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HERT R PR E 2 SIHESE (Tensorflow. PyTorch. MindSpore. PaddlePaddle %5) (1)
H, #E8E ERMZEMZ (Convolutional Neural Network, CNN), 58 il 2 Wi 338 br il
MAESS CRIEES .

. SRR
S P115-121,
[EIN, AT &R LR INEE B M #FE (Tutorials), LA PyTorch A, Wi~ EFR.

O PyTOFCh Get Started Ecosystem Mobile Blog Tutorials Docs v Resources v GitH

193 0sca117 > Building Models with PyTorch

Q_ search Tutorials
Run in Google Colab ¥ Download Notebook ) View on GitHub

PyTorch Recipes [ Introduction || Tensors || Autograd || Building Models || TensorBoard Support || Training Models || Model Understandin;

Introduction to PyTorch

BUILDING MODELS WITH PYTORCH

Follow along with the video below or on youtube.

BRAD

HEINTZ

Introduction to PyTorch on YouTube

BYLITFEWE: ©Voulube

torch.nn.Module and toxrch.nn.Parameter

Kearning PyTorch In this video, we'll be discussing some of the tools PyTorch makes available for building deep learning networks.

Image and Video Except for parameter, the classes we discuss in this video are all subclasses of torch.nn.Module . This is the PyTorch base class
meant to encapsulate behaviors specific to PyTorch Models and their components.

G ), 25 VR P 2 ST HEZR SR 1 T 25 (Pre-trained ) 28 ML FR A 25 X 4% 22, 451 4 TensorFlow
Hub Chttps://www.tensorflow.org/hub?hl=zh-cn ) . PyTorch Hub Chttps://pytorch.org/hub/) .
MindSpore ModelZoo Chttps:/gitee.com/mindspore/models) %5, 1 H 77 21 H 47TV 0] AH < M 7T
A .

=. LRAF

1. fEHARE AL B 585 Record /E %A (—A> Record 47 4200 data points), 437
K IF %% ResNet18. ResNet34. ResNet50 78, Hir%ith oy 8 4~ 34545 (pH in CaCla.
pHinH,O. OC. CaCOs. N. P. K fl CEC), i LUAS[FVRFEAHEE ML TS (ff A R2
A RMSE 1E AN FR 5D

2. BHEWN 2.3 FA, {#ifl] Abs-SGO. Abs-SGO-SNV. Abs-SG1. Abs-SG1-SNV. Abs-
SG2 1 Abs-SG2-SNV NHGIE TALI Jik, SEELE G Y 1E 184, 43 AN R 1 Fidd
53000 AT YOI 4 B %) S o

3. BRI 2.3 mAY, B 400-499.5nm Hl 2450-2499.5nm I, 8 FEREER) T R
FEARER4E R, 2> 34 Snm. 10nm A1 15nm JEFE A B, BI433) 390, 195, 130 MK
K, B HAE AR AN ZAERL,  XF EEAS A SRR AT S AR TR T30 44 A 52

4. ZHEW 2.4 T, {EH SHAP (I VESRBURFIE G, K3 SHAP 18 53 543 20 B
AT 10 BIRHEGIE P EL
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M. SERPR
AR LU T R

1.

2.
3.
4.

INBF R4
HHE A e (LM, bl IZRER/ AR 7 55D
HEERFL R
YR A2

fi. SERIERERBR

1. LUCAS Soil Dataset T 3:324L T 19035 & %#E 0% (Records) , 54 HA 8:

RIS D AN GRS RIS, PSR RAT B G T, HE TR
® 1 JEEX Y 5 mgit

2 A LEBIRs S5

) Training Testing
Soil
. . Standard ) Standard
properties Samples  Min Max Mean o Samples  Min Max Mean o
deviation deviation
oC 15228 0.00 586.80 50.38 91.97 3807 0.00 577.00 48.39 88.40
15228 0.00 38.60 2.95 3.80 3807 0.00 34.40 2.83 3.55
P 15228 0.00 789.80 30.12 31.76 3807 0.00 1366.40 29.87 36.90
15228 0.00 7342.00 198.27 235.55 3807 0.00 4665.00 192.18 202.28
CEC 15228 0.00 234.00 15.88 14.81 3807 0.00 146.00 15.24 13.08
pH.in.
15228 2.61 9.25 5.60 1.43 3807 2.66 8.07 5.58 1.43
CaCl,
pH.in.in
15228 3.21 10.08 6.20 1.35 3807 3.50 9.65 6.19 1.35
H,O
CaCO; 15228 0.00 944.00 51.86 126.10 3807 0.00 882.00 50.59 122.13

2. ffiFH Abs-SGO. Abs-SGO-SNV. Abs-SG1. Abs-SG1-SNV. Abs-SG2 1 Abs-SG2-SNV
PN IETIALEE Ty vk, SEEL R IG IS AR, 2 E A R

