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The supplementary materials mainly include the processes and details of Bayesian
hyper-parameter optimization for multilayer percptron (MLP), support vector
regression (SVR), and random forest (RF) for region mean. In addition, the
supplementary materials include the evaluation of 21 NEX-GDDP models and MME
model for specific stations in this region, and the changes of projected 21st century
precipitation for each station. Each section has been refereed and cited in the manuscript.

The aims of the supplementary materials are to supply the processes and details of
Bayesian hyper-parameter optimization, and the models evaluation and future changes
of specific station.

The contents of the supplementsary materials include:

1. Details of Bayesian hyper-parameter optimization for MLP

Details of Bayesian hyper-parameter optimization for RF

Details of Bayesian hyper-parameter optimization for SVR

The evaluation of ML downscaled models for specific stations in this region

SAE N

The changes of projected 21st precipitation for each station



1. Details of Bayesian hyper-parameter optimization for MLP

This section discussed the used software for hyper-parameter optimization, and
presented the diagrams of the optimization process and optimization results of MLP
methods for the region mean. This study used python’s ‘hyperopt’package to
implement BHO for MLP. The mean squared error (MSE) was used as the optimization
objective for MLP. Table S1 represents the optimal results of MLP for region mean.
The elements of the first row represent optimized hyper-parameters.

Table S1: Optimal results of Bayesian hyper-parameter optimization for MLP for region

mean
activation alpha HLZ LR Max_iter  Solver tol MSE

AC10 tanh 1.024201 20 adaptive 1500 adam  0.00319 1444
AC13 logistic 9.831136 12 adaptive 125 Ibfgs  0.008452 1605
GG tanh 4.26283 16 adaptive 1152 adam  0.002589 1501
GH tanh 8.535319 14 adaptive 1385 adam  0.000246 1511
GM logistic 3.838534 14 adaptive 413 adam  0.006199 1528
GR tanh 9454777 12 adaptive 1521 adam  0.003523 1755
IN logistic 7.885871 11 invscaling 145 Ibfgs  0.005522 1520
Nor logistic 9.299373 10 constant 1511 Ibfgs  0.000955 1458
MME tanh 3.534963 6 adaptive 834 adam  0.000142 1340
BMA logistic 9.045651 9 constant 1360 Ibfgs  0.007592 1278

MSE

* HLZ denotes hidden_layer_sizes; LR denotes learning_rate.

Figs. S1-S10 express the optimal process for region mean. Noting that the X axis
of each subplot denote the corresponding hyper-parameters. Y axis denote the MSE.
The hyper-parameter group which minimizes the MSE are regarded as the optimal
parameters.
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Figure S1: Bayesian hyper-parameter optimization process of MLP downscaling modelling of Ac10 for region

L] coe

mean

2000 L]

1

2

00L 000 001 002

0.00

L

ole




MSE

MSE

MSE

MSE

solver hidden_layer_sizes activation max_iter learning_rete tal alpha
8000 HO0G 4 0o nac H006 4 00n noc
00 o004 o0 nao Foon 4 Hoan Faca
6000 0004 0o nao 0004 0an nac
SC00 q0no - noo oo anon - non non
4nno Anac 4 qnao Anan 4n0n - 4non 4non
3000 nac inao non anon - Foon Fnon
2000 000 jono " Anoc An06 4 Aoan Foon
. ] IR 1 L i ] H .
1 2 [ 0 20 o L 2 3 [l 1000 2000 0 1 2 00l 000 001 002 [ u 10
Figure S2: Bayesian hyper-parameter optimization process of MLP downscaling modelling of Ac13 for
region mean
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Figure S3: Bayesian hyper-parameter optimization process of MLP downscaling modelling of GG
for region mean
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Figure S4: Bayesian hyper-parameter optimization process of MLP downscaling modelling of GH
for region mean
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Figure S5:

for region mean

Bayesian hyper-parameter optimization process of MLP downscaling modelling of GM
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Figure S6: Bayesian hyper-parameter optimization process of MLP downscaling modelling of GR
for region mean
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Figure S7: Bayesian hyper-parameter optimization process of MLP downscaling modelling of IN for
region mean
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Figure S8: Bayesian hyper-parameter optimization process of MLP downscaling modelling of Nor for

region mean
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Figure S9: Bayesian hyper-parameter optimization process of MLP downscaling modelling of MME
for region mean
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Figure S10: Bayesian hyper-parameter optimization process of MLP downscaling modelling of

