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Accurate meteorology variables modeling is
crucial in addressing the global threat of
climate change.

Is it possible to develop weather foundation
models (WFMs) that can effectively model
meteorological variables across various regions?

d From on-device meteorology variables modeling toward WFMs:

“» Meteorology varibales across regions interact significantly (e.g., spatial
relations), allowing for mutually beneficial modeling.

* Mainstream methods typically use task/data-specific deep models, the

intuition for achieving excellent performance is that fuses /large-scale
cross-region datasefs to centralised traning.
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O Current advancements about WFMs

<+ Traning datasets: Large reanalysis (simulation) datasets (e.g., ERAS)
<+ Models parameters: Large-scale model parameters

< Traning strategy: centralized training
Not realistic for low-resource weather device in practice
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1 Generic framework:

“* We propose LM-Weather, a generic FL framework that transforms Pretrained
Language Models into customized models for on-device meteorological variable
modeling. LM-Weather is parameter-, communication-, and data-efficient.

J Adaption and communication mechansim:

“* We propose personalized adapter for local PLMs with LoRA, to facilitate
knowledge transfer from text to weather sequences. In addition, we introduce
low-rank communication to reduce overhead while maintaining performance.

1 Real-world datasets:

“ We compile real-world, real-observation datasets for on-device
meteorological variable modeling, which pioneers in the field of on-device
meteorological variable modeling.
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%+ Distribued Architecture: Using federated learning to handle the Non-IID
data among devices, while ensuring privacy and computional & communicatin
burden from centralized training.

 Personliazed Adapter on PLM: Taming the local PLM via achieving knowledge
transfering between text and weather sequence.

<+ Low-rank Communication: A minimal number of parameters are both
computed and communicated.
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Personalized adapter consists of Task Adapter and Parameter
Adapter, the low-rank adaption (LoRA) works on PLM backbone.
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[ Task Adapter have three independent generators, but firstly:
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Sequence Decomposition:
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Reversible Normalization: Xirend = YT (f’frmnd -

P, = P + Py + Pf%, where d € {Trend, Seasonal, Residual }
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2. Contributions

 For each generator:

3. Framework » Token Embedding, using IDCNN

k
to tokenize each sample: Pio = CONVID(X"),  Pro = CONVID()

4. Datasets

“* Position Embedding, using a trainable lookup

R table to mapping each point’s position:

Ppo = E(INDEX(X))

<* Temporal Embedding, encoding different p _ 3 E.(X)
time attributes to SGmPIQS: o€ {mins,hours,days, weeks ,months }
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Contains 20 variables

Abbreviation Full name Unit
 Four real-world datasets: ,
ap Air Pressure hpa
. t Air Temperature &
1. Motivations ° ODWl Se"es: ODWIT & ODWI1V mxt Maximum Temperature °C
mnt Minimum Temperature 3.7
. s e dt Dewpoint Temperature °C
5 Contributions ODW2 Series: ODW2T & ODW2V . e iy’ 5
wvp Water Vapor Pressure hpa
pl Precipitation in 1h mm
3. Framework T: has a heterogeneous time span, p2 Precipitation in 3h mm
ing the data collection start and D i et o
meam.ng e data colle . 0 p4 Precipitation in 12h mm
4. Datasets end times vary by location. p5 Precipitation in 24h mm
wd Wind Direction "
. : : ws Wind Speed ms—1
5. Results v: ,ex*,e,n ds.T—verswn by addlng mwd Maximum Wind Direction .
Vdrlablll'l'y n .I-he Observed Vdr'dhles. st Land Surface Temperature OC
hvl Horizontal Visibility in 1 min m
hv2 Horizontal Visibility in 10 min m
Vv Vertical Visibility m
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1 Main Results (Multivariate Forecasting)