ADSOIRENCE

(a) Abs-5G0

(b) Abs-SGO-SNV

(c) Abs-5G1

Range
—— Average Curve

Absorbance

Range
—— Average Curve

Absorbance

0.0125 4

0.0100 4

0.0075 4

0.0050

0.0025 4

Range
—— Average Curve

0.0000
0
-0.0025
-1
T T T T T T T T y T —0.00501 u T T T
500 1000 1500 2000 2500 500 1000 1500 2000 2500 500 1000 1500 2000 2500
Wavelength/nm Wavelength/nm Wavelength/nm
(d) Abs-SG1-SNV (e) Abs-SG2 (f) Abs-SG2-SNV
75 9
Range 0.0002 + Range Range
—— Average Curve —— Average Curve 5.0 1 —— Average Curve
0.0001 +
2.5+
A
0.0000 +
T 1 0.0+
g g
£ —0.0001 4 5 -257
g £
2 —0.0002 2 50
< <
75

—0.0003 A

—0.0004 4

—0.0005 -

—10.0 4

—12.51

500

1000 1500 2000 2500

Wwavelength/nm

1000 1500 2000 2500

Wavelength/nm

500

1000 1500 2000 2500

Wavelength/nm

500



3. 2% Figure 1(e)& IS, AL IRE % IHESE B € LB A ResNetl8.
ResNet34. ResNet50 14!, 7pRIHC AT AL By Co Bt/ A R RIS a A, 148 AR
K APLATENEY AL B. C 4. il Tensorflow [f] model.summary(). PyTorch ] torchsummary
&

) 222/ FH A 22 ) 2 1 A QRS A D
Forand el

out = x

hasattr( , 'dens 3 = .first_block_conv(out)
tt t .use_bn:
out = .first_block_bn(out)
in_features = .dense.in_features = .first_block_relu(out)

delattr(
i_block range( .n_block):
net = .basicblock list[i_block]
n.Sequential( out = net(out)

.use_bn:
out = .final_bn(out)
.final_relu(out)
out.mean(-1)

.prediction_head(out)

get_model(model_
if model_type -

I ResNet1D_MultiTask(
in_channels=1,
base_filters=32,
kernel_size=3,
stride=2,
groups=1,
n_block=8,
n_classes=8

)
elif model_type == 'B':

n ResNetl1D_MultiTask(
in_channels=
base_filter:
kernel_size=3

n_classes=8
)
f model_type == g
ResNet1D_MultiTask(
in_channel
base_filters=32,

groups
n_bloc
n_classes=8

model = get _model('C")

criterion nn.SmoothL1Loss ()

optimizer = torch.optim.AdamW(model.parameters(), lr=1le-3, weight decay=1e-5)
scheduler = torch.optim.lr_scheduler.StepLR(optimizer, step_size=10, gamma=0.81)

TR M ZE R, mBIan T, EFRAZH LI & o A B S D




del A: ResNet18]
blocks
32

4. YA SEE A FH AL SR S H R R B, T RS A AR AL
UL

Ak 2%

o AdamW: iX;& Adam AR — AR, B S AL E ZE 9 (L2 IR DRz AR 7T .
) REEN 1e-3, BUERIN 1e-5.

iR R

e SmoothL1Loss: /Ry Huber #i2%, M0 2 R L35 77 R ZE 408 2R 0 S o (B AN R BBURK . 3@
W T 8 S0 A A B PR R A 5 .

FARPER

e StepLR: ZifAE#&IEIIH T (gamma=0.81) & 10 1~ epoch A% — XKLL A1 ) 2K,
el 2 > 2R I [) 32 3 ik

AP ED

model = get _model('C")

criterion nn.SmoothL1Loss ()

optimizer = torch.optim.AdamW(model.parameters(), lr=1le-3, weight decay=1e-5)
scheduler = torch.optim.lr_scheduler.StepLR(optimizer, step_size=10, gamma=0.81)

5. UIIASCISR A @S BB E, IR SRS
@& 21D

BRI B

o HTURA.



'A": ResNet18
'B': ResNet34
'C": ResNet50

in_channels=1: i A\HIES, & T FEER A (ol gens [ 720885 .
base_filters=32: JEAIEI AT TR, FH T4 2% 52 % FE MIRFIE SR BURE /)
kernel_size=3: HHUZ KN, NEEZERERA E U BT .

stride=2: BHUL K, U RHAERI T REEE S .

groups=1: HIHE, WEN 1 RRrdEGIRERE.

n_classes=8: iR A4, B A ATNH) 7254 H .

e  HR¥ (n block) :

8 XTH ResNetl8
16 Xt ResNet34
24 Xt ResNet50

ResNet1D MultiTask &ML ¥t

A G e B

TR SRR [ f #8028t 45 2R .l oy Rt 1B

BEARAFIEAE L

A A0 IE AR S RE (tEUE—46 A0 Dropout) AR sa AR B [ F& e 14 Az AL R

T ke (4 B 2% A G B 2 AR 550028, Fn i 39000 8.

