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Reinforcement Learning for Large Language Models

Instructor: Tong Zhang

Part 2: Reinforcement Learning from Human Feedback (RLHF)
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Background
Reinforcement Learning from Human Feedback (RLHF): Ziegler et al. (2019).
“Fine-tuning language models from human preferences”. arXiv preprint arXiv:1909.08593

InstructGPT: Ouyang et al. (2022). “Training language models to follow instructions with human
feedback”. Advances in Neural Information Processing Systems

DPO and explicit reward-model policy learning: Rafailov et al. (2024). “Direct
preference optimization: Your language model is secretly a reward model”. Advances in Neural
Information Processing Systems , Lin et al. (2024). “On the Limited Generalization Capability of the
Implicit Reward Model Induced by Direct Preference Optimization”. arXiv:2409.03650

https://arxiv.org/abs/1909.08593
https://arxiv.org/abs/2203.02155
https://arxiv.org/abs/2203.02155
https://arxiv.org/abs/2305.18290
https://arxiv.org/abs/2305.18290
https://arxiv.org/pdf/2409.03650
https://arxiv.org/pdf/2409.03650
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Recall Pretraining to Posttraining Pipeline

Pretraining Instruction Tuning (SFT) RLHF Model Deployment

Posttraining

Pretraining: Train on large text datasets.
Instruction Tuning (SFT): Fine-tune on human instructions.
Reinforcement Learning from Human Feedback (RLHF): Further refine the model
with preference data.
Deployment: Use the model for real-world applications.
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Limits of Pretraining Alone

Pretraining teaches a model to continue text, but that is not the same as following user
intent.

A pretrained LLM learns likely continuations from Internet text.
Users want outputs that are helpful, truthful, and safe.
As a result, pretrained models may hallucinate, ignore instructions, or produce
inappropriate answers.

This mismatch motivates posttraining methods such as SFT and RLHF.
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Two Types of Human Data in RLHF

Data format for SFT: prompt + target answer

Prompt: What is a black hole?
Answer: A region where gravity is so strong that not even light can escape.

Typical data format for RLHF: preference ranking

Prompt: What is the capital of France?
Answer 1 (chosen/preferred): The capital is Paris.
Answer 2 (rejected): It is known for the Eiffel Tower.

Pairwise preference data is the most common format, though absolute ratings are also
possible.
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From Preference Data to Reward Model

Preference data only tells us which answer is better:

a1 ≻ a2 | x ⇐⇒ a1 is preferred over a2 for prompt x

We convert this into a scalar quality signal by learning a reward model

rθ(x, a),

which measures the quality of response a for prompt x. That is, preferred answers
receive larger scores:

a1 ≻ a2 | x ⇐⇒ rθ(x, a1) > rθ(x, a2).
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Main Steps in RLHF

Human feedback tells us which outputs people prefer, but it does not directly tell us how
to optimize the LLM.

Two main steps

1. Reward learning: learn a reward function from preference data.
2. Policy learning: optimize the LLM (called the policy in RL) so that it produces

high-reward answers.

This is the basic procedure described in Ziegler et al. (2019). “Fine-tuning language models from
human preferences”. arXiv preprint arXiv:1909.08593 .

https://arxiv.org/abs/1909.08593
https://arxiv.org/abs/1909.08593
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Bradley–Terry Model

Given prompt x, answer a1 ≻ a2 means that a1 is preferred over a2.

The Bradley–Terry model assigns the preference probability

Pr(a1 ≻ a2 | x) =
erθ(x,a1)

erθ(x,a1) + erθ(x,a2)
,

where rθ(x, a) is the reward model.

This turns reward learning into a binary classification problem:

either a1 ≻ a2 or a2 ≻ a1 (ignoring a1 = a2).

One can also extend this idea to ranking one out of K answers using softmax, as in
Ziegler et al. (2019). “Fine-tuning language models from human preferences”. arXiv preprint arXiv:1909.08593 .

https://arxiv.org/abs/1909.08593
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Reward Model Learning

Given preference training ata
{(x, a1 ≻ a2)},

where a1 is the preferred answer and a2 is the less preferred answer, we fit the reward
model rθ(x, a).

