾

Group 
Computation

Figure 4 | Demonstration of PPO and our GRPO. GRPO foregoes the value model, instead
estimating the baseline from group scores, significantly reducing training resources.

on the rewards {𝐿→𝑀} and a learned value function 𝑁𝑂. Thus, in PPO, a value function needs to
be trained alongside the policy model and to mitigate over-optimization of the reward model,
the standard approach is to add a per-token KL penalty from a reference model in the reward at
each token (Ouyang et al., 2022), i.e.,

𝐿𝑀 = 𝐿𝑃 (𝑄, 𝑅↑𝑀) ↓ 𝑆 log
𝑇𝑈(𝑅𝑀 |𝑄, 𝑅<𝑀)
𝑇𝐿𝑉 𝑊 (𝑅𝑀 |𝑄, 𝑅<𝑀)

, (2)

where 𝐿𝑃 is the reward model, 𝑇𝐿𝑉 𝑊 is the reference model, which is usually the initial SFT model,
and 𝑆 is the coefficient of the KL penalty.

As the value function employed in PPO is typically another model of comparable size as
the policy model, it brings a substantial memory and computational burden. Additionally,
during RL training, the value function is treated as a baseline in the calculation of the advantage
for variance reduction. While in the LLM context, usually only the last token is assigned a
reward score by the reward model, which may complicate the training of a value function that is
accurate at each token. To address this, as shown in Figure 4, we propose Group Relative Policy
Optimization (GRPO), which obviates the need for additional value function approximation as
in PPO, and instead uses the average reward of multiple sampled outputs, produced in response
to the same question, as the baseline. More specifically, for each question 𝑄, GRPO samples a
group of outputs {𝑅1, 𝑅2, · · · , 𝑅𝑋} from the old policy 𝑇𝑈𝑅𝑌𝑍 and then optimizes the policy model
by maximizing the following objective:

J𝑋𝑎𝑏𝑐 (𝑈) = E[𝑄 ↔ 𝑏(𝑑), {𝑅𝑒}𝑋𝑒=1 ↔ 𝑇𝑈𝑅𝑌𝑍 (𝑐|𝑄)]

1
𝑋

𝑋∑
𝑒=1

1
|𝑅𝑒 |

|𝑅𝑒 |∑
𝑀=1

{
min

[
𝑇𝑈 (𝑅𝑒,𝑀 |𝑄, 𝑅𝑒,<𝑀)
𝑇𝑈𝑅𝑌𝑍 (𝑅𝑒,𝑀 |𝑄, 𝑅𝑒,<𝑀)

𝑓̂𝑒,𝑀 , clip
(

𝑇𝑈 (𝑅𝑒,𝑀 |𝑄, 𝑅𝑒,<𝑀)
𝑇𝑈𝑅𝑌𝑍 (𝑅𝑒,𝑀 |𝑄, 𝑅𝑒,<𝑀)

, 1 ↓ 𝑔, 1 + 𝑔

)
𝑓̂𝑒,𝑀

]
↓ 𝑆D𝑖𝑗

[
𝑇𝑈 | |𝑇𝐿𝑉 𝑊

]}
,

(3)

where 𝑔 and 𝑆 are hyper-parameters, and 𝑓̂𝑒,𝑀 is the advantage calculated based on relative
rewards of the outputs inside each group only, which will be detailed in the following subsec-
tions. The group relative way that GRPO leverages to calculate the advantages, aligns well with
the comparative nature of rewards models, as reward models are typically trained on datasets
of comparisons between outputs on the same question. Also note that, instead of adding KL
penalty in the reward, GRPO regularizes by directly adding the KL divergence between the
trained policy and the reference policy to the loss, avoiding complicating the calculation of 𝑓̂𝑒,𝑀.

13

as

• Train a policy ⇡✓ that maximizes advantage:

JPPO(✓) = Es⇠P
sft

,a⇠⇡✓
old

(·|s)

2

4 1

|a|

|a|X

k=1

⇡✓(ak|s, ai<k)

⇡✓
old

(ak|s,ai<k)

Ai

3

5

where Ai is the advantage function

• Reward function uses a penalty per token for straying from reference

policy: rt = r�(s, a<t) � � log ⇡✓(at|s,a<t)
⇡sft(at|s,a<t)

• Value function/advantage needs to be estimated!
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GRPO (DeepSeek, 2025)

𝑞𝑞

𝑜𝑜!
𝑜𝑜"

𝑜𝑜#

𝑟𝑟!
𝑟𝑟"

𝑟𝑟#

𝐴𝐴!
𝐴𝐴"

𝐴𝐴#

𝑞𝑞 𝑜𝑜 GAE 𝐴𝐴

𝑟𝑟

𝑣𝑣

Reward 
Model

Policy 
Model
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Model

… … …

Policy 
Model

Reference 
Model

Reward 
Model

PPO

GRPO
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Models
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Model