Method | LM-WEATHER-AVE | LM-WEATHER | FL-GPT4TS | FL-Reformer | FL-Pyraformer | FL-DLinear | FL-PatchTST | FL-iTransformer | FL-LightTS | FL-Transformer | FL-Informer
Dataset | Length | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE
96 44.1 74.8 423 71.1 46.3 78.5 70.7 929 67.2 86.1 49.7 78.6 45.0 77.0 48.4 80.2 54.8 85.6 50.7 82.1 51.9 83.2
192 46.3 115 444 736 486 813 | 751 98.3 700 909 523 818 | 473 798 | 518 84.3 595  90.6 52.1 84.0 529 846
opwiT | 336 479 793 45.8 752 503 832 | 798 1005 | 741 928 539 837 | 490  BL7 | 545 87.3 64.0 946 52.9 85.2 53.5 85.6
720 51.8 83.0 49.2 78.5 54.4 87.2 87.1 102.9 80.5 95.2 57.2 87.3 533 85.6 60.1 93.1 724 102.7 554 87.6 553 87.4
Avg. 475 78.7 454 74.6 49.9 82.5 78.2 98.7 73.0 91.3 533 828 48.6 81.0 537 63.7 62.7 934 52.8 84.7 534 85.2
96 427 69.5 42.3 69.6 440 714 | 429 678 | 577 672 | 464 733 | 443 696 | 568 76.8 480 751 67.0 89.4 59.0 803
192 455 72.6 444 717 470 75 484 754 | 592 694 | 479 751 468 721 55.0 75.0 49.1 79.2 69.9 93.0 612  B2.8
ODW1V 336 47.2 74.3 46.0 724 48.8 7.7 51.0 77.0 63.4 733 49.1 76.9 48.5 74.8 62.4 83.7 50.8 719 71.4 94.8 63.7 85.8
720 51.2 78.2 49.7 74.0 533 81.7 54.5 823 67.3 6.1 52.5 80.3 543 79.1 72.1 96.2 54.7 82.7 76.2 87.3 68.4 91.8
- - Avg. 46.6 73.6 45.6 719 48.3 76.7 49.2 756 61.9 715 49.0 76.4 48.5 739 58.1 85.0 50.7 78.7 71.1 91.1 63.1 85.2
1- MOtlvatlonS 96 64.3 88.2 62.8 85.5 66.8 917 | 1003 1263 | 950 1203 | 679 847 | 702 881 68.6 86.5 684 B854 85.0  103.0 | 847 1027
192 61.7 91.5 66.2 89.1 71.1 96.1 | 1021 1303 | 999 1258 | 714 881 | 722 907 | 711 88.9 71.9 889 85.0  103.0 | 849 1028
ODW2T 336 69.5 93.7 67.9 91.1 72.9 98.4 1042 1300 | 1020 1285 | 73.0 89.5 73.0 91.9 71.8 89.6 73.7 90.5 82.6 100.5 84.8 102.9
720 726 97.3 70,7 94.6 76.2 101.2 | 107.3 1342 | 1042 1314 | 76.1 929 75.1 93.3 729 91.0 76.7 93.7 84.1 105.1 854 1038
Avg. 68.5 92.7 66.9 90.1 71.8 96.9 1035 1302 | 1003 1265 | 721 88.8 72.6 91.0 71.1 89.0 72.7 89.6 84.2 102.9 849 1031
= = 96 T6.8 99.7 65.1 88.4 785 1027 | 896 1127 | 891 1125 | 748 968 | 763 999 | 7135 917 922 1177 | 770 1001 | 774 1004
2- Contrlbutlons 192 779 100.8 68.3 914 797 103.8 | 90.5 1142 | 964  120.1 16.6 98.9 79.9 1033 | 78.8 103.6 1005 128.1 78.3 101.8 78.0 1011
ODW2V 336 78.5 101.5 69.9 93.0 80.3 1045 | 94.2 119.3 | 984 1222 | 77.6 1002 81.8 105.3 | 82.1 107.5 1055 1344 | 794 103.3 78.7 102.0
720 799 103.6 729 96.5 82.0 106.7 | 974 1204 | 1005 1250 | 79.6 103.0 | B6.2 100.2 | 86.2 112.7 111.0 1413 86.1 112.3 81.3 105.6