A standard loss is the logistic regression loss (binary cross-entropy loss):

min
θ

∑

(x,a1≻a2)

ln
(
1 + erθ(x,a2)−rθ(x,a1)

)
.

The binary cross-entropy loss encourages the preferred answer to receive a larger
reward.
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Learning a Policy from the Reward Model

A learned policy π is a fine-tuned LLM that generates response a from prompt x.

What is a good policy?
A good policy should produce high quality responses, measured by high reward.
Moreover, as a generative model, it should also produce diverse responses (when
the sampling temperature is nonzero).

To learn a good policy, we should balance reward versus diversity.
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Reward versus Diversity

Alignment quality of an LLM policy π may be measured by the average reward

ExEa∼π(·|x)r(x, a),

where x is the prompt and a is the answer generated by π.

Diversity of π may be measured by the entropy

−ExEa∼π(·|x) lnπ(a|x).

For both quantities, larger numbers are better.
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Reward versus Diversity During RLHF Training
The model πref (reference model) is the LLM before RLHF training:

retains broad pretrained knowledge and produces diverse responses.
However, it is not well aligned with human preferences:

ExEa∼πref(·|x)r(x, a) is relatively small.

During RLHF training: πref → π

The average reward increases:

ExEa∼π(·|x)r(x, a).

The policy π moves away from πref.
As optimization focuses on high-reward responses,
diversity often decreases. πref

π

training

diversity
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w
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Diversity Control with KL Regularization

A key idea in RLHF training is to keep π close to πref:
preserve output diversity,
preserve pretrained knowledge.

A common control is KL regularization:

KL(π∥πref) = ExEa∼π(·|x) ln
π(a|x)
πref(a|x)

.

Small KL-divergence helps preserve diversity and pretrained behavior.

Remark: KL-regularization is natural because it keeps the new policy close to the
reference model while discouraging collapse to a narrow set of answers.
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Losing Diversity Can Lead to Reward Hacking
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Typical phenomenon in RLHF training ( Ziegler et al. (2019). “Fine-tuning language models from human

preferences”. arXiv preprint arXiv:1909.08593 ).

https://arxiv.org/abs/1909.08593
https://arxiv.org/abs/1909.08593
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RLHF Learns a Trade-off between Quality and DiversityFine-Tuning Language Models from Human Preferences

Figure 3: Allowing the policy ⇡ to move further from the initial policy ⇢ as measured by KL(⇡, ⇢) achieves higher reward at
the cost of less natural samples. Here we show the optimal KL vs. reward for 124M-parameter mock sentiment (as estimated
by sampling), together with results using PPO. Runs used 2M episodes, except for the top series.

We release code2 for reward modeling and fine-tuning in
the offline data case. Our public version of the code only
works with a smaller 124M parameter model with 12 layers,
12 heads, and embedding size 768. We include fine-tuned
versions of this smaller model, as well as some of the human
labels we collected for our main experiments (note that these
labels were collected from runs using the larger model).

3.1. Stylistic continuation tasks

We first apply our method to stylistic text continuation tasks,
where the policy is presented with an excerpt from the Book-
Corpus dataset (Zhu et al., 2015) and generates a continu-
ation of the text. The reward function evaluates the style
of the concatenated text, either automatically or based on
human judgments. We sample excerpts with lengths of 32
to 64 tokens, and the policy generates 24 additional tokens.
We set the temperature of the pretrained model to T = 0.7
as described in section 2.1.

3.1.1. MOCK SENTIMENT TASK

To study our method in a controlled setting, we first apply it
to optimize a known reward function rs designed to reflect
some of the complexity of human judgments. We construct

2Code at https://github.com/openai/lm-human-preferences.

rs by training a classifier3 on a binarized, balanced subsam-
ple of the Amazon review dataset of McAuley et al. (2015).
The classifier predicts whether a review is positive or nega-
tive, and we define rs(x, y) as the classifier’s log odds that
a review is positive (the input to the final sigmoid layer).

Optimizing rs without constraints would lead the policy
to produce incoherent continuations, but as described in
section 2.2 we include a KL constraint that forces it to stay
close to a language model ⇢ trained on BookCorpus.

