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Tab.3 Comparison of results between LAEM and traditional methods

J5 ik TR 7 2RAE 55 H T HAL S AR
Full-tuning 49. 00 58. 55 54.48
QLoRA 52.31 63. 37 57. 84
Average merging 23.42 22. 69 23.17
LoRAHub 0 69.19 29. 14
Average merging+ shared expert 55. 47 57.24 56. 06
LoRAHub+shared expert 52.00 48. 57 51.22
LAEM 55.55 62. 50 58. 04
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Tab.4 Comparison of LAEM results with traditional methods on inferential datasets

Bm A 2
Jrik TG
Math Reasoning MMLU
LoRA 12.21 75.05 46. 22 44. 49
Average merging 21.45 74. 04 45.19 46. 89
LAEM 23.35 73.88 45. 57 47. 60
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Tab.5 Comparison of coarse/fine-grained weight fusion experiment results

22y

S ok R BT 2HAE 55 THF A5 LR PERE
FH L BE A TR A 55.16 63. 05 57.78
Yy B A EE AL A 55.55 62. 50 58. 04
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Tab. 6 Impact of different de-redundancy rates on model performance

HERLE R TUAR e e YR B R TR ZRAPERE
0 57. 60 0 57.65
15% 57.73 15% 57.82
20% 57. 64 20% 57.87
30% 57. 64 30% 57.69
40% 57. 37 40% 57.55
50% 56. 56 50% 56. 78
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Tab.7 Comparison of experimental results between adaptive and manual de-redundancy rates

e W FIORE LREPERE e L& RIUARE LA MERE
0 57. 60 0 57. 65
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A New Algorithm for Large Language Models in Multitasking Scenarios

WANG Bowen', WU Zhiyou', ZHENG Xianda®, GAO Huan'

(1. School of Mathematical Science, Chongqing Normal University, Chongqing 401331, China;
2. School of Computer Science, the University of Auckland. Auckland 1010, New Zealand)
Abstract: Large language models (L1LMs) have shown excellent performance in most natural language processing tasks. However,
direct application of general-purpose LLLMs often does not meet the application needs of a specific domain. To solve this problem, it
is often necessary to customize the model by training the model from scratch or fine-tuning the generic model. De novo training can
achieve a high degree of customization, ensure matching with requirements and protect data privacy. but there are problems of high
cost and technical difficulty, so the existing methods mostly improve the model performance by fine-tuning the general model, but
the full-parameter fine-tuning will face the challenge of GPU memory limitation, although the existing parameter efficient fine-tuning
technology can alleviate the memory limit, but the technology is difficult to maintain performance in multiple tasks at the same time,
and catastrophic forgetting may also occur in the process of continuous fine-tuning. In order to solve this problem, a new method
that can maintain the performance of multiple domains and alleviate the catastrophic forgetting phenomenon is proposed, namely the
layer-by-layer adaptive weighted merger (LAEM) algorithm. This method is carried out in the form of LoRA module merger:
firstly, the fine-tuned LoRA modules in a variety of specific tasks are deredundant. Secondly, by introducing the idea of sharing
LoRA modules, and using the layer-by-layer adaptive weighted average method, the LoRA modules corresponding to different tasks
after redundancy are merged with the shared modules, and the LAEM algorithm can flexibly set the weights according to the specific
performance of different layers within the model and the contribution to the final result, so as to more accurately integrate the
advantages of multiple models, fully release the potential of the model in each layer, and achieve better overall performance.
Experimental results show that the LAEM algorithm not only enables the model to have a variety of capabilities, but also alleviates
the phenomenon of catastrophic forgetting to a certain extent, and avoids the problem that the traditional method ignores the
difference of features between layers when merging models.

Keywords: large language models; efficient fine-tuning of parameters; model merging
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