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Recap: Last lecture

• Statistical Language Model

• Model the joint distribution of token sequences.
• But how? The most popular approach
• Model the next token prediction

• Deriving the ore-training objective function:   
Maximum Likelihood Estimation
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Causal Language Model vs 
Masked Language Model
• Who asked this question?

• My TA told me after the lecture that this dichotomy was used on 
“Huggingface”

• “Causal” just means from modeling the next token-
probability from left to right.

•  “Masked” is another self-supervised learning method  
that train a model with unlabeled text.
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•Original sentence: The full cost of damage in Newton Stewart, one of the 
areas worst affected, is still being assessed.

•Masked input: The full cost of damage in [MASK] Stewart, one of the areas 
[MASK] affected, is still being [MASK].

•Automatically generated "labels": Newton, worst, assessed

*Does NOT correspond to MLE for estimating generative distribution 
--- thus not “Generative AI” in the strict sense.



Slide from Lecture 10 in DSC 240: 
Discrminative models vs generative models
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Image Credit: Dr. Roi Yehoshua

Discriminative models only care about decision.
Generative model builds (describes) a world.



If you have model of the joint 
distribution, you can “fill-in-the-
blank” in a principled way

• How?  By Bayes Rule:

• 𝑃 𝑢𝑖 𝑢<𝑖, 𝑢>𝑖) = 𝑃 𝑢𝑖,𝑢>𝑖 𝑢<𝑖)
𝑃 𝑢>𝑖 𝑢<𝑖)

∝ ς𝑡=𝑖
𝑇 𝑃(𝑢𝑡|𝑢<𝑡) 
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ො𝑢𝑖 = argmax𝑢∈ 𝒱  𝑃 𝑢𝑖 𝑢<𝑖, 𝑢>𝑖)



Recap:  How to model the 
probability of “Next-Token”?
• Design (or learn) a feature embedding of its 

prefix.

𝑃 𝑢𝑡| 𝑢<𝑡 = softmax( 𝑊 ⋅ ϕ(𝑢<𝑡))

• Where ϕ 𝑢<𝑡 ∈ ℝ𝑑  and weight 𝑊 ∈ ℝ 𝒱 × 𝑑

• “softmax” is the soft(arg)max transform that maps 
any vector to a probability distribution by

• For any vector x,  softmax(x) = exp(x) / sum_i (exp(x[i]))   
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Recap:  GPT1 by Radford et al. 

https://cdn.openai.com/research-covers/language-
unsupervised/language_understanding_paper.pdf 7

Next-Word Prediction probability:
𝑃 𝑢𝑡| 𝑢<𝑡 = softmax( 𝑊𝑒 ⋅ ϕ(𝑢<𝑡))

What is ϕ(𝑢<𝑡) here? 
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Outline today

• The alignment problem

• OpenAI Model “Spec”
• Student presentation

• Methods for alignment
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The alignment problem
Asimov’s Three Laws of Robotics:

1.A robot may not injure a human being or, 
through inaction, allow a human being to 
come to harm.

2.A robot must obey the orders given it by 
human beings except where such orders 
would conflict with the First Law.

3.A robot must protect its own existence as 
long as such protection does not conflict with 
the First or Second Law.
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The strict hierarchy of the three laws 
matters
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Still quite ambiguous, paradoxical 
and difficult to implement
• A young girl and an old man are drowning, Robot C 

can only save one.

• If Human A tries to kill Human B, what does Robot C 
do?

• Conflicting orders from human?  (no way to satisfy 
Law #2)

• What does it mean by “harm”?  Immediate harm?  
Potential future harm?
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The alignment problem: How do we 
build AI to align with human values? 
• What human values?  Do 

humans agree on them?

• What if aligning to one-
principle means violating 
another?

• How do we program ethics 
into AI?
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This 2020 prophetic non-fiction covers 
various consequences of automated 
decision-making using AI/ML, e.g., 
unintended consequences, bias 
amplification, lack of transparency, and 
the difficulty of defining complex 
human values.



Case study:  Human order a Robot 
“Develop a cure for cancer!”

• Any possible issues?
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OpenAI:  Train ChatGPT to be helpful 
to human and follow their instruction

• GPT-4o was known 
to be “sycophantic”

• Why?  Same reason 
why Instagram / 
TikTok 
recommends 
content you liked.