⊕
𝐾𝐾𝐾𝐾

𝐾𝐾𝐾𝐾

Group 
Computation

Figure 4 | Demonstration of PPO and our GRPO. GRPO foregoes the value model, instead
estimating the baseline from group scores, significantly reducing training resources.

on the rewards {𝐿→𝑀} and a learned value function 𝑁𝑂. Thus, in PPO, a value function needs to
be trained alongside the policy model and to mitigate over-optimization of the reward model,
the standard approach is to add a per-token KL penalty from a reference model in the reward at
each token (Ouyang et al., 2022), i.e.,

𝐿𝑀 = 𝐿𝑃 (𝑄, 𝑅↑𝑀) ↓ 𝑆 log
𝑇𝑈(𝑅𝑀 |𝑄, 𝑅<𝑀)
𝑇𝐿𝑉 𝑊 (𝑅𝑀 |𝑄, 𝑅<𝑀)

, (2)

where 𝐿𝑃 is the reward model, 𝑇𝐿𝑉 𝑊 is the reference model, which is usually the initial SFT model,
and 𝑆 is the coefficient of the KL penalty.

As the value function employed in PPO is typically another model of comparable size as
the policy model, it brings a substantial memory and computational burden. Additionally,
during RL training, the value function is treated as a baseline in the calculation of the advantage
for variance reduction. While in the LLM context, usually only the last token is assigned a
reward score by the reward model, which may complicate the training of a value function that is
accurate at each token. To address this, as shown in Figure 4, we propose Group Relative Policy
Optimization (GRPO), which obviates the need for additional value function approximation as
in PPO, and instead uses the average reward of multiple sampled outputs, produced in response
to the same question, as the baseline. More specifically, for each question 𝑄, GRPO samples a
group of outputs {𝑅1, 𝑅2, · · · , 𝑅𝑋} from the old policy 𝑇𝑈𝑅𝑌𝑍 and then optimizes the policy model
by maximizing the following objective:

J𝑋𝑎𝑏𝑐 (𝑈) = E[𝑄 ↔ 𝑏(𝑑), {𝑅𝑒}𝑋𝑒=1 ↔ 𝑇𝑈𝑅𝑌𝑍 (𝑐|𝑄)]

1
𝑋

𝑋∑
𝑒=1

1
|𝑅𝑒 |

|𝑅𝑒 |∑
𝑀=1

{
min

[
𝑇𝑈 (𝑅𝑒,𝑀 |𝑄, 𝑅𝑒,<𝑀)
𝑇𝑈𝑅𝑌𝑍 (𝑅𝑒,𝑀 |𝑄, 𝑅𝑒,<𝑀)

𝑓̂𝑒,𝑀 , clip
(

𝑇𝑈 (𝑅𝑒,𝑀 |𝑄, 𝑅𝑒,<𝑀)
𝑇𝑈𝑅𝑌𝑍 (𝑅𝑒,𝑀 |𝑄, 𝑅𝑒,<𝑀)

, 1 ↓ 𝑔, 1 + 𝑔

)
𝑓̂𝑒,𝑀

]
↓ 𝑆D𝑖𝑗

[
𝑇𝑈 | |𝑇𝐿𝑉 𝑊

]}
,

(3)

where 𝑔 and 𝑆 are hyper-parameters, and 𝑓̂𝑒,𝑀 is the advantage calculated based on relative
rewards of the outputs inside each group only, which will be detailed in the following subsec-
tions. The group relative way that GRPO leverages to calculate the advantages, aligns well with
the comparative nature of rewards models, as reward models are typically trained on datasets
of comparisons between outputs on the same question. Also note that, instead of adding KL
penalty in the reward, GRPO regularizes by directly adding the KL divergence between the
trained policy and the reference policy to the loss, avoiding complicating the calculation of 𝑓̂𝑒,𝑀.

13

Instead of estimating value, use a group (non-parametric approach)

Notation: q = s, o = a
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GRPO Objective (DeepSeek, 2025)

• Generate G answers and estimate their reward (no regularization towards

reference policy)

• Compute a normalized advantage based on the mean r̄t and standard

deviation of the rewards:

Âi,t =
ri,t � r̄t

std(r1,t, . . . rG,t)

• GRPO objective - very similar to PPO!