BMA for region mean

2. Details of Bayesian hyper-parameter optimization for RF

This section discussed the used software for hyper-parameter optimization, and
presented the diagrams of the optimization process and optimization results of MLP
methods for the region mean. This study used python’s ‘hyperopt’package to
implement BHO for RF. The mean squared error (MSE) was used as the optimization
objective for RF. Table S1 represents the optimal results of MLP for region mean. The

elements of the first row represent optimized hyper-parameters.
Table S2: Optimal results of Bayesian hyper-parameter optimization for RF for region mean

max_depth  max_features n_estimators MSE

AC10 10 5 298 1562.
AC13 18 3 512 1604
GG 5 3 498 1581
GH 4 6 985 1551
GM 6 4 127 1630
GR 12 3 967 1657
IN 6 3 934 1549
Nor 13 2 451 1530
MME 4 2 622 1440
BMA 4 2 190 1401




Figs. S11-S20 express the optimal process for region mean. Noting that the X axis
of each subplot denotes the values of corresponding hyper-parameters. Y axis denotes
the MSE. The hyper-parameter group which minimizes the MSE are the optimal
parameters.
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Figure S11: Bayesian hyper-parameter optimization process of RF downscaling modelling of
AC10 for region mean
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Figure S12: Bayesian hyper-parameter optimization process of RF downscaling modelling of AC13

for region mean
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Figure S13: Bayesian hyper-parameter optimization process of RF downscaling modelling of GG for

region mean
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Figure S14: Bayesian hyper-parameter optimization process of RF downscaling modelling of GH
for region mean
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Figure S15: Bayesian hyper-parameter optimization process of RF downscaling modelling of GM for
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Figure S16: Bayesian hyper-parameter optimization process of RF downscaling modelling of GR
for region mean
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Figure S17: Bayesian hyper-parameter optimization process of RF downscaling modelling of IN for

region mean
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Figure S18: Bayesian hyper-parameter optimization process of RF downscaling modelling of Nor
for region mean
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Figure S19: Bayesian hyper-parameter optimization process of RF downscaling modelling of MME
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Figure S20: Bayesian hyper-parameter optimization process of RF downscaling modelling of BMA

for region mean

3. Details of Bayesian hyper-parameter optimization for SVR

This section discussed the used software for hyper-parameter optimization, and
presented the diagrams of the optimization process and optimization results of SVR
methods for the region mean. This study used MATLAB’s ‘“fitrsvm’ function for SVM
because it is a self-contained function in MATLAB 2016b. The loss function was
deemed as the optimization objective for SVR. Table S3 represents the optimal results
of SVR for region mean. The elements of the row line represent optimized hyper-

parameters.

200




Table S3: Optimal results of Bayesian hyper-parameter optimization of SVR for region mean

BoxConstraint KernelScale Epsilon  KernelFunction PolynomialOrder Standardize Objective

AC10 976.76 856.48 0.47992  Gaussian NaN false 7.3573
AC13 984.83 80.665 1.4186 Gaussian NaN false 7.3572
GG 43.612 89.569 0.5045 Gaussian NaN false 7.4439
GH 981.77 41.537 15.467 Gaussian NaN false 7.4516
GM 949.64 NaN 14.106 Polynomial(rbf) 1 true 7.3604
GR 637.68 61.876 0.071061 gaussian NaN false 7.4265
IN 203.68 NaN 0.30124  Polynomial(rbf) 2 true 7.406

Nor 753.41 144.223 0.12571  gaussian NaN true 7.4268
MME 12.972 NaN 8.73 Polynomial 2 true 7.2276
BMA 881.15 NaN 0.37308  Polynomial 2 True 7.2081

The following Figs S21-S30 express the optimal process. Noting that the X axis
denote numbers of iteration; Y axis denote the value of loss function. The hyper-
parameter group which minimizes the MSE are the optimal parameters.
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Figure S21: Bayesian hyper-parameter optimization process of SVR downscaling modelling of AC10

region mean
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Figure S22: Bayesian hyper-parameter optimization process of SVR downscaling modelling of AC13

for region mean
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Figure S23: Bayesian hyper-parameter optimization process of SVR downscaling modelling of GG

for region mean
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Figure S24: Bayesian hyper-parameter optimization process of SVR downscaling modelling of GH

for region mean
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Figure S25: Bayesian hyper-parameter optimization process of SVR downscaling modelling of GM

for region mean
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Figure S26: Bayesian hyper-parameter optimization process of SVR downscaling modelling of GR

for region mean
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Figure S27: Bayesian hyper-parameter optimization process of SVR downscaling modelling of IN

for region mean
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Figure S28: Bayesian hyper-parameter optimization process of SVR downscaling modelling of Nor

for region mean
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Figure S29: Bayesian hyper-parameter optimization process of SVR downscaling modelling of