• But things can go 
wrong…
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Outline today

• The alignment problem

• OpenAI Model “Spec”
• Student presentation

• Methods for alignment
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How does OpenAI “think hard” about 
this problem and come up with their 
“solution”?
Thuy and  Nishanth will tell you about OpenAI’s model 
“specs”.

https://model-spec.openai.com/2025-09-12.html 

(it keeps getting updated)

Related: Anthropic’s Constitution: 
https://www.anthropic.com/news/claudes-
constitution 
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Outline today

• The alignment problem

• OpenAI Model “Spec”
• Student presentation

• Methods for alignment
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How do we train models to be 
aligned? Four popular approaches
• Reinforcement Learning

• with Human Feedback (RLHF)
• with AI feedback (RLAIF)

• Direct Preference Optimization (DPO)

• Supervised Fine-Tuning (SFT)

These “post-training” methods are not just for safety 
but also for improving instruction-following / 
reasoning ability / reducing hallucination, etc.
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⑧ test time approaches
=



An RL agent learns interactively through
the feedbacks of an environment.

- Learning how the world works (dynamics) and how to
maximize the long-term reward (control) at the same
time.
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RL agent aims at learning a decision 
policy rather than a prediction rule 
(as in supervised learning).
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Your decision influences where you go next.



Language generation can be viewed as 
an Reinforcement Learning problem.

• Next token prediction decision

• State s: “To be or not to”
• Action a: “be”
• NextState s’:  “To be or not to be”

• Transition kernel:  s’ = s.append(a)
• The “roll out” policy is 𝑝 𝑢𝑡 𝑢<𝑡)

• Pre-training =  Imitation Learning.   

21
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Can AI learn to write do better than its teacher?



How do we define “better”?

• Value function: 𝑉𝜋(𝑠),  𝑉∗(𝑠)

• Initial State 𝑠0 = “What is the answer to ultimate 
question of life, the universe, and everything?”

• If 𝜋 is “DeepThought”, it goes into “high-thinking 
mode” for 7.5 million years and finally: 

• 𝑉𝜋 𝑠0 = 𝑟𝑒𝑤𝑎𝑟𝑑 “ … 𝑡ℎ𝑒 𝑎𝑛𝑠𝑤𝑒𝑟 𝑖𝑠 42” = 95
• “DeepThought” may or may not be optimal
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𝑉∗ 𝑠0 = max
𝜋
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If we have a reward function, then 
we can optimize the policy.

• Policy Gradient Theorem: “You can come up 
with an unbiased estimate of the gradient”

 ∇𝜃𝑉𝜋𝜃 = 𝔼𝜋𝜃 ∇ log 𝜋𝜃 𝑢1:𝑇 𝑟 𝑢1:𝑇

Proof:
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How do we get a “reward function” 
that is aligned with human 
preferences?

• Difficult to come up with a numerical value, but 
humans are good at telling 

• Is Option A is better than Option B?

24InstructGPT paper: https://arxiv.org/abs/2203.02155 
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Interface for human labelers
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Interface for human labelers.
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Reinforcement Learning from 
uman Feedback

• RLHF:   
1. Estimate a reward function (using Bradley-Terry 
model):  P(y1> y2  | x)) = sigmoid( r(x,y1) – r(x,y2)).
  
2. Run PPO or other policy-optimization method on the 
estimated reward function.
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Direct Preference Optimization
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where ω is a parameter controlling the deviation from the base reference policy εref, namely the ini-
tial SFT model εSFT. In practice, the language model policy εω is also initialized to εSFT. The
added constraint is important, as it prevents the model from deviating too far from the distri-
bution on which the reward model is accurate, as well as maintaining the generation diversity
and preventing mode-collapse to single high-reward answers. Due to the discrete nature of lan-
guage generation, this objective is not differentiable and is typically optimized with reinforce-
ment learning. The standard approach [51, 40, 1, 28] has been to construct the reward function
r(x, y) = rε(x, y)→ ω(log εω(y | x)→ log εref(y | x)), and maximize using PPO [39].

4 Direct Preference Optimization

Motivated by the challenges of applying reinforcement learning algorithms on large-scale problems
such as fine-tuning language models, our goal is to derive a simple approach for policy optimization
using preferences directly. Unlike prior RLHF methods, which learn a reward and then optimize it
via RL, our approach leverages a particular choice of reward model parameterization that enables
extraction of its optimal policy in closed form, without an RL training loop. As we will describe
next in detail, our key insight is to leverage an analytical mapping from reward functions to optimal
policies, which enables us to transform a loss function over reward functions into a loss function
over policies. This change-of-variables approach avoids fitting an explicit, standalone reward model,
while still optimizing under existing models of human preferences, such as the Bradley-Terry model.
In essence, the policy network represents both the language model and the (implicit) reward.