Avg. 783 101.4 69.0 923 80.1 1044 | 929 116.6 | 96.1 1200 | 77.2 99.7 81.1 102.2 | BO.2 105.4 1023 1304 | 802 104 .4 78.8 102.2
1 Count | 0 | 29 | 0 | 0 | 4 [ 0 [ 0 | 0 [ 0 | 0 | 0
oo i % Tell
% Few-shot Experiments (5% training data)
D t t Method | LM-WEATHER-AVE | LM-WEATHER | FL-GPT4TS | FL-Reformer | FL-Pyraformer | FL-Dlincar | FL-PatchTST | FL-iTransformer | FL-Lights | FL-Transformer | FL-Informer
alasels Metrics | Length | MAE  RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE
96 88.1 95.1 873 939 91.6 1009 | 166.9 2960 | 1736 2992 924 187.5 85.1 1827 | 103.3 204.8 185.8 3283 937 193.5 91.1 190.0
192 90.2 98.4 89.6 96.5 95.8 146 | 1669 2973 176.0  303.0 94.4 1924 90.7 191.6 | 106.7 210.7 188.1 3360 96.8 200.1 935 195.9
ODWIT 336 942 101.7 922 99.7 100.0 1082 | 1689 2975 | 1776 303.0 959 193.2 | 965 1974 | 108.7 211.8 188.4 3346 | 1002 2033 99.3 201.0
720 - - - - . s - - - 5 s - & i - = H 5 s i a -
Res u Its Avg. 90.8 98.4 89.7 96.7 95.8 1046 | 167.7 2969 | 1757 301.7 94.2 1910 | 90.7 190.6 | 106.3 209.1 187.5 3330 96.9 199.0 94.6 195.6
96 79.6 104.3 75.7 98.1 82.0 108.5 | 101.5 1302 | 816 107.5 98.8 1274 | 3276 3924 | 1350 168.3 111.0 1416 | 1166 155.8 1115 1449
192 87.8 115.5 825 108.4 90.8 1203 | 107.0 1367 90.2 1189 [ 1104 1416 | 3344 4034 | 1454 180.2 1175 1492 | 1234 164.1 116.0 1524
ODWI1V 336 103.9 1334 98.7 1254 107.0  138.7 | 113.2 1424 | 1061 137.5 | 120.0 1532 | 34l.6 4137 | 1221 153.5 1263 1597 | 1336 l61.3 1232 1674
Avg. 90.4 117.7 85.6 110.6 933 1225 | 107.2 1364 92.6 121.3 | 109.7  140.7 | 3345 4032 | 1342 167.3 1183 1502 | 1245 160.4 1169 1549
96 111.0 159.4 99.0 135.5 1279 1782 | 1583 2412 | 1733 2471 107.1 1528 | 101.2 1479 | 1159 166.3 183.6 2733 | 1423 199.6 1588 2013
opwaT | 192/336/720 - - - - - - - - - - - - - - - - - - - . - -
Avg. 111.0 159.4 99.0 135.5 127.9 1782 | 1583 2412 | 1733 2471 107.1 1528 | 1012 1479 | 1159 166.3 183.6 2733 | 1423 199.6 1588 2013
96 105.3 135.7 96.8 1221 110.2 1554 | 151.5 1907 150.5 1893 | 1122 1412 | 1155 145.8 | 110.2 1434 162.1 2125 | 1064 136.8 1496 1882
oDwayv | 192/336/720 - - - - - - - - - - - - - - - - - - - - - -
Avg. 105.3 135.7 926.8 122.1 110.2 1554 | 151.5 190.7 150.5 189.3 [ 112.2  141.2 | 1155 145.8 | 110.2 143.4 162.1 2125 | 1064 136.8 1496 1882
1** Count | 1 | 16 | 0 | 0 | 0 | 0 | 2 | 0 | 0 | 0 | 0
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[ Main Results (Imputation, 50% masking ratio)

