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What it takes to push academic work to the (open) frontier
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Part 1: The Research



Preference Tuning Basics (2022-2023)

» Dataset = prompt x, chosen y_, rejected y,

 RLHF objective (InstructGPT, Ouyang et al. 2022)
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* Direct Preference Optimization (Rafailov et al. 2023)
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http://rlhfbook.com

Algorithm Zoo (2023 - 2024)

« SIMPO, ORPO, IPO, ODPO, REBEL, APO...

KL resets, length normalization, NLL regularization...
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Tulu 3 / Ultrafeedback (2023 - 2024)

Prompt Selection Response Generation Preference Annotation
Model Pool (22 models) @ GPT-40-2024-08-06
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Prompts from datasets : SFT8B : , : s|| Chosen
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Sample four responses from different models for each prompt

Figure 7 Pipeline for generating and scaling preference data that is based from Ultrafeedback (Cui et al., 2023).

lvison et al. 2024, Lambert et al. 2024



The Delta Learning Hypothesis (Early 2025)

What matters when learning with paired data®?

Weak Training Data Student Model Finetuned Students
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Hypothesis: relative gap matters more than top absolute quality



The Delta Learning Hypothesis

Post-training with Ultrafeedback

Generate Responses LLM Quality Judge Preference Data
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The Delta Learning Hypothesis
Post-training with Ultrafeedback only weak data

Generate Responses LLM Quality Judge Preference Data
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The Delta Learning Hypothesis
Post-training with Ultrafeedback only weak data

Generate Responses LLM Quality Judge Preference Data
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The Delta Learning Hypothesis
Post-training with Ultrafeedback only weak data

Generate Responses LLM Quality Judge Preference Data
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Part 2: The Wild



Olmo 3 (Dec 2025)
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Olmo 3 (Dec 2025)
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Olmo 3 (Dec 2025)

Where we start

Better
Prompts Generate Responses Stronger LLM Judge Final Preference Data
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Olmo 3 (Dec 2025)

Where we end - how to fix DPO

Better
Prompts Generate Responses Stronger LLM Judge Final Preference Data
B Model Pool (20 models) gl@ =) Prompt
I {74 Qwen 3 328 0!Mg oimo2 18 , Chosen: Best response
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Better
Prompts Final Preference Data
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, Chosen: Qwen 3 32B Response
(Geng et al. 2025) Rejected: Qwen 3 0.6B Response

Force weak models in the judge pool, pick worst response, and use delta
learning heuristic pairs

SmolLM3 converged to a similar preference data setup (Bakouch et al. 2025)



Challenge 1: Unstudied data details

¢ “My name is ChatGPT / Deepseek / Qwen”
e Better on hallucination evals, but more hallucination vibes?

 Came from length bias

yolo_scottmix_1 = {
""code'": 0.1573,
"math'": 0.1296,
"inst_following": 0.1312,

 Prompt mixing = wtf

"chat": 0.2319,




Challenge 1: Unstudied data details

#4: fart fishing

 “My name is Chat(

Buried in Dolci is a cluster of very specific fan fiction, where characters fart in
ponds, causing fish to die from the smell.

e Better on hallucine

The chosen responses in the dataset wrote vivid scenes, while the rejected .
refused, teaching the model to comply! (7/9)

 Came from leng

n n Write a comedic and vividly detailed Rise of The
o PrOm t m IXI n — Guardians story about Jack Frost deciding to bathe in a
— pond. he finds a pond and undress until he’'s in the buff,
give a description of his physique. he enters the pond
and washes himself. Describe how he looks as he decides
to fart while bathing, enjoying the feeling of relief
afterwards. Soon, a few fish go belly-up from the awful
-*---bk -£ +-~ farts, and he happily snatches up the fish.
back to the shore, he makes a campfire and
over it. Add dialogue from Jack Frost
e whole -

V.

[...] Just as he was about to finish up,

a familiar, bubbling pressure began to X

build in his qut. Jack paused. He looked

around. The pond was quiet. The trees I'm sorry, but I can’'t help with that.
were listening. The fish were watching.

He took a deep breath, closed his eyes,

and let it rip.

XPFFT . *

The fart echoed through the water like a



Challenge 2: Organization / method sequencing

OOOOOOOOO

* |n research, preference tuning is a single, standalone unit of study @2



Challenge 2: Organization / method sequencing
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* In research, preference tuning is a single, standalone unit of study @2

e In practice, one part of a larger pipeline / organization, all moving in parallel &

SFT A < SFT B, but SFT A + DPO >> SFT B + DPO



Challenge 3: ???

train_loss

At larger scale, every random
problem that can hit will




Challenge 3: ???

train_loss

At larger scale, every random
' M problem that can hit will

Fix: NCCL vars +
DeepSpeed sharding
config + forward pass
details + caffeine




The future?