The goal of our method is to optimize a reward function
using only a small number of queries to a human. In this
mock sentiment experiment, we simulate human judgments
by assuming that the “human” always selects the continu-
ation with the higher reward according to rs, and ask how
many queries we need to optimize rs.

Figure 2 shows how rs evolves during training, using either
direct RL access to rs or a limited number of queries to train
a reward model. 20k to 60k queries allow us to optimize rs

nearly as well as using RL to directly optimize rs.

Because we know the reward function, we can also ana-
lytically compute the optimal policy and compare it to our
learned policies. With a constraint on the KL divergence

3The model is a Transformer with 6 layers, 8 attention heads,
and embedding size 512.

KL(π||πref)

Quality: mean reward
Loss of diversity: KL-divergence

Source: Ziegler et al. (2019). “Fine-tuning language models from human preferences”. arXiv preprint arXiv:1909.08593

https://arxiv.org/abs/1909.08593
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A Common RLHF Objective
A common formulation is to optimize

π = argmax
π

ExEa∼π(·|x)

[
r(x, a)− β ln

π(a|x)
πref(a|x)

]
,

where β > 0 is a regularization parameter.
This objective balances:

Generation quality
ExEa∼π(·|x)[r(x, a)]

Closeness to the reference model

KL(π||πref) = Ex,a[lnπ(a|x)]︸ ︷︷ ︸
negative-entropy

−Ex,a[lnπref(a|x)].

Remark: minimize KL tends to encourage larger entropy ⇒ more diversity.
Source: Ziegler et al. (2019). “Fine-tuning language models from human preferences”. arXiv preprint

arXiv:1909.08593

https://arxiv.org/abs/1909.08593


17 / 35

The Complete RLHF ProcessFine-Tuning Language Models from Human Preferences

RL tasks involving language as a component, and for RL
results using transfer learning from language. RL is not the
only way to incorporate ongoing human feedback: Hancock
et al. (2019) ask humans what a dialogue system should
have said instead, then continue supervised training.

In this paper, we combine the pretraining advances in natural
language processing with human preference learning. We
fine-tune pretrained language models with reinforcement
learning rather than supervised learning, using a reward
model trained from human preferences on text continua-
tions. Following Jaques et al. (2017; 2019), we use a KL
constraint to prevent the fine-tuned model from drifting too
far from the pretrained model. We apply our method to
two types of tasks: continuing text in a way that matches a
target style, either positive sentiment or vividly descriptive,
and summarizing text from the CNN/Daily Mail or TL;DR
datasets (Hermann et al., 2015; Völske et al., 2017). Our
motivation is NLP tasks where supervised data sets are un-
available or insufficient, and where programmatic reward
functions are poor proxies for our true goals.

For stylistic continuation, 5,000 human comparisons (each
choosing the best of 4 continuations) result in the fine-tuned
model being preferred by humans 86% of the time vs. zero-
shot and 77% vs. fine-tuning to a supervised sentiment net-
work. For summarization, we use 60,000 human samples
to train models that can roughly be described as “smart
copiers”: they typically copy whole sentences from the in-
put, but vary what they copy to skip irrelevant initial text.
This copying behavior emerged naturally from the data col-
lection and training process; we did not use any explicit
architectural mechanism for copying as in See et al. (2017);
Gehrmann et al. (2018). One explanation is that copying
is an easy way to be accurate, given that we did not in-
struct labelers to penalize copying but do instruct them to
penalize inaccuracy. It may also reflect the fact that some
labelers check for copying as a fast heuristic to ensure a
summary is accurate. Indeed, human labelers significantly
prefer our models to supervised fine-tuning baselines and
even to human-written reference summaries, but not to a
lead-3 baseline which copies the first three sentences.

For summarization, we continue to collect additional data
and retrain our reward model as the policy improves (online
data collection). We also test offline data collection where
we train the reward model using data from the original
language model only; offline data collection significantly re-
duces the complexity of the training process. For the TL;DR
dataset, human labelers preferred the policy trained with
online data collection 71% of the time, and in qualitative
evaluations the offline model often provides inaccurate sum-
maries. In contrast, for stylistic continuation we found that
offline data collection worked similarly well. This may be
related to the style tasks requiring very little data; Radford

Reward model training

Policy
Reward

model

Human

labeler

context continuation (×4) reward (×4) loss

label

Policy training

Policy Reward
modelcontext continuation reward loss

Figure 1: Our training processes for reward model and
policy. In the online case, the processes are interleaved.

et al. (2017) show that generatively trained models can learn
to classify sentiment from very few labeled examples.