MME for region mean
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Figure S30: Bayesian hyper-parameter optimization process of SVR downscaling modelling of BMA

for region mean

4. The evaluation of ML downscaled models for specific stations in

this region

Table content:
Table S4  The validation results of MLP downscaled models for specific stations in this region
Table S5  The validation results of SVR downscaled models for specific stations in this region

Table S6  The validation results of RF downscaled models for specific stations in this region



Table S4:

the validation results of MLP downscaled models for specific stations in this region

Mode

1

2 3

4

5

6 7

8

9 10

11

12 13

CcC
AC1.0 RMS
Pbias

074 071 065 0.72

43.46
-15.56

53.61 55.97
-9.78 13.07

54.58
-7.56

0.69
40.17
-13.32

0.71 0.66
4542 53.71
6.41 11.18

0.69
53.66
-2.88

0.67 0.68
57.52 47.96
1.68 -6.01

0.65
48.10
-0.71

0.70 0.54
43.94 53.06
-1.98 5.64

CC
AC1.3 RMS
Pbias

0.72
45.08
4.94

0.70 0.62
54.35 57.76
424 199

0.70
56.10
5.55

0.64
42.45
5.76

0.67 0.63
48.24 5548
-6.07 -4.92

0.69
53.85
-5.70

0.66 0.66
58.80 49.26
-10.78 -7.11

0.61
50.47
5.89

0.71 0.53
43.56 53.52
8.50 1.83

CcC
RMS
Pbias

GG

0.73
4441
-11.87

0.71 0.66
53.22 55.28
-4.05 10.45

0.72
54.45
-8.78

0.67
40.95
-7.51

0.70 0.62
46.50 55.87
379 110

0.64
57.02
1.32

0.68 0.69
56.76 47.46
-7.38 187

0.63
49.51
-1.10

0.72 0.56
42.64 52.38
131 -411

CcC
RMS
Pbias

GM

0.75
43.08
3.85

0.72 0.65
52.37 56.16
11.77 11.49

0.73
53.61
-5.88

0.65
41.80
-8.44

0.70 0.63
46.21 55.48
-6.95 -7.77

0.65
56.27
6.71

0.67 0.67
57.71 48.79
18.76 12.47

0.64
49.11
5.93

0.69 0.54
4451 53.68
1.39 598

CcC
RMS
Pbias

GH

0.73
44.50
-0.89

0.72 0.66
52.30 55.36
-3.33 -3.97

0.71
55.29
12.97

0.66
41.39
9.64

0.69 0.62
46.58 56.07
14.38 -0.54

0.64
57.35
-2.86

0.65 0.68
58.71 47.97
1437 -1.11

0.63
49.30
9.23

0.73 0.52
42.03 54.14
251 515

CcC
RMS
Pbias

GR

0.71
45.94
-4.33

0.70 0.64
53.94 56.96
-0.65 1.45

0.70
56.48
5.82

0.64
42.42
4.35

0.67 061
48.23 56.64
1.05 1.05

0.69
53.55
4.07

0.64 0.65
59.46 49.67
13.71 541

0.61
50.64
-8.52

0.69 0.54
44.64 53.16
-2.75 6.93

CC
RMS
Pbias

0.74
43.77
2.08

0.71 0.64
53.68 56.62
8.45 5.89

0.72
54.84
-13.28

0.66
41.54
9.09

0.69 0.63
46.93 55.28
-6.29 3.34

0.64
57.26
-3.90

0.66 0.68
58.19 48.04
3.80 -2.45

0.62
49.76
8.70

0.72 0.51
42.99 54.35
11.41 -9.40

CC
RMS
Pbias

Nor

0.73
44.55
-9.71

0.71 0.65
53.12 55.98
11.13 -4.00

0.73
53.72
4.92

0.66
41.29
-12.28

0.70 0.65
46.26 54.07
-5.19 4.66

0.68
54.62

-12.82 -14.56

0.67 0.68
57.61 4791
-9.05

0.64
48.98
3.66

0.74 0.58
41.60 51.62
-1.48 -9.55

CC
RMS
Pbias

MME

0.75
41.80
-4.22

0.74 0.68