Method | LM-WEATHER-AVE | LM-WEATHER | FL-GPT4TS | FL-Reformer | FL-Pyraformer | FL-DLinear | FL-PatchTST | FL-iTransformer | FL-LightTS | FL-Transformer | FL-Informer

Dataset | Length | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE
96 224 435 21.7 41.8 233 452 63.7 884 62.2 85.9 29.2 50.8 289 54.6 22.8 44.5 24.4 437 58.3 82.8 70.8 99.6
192 23.4 439 22.6 42.0 24.6 45.9 67.2 91.2 65.5 88.5 287 50.2 47.5 773 238 d4.1 25.7 453 573 82.4 66.3 92.1
ODWIT 336 24.1 44.1 232 424 253 46.3 70.4 934 68.5 90.6 28.3 49.4 48.6 77.0 27.2 47.7 26.9 46.6 58.4 83.5 369 553
720 26.0 45.1 249 433 273 47.4 779 96.8 75.8 93.9 28.0 49.0 56.6 85.1 36.5 56.2 27.2 474 56.6 80.4 71.7 96.7
Avg. 24.0 44.1 231 424 25.1 46.2 69.8 92.5 68.0 89.7 285 49.9 454 T35 27.6 48.2 26.1 457 57.6 82.3 6l.4 859
96 42.1 62.0 41.1 6.4 429 63.8 43.8 64.9 42.3 53.0 43,0 63.0 536 71 8.7 582 41.5 61.5 37.8 56.9 41.1 59.2
192 43.9 64.5 42.8 62.8 45.6 66.9 458 67.6 44.7 56.2 493 71.2 575 81.5 49.3 68.9 41.9 62.0 44.1 574 48.8 66.8
ODW1V 336 45.7 66.6 44.6 64.9 47.5 69.2 47.6 69.8 546 657 534 76.6 60.7 85.0 60.0 79.8 473 64.6 48.5 68.0 502 671
720 47.5 68.7 46.3 66.9 49.4 714 49.6 72.0 59.2 73.5 56.8 80.7 63.3 87.4 61.6 80.4 52.5 729 527 70.1 60.3 7712
C = Avg, 44.8 63.5 43.7 63.8 46.4 67.8 46.7 68.6 50.2 62.1 50.6 729 588 82.7 52.4 71.8 45.8 65.3 45.8 63.1 50.1 67.6
1' MOtlvatlonS 96 38.0 56.6 36.9 549 39.1 583 503 70.3 954 1208 | 408 60.0 384 58.6 39.1 58.3 38.8 57.8 65.5 86.6 51.7 72.0
192 383 56.6 372 54.9 398 589 521 74.2 962 1223 | 429 62.7 66.7 87. 39.4 58.3 39.5 58.4 71.4 92.8 550 757
ODW2T 336 43.5 65.5 422 63.5 44.8 68.1 56.6 78.9 978 1255 | 460 67.7 68.7 90.1 44.8 67.5 47.8 653 66.8 88.8 51.5 72.8
720 479 68.8 46.5 66.7 49.8 71.5 64.3 87.7 99.1 1299 | 528 76.1 704 935 49.3 71.0 48.0 68.0 67.4 89.2 51.5 73.0
Avg. 41.9 61.9 388 61.7 43.4 64.2 55.8 77.8 97.1 1246 | 456 66.6 61.1 82.5 43.2 63.8 43.5 62.4 67.8 89.4 524 734
96 28.1 453 27.5 44.0 28.4 45.8 50.3 70.3 53.2 72.4 72.1 92.0 39.8 58.4 127 94.7 %64 1235 | 527 73.2 54.8 76.9
2' ContrIbUtlons 192 28.6 453 28.0 44.0 29.2 46.1 51.0 1.1 46.1 65.2 75.7 95.9 44.9 63.7 79.1 102.0 986 1258 | 539 4.7 562 788
ODW2V 336 337 49.8 27 48.4 349 518 54.2 76.6 74.2 97.3 77.3 97.8 509 7041 82.6 106.1 101.2 1288 | 544 75.4 56.8 79.7
720 37.1 531 36.0 515 193 56.3 59.4 81.7 824 1009 | 771 97.3 502 793 83.0 106.0 985 1243 | 554 715 564 786
Avg, 319 48.4 311 47.0 330 500 537 74.9 64.0 84.0 75.5 95.8 48.7 67.9 79.4 102.2 98.7 1256 | 541 75.2 560 785
Fra e o rk 1* Count | 0 | 30 | 0 | 0 | 0 | 0 | 0 | 0 | 0 | 1] | 0
"‘ . o/ . . o/ . .
% Few-shot Experiments (5% training data, 50% masking ratio)
Datasets Method | LM-WEATHER-AVE | LM-WEATHER | FL-GPT4TS | FL-Reformer | FL-Pyraformer | FL-DLincar | FL-PatchTST | FL-iTransformer | FL-LightTS | FL-Transformer | FL-Informer
Ratio | Length | MAE  RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE | MAE RMSE
96 61.2 121.2 59.9 120.8 62.4 1386 | 1474 2613 | 1495 2564 | 1100 209.1 64.2 147.0 | 119.0 228.5 173.0 3108 140.8  260.0 1439 264.7
192 69.1 130.2 64.7 127.7 67.3 1452 | 1513  267.8 | 1520 2581 110.1 2034 74.1 155.1 120.9 223.0 1722 3014 | 1491 2624 1503 264.2
O0DWIT 136/720 = = o 1 5 : 2 4 2 i 3 I 5 3 2 z i f 2 : . :
Res u Its Avg. 65.2 125.7 62.3 124.4 64.9 141.9 | 1494 2646 | 1508 2573 | 110.0 2062 69.2 151.0 | 1200 225.7 1726  306.1 1450 2612 147.1 2644
96 62.2 134.1 62.8 135.5 67.3 131.2 | 1039 189.8 61.5 1326 | 1122 2084 | lel.l 2815 | 1176 219.5 1196 2235 98.0 198.5 94.2 188.1
192 714 140.5 722 142.1 74.6 1527 | 1033 1824 70.6 138.8 1133 2006 | 1605 2724 | 1245 2189 1227 2178 101.8 191.3 96.7 181.5
ODW1V 336/720 - - - - ’ . u . - . A . = ’ . = » - . . . -
Avg. 66.8 137.3 67.5 138.8 71.0 1420 | 1036 186.1 66.1 135.7 | 1127 2045 | 1608 2769 | 121.0 219.2 121.2  220.7 101.8 194.9 95.5 184.8
96 102.5 156.3 9.4 151.6 112.0  157.2 | 1162 1613 | 1249 1656 | 1237 1783 | 173.0 256.7 | 1273 190.6 133.8 2003 124.3 187.5 105.7 1611
opwaT | 192/336/720 - - - - - - - - - - - - - - - - - - - - -
Avg. 102.5 156.3 929.4 151.6 112.0 1572 | 1162 1613 | 1249 1656 | 1237 1783 173 256.7 | 127.3 190.6 133.8 200 124.3 188 105.7 1610
96 424 62.9 357 112.1 56.4 7.3 106.8 1355 70.8 95.5 1133 1480 | 1538 1995 | 1018 136.4 106.1 1422 | 100.1 134.6 89.8 119.0
oDpway | 192/336/720 - - - - - - - - - - - - - - - - - - - - - -
Avg. 424 62.9 357 112.1 56.4 T3 106.8 1355 70.8 955 1133 1480 | 1538 1995 101.8 136.4 106.1 1422 100.1 134.6 89.8 119.0
1** Count | 0 | 12 | 1 | 0 | 6 | 0 | 0 | 0 | 0 | 0 | 0
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4 Ablation Study