In concurrent work, Böhm et al. (2019) also use human
evaluations to learn a reward function for summarization,
and optimize that reward function with RL. Their work
provides a more detailed investigation of the learned policy
and reward function on the CNN/Daily Mail dataset, while
we are interested in exploring learning from human feedback
more generally and at larger computational scale. So we
consider several additional tasks, explore the effects of on-
policy reward model training and more data, and fine-tune
large language models for both reward modeling and RL.

2. Methods
We begin with a vocabulary ⌃ and a language model ⇢
which defines a probability distribution over sequences of
tokens ⌃n via

⇢(x0 · · · xn�1) =
Y

0k<n

⇢(xk|x0 · · · xk�1)

We will apply this model to a task with input space X =
⌃m, data distribution D over X , and output space Y =
⌃n. For example, x 2 X could be an article of up to
1000 words and y 2 Y could be a 100-word summary. ⇢
defines a probabilistic policy for this task via ⇢(y|x) =
⇢(xy)/⇢(x): fixing the beginning of the sample to x and
generating subsequent tokens using ⇢.

We initialize a policy ⇡ = ⇢, and then fine-tune ⇡ to perform
the task well using RL. If the task was defined by a reward
function r : X ⇥ Y ! R, then we could use RL to directly
optimize the expected reward:

E⇡ [r] = Ex⇠D,y⇠⇡(·|x) [r(x, y)]

However, we want to perform tasks defined by human judg-
ments, where we can only learn about the reward by asking
humans. To do this, we will first use human labels to train a
reward model, and then optimize that reward model.

The paper uses human preference over one out of four answers, instead of only two answers.
Source: Ziegler et al. (2019). “Fine-tuning language models from human preferences”. arXiv preprint

arXiv:1909.08593

https://arxiv.org/abs/1909.08593
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From GPT-3 to InstructGPT

One early milestone toward chat-based LLMs is InstructGPT, which applies SFT and
RLHF to GPT-3 Ouyang et al. (2022). “Training language models to follow instructions with human
feedback”. Advances in Neural Information Processing Systems .

We start with pretrained GPT-3:
Supervised fine-tuning (SFT) using human demonstrations
Reward model learning using human preference data
Policy learning (RLHF) using PPO with KL penalty to stay close to SFT

https://arxiv.org/abs/2203.02155
https://arxiv.org/abs/2203.02155
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InstructGPT Training Pipeline

Figure 2: A diagram illustrating the three steps of our method: (1) supervised fine-tuning (SFT), (2)
reward model (RM) training, and (3) reinforcement learning via proximal policy optimization (PPO)
on this reward model. Blue arrows indicate that this data is used to train one of our models. In Step 2,
boxes A-D are samples from our models that get ranked by labelers. See Section 3 for more details
on our method.

sizes (1.3B, 6B, and 175B parameters), and all of our models use the GPT-3 architecture. Our main
findings are as follows:

Labelers significantly prefer InstructGPT outputs over outputs from GPT-3. On our test set,
outputs from the 1.3B parameter InstructGPT model are preferred to outputs from the 175B GPT-3,
despite having over 100x fewer parameters. These models have the same architecture, and differ only
by the fact that InstructGPT is fine-tuned on our human data. This result holds true even when we
add a few-shot prompt to GPT-3 to make it better at following instructions. Outputs from our 175B
InstructGPT are preferred to 175B GPT-3 outputs 85 ± 3% of the time, and preferred 71 ± 4% of the
time to few-shot 175B GPT-3. InstructGPT models also generate more appropriate outputs according
to our labelers, and more reliably follow explicit constraints in the instruction.

