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3.2. Evaluation

 A3E LLaMA 2 7B Rd& 7|Wto g 3l F 77}
2 tiEAel Wxvlz e A~F(ARC-Challenge, BoolQ,
CoQA, HellaSwag, OpenBookQA, PIQA, RTE)E iAo
2 H7hslith. B8 BlA~F0] LoRA rank 8 A4S 4 &
shalom, 2189 ol E = HuggingFacel4]olA 3 71E
AP 8t (pre-trained) ©l9EHE 1= &85t 3
7t 2 BlaTe FAFoR AlFE 37} split(test B
+ validation)& AH&-3Fl oM, 45 A%+ accuracy &
Z|Eo® ArEsgith. e A¥e NVIDIA A40 GPU
(48GB) @ “dnlel A P = ).
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1 & HE3HA &2 &Y LoRA(Single), @<= A3
(Linear), DARE[2], 78] 3 & =&A] Atk TIP
(TIP)9] Ag=5 nlag Azlo|t}. Linear ¢ DARE
W3 & AT Asirl dAstE Wb, TIP 2 d5S
SAY 23 7ERY FHAA,

do 1|l o o
ol ol

R

E£3] CoQA 9} HellaSwag ¢} o] &9l o]&EA o] =11
reasoning ©] 875 #2234 TIP 2 F=#Z 4%

AFS HYth CoQA A= DARE thH] °F +43.9%,
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A% 3heto] Aoy, TIP & oA 3] Linear 1} DARE X
O =2 JIEE VEste] AR &4 glo] 34 F

# A5e 4432 93

Single | Linear DARE TIP
ARC 0.4625 | 0.3370 | 0.3413 | 0.4983
Boolq 0.7774 | 0.7275 | 0.7174 | 0.8138
Coqa 0.6388 | 0.2260 | 0.2257 | 0.6647
Hellaswag | 0.7600 | 0.4609 | 0.4547 | 0.7675
Openbookga | 0.4420 | 0.3840 | 0.3720 | 0.4420
Piga 0.7905 | 0.6627 | 0.6540 | 0.7933
RTE 0.6282 | 0.5343 | 0.5379 | 0.5560
R - - - R A
V. 28
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