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Abstract Aiming at the problems of high PPL( perplexity ) ,low text generation accuracy and slow model reasoning speed in Ze-
ro-shot Performance after the existing large-scale language model is processed by pruning algorithm, this paper proposes a prun-
ing metric algorithm LAM based on the joint magnitude of loss. In the process of estimating the weight importance, the loss func-
tion information and the weight activation information are fused. By using the LAM algorithm, the limitations caused by the omis-
sion of the second derivative in the Taylor expansion of the gradient information in the process of weight importance evaluation
are eliminated,and the accuracy and robustness of the model pruning process are improved. Enhance the versatility of the pruning
algorithm. When establishing the coupling structure,a single coupling structure is proposed.and the neurons in the multi-layer
perceptron( MLP ) in the Transformer block are selected as the initial trigger. Only the attention layer,the query vector,the key
vector,and the value vector layer are considered to activate the neurons to establish the coupling structure. Thus,the number of
parameters required to identify the coupling structure group is reduced,and the pruning speed and throughput are improved. The
Zero-shot Performance experiments on WikiText2 dataset and PTB dataset show that when the pruning rate is 25 % ,the PPL
scores of LLaMA-7B are 20. 24 and 36. 05.respectively, which are lower than other pruning algorithms. The PPL scores of Vicu-
na-7B after pruning are 21. 24 and 85. 81, which are also better than other pruning algorithms,showing that the algorithm has

higher universality and accuracy.
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Table 1 Comparison between the proposed algorithm and other

pruning algorithms in LLaMA-7B

Pruning Th
romng Method ~ Param/B WikiTextiZ§ PTBY il
Ratio (tokens/s)
Ratio=0% LLaMA-7B 6.7 12. 60 22.10 25.0
Wanda-sp 22.40 36. 15 16.9
FLAP 17.00 30.10 16.5
Ratio=20% 5.4
LLMPruner 17.38 30.11 22.1
LAM 16.93 31.86 24.2
Wanda-sp 25.53 40.51 16.3
. FLAP 21. 34 37.12 15.7
Ratio=25% 4.9
LLMPruner 20. 35 36.17 20. 4
LAM 20.24 36. 05 23.1
Wanda-sp 27.08 46. 25 16.4
. FLAP 23.24 40. 40 15.4
Ratio=30% 4.7
LLMPruner 22.40 39.70 21.3
LAM 23.48 53.57 22. 4
Wanda-sp 31.31 62.36 16.1
FLAP 26.65 44.36 15.8
Ratio=35% 4.5
LLMPruner 25.20 40.73 21.6
LAM 29.11 59.46 21.2
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Table 2 Comparison between the proposed algorithm and

other pruning algorithms in Vicuna-7B
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romng Method ~ Param/B WikiTextiZ§ PTBY il
Ratio (tokens/s)
Ratio=0% Vicuna-7B 6.7 17.10 63.20 25.0
Wanda-sp 24.41 94. 60 16.3
FLAP 22.40 74.91 16.6
Ratio=20% 5.4
LLMPruner 19.69 78.43 21.4
LAM 20.93 75.20 24.2
Wanda-sp 33.50 113.2 15.4
. FLAP 24.19 86. 24 15.7
Ratio=25% 4.9
LLMPruner 21.70 85. 90 22.9
LAM 21.24 85. 81 23.5
Wanda-sp 60. 40 146.9 15.2
. FLAP 27.12 95. 40 15.3
Ratio=30% 4.7
LLMPruner 25.59 94. 10 21.7
LAM 25.74 91.53 22,1
Wanda-sp 73.20 186.5 16. 1
FLAP 34.60 104. 8 15.8
Ratio=35% 4.5
LLMPruner 27.60 102.2 21.1
LAM 29.74 111.7 21.8
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Table 3 Ablation experiments results
Pruning Ratio Method WikiText2 ¥ PTB v
Ratio=0% LLaMA-7B 17. 10 63. 20
Magnitude-L1 267.43 596. 29
. Magnitude-L.2 227.18 526.57
Ratio=20%
Taylor 20. 20 35. 30
LAM 19.24 34.86
Magnitude-L1 370. 46 642.78
Magnitude-1.2 356. 74 623.52
Ratio=25% #
Taylor 25.18 39.53
LAM 23.54 38.67
Magnitude-L1 496. 22 731.98
Magnitude-1.2 441.49 718. 45
Ratio=30% ¢
Taylor 29.90 42.00
LAM 26.35 41.72
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