InstructGPT models show improvements in truthfulness over GPT-3. On the TruthfulQA
benchmark, InstructGPT generates truthful and informative answers about twice as often as GPT-3.
Our results are equally strong on the subset of questions that were not adversarially selected against
GPT-3. On “closed-domain” tasks from our API prompt distribution, where the output should not
contain information that is not present in the input (e.g. summarization and closed-domain QA),
InstructGPT models make up information not present in the input about half as often as GPT-3 (a
21% vs. 41% hallucination rate, respectively).

InstructGPT shows small improvements in toxicity over GPT-3, but not bias. To measure
toxicity, we use the RealToxicityPrompts dataset (Gehman et al., 2020) and conduct both automatic
and human evaluations. InstructGPT models generate about 25% fewer toxic outputs than GPT-3
when prompted to be respectful. InstructGPT does not significantly improve over GPT-3 on the
Winogender (Rudinger et al., 2018) and CrowSPairs (Nangia et al., 2020) datasets.

We can minimize performance regressions on public NLP datasets by modifying our RLHF
fine-tuning procedure. During RLHF fine-tuning, we observe performance regressions compared
to GPT-3 on certain public NLP datasets, notably SQuAD (Rajpurkar et al., 2018), DROP (Dua et al.,
2019), HellaSwag (Zellers et al., 2019), and WMT 2015 French to English translation (Bojar et al.,
2015). This is an example of an “alignment tax” since our alignment procedure comes at the cost of

3

Source: Ouyang et al. (2022). “Training language models to follow instructions with human feedback”. Advances in Neural Information Processing Systems

https://arxiv.org/abs/2203.02155
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InstructGPT Results

Figure 1: Human evaluations of various models on our API prompt distribution, evaluated by how
often outputs from each model were preferred to those from the 175B SFT model. Our InstructGPT
models (PPO-ptx) as well as its variant trained without pretraining mix (PPO) significantly outperform
the GPT-3 baselines (GPT, GPT prompted); outputs from our 1.3B PPO-ptx model are preferred to
those from the 175B GPT-3. Error bars throughout the paper are 95% confidence intervals.

used for many recent large LMs—predicting the next token on a webpage from the internet—is
different from the objective “follow the user’s instructions helpfully and safely” (Radford et al., 2019;
Brown et al., 2020; Fedus et al., 2021; Rae et al., 2021; Thoppilan et al., 2022). Thus, we say that
the language modeling objective is misaligned. Averting these unintended behaviors is especially
important for language models that are deployed and used in hundreds of applications.

We make progress on aligning language models by training them to act in accordance with the user’s
intention (Leike et al., 2018). This encompasses both explicit intentions such as following instructions
and implicit intentions such as staying truthful, and not being biased, toxic, or otherwise harmful.
Using the language of Askell et al. (2021), we want language models to be helpful (they should
help the user solve their task), honest (they shouldn’t fabricate information or mislead the user), and
harmless (they should not cause physical, psychological, or social harm to people or the environment).
We elaborate on the evaluation of these criteria in Section 3.6.

We focus on fine-tuning approaches to aligning language models. Specifically, we use reinforcement
learning from human feedback (RLHF; Christiano et al., 2017; Stiennon et al., 2020) to fine-tune
GPT-3 to follow a broad class of written instructions (see Figure 2). This technique uses human
preferences as a reward signal to fine-tune our models. We first hire a team of 40 contractors to label
our data, based on their performance on a screening test (see Section 3.4 and Appendix B.1 for more
details). We then collect a dataset of human-written demonstrations of the desired output behavior
on (mostly English) prompts submitted to the OpenAI API3 and some labeler-written prompts, and
use this to train our supervised learning baselines. Next, we collect a dataset of human-labeled
comparisons between outputs from our models on a larger set of API prompts. We then train a reward
model (RM) on this dataset to predict which model output our labelers would prefer. Finally, we
use this RM as a reward function and fine-tune our supervised learning baseline to maximize this
reward using the PPO algorithm (Schulman et al., 2017). We illustrate this process in Figure 2. This
procedure aligns the behavior of GPT-3 to the stated preferences of a specific group of people (mostly
our labelers and researchers), rather than any broader notion of “human values”; we discuss this
further in Section 5.2. We call the resulting models InstructGPT.

