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The Alignment Problem

By the early 2020s, language models had become powerful, but their power was 
untamed. They lacked alignment with human values, which sets the Stage for 
Helpful and Harmless AI.

→  Key problem:  How do we effectively inject human preferences into LLMs?
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Reinforcement Learning from Human Feedback

1. Learning from Human Preferences (Christiano et al., 2017)
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How do we systematically collect human 
preference data?

How do we use that data to train a model 
to be both helpful and harmless?



Reinforcement Learning from Human Feedback

2.   InstructGPT (Ouyang et al., 2022)

a) Collecting a dataset of human-written 
demonstrations, and using SFT to train 
an initial policy

b)     Training a reward model on 
human-labeled comparisons of different 
model outputs (PPO).

c)     Using that reward model to fine-tune the 
language model with reinforcement learning
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Reinforcement Learning from Human Feedback
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RLHF for both helpfulness and harmlessness  (Bai et al.)
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How to Collect Human Feedback 

People choose their preferred option 
instead of writing concrete feedback.

Rate for helpfulness / harmlessness

Use Elo rating to evaluate models
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PM Calibration



“Online” training (pros and cons)



Tulu 3: Pushing Frontiers in Open Language Model Post-Training
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SFT (Supervised Fine-Tuning)

Teach the model what good outputs look like for your tasks.

● Gives the policy a good manifold of behaviors. Without SFT, RL tends 
to wander/exploit quirks of the reward.

● Strong SFT reduces the amount and brittleness of preference/RL 
training.
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Preference Optimization

SFT teaches “valid” answers; preferences teach which valid answers people most want—style, safety, 
refusal criteria, brevity, formatting, etc. 

PPO: Collect pairwise preferences (chosen vs. rejected completions). Train an RM to score outputs. Then 
do on-policy RL to maximize RM score while keeping the policy near a reference.

● Pros: Can explore new responses beyond your logged data. Often yields bigger gains when you 
need distribution shift or long outputs.

● Cons: More engineering: sampling loops, credit assignment, stability (KL tuning, reward scaling), 
higher compute.

DPO: Skip explicit RM + RL loops. Optimize a closed-form objective on preference pairs to increase the 
odds of chosen over rejected responses relative to a reference model.

● Pros: Simple, stable, fast, no rollout loop; great as a first preference pass; easy to reproduce.
● Cons: Trains offline on the pairs you have; weaker exploration; tougher to target long-horizon/rare 

behaviors unless your preference data already covers them.
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RL from verifiable feedback (RLVF)

Use programmatic signals as the reward; train the model to optimize an 
objective you can check automatically (unit tests passing, math answers 
correct, tool calls valid, constraints satisfied).

● Many valuable goals are objectively checkable and not well captured 
by human style preferences (e.g., “does the SQL actually run?”, “is the 
plan executable under a budget?”).

13



14



nvidia/OpenMathInstruct-2
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allenai/SciRIFF

16



17



18



How pre-training affects post-training results
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How later post-training stages depend on earlier ones
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Post-training 
data:
Critique



RLHF Paper

1. The model only represents the values of a small group of people (i.e., those who annotated the data).

Tulu3 Paper

1. Safety is not completely orthogonal in post-training but no further discussion on this. 
2. Could excessive RLVR harm the model's general capabilities, turning it into a model that can only solve 

specific problems but is otherwise incompetent (this is typically seen in small models like Llama 3.2 1B 
and Qwen3 1.5B)?

3. Data is short-context. This can hurt generalizability of the model. Data they train on is ~8k tokens long 
max

4. Coverage of benchmarks (AIME not included for example) and outdated benchmarks. This model is 
poorly evaluated.

5. PPO is good for model-based but GRPO is good for rule-based. They choose to use PPO in Tulu3 when 
it is more natural to do something like GRPO (because math/coding questions have easily computed 
rewards). PPO leads to suboptimal results.

6. Does using GPT-synthesized data for annotation (used in both SFT and RL phases) limit the method's 
potential, preventing it from surpassing GPT and leading to model collapse?



Table 10:

Page 16:

Tulu 3 authors: Safety is orthogonal



But downstream…
Safety is NOT orthogonal 



Fine-tuning on narrow benchmarks



Llama 3: 8K

Llama 3.1:128K

Qwen 2.5: 128K

Tulu 3: Trained on 8K, evaluated on 4K

Limited Context 
Length



Post-training Tata: Proponents
Training a Helpful and Harmless Assistant with Reinforcement Learning from Human Feedback

Tulu 3: Pushing Frontiers in Open Language Model Post-Training
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Proponent: RLHF (Bai et al.)

1. “Wisdom of the crowd”: crowdsourcing with simple instructions 
create diverse prompts based on common-sense understanding of 
“helpful” and “harmless”

○ “Human feedback have the largest comparative advantage over other 
techniques when people have complex intuitions that are easy to 
elicit but difficult to formalize and automate.” 
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Proponent: RLHF (Bai et al.)

2. Separate datasets for “helpful” and “harmless”

○ “Red-teaming” to elicit harmful response
○ Disentangle the two objectives in the analysis
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❖ Easier to make model harmless than 
helpful

➢ Redefine harmlessness
➢ Use OOD gates to check for harmful 

prompts



Proponent: Tülu 3
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Proponent: Tülu 3
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Proponent: Tülu 3
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Proponent: Tülu 3
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Proponent: Tülu 3
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Discussion: Model capability evaluation

1. What kind of capabilities do we want?
2. How to evaluate these capabilities?



Proponent: Tülu 3
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Discussion: Model capability evaluation

1. What kind of capabilities do we want?

Tülu 3
Llama 3



Proponent: Tülu 3
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Discussion: Model capability evaluation

2. How to evaluate these capabilities? 
Look at model before 2025

Llama 3

Qwen 2.5



Proponent: Tülu 3
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Claude 3.5 & GPT-4o & Gemini 1.5 pro

AIME was not considered a standard math 
benchmark in 2024

What changed the game? 
DeepSeek-r1? RLVR?

Discussion: Model capability evaluation

2. How to evaluate these capabilities? Look at model before 2025



Post-Training Data: Follow-Up
Direct Preference Optimization:  
Your Language Model is Secretly a Reward Model
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Why DPO?

● DPO has the same KL-regularized objective as RLHF without training 
a reward model or running PPO

● Often cheaper and more stable to run due to simple supervised loss 
on human preference data
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DPO: Core Ideas

● RL Objective: 

○ LM must pick responses that are highly preferred while not drifting 

away from a baseline model (typically SFT model)

● Closed Form Solution:

● Bradley-Terry Preference Model:
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Same KL-regularized goal as RLHF, but 
optimized via supervised pairwise loss



DPO: Results

● DPO optimizes the 
same KL-regularized 
objective more 
efficiently than PPO 
(higher reward at 
equal KL)

● Higher win rates, 
less temperature 
sensitivity on TL;DR 
summarization

44


