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Experiments

b 4

LoRA N R F-IRLEAN B R FE

# of Trainable Parameters = 18M

Weight Type W, Wi W, W, W,Wp W,W,
Rank r 8 % 8 B 4 4

WikiSQL (+0.3%) | 704 70.0 73.0 732 71.4 73.7
MultiNLI (+0.1%) | 91.0 908 91.0 91.3 91.3 91.3

| Weight Type | r=1 r=2 r=4 r=8 r=64

W,.W, | 734 733 737 7138 735
W, 688 696 705 704 700

MultiNLI (£0.1%) | W, W, | 913 914 913 917 91.4

WikiSQL(+0.3%) ‘
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| Weight Type | r=1 r=2 r=4 r=8 r=64 s
Wq,W ‘ 734 733 737 738 735 O(Ar=s, Ar=64,1,J) = WiroUneeual i [0,1] =

688 696 705 704 70.0 min [ b -?)
MultiNLI (£0.1%) | Wq,ﬂi, | 91.3 914 913 917 91.4

0 ﬁtﬂ mow O W
u e e N - T BT

WikiSQL(+0.3%) ‘

B 7654321

123456?3 123455?3

[T = =]
m = =




AWHIWZ [BIHKER

Experiments

2

i
% 4

&
Wi

RN

/{;”'Illl"“\\\\‘“\

= r=64
AW, W, Random | AW, W, Random
UTW,VT|lp=] 032 2167 002 | 190 3771 033
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Methoxd # of Trainable WikiSQL MNLI-m SAMSum
Parameters | Accuracy (%) Accuracy (%) RI1/R2/RL
GPT-3 175B (Fine-Tune) 175,255.8M 73.0 89.5 52.0/28.0/44.5
GPT-3 175B (Bias Only) 14.2M 713 91.0 51.3/27.4/43.5
GPT-3 175B (PrefixEmbed) 3.2M 63.1 88.6 48.3/24.2/40.5
GPT-3 175B (PrefixLayer) 20.2M 70.1 89.5 50.8/27.3/43.5
GPT-3 175B (LoRA) 4. 7™M 734 913 52.1/28.3/44.3
GPT-3 175B (LoRA) 37.7M 73.8 91.7 53.2/29.2/45.0

Method # of Trainable E2E
Parameters | BLEU NIST MET ROUGE-L CIDEr

GPT-2 M (Fine-Tune) 354.92M | 68.2 8.62 46.2 71.0 2.47
GPT-2 M (Adapter) 11.48M | 68.9 8.71 46.1 71.3 247
GPT-2 M (FI-Top2) 25.19M | 68.1 8.59  46.0 70.8 241
GPT-2 M (Prefix) 0.35M | 69.7 8.81 46.1 71.4 2.49
GPT-2 M (LoRA) 0.35M | 704 8.85 46.8 71.8 253
GPT-2 L (Fine-Tune) 774.03M | 68.5 8.78  46.0 69.9 245
GPT-2 L (Prefix) 0.77M | 70.3 8.85 46.2 71.7 2.47
GPT-2 L (LoRA) 0.77TM | 704 8.89 46.8 72.0 2.47
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