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Method: SPA Experiment Result

O Why? Human preference labeling is costly. Existing
methods depend on large aligned LLMs or reward models,
which are both data-hungry and noise-prone

O How? SPA leverages logits-based preference judgment
and self-generated data, combined with noise-aware
refinement—no additional training models required

0 What? SPA achieves +16.4% AlpacaEval win rate using
only 3.3% of gold labels. Outperforms strong baselines and
even works with zero human-labeled data

Introduction

O Challenge: Aligning LLMs with Human Preferences

> Aligning LLMs with user intent is crucial but requires costly, large-
scale human preference data.

O Limitations of Existing Approaches

> LLM-as-judge and reward models either require strong base models
or large labeled datasets

> LLM-as-judge is Al feedback and differs from actual human
preferences

O Our Solution: Spread Preference Annotation (SPA)

> Leveraging human prior knowledge within the small (seed) data a
and progressively improving the alignment of LLM

> Utilize implicit reward from LLM to explicitly extract the model’s
inherent preference

> Improving learning performance by automatically processing noise
during the learning process
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O Step 0: Initialization
> Train the initial model using DPO on seed dataset

Lopo(m6) = E(z,y, .y~ [— 10g Do (4 = wi|z)] -

O Step 1: Preference Data Generation

> Sample new responses for prompts and use the model’s logits to infer
preference labels via implicit reward comparison
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O Step 2: Self-Refined Preference Learning
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> If the internal preference of the model being trained does not exceed
a certain threshold, it is treated as noise

29 =1 if pg(yw = yi|z) < 7 else zp =0,
> Noise labels are given low weight in preference learning
Lei(m0) = Eqz gy~ [~ (1 — @ % 2) log po(yw = wi|z) + o * 20 logpo(y = yulz))]

> More strong aligned logit is obtained from linear combination of the
logits of 1e and 1tref, and noise is detected based on this

ha(z,y1:e-1) = (1+ A) * ho(@, ¥1:6-1) — A * et (2, Y1:6-1)s

O Results with 3.3% Gold Labels

> We train Mistral-7b-01v on Ultrafeedback datasets
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O Effect of Seed Size on Performance (AlpacaEval 2.0)

\ Used Ground-truth Preference Data
Methods \ 08% 1.7% 3.3% 10%

DPO: LC Win Rate (%) | 7.85 7.68 9.03 11.37
DPO: Win Rate (%) 553 549 768 9.32

SPA: LC Win Rate (%) | 1036 1236 1623  18.52
SPA: Win Rate (%) 1134 1372 1994 2379

Limitation & Future Work

O Limitation

> There is a large length bias, may be many other biases.
> Vulnerable to error accumulation

0 Enhanced noise handling

> A methodology that separates and reduces bias at the model
and dataset level, such as co-teaching, would be effective.

> When using implicit rewards, such as offline RL methodologies,
strong regularization can be applied.

0 Research advances using implicit reward

> Methodologies that utilize implicit rewards have shown
experimentally superior performance in various fields.

- Self Improving: Bootstrapping Language Models with DPO
Implicit Rewards (ICLR)

- Process Reward Modeling :Process Reinforcement through
Implicit Rewards




