
Conclusion
This paper verifies the rationale behind the early exit motivation in CoT generation, and
accordingly proposes a training-free dynamic early exit algorithm, which makes the
reasoning model withdraw from subsequent thinking when the thinking amount is just
enough. Our method comprehensively evaluated across reasoning models of varying
model sizes and demonstrates superior performance with fewer tokens.

Dynamic Early Exit in Reasoning Models

Introduction
uRecent advances in large reasoning language models (LRMs) rely on test-time

scaling, which extends long chain-of-thought (CoT) generation to solve complex
tasks. However, overthinking in long CoT not only slows down the efficiency of
problem solving, but also risks accuracy loss due to the extremely detailed or
redundant reasoning steps.

uwe analyze the overthinking phenomenon in LRMs and investigate the impact of
static early exits on model performance. We define ”pearl reasoning” as the critical
juncture where reasoning information becomes precisely sufficient for accurate
problem-solving and verify the existence of such pearl reasoning.

uWe propose a simple yet effective method that allows LLMs to self-truncate CoT
sequences by early exit during generation. Instead of relying on fixed heuristics, the
proposed method monitors model behavior at potential reasoning transition points
and dynamically terminates the next reasoning chain’s generation when the model
exhibits high confidence in a trial answer.
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uMain Experiments

The core idea behind DEER is that a model’s confidence in its trial answer 
dynamically indicates whether the thinking information required for LRMs to generate 
the final answer is sufficient. 
DEER involves three designs to determine whether to exit early: reasoning transition 
monitor, answer inducer, and confidence evaluator.

Experimental results across various types of reasoning models.
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An overview of the Dynamic Early Exit in Reasoning (DEER) method.

Performance across four datasets under different token budget settings.

Early-exit rates and accuracy of early-exited samples of DEER.

Correctness statistics for early exits at various reasoning steps.

LRMs possess the potential to achieve simultaneous improvements in both 
computational efficiency and prediction accuracy through strategic early termination.

Experimental results across DeepSeek-R1-DistillQwen-Series models of varying sizes.

uEfficiency Improvement

Branch-Parallel DEER achieves further
speed improvements by efficiently
reducing the latency of trial answer
inducing and confidence evaluation. The
ratio between latency speedup and
length savings exhibits a superlinear
trend, reinforcing the significance of
DEER in enhancing inference speed.


