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Introduction

e Large scale unsupervised language models learn broad knowledge and
reasoning skills [1].

e Precise control of their behaviour is not possible due to unsupervised nature of
training.

e Collect human labels of relative quality of model generation and fine tune
model to align with these preferences [2].

e Existing methods use Reinforcement learning through Human Feedback [2].

e RLHF [2] is complex and unstable. First fitting a reward model for human
preferences, fine-tuning the large unsupervised LM using reinforcement
learning to maximize this estimated reward without drifting too far from the
original model.
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Introduction

e Thiswork uses a mapping between reward functions and optimal policies to
show that this constrained reward maximization problem can be optimized
exactly with a single stage of policy training essentially solving a classification
problem on the human preference data.

e The resulting algorithm, which is called as Direct Preference Optimization (DPO),
is claimed to be stable, performant, and computationally lightweight,
eliminating the need for fitting a reward model, sampling from the LM during
fine-tuning, or performing significant hyperparameter tuning.

e Notably, fine-tuning with DPO exceeds RLHF's [2] ability to control sentiment of
generations and improves response quality in summarization and single-turn
dialogue while being substantially simpler to implement and train.
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Preliminaries - RLHF pipeline

Supervised fine tuning - RLHF [10] typically begins by fine-tuning a pre-trained LM
with supervised learning on high-quality data for the downstream task/s of
interest.

Reward Modelling Phase.
o Model is prompted with prompts x to produce pairs of answers.
o Presented to human labelers who express preferences for one answer.
o Then, a model is trained to output a score based on preferences.
RL optimization.
o Optimization function is formulated such that reward function/score from the
reward model provides feedback to the language model.

o Optimization function also has a parameter controlling deviation from the
base model policy.



Direct Preference Optimization

In this paper, it is started from the RL objective from prior works.
e As, the next step RL objective is converted to logarithmic form.
When, Bradley-Terry model [13] is used as the model to assign reward
score, the equation can be minimized to the form below. This is the
probability of human preference data in terms of LM's optimal policy.
1
1 + exp (;’3 log ——”—r) 3 log _—W—E—)

P (yr >y | x) =
((y2|z (y1]|x)

e This equation has the probability of human preference data in terms of
model policy rather than the reward model.

[13] R. A. Bradley and M. E. Terry. Rank analysis of incomplete block designs: I. the method of paired comparisons.
Biometrika, 39(3/4):324-345, 1952. doi: https://doi.org/10.2307/2334029.



Direct Preference Optimization

e From the previous equation, policy objective for fine tuning the LM can be obtained.
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e From all the above equations and steps it can be stated that the explicit reward
learning is bypassed and the need to perform reinforcement learning optimization also
bypassed.

e Also, it can be mathematically proven that there is no loss of generality when re
parameterization of the reward model.



DPO outline

e |[nitially a base language model is taken.

e The model undergoes the step of supervised fine tuning according to the
downstream task.

e Letlanguage produce pair of outputs for a prompt and assign them as
positive or negative according to human preferences. This gives the
preference dataset.

e Do fine tuning to optimize the language model on the preference data
with the DPO policy optimization objective.



EXperiments

e Experiments are done to,
o How does DPO trade off maximizing reward and minimizing KL-divergence with the
reference policy compared to common preference learning algorithms such as
PPO? This is analyzed for a controlled text generation task.
o Evaluate DPO’s performance on larger models and more difficult RLHF tasks,
including summarization and dialogue.
e Experiments explore 3 open ended text generation tasks.
o Controlled sentiment generation.
o Summarization.
o Single turn dialogue.



Experiments - Controlled Sentiment Generation

e Task :-xis a prefix of a movie review from the IMDb dataset [14] and the
model must generate y with positive sentiments.

e For the supervised fine tuning step, GPT-2-large fine tuned until
convergence on reviews from the train split of the IMDB dataset.

e Preference pairs of the generation is obtained using pre-trained
sentiment classifier .

[14]1A. L. Maas, R. E. Daly, P. T. Pham, D. Huang, A. Y. Ng, and C. Potts. Learning word vectors for sentiment analysis. In Proceedings of the
49th Annual Meeting of the Association for Computational Linguistics: Human Language Technologies, pages 142—-150, Portland, Oregon, USA,
June 2011. Association for Computational Linguistics. URL http://www.aclweb.org/anthology/P11-1015.
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EXperiments - Summarization

e Task :- xis aforum post from Reddit. the policy must generate a summary
y of the main points in the post.
e SFT model fine-tuned on human-written forum post summaries’.

e The human preference dataset [15] which was similarly trained but,
different model is used.

Thttps://hugqgingface.co/CarperAl/openai _summarize tldr sft

[15] N. Stiennon, L. Ouyang, J. Wu, D. M. Ziegler, R. Lowe, C. Voss, A. Radford, D. Amodei, and
P. Christiano. Learning to summarize from human feedback, 2022.
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Experiments - Single-turn dialogue

e Task :- Provide a helpful and engaging response to a user's query.

e No pre-trained SFT model is available, therefore an off-the-shelf language
model was fine tuned on only the preferred completions to form the SFT
model.

e Anthropic Helpful and Harmless dialogue dataset [16], 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.

[16] Y. Bai, A. Jones, K. Ndousse, A. Askell, A. Chen, N. DasSarma, D. Drain, S. Fort, D. Ganguli, T. Henighan, N. Joseph, S.
Kadavath, J. Kernion, T. Conerly, S. EI-Showk, N. Elhage, Z. HatfieldDodds, D. Hernandez, T. Hume, S. Johnston, S. Kravec, L.
Lovitt, N. Nanda, C. Olsson, D. Amodei, T. Brown, J. Clark, S. McCandlish, C. Olah, B. Mann, and J. Kaplan. Training a

helpful and harmless assistant with reinforcement learning from human feedback, 2022.



Evaluation

e Inthe controlled sentiment generation, the algorithms are evaluated by,

o Achieved reward.
o KL-divergence from the reference policy.

e GPT-4 as a proxy for human evaluation of summary quality and response
helpfulness in the summarization and single-turn dialogue settings.

e Also, a human study is conducted to justify the usage of GPT-4 for
evaluation.



Fvaluation

e How well can DPO optimize the RLHF objective?

IMDb Sentiment Generation
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Evaluation

Can DPO scale to real preference datasets?

e Different methods are compared by sampling completions on the test
split of summarization dataset, and computing the average win rate
against reference completions in the test set.

e The completions for all methods are sampled at temperatures varying
from 0.0 to 1.0.

e DPO has a win rate of approximately 61% at a temperature of 0.0,
exceeding the performance of PPO at 57% at its optimal sampling
temperature of 0.0.



Evaluation

e Validating GPT-4 judgements with Human Judgements is done using the
results of the reddit post summarization experiment and two different
GPT-4 prompts.

o GPT-4(S)

o GPT-4(C) DPO SFT PPO-1
N respondents 272 122 199
GPT-4 (S) win % 47 21 13
GPT-4 (C) win % 54 32 12
Human win % 58 43 17
GPT-4 (S)-H agree 70 74/ 86
GPT-4 (C)-H agree 67 79 85

H-H agree 65 - 87




Conclusion

With virtually no tuning of hyperparameters, DPO performs similarly or
better than existing RLHF algorithms, including those based on PPO.

Due to that, DPO meaningfully reduces the barrier to training more
language models from human preferences.
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