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Backgrounds: Knowledge Fusion
qKnowledge Fusion of LLMs

qCombining the capabilities of existing LLMs and transferring them into a potent LLM

qModel Ensemble: aggregate the outputs of multiple models

qModel Merging: arithmetic operation on the parameter space of multiple models

qLimitations of Existing Methods

qModel Ensemble: parallel deployment of multiple LLMs

qModel Merging: identical architecture and minor parameter discrepancy



FuseLLM: Knowledge Fusion of Large Language Models
qFuseLLM Design

qMotivation: different probabilistic distributions for the same text, originating from various 

LLMs, can be used to represent the diverse knowledge embedded within these models

q Step1: leverage generative distributions of source LLMs to externalize individual knowledge

q Step2: fuse the distributions and transfer to the target LLM through lightweight training



FuseLLM: Knowledge Fusion of Large Language Models

qKey Factors

q Fusion Function: opt for distributions with minimal ppl or weighted average based on ppl

q Token Alignment: use dynamic programming to recursively minimize the total cost of 

editing one sequence of tokens to match the other



FuseLLM: Knowledge Fusion of Large Language Models

qExperimental Setup

q Source LLMs: Llama-2 7B, OpenLLaMA 7B, MPT 7B

q Training Corpus: MiniPile (1M Documents, <2B Tokens, 22 Domains)

q Evaluation Details
q Multiple-Choice Tasks: Big-Bench Hard, ARC-easy, ARC-challenge, BoolQ, HellaSwag, OBQA

q Generation Tasks: MultiPL-E，TrivialQA，DROP，LAMBADA，IWSLT2017，SciBench

q Baselines
q Original LLMs: Llama-2 7B, OpenLLaMA 7B, MPT 7B

q Continual Trained LLMs: Llama-2 CLM (Casual Language Modeling)



FuseLLM: Knowledge Fusion of Large Language Models

qMain Results
qMultiple Choice Tasks

qGeneration Tasks

FuseLLM-7B outperforms each source LLM and the continual training baseline in almost all tasks

The target LLM’s performance on the test domain and the construction of training data are crucial



FuseLLM: Knowledge Fusion of Large Language Models

qDetailed Results



FuseLLM: Knowledge Fusion of Large Language Models

qFuseLLM vs. Knowledge Distillation

q Similarities: speed up training efficiency (less token, higher performance)

qDifferences: fusion of 3x7B LLMs outperforms distillation from a 13B LLM



FuseLLM: Knowledge Fusion of Large Language Models

qFuseLLM vs. Model Ensemble&Weight Merging

q Source LLMs: continual training Pythia-1B on different corpus (Phil, NIH, USPTO)

q Ensemble and merging methods achieve lower average ppl than the source LLMs

q FuseLLM achieves lowest average ppl



FuseLLM: Knowledge Fusion of Large Language Models

qNumber of Source LLMs

q Increasing number of source LLMs à Increased performance.

qAlignment Criteria & Fusion Function

q Strict criteria (EM) ×; More information (MinED) √

q Fusion Func: different is more or accurate is more?



Conclusion

q Training LLMs from scratch incurs substantial costs and may lead to potential redundancy in 

competencies of LLMs

qWe introduce the notion of knowledge fusion for LLMs, aimed at combining the capabilities 

of existing LLMs and transferring them into a potent LLM

qCompared to model ensemble and merging techniques, the field of LLMs fusion appears to be 

a more promising avenue, especially in light of the diverse structures and scales of LLMs



FuseLLM: Knowledge Fusion of Large Language Models

🤗Model Checkpoints: https://huggingface.co/Wanfq/FuseLLM-7B



Thank you!


