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Experimental Results For more detailed results, see the paper
MIMIC Mortality Classification MIMIC Phenotype Classification Influenza-Like lliness Forecasting
Model Fine-Tuning Method AUROC AUPRC Model Fine-Tuning Method AUROC AUPRC Model Fine-Tuning Method MSE
MOMENT Full 0.687 £0.020 0.255 £ 0.038 MOMENT Full 0.643 = 0.019 0.276 = 0.021 MOMENT Full 3.199 + 0.102
LoRA 0.720+0.019  0.272 + 0.025 LoRA 0.640 £ 0.025  0.273 = 0.027 LoRA 3109 + 0.021
Linear Probi.ng 0.730 £ 0.035 0.260 =0.018 Linear Probi.ng 0.631 £0.026 0.264 =0.022 Linear Probing 2622 + 0.036
Prompt Tun.lng 0.724 £ 0.035 0.274 = 0.020 Prompt Tun.lng 0.634 £0.012 0.268 = 0.015 Prompt Tuning 2918 + 0.047
Gen-P-Tuning 0.754 = 0.021 0.292 + 0.026 Gen-P-Tuning 0.666 = 0.015 0.294 = 0.012 ,
Gen-P-Tuning 3.083 = 0.080
GPT4TS Full 0.743 = 0.018 0.309 = 0.023 GPTATS Full 0.593 £0.014 0.234 = 0.014
LoRA 0.708 + 0.056  0.254 + 0.024 LoRA 0.596 + 0.023 0.241 = 0.015 GPTATS Full 3.219 =0.093
Linear Probing 0.737 + 0.033  0.265 + 0.037 Linear Probing 0.555 +0.016 0.213 = 0.015 LoRA 3.247 £ 0.337
Prompt Tuning 0.689 £ 0.062  0.236 + 0.022 Prompt Tuning 0.581+0.012 0.227 +0.014 Linear Probing 3.202 = 0.303
Gen-P-Tuning 0.708 £ 0.025  0.255 = 0.038 Gen-P-Tuning 0.599 = 0.010  0.231 = 0.010 Prompt Tuning 3.105 = 0.429
STraTS N/A 0.601 £ 0.039 0.159 £ 0.039 STraTS N/A 0.573 £0.020 0.217 £0.016 Gen-P-Tuning 2.939 =+ 0.37/8
In these tables, Gen-P-Tuning uses a nontrivial Prompt Module MIMIC Mortality # Trainable Parameters
Fine-Tuning Method
. . Model (# params)  Full LoRA Linear Probing Prompt Tuning  Gen-P-Tuning
Flndlngs MOMENT (342k) 100% 0.2% 0.1% 0.2% 0.2%
° Gen_P_Tuning Often performs the best GPT4TS (61.0k)  100% 1.9% 0.2% 2.1% 2.7%
e Linear probing sometimes perform well, suggesting that channel-independence is sometimes sufficient
e Keep in mind that Gen-P-Tuning includes linear probing and Prompt Tuning as special cases:
L can choose between special cases by tuning on a validation set y
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