Task | Ablation Perspective | Ave. Variations | Params.#

Method Forecastin Imputation Model Component Personalized Method Forecastin Imputation | Train# Comm.#
g p po! 14 p

LM-WEATHER | 45.4/74.6 23.1/40.0 | Original Original | - - | 1038 M 038 M
LM-WEATHER-A | 50.8/87.6 26.0/47.7 wo Decomposition Original 1 11.8% 1 12.6% 1038 M 038M
LM-WEATHER-B 50.9/85.6 25.4/47.1 we Trend Component Original 112.1% | 10.0% 1037 038M
LM-WEATHER-C 50.1/83.6 25.0/46.1 | wo Seasonal Component Original 1 10.3% 1 8.2% 1037M  038M
. ) LM-WEATHER-D | 49.3/81.7 24.4/45.6 | wo Residual Component Original | 8.6% 1 5.6% 1037M  038M
1 M Otlvatl 0 n S LM-WEATHER-E 53.8/95.6 25.5/47.0 wo Prompt Generator Original 1 18.5% | 10.4% 1036 M 038M
. LM-WEATHER-F 49.4/82.3 28.1/52.0 Original w LoRA, Local: Low-Rank Matrix, Global: the rest of trainable param. | 8.8% 1 21.6% 1038 M 10.00 M
LM-WEATHER-G | 43.2/714 22.4/39.1 Original wo LoRA, Local: Attention Param. Global: Attention Param 15.1% 13.1% 5201 M 4199M
LM-WEATHER-H 42.7/71.2 22.2/39.3 Original wo LoRA, Local: Attention Param. Global: the rest of trainable param. 16.3% T4.1% 5201 M 10.00M

2. Contributions

3. Framework “*» The personalized adapter effectively strength PLM's capabilities
for weather data modeling, providing a balance between
4. Datasets performance and efficiency.