We mainly evaluate our models by having our labelers rate the quality of model outputs on our test
set, consisting of prompts from held-out customers (who are not represented in the training data).
We also conduct automatic evaluations on a range of public NLP datasets. We train three model

3Specifically, we train on prompts submitted to earlier versions of the InstructGPT models on the OpenAI
API Playground, which were trained only using demonstration data. We filter out prompts containing PII.

2

PPO-ptx: PPO training mixed with pretraining data.
Source: Ouyang et al. (2022). “Training language models to follow instructions with human

feedback”. Advances in Neural Information Processing Systems

Human evaluation on prompts
drawn from the OpenAI API
distribution.

Metric: fraction of outputs
preferred over the 175B SFT
baseline.

Error bars show 95% confidence
intervals.

RLHF models (PPO and
PPO-ptx) significantly outperform
GPT-3 baselines.

Notably, the 1.3B PPO-ptx model
is preferred to 175B GPT-3.

https://arxiv.org/abs/2203.02155
https://arxiv.org/abs/2203.02155
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Implications of IntructGPT

Alignment can matter more than raw model scale,

Posttraining strongly changes user experience,

Large model + prompting alone is not enough to match RLHF.

SFT can be further improved via RLHF.

An aligned small model can be more useful than a much larger base model.
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InstructGPT Dataset Sizes for SFT, Reward Model (RM), and PPO

Table: Dataset sizes, in number of prompts.

SFT Data RM Data PPO Data

split source size split source size split source size

train labeler 11,295 train labeler 6,623 train customer 31,144
train customer 1,430 train customer 26,584 valid customer 16,185
valid labeler 1,550 valid labeler 3,488
valid customer 103 valid customer 14,399

SFT uses many more labeler-written prompts than customer prompts.

Each RM prompt ranks multiple outputs, so the effective training size is much larger.

PPO uses only customer prompts, reflecting the target deployment distribution.
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RLHF Policy Learning Training Objective
A common policy learning formulation is to optimize

π = argmax
π

Q(π), Q(π) = ExEa∼π(·|x)

[
r(x, a)− β ln

π(a|x)
πref(a|x)

]
, (1)

where β > 0 is a regularization parameter, and πref is the reference model.

This objective balances:
Generation quality

ExEa∼π(·|x)[r(x, a)]

Generation diversity (closeness to the reference model)

KL(π||πref)

Ziegler et al. (2019). “Fine-tuning language models from human preferences”. arXiv preprint arXiv:1909.08593

https://arxiv.org/abs/1909.08593
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Optimal Solution

The optimal policy solving (1) is

π∗(a|x) =
1

Z(x)
πref(a|x)er(x,a)/β , Z(x) =

∑

a

πref(a|x)er(x,a)/β . (2)

Proof. We have

Q(π) =ExEa∼π(a|x)

[
r(x, a)− β ln

π(a|x)
πref(a|x)

]

=− βExEa∼π(a|x)

[
ln

π(a|x)
πref(a|x)er(x,a)/β

]

=− βExEa∼π(a|x)

[
ln

π(a|x)
π∗(a|x)Z(x)

]
= βEx[lnZ(x)]︸ ︷︷ ︸

constant

−βKL(π||π∗).

Therefore
Q(π∗)−Q(π) = βKL(π||π∗) ≥ 0.
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Implicit Reward

Rearranging the optimal policy formula, the reward model is implied by the optimal
policy:

r(x, a) = β ln
π∗(a|x)
πref(a|x)︸ ︷︷ ︸

implicit reward

+β lnZ(x). (3)

The term β lnZ(x) does not affect preference ranking because it doesn’t depend on a.

For a pair (a1, a2) under prompt x, β lnZ(x) term cancels:

r(x, a2)− r(x, a1) = β

[
ln

π∗(a2|x)
πref(a2|x)

− ln
π∗(a1|x)
πref(a1|x)

]
.
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Direct Preference Optimization: Logistic Form

We now recall the Bradley-Terry (BT) preference model:

Pr(a1 ≻ a2 | x) =
1

1 + exp(r(x, a2)− r(x, a1))
.

