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Introduction

Problem: Large Reasoning Models (LRMs) often generate

numerous irrelevant steps, which we term reasoning outliers.

Proposal: Filtering Reasoning Outliers with Attention (termed

FROST) via outlier-removal architecture and supervised finetuning.

• Serves as an outlier-free model structure that mitigates outliers

induced by reasoning traces.

• Improves the efficiency of LRMs during reasoning generation

and formalizes the concept of reasoning outliers.

• We theoretically prove that Softmax1 suppresses low attention

weights while preserving high ones at the sentence level.

• Achieves up to a 26.70% accuracy gain while reducing

reasoning path length by 69.68% relative to base models,

cutting inference time by at least 28.6%, and reduces training

time by 42.2% compared to SFT baselines. 2 / 13



Motivation: Efficiency in Large Reasoning Models

Large Reasoning Models: [Guo et al., 2025] introduce DeepSeek-R1,

demonstrating strong reasoning performance, particularly on

mathematical and logical tasks.

• However, large reasoning models (LRMs) often generate many

irrelevant reasoning steps, which degrade both performance and

efficiency.

Efficient Reasoning Methods: [Sui et al., 2025] categorize efficient

reasoning methods into three types:

• Prompt-based: Chain-of-Draft, TALE, Thought

Manipulation

• SFT-based: DRP, CoT-Valve, TokenSkip.

• Reinforcement Learning: SelfBudgeter, Thinkprune,

ThinkLess.
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Attention Heatmap of Reasoning Tokens.

• Use the Phi-4-Reasoning model to generate a reasoning trace

for a representative GSM8K example.

• In shallow layers, token contributions to the final answer are

nearly uniform, whereas deeper layers and later attention heads

concentrate on a small set of tokens with substantially higher

influence.
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Total Attention Weight Distribution to the Final Answer

• Only a small number of reasoning traces contribute strongly to

the final </think> token, while many traces have negligible

influence.
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Theoretical Analysis of Reasoning Outlier Removal.

• The attention weight distributions before and after outlier

removal show that the model’s focus on critical reasoning

traces is preserved or enhanced, while the influence of outliers

is significantly reduced.
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FROST

• We propose an efficient reasoning training framework with

supervised finetuning (SFT) that replaces Softmax in the

attention mechanism with Softmax1 to enable efficient

reasoning.

Softmax1(S) :=
exp(S)

1 +
∑L

i=1 exp(Si )
,

• Few fine-tuning steps from existing pretrained checkpoints.
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Experimental Studies: Reasoning Efficiency Results

Compare FROST with vanilla attention across three LRMs on several math tasks.

Results: FROST improves accuracy by an average of 26.70% and

reduces token usage by 69.68% on the three base models, GPT-OSS-20B,

Magistral- Small-1.1 and Phi-4-reasoning.
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Efficiency of Different Activation Functions

We compare FROST with different Softmax activation functions on Phi-4-Reasoning.

Results: FROST achieves the best overall performance in both Pass@1

accuracy and token usage. Specifically, the average accuracy increases by

15.65%, while the number of tokens decreases by 68.18% compared to

the base model.
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Experimental Studies: Outlier Removal Performance in FROST

Compare FROST on Phi-4-Reasoning using outlier metrics and sentence entropy.

Results: FROST reduces average kurtosis by 91+% and the maximum

infinity norm of reasoning outputs by 15+% relative to the base model.

And FROST achieves an average accuracy gain of 15.65% while

reducing the number of generated tokens by 68.18% compared to the

base model.
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Experimental Studies: Generalization across Other Reasoning Tasks

Compare FROST with vanilla attention on other non-mathematical reasoning tasks.

Results: FROST preserves—and even improves—generalization to

unseen reasoning tasks while reducing token cost during reasoning.
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Summary

• Filtering Reasoning Outliers with Attention
◦ Manages outliers in transformer-based LRMs.

◦ Remove outliers in reasoning generation.

• Theoretical Enhancements
◦ Provide an expressive guarantee for deployment-time

suppression of low-attention sentences.

◦ Prove that the outlier-suppression property of Softmax1 extends

from token-level attention weights to sentence-level aggregation.

• New Outlier Concept
◦ Show that low-attention regions correspond to non-critical

reasoning traces, which we define as reasoning outliers.

• Empirical Performance of FROST
◦ Achieves up to a 26.70% accuracy gain while reducing

reasoning path length by 69.68% relative to base models,

◦ Cuts inference time by at least 28.6%, and reduces training

time by 42.2% compared to SFT baselines. 12 / 13
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