JGRPO(✓) = Es⇠P
sft

,ai⇠⇡✓
old

(·|s),i=1,...G

2

4 1

G

GX

i=1

1

|ai|

|ai|X

k=1

⇡✓(ak|s, ai<k)

⇡✓
old

(ak|s, ai<k)
Âi,t � �DKL(⇡✓,⇡✓

old
)

3

5

• DKL is also estimated a bit di↵erently (cf Shulman et al, 2020):

DKL(⇡✓, ⇡✓old
) =

⇡✓old
(ak|s, ai<k)

⇡✓(ak|s, ai<k)
� log

⇡✓old
(ak|s, ai<k)

⇡✓(ak|s, ai<k)
� 1
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The Advantage of RL over SFT (DeepSeek, 2025)

Methods Data Source Reward Function Gradient Coefficient

SFT 𝐿, 𝑀 → 𝑁𝑂 𝑃 𝑄 (𝑅,𝑆) - 1

RFT 𝐿 → 𝑁𝑂 𝑃 𝑄 (𝑅), 𝑀 → 𝑇𝑂 𝑃 𝑄 (𝑆|𝐿) Rule Equation 10
DPO 𝐿 → 𝑁𝑂 𝑃 𝑄 (𝑅), 𝑀+, 𝑀↑ → 𝑇𝑂 𝑃 𝑄 (𝑆|𝐿) Rule Equation 14

Online RFT 𝐿 → 𝑁𝑂 𝑃 𝑄 (𝑅), 𝑀 → 𝑇𝑈(𝑆|𝐿) Rule Equation 10
PPO 𝐿 → 𝑁𝑂 𝑃 𝑄 (𝑅), 𝑀 → 𝑇𝑈(𝑆|𝐿) Model Equation 18
GRPO 𝐿 → 𝑁𝑂 𝑃 𝑄 (𝑅), {𝑀𝑉}𝑊𝑉=1 → 𝑇𝑈(𝑆|𝐿) Model Equation 21

Table 10 | The data source and gradient coefficient of different methods. 𝑁𝑂 𝑃 𝑄 denotes the data
distribution of supervised fine-tuning datasets. 𝑇𝑈𝑂 𝑃 𝑄 and 𝑇𝑈 denote the supervised fine-tuned
model and the real-time policy model during the online training process, respectively.

Figure 5 | Performance of the DeepSeekMath-Instruct 1.3B model, which was further trained
using various methods, on two benchmarks.

• Rejection Sampling Fine-tuning (RFT): RFT further fine-tunes the SFT model on the
filtered outputs sampled from the SFT model based on SFT questions. RFT filters the
outputs based on the correctness of their answers.

• Direct Preference Optimization (DPO): DPO further refines the SFT model by fine-tuning
it on augmented outputs sampled from the SFT model, using pair-wise DPO loss.

• Online Rejection Sampling Fine-tuning (Online RFT): Different from RFT, Online RFT
initiates the policy model using the SFT model and refines it by fine-tuning with the
augmented outputs sampled from the real-time policy model.

• PPO/GRPO: PPO/GRPO initializes the policy model using the SFT model and reinforces
it with the outputs sampled from the real-time policy model.

We summarize the components of these methods in Table 10. Please refer to Appendix A.1 for a
more detailed derivation process.

Observation about Data Source We divide the data source into two categories, online sam-
pling, and offline sampling. Online sampling denotes that the training data is from the explo-
ration results of the real-time training policy model, while offline sampling denotes that the

19
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DeepSeek Overall Results (DeepSeek, 2025)

DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via
Reinforcement Learning

DeepSeek-AI

research@deepseek.com

Abstract

We introduce our first-generation reasoning models, DeepSeek-R1-Zero and DeepSeek-R1.
DeepSeek-R1-Zero, a model trained via large-scale reinforcement learning (RL) without super-
vised fine-tuning (SFT) as a preliminary step, demonstrates remarkable reasoning capabilities.
Through RL, DeepSeek-R1-Zero naturally emerges with numerous powerful and intriguing
reasoning behaviors. However, it encounters challenges such as poor readability, and language
mixing. To address these issues and further enhance reasoning performance, we introduce
DeepSeek-R1, which incorporates multi-stage training and cold-start data before RL. DeepSeek-
R1 achieves performance comparable to OpenAI-o1-1217 on reasoning tasks. To support the
research community, we open-source DeepSeek-R1-Zero, DeepSeek-R1, and six dense models
(1.5B, 7B, 8B, 14B, 32B, 70B) distilled from DeepSeek-R1 based on Qwen and Llama.

Figure 1 | Benchmark performance of DeepSeek-R1.
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Model AIME 2024 MATH-500 GPQA LiveCode CodeForcesDiamond Bench

pass@1 cons@64 pass@1 pass@1 pass@1 rating

OpenAI-o1-mini 63.6 80.0 90.0 60.0 53.8 1820
OpenAI-o1-0912 74.4 83.3 94.8 77.3 63.4 1843

DeepSeek-R1-Zero 71.0 86.7 95.9 73.3 50.0 1444

Table 2 | Comparison of DeepSeek-R1-Zero and OpenAI o1 models on reasoning-related
benchmarks.

