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Experiments-Main Results Ablation Study

(1) DirectShare achieves comparable performance to the

N | (@) Statistics of Memory Reduction
competitive model pruning methods.

- * When sharing 30% parameter
Benchmark Type Reasoning NLU Kiiowledee Sharing Ratio  #Params GPU Memory g p

— = Llama2-7B sharing in the MHA block, our

. = 2 1no-

Ratio Method CMNLI OCNLI AX-b AX-g RTE middle high OBQA CSL TNEWS Btide BoolQ C-Eval MMLU 0% 6.74B/100% 17826M/100% method aChleVGS 10_13% memory

30% MHA 6.09B/90.36%  15512M/87.02%
0% Llama2-7B 3298 33.12 53.53 55.34 49.82 33.15 3551 31.80 55.62 2022 54.04 70.67 3220 46.69 0
i 0% MHAFEN 474870335 120mmsse  ° YWhen we share 30% of parameter

Magnitude  32.99 30.63 56.70 49.44 4729 2542 2647 28.20 49.38 1485 51.58 60.80 22.16 28.20 Llama2-13B sharing in both MHA and FFN

10% LLM-Pruner 32.99 33.75 57.61 50.00 48.38 2820 30.73 27.20 53.12 19.76 52.98 66.09 2231 38.11 0% 13.028/100%:  30800M/100% 0
DirectShare  33.00 32.50 54.17 51.97 50.90 28.34 28.96 28.20 54.37 20.86 52.63 67.74 28.75 43.43 s ottt block, the model can save 26-28%

R TR S SR TR O P T TRWoT TRy BT T 30% MHA+FFN  9.21B/70.74%  23002M/74.68% GPU memory.

Magnitude  33.16 35.00 54.71 50.56 46.93 21.80 21.53 25.00 45.62 7.01 50.88 44.59 24.38 23.15

30% LLM-Pruner 32.99 3125 5634 52.53 48.74 2152 2221 26.80 50.00 1020 50.88 54.77 22.82 25.16 (2@ Ablation on Head-wise Matching Functions
DirectShare 3333 32.50 57.07 51.69 49.10 2145 21.53 26.00 5125 2022 50.18 5443 2624 26.53

Sharing Ratio 5% 10% 15% 20% 25% 30% 35%  40%
Dataset |PIQA OBQA |PIQA OBQA |PIQA OBQA |PIQA OBQA |PIQA OBQA |PIQA OBQA |OBQA |OBQA

0% Llama2-13B 32.99 35.00 58.81 50.56 47.29 60.24 58.03 4240 58.75 22.13 5544 7150 40.17 55.81

W||[W*(Ours)

347 7459 30.0 |7345 303 [70.73 28.2 |66.59 27.6 [63.33 27.6 | 27.1 | 25.0
339 |75.30 282 |74.54 275 [73.01 273 (6937 27.5 [65.56 28.0 | 27.6 | 28.6

Magnitude  32.82 33.12 51.99 50.56 48.38 2242 21.78 27.40 51.25 1539 4982 62.32 22.52 27.54 W4 7492 292 7497 275 17329 278 17089 277 |64.64 275 15843 255 | 244 | 257
17k
10% LLM-Pruner 32.99 36.25 58.70 50.00 46.93 51.46 50.80 47.00 56.25 20.95 5544 68.07 30.25 51.45 W 74.92 287 |74.27 27.6 |7L71 27.7 170.35 27.6 |68.77 27.6 |64.36 27.2 | 27.6 | 26.9
w® 7492 28.1 (7448 27.7 [73.29 26.7 |[70.46 28.5 |68.39 25.6 |60.17 23.1 | 239 [ 225
DirectShare 32.99 36.25 57.61 50.00 47.29 54.04 55.63 39.40 56.88 17.94 54.39 6945 37.17 52.81 We Wk we 7171 276 16355 27.8 154.03 26.8 |50.16 245 (5141 255 |51.09 255 | 29.0 | 253
74.59
75.84

Magnitude  33.78 33.75 46.65 50.00 51.99 21.80 22.01 28.80 46.25 4.19 49.12 56.45 23.99 22.86
30% LLM-Pruner 32.99 34.38 57.16 54.21 45.85 23.96 25.33 26.40 53.75 16.76 51.58 63.21 22.17 27.22
DirectShare 32.99 35.00 58.33 50.00 46.57 26.53 27.53 27.40 59.38 16.12 50.18 59.36 22.30 30.79

Table 1: Evaluation results of DirectShare based on the Llama2-7B and Llama2-13B models. Conclusion
Bold and underline indicate the best and the second best results.
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(2) PostShare achieves more stable and satisfactory performance Head-wise Weight Shar:ng. Jouyingcao@sjtu.edu.cn

when reducing memory usage, with the cost of time increase. Training-free, Effective! - TR
DirectShare yifelyang@sjtu.edu.cn

Ratio Method WinoGrande BoolQ C-Eval MMLU RACE-middle RACE-high OBQA OBQA-fact - . ! !

0% Llama2-7B  54.04 70.67 3220 46.69 33.15 35.51 318 42.2 Post-tralnlng-based, More ZhaOhal@CS.Sth.edU.Cn

30, DirectShare  50.18 54.43 2624 26.53 2145 21.53 2600  27.60 Stable Performance!

° PostShare 5298280 66.57 11214 26381014 33.36 1653 29.81 1836  29.4517.02 27.60 1 160 33.6016.00

PostShare

Table 2: Overall Performance of PostShare based on Llama2-7B model. E].. g
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