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TL;DR

LLM self-refinement fails when the model’s internal knowledge is insufficient. We resolve this issue using Robust
Unlabeled-Unlabeled Learning, enabling for iterative performance gains even with minimal human supervision.

Introduction

¥ Background
 LLM Self-refinement: a method for enhancing a model's ability by
using the LLM as its own evaluator to iteratively gain performance.
* Problem: self-refinement fails when insufficient internal knowledge
results in unreliable self-evaluation and performance degradation.

? Research Question
Can LLMs achieve self-refinement in domains where their internal
knowledge is insufficient, using only minimal human supervision?

. Our Findings
YES!
even when recent reasoning models fail to improve.

Preliminaries

Focus: Binary classification, as it serves as a fundamental building
block for LLM post-training (e.g., RLHF, DPO).

PN Learning: Standard supervised learning assumes access to
ground-truth label y € {41}, and positive C,,, negative C,, datasets.

an(g) — T4 ExNCp [l(g(x)a _|_1)] T (1 — T4 ) {"CENCn [l(g(x), _1)]

Pseudo Dataset: Assume two noisy datasets, pseudo positive C*p
pseudo negative C,, datasets. Each dataset contains true positive
samples but with different positive priors.
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Step1: LLM-Based Annotation Step2: Robust UU Learning Step3: Re-Labeling Classification Tasks

Unlabeled corpus Mini-batch from Mini-batch from Unlabeled corpus Corona Sentiment Green Patent Protein Structure

pseudo positive corpus pseudo negative corpus
0000000 000000DO0O

I I ! ! 3
=+ 1 O
| | T — 1 — | 3
LLIM Rp RP Rn Rn | - S
r annotator —1 \ \ ‘ \ \ l_ Classifier —l
, o | Build robust UU loss o \
00000000 O0OO0OOGOOOOO Ryu by weighting and 00000000 000O0COCOOO | | |
00000000 0000OCOOES | normalizing 00000000 00000000 teration teration teration
00000000 00000000 00000000 00000000 -4x- GPT w/ Self-Refinement -l DeepSeek-R1 w/ Self-Refinement
\ J ) Classifier : J ) —&— Ours (Oracle) -¥- Ours (few-labeled)
Noisy pseudo Noisy pseudo Denoised pseudo Denoised pseudo
positive corpus negative corpus Train a classifier by minimizing robust UU loss positive corpus negative corpus Ours , even
(Unobserved) ground truth label ) ) pseudo label In domains where reasoning models degrade performance.
Robust Unlabeled-Unlabeled Learning Generative Task (RLHF)
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Robust Unlabeled-Unlabeled Learning (Robust UU Learning) [2] 0.00-
* An extension of UU learning that applies negative risk correction and mitigates overfitting. o -
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