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¥ 2. GLUE Benchmarko]] @2 RoBERTa A= H|o|H A%

Model : BERT / GLUE Benchmark

Method #P

CoLA MRPC STS-B RTE Avg.

Fine-Tuning 100% 56.523.0 84.561.5 89.28¢p.3 64.861.1 73.81
Adapter 2.0% 55.031.4 85.70.6 89.880.4 72.329.7 75.73
SAdapter 1.2% 57.891.9 84.39:.1 85.77g.s 71.961.5 75.00

MAdapter 1.0% 57.841,1 85.940‘6 89.491,2 69.910,7 75.80

Method 4P Model : RoBERTa / GLUE Benchmark
CoLA  MRPC STS-B RTE Avg.
Fine-Tuning 100% 61.352.1 88.731.5 90.650.2 76.302.3 79.26
Adapter  2.0% 62.110.0 88.560.6 90.3801 75.690.5 79.19
SAdapter  1.2% 61.952.7 87.260.7 90.61p.3 76.781.1 79.15

MAdapter 1.0% 62.060,8 87.420,8 90.930,2 79.780,7 80.05
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Model #Layer CoLA MRPC STS-B RTE

x1 62.06 87.42 90.93 79.78

RoBERTa x2 62.24 87.82 90.53 76.06

%3 99.09 87.99 90.61 79.77
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