50.13 53.48
-3.15 2.99

0.74
51.77
-2.13

0.68
39.95
-6.70

0.72 0.66
4426 53.27
9.55 -8.10

0.68
53.69

-18.18 -249

0.70
54.96

0.69
47.00
-3.69

0.65
48.33
-14.61

0.73 0.57
41.80 52.02
-5.77 -2.45

CcC
RMS
Pbias

BMA

0.76
41.21
-4.11

0.75 0.68
48.87 52.88
-3.56 8.69

0.77
49.64
-6.41

0.70
38.50
-3.92

0.73 0.68

43.41 5150 5312 53.57

0.68

12.00 -11.89 9.93

0.71 0.70
45.68

-11.90 -6.15

0.67
46.60
8.99

0.74 0.56
40.43 51.14
-7.18 2.60




Table S5: the validation results of SVR downscaled models for specific stations in this region

Mode 1 2 3 4 5 6 7 8 9 10 1 12 13
CC 075 072 067 073 070 078 071 068 069 074 066 073 0.56
AC1.0 RMS 43.76 53.03 5512 54.38 39.81 4145 51.75 55.36 56.78 45.09 48.49 4242 53.61
Pbias -3.03 -3.50 -4.03 -0.96 506 -216 -7.17 -532 -173 -427 -465 430 -829
CcC 071 074 062 071 063 064 063 067 064 069 065 072 057
ACl13 RMS 46.12 5254 58.61 56.18 43.52 50.38 56.28 55.60 60.19 48.40 49.75 4325 5292
Pbias -2.26 -5.09 -5.08 -173 -494 -6.63 -744 -493 -255 -585 -782 294 -436
CcC 072 071 064 072 066 068 063 065 066 070 062 072 0.56
GG RMS 4558 54.33 57.52 54.87 41.64 47.78 56.23 58.04 5941 4712 50.68 43.37 54.10
Pbias -4.71 -6.34 -488 080 314 163 311 -745 -683 -110 -6.97 136 -10.01
CC 083 072 067 073 066 072 066 067 071 071 067 072 057
GM RMS 36.44 53.25 55.77 5446 41.96 4579 54.62 5560 55.06 46.87 47.17 43.16 52.60
Pbias -1.92 -2.87 -244 -372 -570 -440 -731 0.77 -389 -383 7.15 455 041
CC 073 073 068 073 069 073 069 068 067 071 071 073 055
GH RMS 4490 52.54 5437 5443 40.82 44.69 52.61 56.01 58.61 46.78 45.77 42.49 53.07
Pbias -4.27 -3.72 -149 253 -318 -192 -578 815 -368 -261 120 343 -0.13
CcC 0.74 072 066 071 065 066 064 068 066 063 094 069 054
GR RMS 44.47 5299 56.09 56.73 42.27 49.12 56.25 55.14 59.77 51.71 23.65 44.85 53.62
Pbias -3.76 -3.53 -555 -5.63 -3.17 -4.54 -828 -423 -7.56 -505 -0.07 089 547
CcC 075 084 080 076 067 070 063 065 070 068 069 074 058
IN RMS 43.43 4226 44.79 5258 41.75 46.89 56.21 57.54 56.37 48.74 46.97 42.12 52.56
Pbias -2.55 -151 643 -6.30 -4.64 -4.65 -1.27 -494 -505 -195 022 018 -575
CcC 078 075 072 076 072 075 069 068 072 072 064 072 058
Nor RMS 4124 50.84 51.61 51.60 39.02 43.70 52.84 55.13 54.69 46.12 49.33 43.03 51.56
Pbias -1.10 -342 -142 -335 210 -225 -230 096 -429 -218 097 181 242
CcC 078 075 071 078 074 075 071 070 075 072 068 074 058
MME RMS 41.31 50.13 52.70 50.20 37.76 43.32 51.05 54.05 51.89 46.92 47.41 4165 52.03
Pbias 0.26 0.63 -1.11 -201 -137 451 -229 525 -121 -453 -198 638 -3.16
CC 077 076 069 076 072 076 069 068 075 074 071 075 063
BMA RMS 4214 49.72 54.07 5240 39.00 4245 52.29 5455 52.02 44.57 45.07 40.97 50.03
Pbias -1.62 123 -253 -403 -462 052 -143 489 -318 -021 -267 392 7.72