5. Results “* Compared to other tuning strategies, our LoRA-based local tuning
and communication method significantly improves the computional
and communication efficiency of our framework.

Personalized Adapter for Large Meteorology Model on Devices: Towards Weather Foundation Models (NerulPS 2024)



1. Motivations

2. Contributions

3. Framework

4. Datasets

5. Results

d Framework Analysis

(compared to FL baselines that prioritize communication efficiency)

Method Forecasting Imputation Train. Comm. Params. | Comm.
FL-Pyraformer 73.0/91.3 68.0/89.7 153.32 M 153.32 M 0.07 x
FL-PatchTST 48.6/81.0 45.4/73.5 74.74 M 74.74 M 0.14x
FL-LightTS 62.7/93.4 26.1/45.7 1.68 M 1.68 M 6.2
FL-DLinear 63.3/82.8 28.5/49.9 1.06 M 1.06 M 9.8 x

LM-WEATHER-Ave 47.5/78.7 24.0/44.1 10.38 M 10.38 M 1%

LM-WEATHER (Ours) 45.4/74.6 23.1/42.4 10.38 M 038 M 27.3x
LM-WEATHER (w FedKD) 49.6/76.2 27.5/43.6 10.38 M 1.68 M 6.2x
LM-WEATHER (w FedPer) 52.1/79.0 25.1/44.3 10.38 M 8.46 M 1.2x
LM-WEATHER (w FedBF) 46.2/78.1 23.7/44.0 10.49 M 10.49 M 0.9x
LM-WEATHER (w FedAP) 47.4/79.2 24.3/44.7 10.38 M 9.6 M 1.1x
LM-WEATHER (w PromptFL) 46.0/78.4 23.8/45.1 10.38 M 8.4 M 1.2x

<* Our method significantly outperforms the communication-efficient

FL baselines in terms of communication efficiency.

Personalized Adapter for Large Meteorology Model on Devices: Towards Weather Foundation Models (NerulPS 2024)



d Framework Analysis
(Robustness to Number of Devices)

' Normal Few-Shot (15%)
Dataset ~ Rate / Devices Forecasting Imputation Forecasting Imputation
0.1 (2/round) 44 .4/73.6 22.6/42.0 64.7/100.4 40.2/68.2
0.3 (5/round) 43.7/72.5 (1 1.55) 24.2/43.7 (. 5.55) 63.4/99.7 (1 1.40) 41.4/68.7 (| 1.85)
opwiT 0.5 (8/round) 42.9/72.0(12.85) 21.0/42.1(13.90) 63.7/99.2 (1 1.40) 42.3/68.5 ({ 2.8)
1. Motivations 0.7 (11/round) 43.9/74.1 (10.25) 21.8/41.2 (12.80) 64.5/101.0 (10.10)  39.5/66.7 (1 2.00)
1.0 (16/round) 44.2/74.0 (0 -) 21.3/41.6 (1 3.10) 63.6/100.2 (1 0.95) 40.4/68.0 (4 0.1)
0.1 (4/round) 66.2/89.1 37.2/54.9 89.7/131.8 71.2/112.6
- - 0.3 (11/round) 68.2/89.7 (| 1.85) 36.5/53.1 (12.65) 90.2/132.5(} 0.55) 75.4/110.3 (1 2.25)
2. Contributions opw2t 0.5 (18/round) 65.4/89.2 (10.55) 36.7/53.4 (12.05) 89.1/131.4(10.50) 76.5/111.2 (1 1.10)
0.7 (25/round) 65.7/88.8 (1 0.90) 36.1/53.9 (12.45) 88.9/130.9 (10.80) 76.9/112.3 (1 0.35)
1.0 (36/round) 65.9/89.0 (1 0.25) 36.9/55.0 (10.30) 89.1/130.7 (1 0.75) 76.7/112.1 (1 0.50)

3. Framework

“* Increasing device count during training slightly boosts performance

4. Datasets in both regular and few-shot settings.

“* Data distribution imbalances can degrade performance when
adding devices, showing non-linear gains.

5. Results

“* More deivces incrsase communication costs, potentially
outweighting minor performance gains.

Personalized Adapter for Large Meteorology Model on Devices: Towards Weather Foundation Models (NerulPS 2024)
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