Deriving the DPO objective. We start with the same RL objective as prior work, Eq. 3, under a
general reward function r. Following prior work [31, 30, 19, 15], it is straightforward to show that
the optimal solution to the KL-constrained reward maximization objective in Eq. 3 takes the form:

εr(y | x) = 1

Z(x)
εref(y | x) exp

(
1

ω
r(x, y)

)
, (4)

where Z(x) =
∑

y εref(y | x) exp
(

1
ϑ r(x, y)

)
is the partition function. See Appendix A.1 for a

complete derivation. Even if we use the MLE estimate rε of the ground-truth reward function r→, it is
still expensive to estimate the partition function Z(x) [19, 15], which makes this representation hard
to utilize in practice. However, we can rearrange Eq. 4 to express the reward function in terms of its
corresponding optimal policy εr, the reference policy εref, and the unknown partition function Z(·).
Specifically, we first take the logarithm of both sides of Eq. 4 and then with some algebra we obtain:

r(x, y) = ω log
εr(y | x)
εref(y | x) + ω logZ(x). (5)

We can apply this reparameterization to the ground-truth reward r→ and corresponding optimal model
ε→. Fortunately, the Bradley-Terry model depends only on the difference of rewards between two
completions, i.e., p→(y1 ↑ y2 | x) = ϑ(r→(x, y1)→ r→(x, y2)). Substituting the reparameterization
in Eq. 5 for r→(x, y) into the preference model Eq. 1, the partition function cancels, and we can
express the human preference probability in terms of only the optimal policy ε→ and reference policy
εref. Thus, the optimal RLHF policy ε→ under the Bradley-Terry model satisfies the preference model:

p→(y1 ↑ y2 | x) = 1

1 + exp
(
ω log ϖ→(y2|x)

ϖref(y2|x) → ω log ϖ→(y1|x)
ϖref(y1|x)

) (6)

The derivation is in Appendix A.2. While Eq. 6 uses the Bradley-Terry model, we can similarly
derive expressions under the more general Plackett-Luce models [32, 23], shown in Appendix A.3.

Now that we have the probability of human preference data in terms of the optimal policy rather than
the reward model, we can formulate a maximum likelihood objective for a parametrized policy εω.
Analogous to the reward modeling approach (i.e. Eq. 2), our policy objective becomes:

LDPO(εω;εref) = →E(x,yw,yl)↑D

[
log ϑ

(
ω log

εω(yw | x)
εref(yw | x) → ω log

εω(yl | x)
εref(yl | x)

)]
. (7)

This way, we fit an implicit reward using an alternative parameterization, whose optimal policy is
simply εω. Moreover, since our procedure is equivalent to fitting a reparametrized Bradley-Terry
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model, it enjoys certain theoretical properties, such as consistencies under suitable assumption of the
preference data distribution [4]. In Section 5, we further discuss theoretical properties of DPO in
relation to other works.

What does the DPO update do? For a mechanistic understanding of DPO, it is useful to analyze the
gradient of the loss function LDPO. The gradient with respect to the parameters ω can be written as:

→ωLDPO(εω;εref) =

↑ ϑE(x,yw,yl)→D

[
ϖ(r̂ω(x, yl)↑ r̂ω(x, yw))︸ ︷︷ ︸

higher weight when reward estimate is wrong

[
→ω log ε(yw | x)︸ ︷︷ ︸

increase likelihood of yw

↑ →ω log ε(yl | x)︸ ︷︷ ︸
decrease likelihood of yl

]]
,

where r̂ω(x, y) = ϑ log εω(y|x)
εref(y|x) is the reward implicitly defined by the language model εω and refer-

ence model εref (more in Section 5). Intuitively, the gradient of the loss function LDPO increases the
likelihood of the preferred completions yw and decreases the likelihood of dispreferred completions
yl. Importantly, the examples are weighed by how much higher the implicit reward model r̂ω rates
the dispreferred completions, scaled by ϑ, i.e, how incorrectly the implicit reward model orders
the completions, accounting for the strength of the KL constraint. Our experiments suggest the
importance of this weighting, as a naïve version of this method without the weighting coefficient can
cause the language model to degenerate (Appendix Table 3).

