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The Challenge: The High Cost of RL for LLMs

OThe Goal: Reinforcement Learning (RL) is a powerful paradigm for
enhancing the complex reasoning abilities of Large Language Models.

OThe Bottleneck: RL is extremely costly because it requires multiple
Interactions with the environment (i.e., multi-sampling per instance) to
evaluate and optimize its policy, creating a massive computational overhead.

OThe Need: This calls for a new data selection strategy guided by the "Less is
More" principle—to dramatically improve training efficiency by focusing on
the most valuable data.
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The Core Idea: The Zone of Proximal Development

Oinspiration from Cognitive Science: The "Zone of
Proximal Development" (ZPD) theory suggests that
optimal learning occurs on tasks that are challenging

but not impossible.

OHypothesis for LLMs: We hypothesize that LLMs
learn best from data they have not yet mastered but

show the potential to comprehend.
COWe call this "Fuzzy Data"—where the model's understanding

IS Incomplete or uncertain.

Leanng Effienny

OThe Goal: Identify and focus training on this "fuzzy"
middle ground, avoiding data that is either too easy or

too hard.
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Preliminary Study: Validating the ZPD Hypothesis

COMethod:
C0Used multi-sampling accuracy as a
proxy for data dlﬁlCUlty. Qwen2.5-0.58 Qwen2.5-1.5B Qwen2.5-3B
OPartitioned the GSM8K dataset into Lo i P
10 bins based on accuracy (from 9 572 T |7 '
hardest to easiest). g7 gy’ SR
OTrained models exclusively on data 59 )
from eaCh bln_ 0 2 -'-lg 6 8 0 2 49‘ 6 B 0 2 4g [ 8
8o q.wenZ.S—YB 85.0 Llama—3.}—BB—|nstruct Mistral—?B.—lnstruct—VO.S
OFinding: W .
OA clear non-monotonic relationship ., /_\ /\
was observed. e TN T e R At
CIPerformance peaks when training R S R S

on data of intermediate difficulty,
strongly supporting the ZPD
hypothesis.
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The UFO-RL Framework: A New Solution

CProblem with the Preliminary Approach: Using multi-sampling to find the ZPD
IS self-defeating—it relies on the very bottleneck we want to eliminate.

Ointroducing UFO-RL: Uncertainty-Focused Optimization for Reinforcement
Learning.

CCore Innovation: A lightweight and scalable framework that uses a
computationally efficient, single-pass uncertainty estimation technique.

1t completely avoids multi-sampling for data selection.
Clit efficiently identifies "fuzzy data" within the model's ZPD for training
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Core Technology: Single-Pass Confidence Estimation

COOHow It Works:
ClGenerate a single complete answer sequence {y,, ..., yr}for an input x; .

C1Define the Confidence Score as the av$rage log-probability of the output tokens:
1
Conf(x) == ) logP(yelxi,y < t)

t=1
CISelect the top 10% of samples with a "fuzziness score" that prioritizes confidence values
near the dataset mean.

COAdvantages:

ClExtremely Fast: Requires only a single forward pass, achieving up to a 185x speedup in
data evaluation over multi-sampling.

CIFine-Grained: Provides a continuous uncertainty signal, unlike discrete rewards.
CIConsistent: Shows strong correlation with multi-sampling accuracy.

HARBIN INSTITUTE OF TECHNOLOGY 6



Experimental Setup

COModels:Qwen2.5 (0.5B-7B), Llama3.1-8B, Mistral-7B
OTraining Datasets: GSM8K and the more challenging DAPO-MATH-17K
OEvaluation Datasets:

CIn-Domain: GSM8K Near-Domain: Math500 Out-of-Domain: MMLU
T
100% 10% 10% 10% removing 0% and 10%
data random easiest hardest  100% accuracy data mid-uncertainty data
GSM8K 91.88 71.09 91.20 90.93 91.35 92.03
Sl Math500 75.00 74.40 75.60 75.64 76.20 76.40
MMLU 69.64 69.25 69.44 69.14 69.26 69.43
GSM8K 92.03 84.75 81.34 87.43 88.09 91.16
DAPO-MATH-17K \aths00 75.80 76.40 77.20 75.46 75.60 77.40
MMLU 70.33 68.88 68.88 69.17 68.91 69.69
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Key Result 1: Performance

CLess is More:

ClTraining on just 10% of the data selected by UFO-RL achieves performance
comparable to or even surpassing training on the full dataset.

COEnhanced Generalization:

C1On near-domain benchmarks like Math500, UFO-RL often outperforms full-data RL,
suggesting better generalization.

OSuperior Selection:

COUFO-RL consistently outperforms other data reduction baselines like random
sampling or focusing on extreme-difficulty samples

Oincreased Stability: .

10N the challenging DAPO-MATH-17K dataset, UFO-RL demonstrates resilience and
avoids catastrophic performance drops seen with other methods
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Key Result 2: Computational Efficiency

OData Evaluation Speedup:

. . Method Model Time  SpeedUp Model Time SpeedUp
CIThe single-pass confidence Fo— e .
estimation is up to 185x faster than Confidence ~QVen23-05B  Tygn x185  Qwen23-1.5B T 50 X2
calculating multi-sample accuracy. Aoy gunsag 43S quens7e BT5 g
N _ C‘tﬁ"ﬁ“;:::ze Llama3.1-8B lig‘;‘fs x61 Mistral 7B 8134365; x 57
OOverall Training Time
Reduction:
CIBy processing only 10% of the data,
UFO-RL a:ChIeveS Up _to a 16X \ Method Model Time (s) Speedup Method Time (s) Speedup
reduction in total RL fine-tuning time RO e 058 10 a3 Quemsiss 2 Y
compared to the full-data baseline. 0 5 <
Full Data Qwen2.5-3B 10224 x14 Qwen2.5-7B 12059 %11
Fu[ﬁFgJ)ata Llama3.1-8B 1%1% x12 Mistral 7B 21;95545 x 16
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