Table S6: the validation results of RF downscaled models for specific stations in this region

Mode 1 2 3 4 5 6 7 8 9 10 1 12 13
CC 072 070 064 071 065 069 063 065 066 066 062 068 053
AC1.0 RMS 44.79 5431 56.52 55.21 42.02 46.77 55.30 56.87 58.64 49.66 4990 4535 5381
Pbias 3.62 11.34 1424 962 211 1249 516 -897 513 -465 -503 6.71 831
CcC 071 069 064 071 063 068 064 065 065 065 061 070 051
AC.3 RMS 4597 5493 56.66 55.72 42.67 47.70 55.12 56.74 5899 4989 50.30 44.00 54.53
Pbias 7.38 658 542 732 1348 1063 849 997 -548 750 -544 958 -220
CcC 072 069 065 071 066 067 061 062 067 067 062 070 0.55
GG RMS 4525 54.64 56.19 55.50 41.43 47.93 56.59 58.54 5791 4871 4990 43.95 52.88
Pbias -1.98 341 -407 -192 -6.01 -187 176 -484 -272 -398 195 878 281
CC 073 070 065 0.72 065 069 062 067 067 066 063 070 0.57
GM RMS 4421 5399 56.11 54.61 42.07 46.74 56.19 5541 57.40 4936 49.37 4391 5207
Pbias 12.00 4.64 -432 -6.69 -494 -401 -3.60 -696 -9.77 -739 -842 -9.69 -9.93
CcC 070 0.71 065 0.70 0.64 066 062 059 063 065 062 070 0.52
GH RMS 46.79 53.75 56.28 56.50 42.50 48.74 55.91 59.82 60.24 49.71 49.86 43.88 54.05
Pbias 122.76 6.35 4.75 202 -2.66 16.08 12.51 1526 -1.82 117.78 7.08 1119 1233
CcC 072 073 065 0.70 063 066 060 066 065 064 060 068 0.52
GR RMS 4476 51.70 55.99 56.35 42.60 48.77 57.08 55.83 59.03 50.51 51.10 4529 54.15
Pbias 8.46 145 1357 4.04 1251 1586 572 -3.38 111.63 16.61 101.08 6.68 297
CcC 074 072 067 0.74 066 068 060 062 066 068 061 071 0.52
IN RMS 43.46 52.85 54.88 53.39 41.63 47.18 57.31 58.60 58.28 48.05 50.17 43.41 5393
Pbias -0.71 9.78 7.48 17.83 454 187 496 1096 267 547 331 513 328
CcC 072 070 064 0.72 067 070 063 066 066 067 064 071 057
Nor RMS 4523 5412 56.46 54.57 41.08 46.55 5541 55.64 58.10 48.88 4885 43.12 52.33
Pbias 1520 -1.27 418 1195 -242 -8.80 -3.00 -0.34 -6.68 -4.85 -362 -1.09 -3.56
CcC 074 074 066 0.75 067 071 065 067 068 069 065 073 0.55
MME RMS 4354 51.36 55.44 52.51 40.94 4553 54.03 55.02 56.96 47.32 4819 4198 52.86
Pbias 4.73 -3.96 -1.07 -1.13 -1.78 241 184 146 320 212 475 198 -137
CcC 077 074 068 0.75 069 074 066 071 069 069 067 074 0.58
BMA RMS 4238 51.90 54.90 53.12 40.54 44.80 5445 53.64 5749 4831 4796 4242 5214
Pbias 746 216 -3.02 -143 762 200 -061 265 891 151 204 254 -0.75




5. The changes of projected 21* century precipitation for each station

Table S7: Projected changes of each station under RCP4.5 and RCP8.5 (%)

station RCP4.5 RCP8.5
2040-2069 2070-2099 2040-2069 2070-2099
1 -6.28 -7.20 -6.30 -4.87
2 4.97 5.13 6.08 5.77
3 -0.61 -2.30 0.55 -0.05
4 9.76 10.53 11.99 9.51
5 -8.85 -9.66 -8.02 -7.10
6 -0.37 0.30 3.11 4.47
7 0.80 0.33 -0.56 1.78
8 4.19 6.20 3.90 6.53
9 7.91 6.02 8.96 9.97
10 -3.60 -3.28 -2.04 -0.98
11 -0.87 1.34 -0.78 1.33
12 5.27 8.21 5.12 8.37

3.31 4.78 2.96 5.13

=
w




