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Existing Work:
• Reinforcement Learning (RL) and Supervised Fine-Tuning (SFT) have been the dominant methods for improving 

reasoning in LLMs.
• These approaches can enhance performance but are expensive, unstable, and offer limited interpretability of how 

reasoning emerges.

Challenge:
• Traditional RL/SFT pipelines do not reveal the internal mechanisms behind reasoning behaviors.
• They require costly training and curated reasoning datasets.
• There is no direct control over when or how an LLM engages in long chain-of-thought (CoT) reasoning.

Motivation Study:
• Base models contain similar latent long-CoT activations as the reflective models.
• The activations are sparse and are highly stimulated with the appearance of certain signal words such as “wait”

EELo-CoT: Activation Control Framework

Training-Free Activation Control
• Contrastive Activation Discovery:
Collect good vs bad CoT generations → 
compute layerwise Δ-activations to 
locate long-CoT-related neurons.

• Activation Curve Modeling:
For key tokens (e.g., “Wait”), fit an analytic decay:

Parameter-Efficient Fine-Tuning (PEFT)
Lightweight Adaptation:
Freeze the base model; attach Activation Amplifier and 
LoRA modules at high-impact MLP layers.
Objective:
Minimize difference between amplified and ideal reflective activations 
while preserving base knowledge.
Parameter Efficiency:
Trains only 1.5 % of parameters, yet achieves performance 
comparable to full fine-tuning.
Generalization:
Single tuning recipe transfers across models 
(Qwen 1.5 B → 32 B, LLaMA 8 B).
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