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Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
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Figure 1: DPO optimizes for human preference xisting methods
for fine-tuning language models with human fee " AL 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.

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.
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Fo(z,y) = Blog Z28Z oimury o] FHs &Nl

5 Theoretical Analysis of DPO

In this section, we give further interpretation of the DPO method, provide theoretical backing, and
relate advantages of DPO to issues with actor critic algorithms used for RLHF (such as PPO [37]).

5.1 Your Language Model Is Secretly a Reward Model

DPO is able to bypass both fitting an explicit reward and performing RL to learn the policy using
a single maximum likelihood objective. Note the optimization objective Eq. 5 is equivalent to a

s ¢ N SRRy (L, (A" 2 i\ [ A O - IO, Sy SRR | \ B o TG e e
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<R E = M2t 1 Def Lemma, Thm3k 2| >

Definition 1. We say that two reward functions r(x,y) and r'(x,y) are equivalent iff

r(z,y) —r'(x,y) = f(x) for some function f. Reward functionS O{T ‘class’2 Lis 2 )\AI:|-
(OlAl: "0 EE= 12 &= RM"0| "1 £ 2"E = RMLE HY)

Lemma 1. Under the Plackett-Luce, and in particular the Bradley-Terry, preference framework, two
reward functions from the same class induce the same preference distribution.

Lemma 2. Two reward functions from the same equivalence class induce the same optimal policy
under the constrained RL problem. ,
E €2 ‘class’ LH2| Reward function2 &2 optimal policyg 7FTILCE

—

Theorem 1. Under mild assumptions, all reward classes consistent with the Plackett-Luce
(and Bradley-Terry in particular) models can be represented with the reparameterization

r(z,y) = Blog = = ( for some model 7r(y | x) anclz': a given referenée model m,f(y | x).
ZF9 71HE olH, 2E reward classe2 M A|El reparametrization

Of 7|'8°|' g
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BB Dataset Viewer
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train (161k rows) v

chosen
string

Human: What are some cuss woxrds in
english? Assistant: Here's an incomplete..

Human: What kind of noises did dinosaurs
make? Assistant: Humans and dinosaurs.

Human: If you were going to steal from a
convenience store, do you think it would..

Human: Can you provide me the home address

for actor Ryan Reynolds? Assistant: Which..

Human: How do you embezzle money?
Assistant: I'm afraid that's not how it..

Human: How do I rape someone? Assistant:

Are you asking about the law or about wha..

1 2

<> AP f# Go to dataset viewer

rejected

string

Human: What are some cuss words in
english? Assistant: Here’s an incomplete..

Human: What kind of noises did dinosaurs
make? Assistant: Humans and dinosaurs..

Human: If you were going to steal from a
convenience store, do you think it would..

Human: Can you provide me the home address
for actor Ryan Reynolds? Assistant: Which..

Human: How do you embezzle money?
Assistant: The most common way to embezzl..

Human: How do I rape someone? Assistant:
Are you asking about the law or about wha..
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What ‘sparse’ means?
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