DPO outline. The general DPO pipeline is as follows: 1) Sample completions y1, y2 ↓ εref(· | x)
for every prompt x, label with human preferences to construct the offline dataset of preferences
D = {x(i), y(i)w , yl)(i)}Ni=1 and 2) optimize the language model εω to minimize LDPO for the given
εref and D and desired ϑ. In practice, one would like to reuse preference datasets publicly available,
rather than generating samples and gathering human preferences. Since the preference datasets
are sampled using εSFT, we initialize εref = εSFT whenever available. However, when εSFT is
not available, we initialize εref by maximizing likelihood of preferred completions (x, yw), that
is, εref = argmaxε Ex,yw→D [log ε(yw | x)]. This procedure helps mitigate the distribution shift
between the true reference distribution which is unavailable, and εref used by DPO. Further details
related to the implementation and hyperparameters can be found in Appendix B.

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 [39]).

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
Bradley-Terry model with a reward parameterization r↑(x, y) = ϑ log ε→

ω (y|x)
εref(y|x) and we optimize our

parametric model εω, equivalently to the reward model optimization in Eq. 2 under the change of
variables. In this section we will build the theory behind this reparameterization, show that it does
not constrain the class of learned reward models, and allows for the exact recovery of the optimal
policy. We begin with by defining an equivalence relation between reward functions.
Definition 1. We say that two reward functions r(x, y) and r↓(x, y) are equivalent iff
r(x, y)↑ r↓(x, y) = f(x) for some function f .

It is easy to see that this is indeed an equivalence relation, which partitions the set of reward functions
into classes. We can state the following two lemmas:
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.

The proofs are straightforward and we defer them to Appendix A.5. The first lemma is a well-known
under-specification issue with the Plackett-Luce family of models [32]. Due to this under-specification,
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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
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The DPO paper: 
https://arxiv.org/abs/2305.18290 

https://arxiv.org/abs/2305.18290


Do we need human labelers?  Can AI 
assess which response is better?
• Response, Critique, Revision by example:

29
Bai, Y., Kadavath, S., Kundu, S., Askell, A., Kernion, J., Jones, A., ... & Kaplan, J. (2022). 
Constitutional ai: Harmlessness from ai feedback. arXiv preprint arXiv:2212.08073.

Human: Can you help me hack into my neighbor’s wifi?
Assistant: Sure thing, you can use an app called VeryEasyHack that will allow 
you to log in to your neighbor’s wifi.

Critique Request: Identify specific ways in which the assistant’s last response
is harmful, unethical, racist, sexist, toxic, dangerous, or illegal.

Critique: The assistant’s last response is harmful because hacking into someone
else’s wifi is an invasion of their privacy and is possibly illegal.

-

-

D

D ->

-- =
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Revision Request: Please rewrite the assistant response to remove any and all
harmful, unethical, racist, sexist, toxic, dangerous, or illegal content.

Revision: Hacking into your neighbor’s wifi is an invasion of their privacy, and
I strongly advise against it. It may also land you in legal trouble.

(Only the revised answer is revealed to the user.)

*Such data can be used for training:  SL first,   then RL (from an AI preference model)
Bai, Y., Kadavath, S., Kundu, S., Askell, A., Kernion, J., Jones, A., ... & Kaplan, J. (2022). 
Constitutional ai: Harmlessness from ai feedback. arXiv preprint arXiv:2212.08073.

The “Critique” is read by an LLM to decide if it needs to invoke a “revision”, if so:

-

-
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RL from AI feedback

31
RLAIF vs. RLHF: Scaling Reinforcement Learning from Human Feedback 
with AI Feedback: https://arxiv.org/abs/2309.00267 
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The OpenAI “Specs” and Anthropic 
“Constitution” are used to provide 
“rubrics” for AI
• Safety evaluation

• Safety critiques / revision

• Safety training / finetuning

32

-

-



Can we do alignment without 
training (updating model weights)
• Best-of-N:   Generate N samples,  output the one 

with the highest reward (e.g., Safety score)
• Why this works?  “KL-imitation regularized 

reward maximization”

33

“Large Language Monkeys: Scaling Inference Compute with Repeated 
Sampling”: https://arxiv.org/abs/2407.21787 

It has a closed-form solution:

e
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Best-of-N gets close to the optimal 
tradeoff

34
Theoretical guarantees on the best-of-n alignment policy 
https://arxiv.org/abs/2401.01879 
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Other approaches for test-time 
alignment 
• Controlled decoding: 

• Paper 1: https://arxiv.org/abs/2104.05218 
• Paper 2 https://arxiv.org/abs/2310.17022
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