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GPT4PF: fine-tuning pre-trained LL.M for photovoltaic power prediction
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ledge Computing for Energy & Power, Baoding 071003, China; 3. Engineering Research Center of Intelligent Computing for Com-
plex Energy Systems Ministry of Education, Baoding 071003, China)

Abstract: Accurate photovoltaic power forecasting is crucial for ensuring the security of power systems and improving
the efficiency of solar energy utilization.This study proposed a photovoltaic power forecasting model named GPT4PF,
which was developed by fine-tuning a pre-trained large language model (LLM). A highly adaptive and efficient three-
stage fine-tuning strategy was proposed, which enhanced forecasting accuracy while limiting the number of training
parameters to merely 0.49% of the total model parameters. An input encoding layer embedded with temporal informa-
tion was constructed to strengthen the LLM’s capability of modeling temporal features. Ablation experiments showed
that the mean absolute error (MAE) was reduced by approximately 1%. In addition, the issue that a single time point car-
ries limited information and struggles to reflect the overall characteristics and patterns of photovoltaic data was ad-
dressed through time-series segmentation technology. Experimental results showed that compared with DLiner,
PatchTST, and LLMA4TS, the proposed model achieved a reduction in MAE by 18.9%, 4.1%, and 5.4% respectively.
Keywords: pre-trained large language model; photovoltaic forecast; large language model; time encoding; multi-stage
fine-tuning; time-series segmentation; input encoding; linear probing
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Table1 Comparison experiment results with classical time series prediction models

N . 1h 2h 4h 8h
B ik MAE  RMSE MAE  RMSE MAE  RMSE MAE  RMSE
LSTM 0.303 1.834 0.490 3.042 0.650 3514 0.758 4.001
Informer 0.413 2.103 0.515 3.260 0.650 3.497 0.749 3912
Autoformer  0.418 2207 0.540 3277 0.660 3.679 0.758 3.892
DKASC DLiner 0.356 1.841 0.489 3.001 0.642 3.506 0.723 3.914
PatchTST 0.304 1.829 0.429 2.679 0431 2.703 0.514 3271
GPT4PF 0.291 1.716 0.402 2.429 0.429 2.676 0.487 3.150
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k1
lh 2h 4h 8h
BHELE ik
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
LSTM 0.210 0.377 0.321 0.520 0.461 0.623 0.546 0.721
Informer 0.257 0.479 0.359 0.622 0.460 0.607 0.549 0.729
SRRL Autoformer 0.260 0.489 0.361 0.618 0.467 0.613 0.549 0.730
DLiner 0.227 0.440 0.329 0.583 0.449 0.615 0.534 0.714
PatchTST 0.202 0.370 0.311 0.512 0.410 0.621 0.487 0.694
GPT4PF 0.198 0.369 0.294 0.491 0.373 0.570 0.485 0.690
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Table 2 Comparison experiment results with LLM-based time series prediction models

B ik lh 2h 4h 8h
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
GPT4TS 0.373 2.197 0.507 3312 0.565 3.217 0.701 3.839
DKASC LLMA4TS 0.309 1.788 0.434 2.574 0.459 2.900 0.507 3.339
GPT4PF 0.291 1.716 0.402 2.429 0.429 2.676 0.487 3.150
GPT4TS 0.263 0.499 0.413 0.629 0.620 0.892 0.842 1.157
SRRL LLMA4TS 0.212 0.394 0311 0.533 0.384 0.621 0.512 0.725
GPT4PF 0.198 0.369 0.294 0.491 0.373 0.570 0.485 0.694
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Fig. 5 Visualization of 1-hour prediction results on the DKASC dataset
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Fig. 6 Visualization of 8-hour prediction results on the DKASC dataset
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Fig. 7 Visualization of 1-hour prediction results on the SRRL dataset
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Fig. 8 Visualization of 8-hour prediction results on the SRRL dataset
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Table 3 Ablation study results of multi-stage fine-tuning

Bige i 1h 2h 4h 8h
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
GPT4PF-1s 0.301 1.767 0.407 2.491 0.441 2.686 0.497 3.211
DKASC GPT4PF-2s 0.296 1.750 0.403 2.479 0.433 2.681 0.488 3.174
GPT4PF 0.291 1.716 0.402 2.429 0.429 2.676 0.487 3.150
GPT4PF-1s 0.202 0.378 0.301 0.501 0.376 0.586 0.491 0.706
SRRL GPT4PF-2s 0.198 0.374 0.298 0.501 0.375 0.581 0.488 0.703
GPT4PF 0.198 0.369 0.294 0.491 0.373 0.570 0.485 0.694
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Table 4 Ablation study results of time embedding

" . . 1h 2h 4h 8h
s ik MAE RMSE MAE RMSE MAE RMSE MAE RMSE
DKASC T 1] iy 0.293 1.729 0.404 2.444 0.432 2.693 0.492 3.196
GPT4PF 0.291 1.716 0.402 2.429 0.429 2.676 0.487 3.150
SRRL T 1] iy 0.200 0.372 0.296 0.496 0.377 0.578 0.490 0.703
GPT4PF 0.198 0.369 0.294 0.491 0.373 0.570 0.485 0.694
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Table 5 Experimental results under different radiation

conditions
" . l1h 8h
Hpse Jrik MAE RMSE MAE RMSE
PatchTST  0.220 1.494 0.392 2.797
RAEST  LLM4TS  0.221 1.472 0.391 2.824
GPT4PF 0.210 1.407 0.380  2.709
PatchTST  0.359 1.981 0.590 3.502
gt LLM4TS 0362 2.006 0.585 3.453
GPT4PF 0.355 1.922 0.560 3.361
PatchTST 0.413 2.399 0.678 4236
5945 LLM4TS 0.416  2.409 0.653 4.112
GPT4PF 0.393 2.265 0.639  4.023
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