Plug in the implicit reward formula:

Pr(a1 ≻ a2 | x) =
1

1 + exp
(
β
[
ln π∗(a2|x)

πref(a2|x)
− ln π∗(a1|x)

πref(a1|x)

]) .
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Direct Preference Optimization: Training Objective

Replace unknown π∗ with trainable policy πθ and learn θ using maximum log-likelihood
on preference data:

max
θ

E(x,a1≻a2) ln
1

1 + exp
(
β ln πθ(a2|x)

πref(a2|x)
− β ln πθ(a1|x)

πref(a1|x)

) .

This formulation is DPO: direct preference optimization.
It uses the relationship between optimal policy and implicit reward to optimize policy
directly from preference data.
No need for reward-model learning.
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DPO Experiments

Figure 2: Left. The frontier of expected reward vs KL to the reference policy. DPO provides the highest expected
reward for all KL values, demonstrating the quality of the optimization. Right. TL;DR summarization win
rates vs. human-written summaries, using GPT-4 as evaluator. DPO exceeds PPO’s best-case performance on
summarization, while being more robust to changes in the sampling temperature.

6 Experiments

In this section, we empirically evaluate DPO’s ability to train policies directly from preferences. First,
in a well-controlled text-generation setting, we ask: how efficiently does DPO trade off maximizing
reward and minimizing KL-divergence with the reference policy, compared to common preference
learning algorithms such as PPO? Next, we evaluate DPO’s performance on larger models and more
difficult RLHF tasks, including summarization and dialogue. We find that with almost no tuning
of hyperparameters, DPO tends to perform as well or better than strong baselines like RLHF with
PPO as well as returning the best of N sampled trajectories under a learned reward function. Before
presenting these results, we describe the experimental set-up; additional details are in Appendix C.

Tasks. Our experiments explore three different open-ended text generation tasks. For all experiments,
algorithms learn a policy from a dataset of preferences D =

{
x(i), y

(i)
w , y

(i)
l

}N

i=1
. In controlled

sentiment generation, x is a prefix of a movie review from the IMDb dataset [24], and the policy
must generate y with positive sentiment. In order to perform a controlled evaluation, for this
experiment we generate preference pairs over generations using a pre-trained sentiment classifier,
where p(positive | x, yw) > p(positive | x, yl). For SFT, we fine-tune GPT-2-large until convergence
on reviews from the train split of the IMDB dataset (further details in App C.1). In summarization,
x is a forum post from Reddit; the policy must generate a summary y of the main points in the
post. Following prior work, we use the Reddit TL;DR summarization dataset [43] along with human
preferences gathered by Stiennon et al.. We use an SFT model fine-tuned on human-written forum
post summaries2 with the TRLX [44] framework for RLHF. The human preference dataset was
gathered by Stiennon et al. on samples from a different, but similarly-trained, SFT model. Finally, in
single-turn dialogue, x is a human query, which may be anything from a question about astrophysics
to a request for relationship advice. A policy must produce an engaging and helpful response y to
a user’s query; we use the Anthropic Helpful and Harmless dialogue dataset [1], containing 170k
dialogues between a human and an automated assistant. Each transcript ends with a pair of responses
generated by a large (although unknown) language model along with a preference label denoting
the human-preferred response. In this setting, no pre-trained SFT model is available; we therefore
fine-tune an off-the-shelf language model on only the preferred completions to form the SFT model.

Evaluation. Our experiments use two different approaches to evaluation. In order to analyze the
effectiveness of each algorithm in optimizing the constrained reward maximization objective, in the
controlled sentiment generation setting we evaluate each algorithm by its frontier of achieved reward
and KL-divergence from the reference policy; this frontier is computable because we have acccess to
the ground-truth reward function (a sentiment classifier). However, in the real world, the ground truth
reward function is not known; therefore, we evaluate algorithms with their win rate against a baseline
policy, using GPT-4 as a proxy for human evaluation of summary quality and response helpfulness
in the summarization and single-turn dialogue settings, respectively. For summarization, we use
reference summaries in the test set as the baseline; for dialogue, we use the preferred response in the

2https://huggingface.co/CarperAI/openai_summarize_tldr_sft
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Left: frontier of expected reward versus KL to the reference policy.

Right: TL;DR GPT-4 evaluated summarization win rates versus human-written summaries.

