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Large reasoning models (LRMs) perform poorly in the Agentic task.

The lack of instruction-following hinders their applications.

Continual SFT or RL? Too expensive…
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Large Reasoning Model (LRM)

think response

Good at reasoning
Often neglects format requirements

e.g. DeepSeek-R1-Distilled-Qwen

Instruction-tuned Model (ITM)

response only

Not good at thinking chains
Excellent in following instructions

e.g. Qwen2.5-Instruct

Merge！

Key Problem

Can we merge an ITM into an LRM to
improve instruction-following capability while 
maintaining reasoning performance and 
structured thinking output?
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Task Vector
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Task Vector[1]： Parameter difference reflecting the task capabilities

Base Model 𝜃𝐵 Fine-tuned Model 𝜃𝐹

Δ = 𝜃𝐹 − 𝜃𝐵

[1] Ilharco, Gabriel et al. “Editing Models with Task Arithmetic.” ICLR (2022).
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Observation 2: Direct merging breaks <think>…</think> format

Observation 1: Orthogonality of parameter subspace

LRM 𝜃𝑅 
∆𝑅= 𝜃𝑅 − 𝜃𝐵

ITM 𝜃𝐼
∆𝐼= 𝜃𝐼 − 𝜃𝐵

Orthogonal subspace

Low coupling[2] of 
Reason & Instruction following

responsethink？

[2] Ortiz-Jiménez, Guillermo et al. “Task Arithmetic in the Tangent Space: Improved Editing of Pre-Trained Models.” NIPS (2023).

Subspace Cosine Similarity

worth direct merging

𝜃𝑅 + 𝜆∆𝐼

Task Arithmetic
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RAIN-Merging

6

① Maintain the thinking format distribution of LRM

② Enhance the effectiveness of instruction following
Key Target



S J T U

Stage 1: Reasoning-aware Null-space Projection
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Null-space Projection

Mathematical form

Construct Null-space projection operator for input features of thinking tokens

Project the ITM Task Vector into thinking token input features Null-space

The models before and after merging have 
consistent outputs on thinking tokens

Projection

Task Vector

Range-space of 
thinking format 
token input feature

Null-space
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Stage 1 Verification
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Low KL divergence Complete thinking format
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Stage 2: Instruction-attention Guided Merging Coefficients
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Reparameterize: Break through the limitations of treating all modules equally

Do not disrupt the Null-space property

Optimize merging coefficients to enhance instruction following
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Stage 2: Instruction-attention Guided Merging Coefficients
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Instruction-attention Score

Motivation: [3] proposes directly modulate
attention to enhance instruction following
And attention can reflect the importance of 
the model layer to the instruction following.

Constructing instruction calibration set: 
Mark the instruction spans in Prompt;
the spans related to instructions;
the spans unrelated to instructions in Response

Score: 
Focus on the attn of instruction-related spans
suppress the attn of instruction-unrelated spans

Calculate the merging coefficients

[3] Guardieiro, Vitoria et al. “Instruction Following by Boosting Attention of Large Language Models.” ArXiv (2025).
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Stage 2 Verification
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The merged model after coefficient scaling shows 

significantly improved Instruction-attention Score at each layer.
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RAIN-Merging

12

① Enhance instruction following

② Maintain reasoning performance and thinking format

③ Gradient-free, friendly to low computational resources
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Experiment
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Effectiveness

Efficiency

Computing resources are far lower than SFT

Compared with previous merging methods

RAIN-Merging Enhance instruction-following

Maintain or even promote reasoning & general

Scalability

RAIN-Merging on range of 1.5B ～ 32B

On Qwen2.5 & Llama-3.1 architectures

Enhance instruction-following

Maintain or even promote reasoning & general
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Experiment
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Agentic Scenario

Reasoning & Instruction-following Coupling Scenario

Exploration of Chain-of-thought Quality

RAIN-Merging enhance agentic comprehensive of LRM

RAIN-Merging enhance both accuracy rate (Both Acc.) of 

simultaneously meeting reasoning and instruction following.

Maintain reasoning internal consistency (RIC)

Improve reasoning responses alignment (RAA)

Reduce the "knowing-doing gap"[4]

[4] Schmied, Thomas et al. “LLMs are Greedy Agents: Effects of RL Fine-tuning on Decision-Making Abilities.” ArXiv (2025).
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Case Study
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