
Weighted-Reward Preference Optimization for 
Implicit Model Fusion

        Ziyi Yang*  Fanqi Wan*  Longguang Zhong  Tianyuan Shi  Xiaojun Quan † 

           School of Computer Science and Engineering, Sun Yat-sen University
                  yangzy39@mail2.sysu.edu.cn, quanxj3@mail.sysu.edu.cn     



Backgrounds: Collective LLMs



Backgrounds: Direct Preference Optimization



p Combining the strengths of multiple source LLMs into target LLM

p Model ensemble: all models must remain active during inference

p Model fusion: complicated vocabulary and distribution matrices alignment process 

p Direct Preference Optimization: sensitive to distribution shifts

WRPO：Preliminary Experiment 

Distributional gap



Ø Implicit Fusion：learning from discrepancies between ���and ��� , ��

WRPO：Weighted-Reward Preference Optimization

Ø Progressive adaptation：shifting constitution of preferred response from ��� to ���

Ø Weigheted-reward mechanism：increasing the weight for source LLMs and decreasing the 
weight of internal rewards for target LLM 



WRPO：Experiment Setup

 Llama-3-8B-Instruct, Mistral-Large-Instruct-2407, Gemma-2-27B-it, 

Qwen-2-72B-Instruct, Llama-3-70B-Instruct, Gemma-2-9B-it, InternLM-2.5-20B-Chat, 

DeepSeek-V2-Chat, DeepSeek-Coder-V2-Instruct, Yi-1.5-34B-Chat, Phi-3-medium-4k-instruct

• Prompt selection: UltraFeedback (60k, instruction following)

• Responses: sampled from each source model (N=5, top-p = 0.95, temperature = 0.8)

• Reward score:  annotated by ArmoRM-Llama-3-8B-v0.1 reward model

MT-Bench,  AlpacaEval-2, and Arena-Hard

p Target&Source LLMs

p Collective LLMs: PackLLM, LLM-Blender, MOA, FuseLLM, FuseChat

p Preference optimization methods: DPO, SimPO, IPO



WRPO：Main Results

• Outperform all source LLMs 
on AlpacaEval-2

• Comparable to ensemble 
methods that are 106 times 
larger in scale（49.1->55.9）

• Consistently outperforms 
preference optimization 
baselines（48.2->55.9）

• More superior to same size 
explicit model fusion 
technique（38.1->55.9）



WRPO：Adaptability

Ø Generalizability：combining WRPO with SimPO (53.9 -> 55.8) and IPO  (51.1 -
> 53.3)  consistently improves their performance

+

Ø Scalability：scaling up the number of source LLMs can enhance the overall 
performance of our method



WRPO：Ablation Studies
p �/� ���

• Modest margin gain reveals a relatively conservative optimization process

• Exclusively relying on on-policy samples limits model’s exploration capability

 

∆ ≈ 0.2
∆ ≈ 0.5∆ ≈ 1.2

p w/o ���

• Faster margin gain reveals a more aggressive optimization behavior

• Distribution shift inherent in the hybrid setting may compromise training stability 



Conclusion

pWe introduce Weighted-Reward Preference Optimization (WRPO) for the 
implicit model fusion of heterogeneous open-source LLMs, aiming to create 
a more capable and robust target LLM

p To address distributional deviations between source and target LLMs, we 
introduce a progressive adaptation strategy that gradually shifts reliance on 
preferred responses from the target LLM to the source LLMs

p Extensive experiments demonstrate that WRPO consistently outperforms 
existing knowledge fusion methods and various fine-tuning baselines



Future work
FuseChat-3.0: Preference Optimization Meets Implicit Model Fusion

SCI-FM @ ICLR 2025  Tech report: https://arxiv.org/abs/2503.04222
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