Source: Rafailov et al. (2024). “Direct preference optimization: Your language model is secretly a reward model”.
Advances in Neural Information Processing Systems

https://arxiv.org/abs/2305.18290
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DPO Summary

DPO bypasses explicit reward-model training by using the closed-form relationship
between KL-optimal policy and implicit reward.

Practical consequences:
Simpler pipeline: preference data → policy optimization via implicit reward formula.
Supervised logistic objective, often easier to tune.
Reference model πref constrains final model behavior through log-ratios.
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Do We Need Reward Model?

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 [33] or
with few-shot prompts [6, 27, 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 [25, 38, 13, 41]. 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 [20], summarization [40, 51], story-telling
[51], and instruction-following [28, 34]. These methods first optimize a neural network reward
function for compatibility with the dataset of preferences under a preference model such as the

2

Source: Rafailov et al. (2024). “Direct preference optimization: Your language model is secretly a
reward model”. Advances in Neural Information Processing Systems

Two approaches:
Left: Standard RLHF practice: construct reward model, then train policy.
Right: DPO bypasses reward model and trains policy from preference data directly.
DPO policy induces an implicit reward model.

Do we need reward modeling?

https://arxiv.org/abs/2305.18290
https://arxiv.org/abs/2305.18290
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It is still beneficial to train reward model

It is easier to train a high quality reward model than a high quality policy.

Recall that in InstructGPT, a 6B reward model is used to learn a 175B GPT-3 policy
model.

Conceptual: judgment is easier than generation.

Practical consequence:
Implicit DPO reward can be inferior on out-of-distribution data.
Consequently, DPO policy can be inferior on out-of-distribution data.

Lin et al. (2024). “On the Limited Generalization Capability of the Implicit Reward Model Induced by Direct Preference Optimization”. arXiv:2409.03650

https://arxiv.org/pdf/2409.03650
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Iterative DPO
Iterative DPO uses an explicit reward model r(x, a) as a judge while the current policy
model generates new preference data over several iterations.

Iterate:
1. Update policy π based on the current preference data.
2. Use the updated policy π to generate K responses for each prompt.
3. Rate responses using the explicit reward model r(x, a), and select the highest-

and lowest-scoring responses to construct pairwise preference data.

This procedure learns from an explicit reward model that can be more robust to
out-of-distribution data.

Lin et al. (2024). “On the Limited Generalization Capability of the Implicit Reward Model Induced by Direct Preference Optimization”. arXiv:2409.03650

Xiong et al. (2024). “Iterative Preference Learning from Human Feedback: Bridging Theory and Practice for RLHF under KL-Constraint”. International

Conference on Machine Learning

Yuan et al. (2024). “Self-rewarding language models”. Forty-first International Conference on Machine Learning

https://arxiv.org/pdf/2409.03650
https://arxiv.org/abs/2312.11456
https://arxiv.org/abs/2401.10020
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Experiments with Iterative DPO

RM Base Iter 0 Iter 1 Iter 2

EXRM 5.88 10.09 13.56 13.86
DPORM 5.88 10.09 11.02 11.13

Table: Iterative DPO length-controlled win-rate (%) over GPT-4 on AlpacaEval.

EXRM uses an explicit reward model to judge newly generated policy outputs.
DPORM uses the implicit reward model induced by DPO.
The explicit reward model gives stronger iterative improvement in this setting.

Source: Lin et al. (2024). “On the Limited Generalization Capability of the Implicit Reward Model Induced
by Direct Preference Optimization”. arXiv:2409.03650

https://arxiv.org/pdf/2409.03650
https://arxiv.org/pdf/2409.03650
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Summary

After pretraining, we need to align LLM’s behavior using:
• human demonstrations (instruction tuning)
• human preference data (RLHF: reward model + policy learning)

A reward model converts preference rankings into a scalar optimization signal.

KL regularization helps balance quality (reward) and diversity.

InstructGPT shows that alignment can matter more than raw model size.

DPO shows how preference optimization can be written as a direct supervised
objective through an implicit reward model.

Explicit reward models can still be valuable for judging new policy outputs, especially
in iterative or out-of-distribution settings.
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