Figure 2 | AIME accuracy of DeepSeek-R1-Zero during training. For each question, we sample
16 responses and calculate the overall average accuracy to ensure a stable evaluation.

DeepSeek-R1-Zero to attain robust reasoning capabilities without the need for any supervised
fine-tuning data. This is a noteworthy achievement, as it underscores the model’s ability to
learn and generalize effectively through RL alone. Additionally, the performance of DeepSeek-
R1-Zero can be further augmented through the application of majority voting. For example,
when majority voting is employed on the AIME benchmark, DeepSeek-R1-Zero’s performance
escalates from 71.0% to 86.7%, thereby exceeding the performance of OpenAI-o1-0912. The
ability of DeepSeek-R1-Zero to achieve such competitive performance, both with and without
majority voting, highlights its strong foundational capabilities and its potential for further
advancements in reasoning tasks.

Self-evolution Process of DeepSeek-R1-Zero The self-evolution process of DeepSeek-R1-Zero
is a fascinating demonstration of how RL can drive a model to improve its reasoning capabilities
autonomously. By initiating RL directly from the base model, we can closely monitor the model’s
progression without the influence of the supervised fine-tuning stage. This approach provides
a clear view of how the model evolves over time, particularly in terms of its ability to handle
complex reasoning tasks.

As depicted in Figure 3, the thinking time of DeepSeek-R1-Zero shows consistent improve-

7

SOTA results back in January 2025
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Direct Preference OptimizationRemoving the ‘RL’ from RLHF

• You can replace the complex RL part with a very simple weighted MLE objective
• Other variants (KTO, IPO) now emerging too [Rafailov+ 2023]

COMP579, Lecture 15 38



Learning with non-transitive preferences: NashLLM

• Objective:find a policy ⇡⇤
which is preferred over any other policy

⇡⇤ = arg max
⇡

min
⇡0

P(⇡0 � ⇡)

• Think of this as a game: one player picks ⇡ the other picks ⇡0

• When both players use ⇡⇤
this is a Nash equilibrium for the game

• For this game an equilibrium exists (even if eg preferences are not

transitive)

• Cf. Munos et al, 2024 (https://arxiv.org/pdf/2312.00886.pdf)
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NashLLM-style algorithms

• Fit a two-argument preference function by supervised learning

• Decide what is the set of opponent policies

• Ideally, the max player should play against a mixture of past policies

• Optimize using eg online mirror descent, convex-concave optimization...

• A lot of algorithmic variations to explore!
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NashLLM results

Nash Learning from Human Feedback

Figure 1 | Learning curves showing the accuracy of preference models of di�erent sizes on the train
set (left) and on the test set (right).

Figure 2 | Learning curves showing the accuracy of a preference model versus the accuracy of a reward
model of the same size on the train set (left) and on the test set (right).

15

Using preferences instead of rewards leads to less overfitting
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General blueprint of RLHF training

42

This is a penalty which prevents us from diverging too far from 
the pretrained model. In expectation, it is known as the 
Kullback-Leibler (KL) divergence between !!"#(#) and !$% # .

RLHF: Putting it all together [Christiano et al., 2017; Stiennon et al., 2020]

Pay a price when 
0*/5 ! > 067 !

• Finally, we have everything we need:
• A pretrained (possibly instruction-finetuned) LM 067(!) 
• A reward model	"9.(!) that produces scalar rewards for LM outputs, trained on a 

dataset of human comparisons
• A method for optimizing LM parameters towards an arbitrary reward function.

• Now to do RLHF:
• Initialize a copy of the model 0*/5(!) , with parameters ) we would like to optimize
• Optimize the following reward with RL:

" ! = "9.(!) − ?	log
0*/5(!)
067(!)

COMP579, Lecture 15 42



RLHF resultsRLHF provides gains over pretraining + finetuning

[Stiennon et al., 2020]

/$%(!) 
/&'%(!) 

/()(!) 

43
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Problem: reward hacking

" ! = "9.(!) − ?	log
0*/5(!)
067(!)

56

Limitations of RL + Reward Modeling

• Human preferences are unreliable!
• ”Reward hacking” is a common 

problem in RL
• Chatbots are rewarded to 

produce responses that seem 
authoritative and helpful, 
regardless of truth

• This can result in making up facts 
+ hallucinations

• Models of human preferences are 
even more unreliable!

Reward model over-optimization

[Stiennon et al., 2020]
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More important methods

• Self-improvement

• Chain-of-thought prompting

• Distillation from large models to small

• Utilizing more inference time using search (cool new work)
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More open directions

• Multi-turm

• Exploration

• .....

COMP579, Lecture 15 46