Bk BRI
1.E—2

3EHE

IR E
BREH

16 48 E M N4ERE /0 —2F (in_features — in_features/2) , SEHEURFIERF
4t

FIA#IE—4k (Batch Normalization) X H [AIRFAESEAT 9 —fb AL3E, 980/ 41
S BN IR XU o

i ReLU BOBRRBUIM AL EARE Ty, (ERIAY RS 2 o) 5 A I AR 2ot BRI
KR

450 Dropout (p=0.3) , FHALAIE T #0470 LGS LA KU

il RS YEE M in_features/2 %2 in_ features/4, ZESFFAEF
il o

RN LA —16 . ReLU 0% B EUA Dropout #:4F, 55— 2R FF—ErEN
(A arpczi R

B 2R AR R R B2 5 IRV RFAE A 2 LA 55 (0 2 W), Han e 8 NSR
IETHIEEE S

e criterion = nn.SmoothL1Loss(): f#i ] SmoothL1 #15< 8% (Huber #12<) AbHE [ VAfE55, H
B SRR SR, AT EARERA.

feas



e optimizer = torch.optim.AdamW(model.parameters(), Ir=le-3, weight decay=le-5): K H
AdamW fLAL#%, S5 S RCEIZRAS], RERE Rz R
o ZEIE. le3
o WEZEW: le5
EIRFEER
e scheduler = torch.optim.Ir_scheduler.StepLR (optimizer, step_size=10, gamma=0.81): %] K%}
k% 10 4~ epoch 4% 0.81 FIELFIEEIE, A3 @ USROS AN ARG & 1
o PK: 10
e FEWZE (gamma) : 081

S EEYIIES
o JIZREMERSS: train_loader = DataLoader(train_dataset, batch_size=256, shuffle=True)
o HLER/: 256
o BEHLITELAE LR THNIZRRCR -
o JREMERSS: test loader = Dataloader(test_dataset, batch_size=256, shuffle=False)
o HILER/: 256
o ORI ECHE I LAGH DRI K R A 8 1A — Btk

AR ED

get_model(model_type):
f model_type == 'A': esNetl1D MultiTask(resnetld.Res
eturn ResNetlD_MultiTask( t_ (self, *args, **kwargs
in_channels=1, super().__init_ (*args, **kwargs)
base_filte!
kernel_size=3
stride=2, if hasattr(

n_classes=8
)
elif model_type ==
n ResNet1D_MultiTask(
in_channels=1,
base_filte

in_features = .dense.in_features

delattr(

kernel_size=3,

stride=2, .prediction_head = nn.Sequential(
groups=1,

n_block=16, .Linear(in_features, in_features//2),

n_classes=8

)

f model_type == '(

ResNet1D_MultiTask(

in_channel
base_filters
kernel_size=3,
stride=2,
groups=1,
n_block=

n_classes=8

.BatchNormld(in_features//2),
.RelU
.Dropout(p=0.3),

.Linear(in_features//2, in_features//4),

.BatchNormld(in_features//4),
.RelLU
.Dropout(p=0.3),

.Linear(in_features//4, 8

model = get _model('C")

criterion nn.SmoothL1Loss ()

optimizer = torch.optim.AdamW(model.parameters(), lr=1le-3, weight decay=1e-5)
scheduler = torch.optim.lr_scheduler.StepLR(optimizer, step_size=10, gamma=0.81)




6. HARZTIEIEGEEIRIERFN, A% AL By CHBAL, EBIRPUTEAIIZ AR
M, FE, ERAPAT IS eSS, ARG, HRE RS A Training
M1 Validation ) Loss Z: il FHRHTA K. AL KA RMSE 1 R* AE N BRPERE 1
Bbr, IEEIIZRE R Al RS RbR B, IR BUEES RN, FN, 2%
Y 3 ZlHURE . (BERESHEERN AL FEIHER, HRAFR, ATZE—
YIS RTINS bR, BPYISE 8 > A HEAY, 8 A BAREA, 8 A C iR
HAT IR AR AL ED

SRR 45 R T TR  FE RS S Bt o A MRS R D

CINZrad Rt s 45 2R 1A, )11k

W LEREII N E R, S5ER Ay By CEAMIIZERE, A 3 ANE (S H
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Training Metrics (Madel A}

Test Loss (Model A)

80+ K 2 —— Test Loss
60 - 40
38
£ 404 —— Mean_Training RMSE | o
2 Mean_Training R2 536
204 34
°] . . . . . . 30 . . . . . .
0 10 20 oo 30 40 50 [ 10 20 fvoch 30 40 50
Training Metrics (Model B} Test Loss (Model B)
80 —— Mean_Training RMSE —— Test Loss
w 40 1
36
£ 40 ]
E 534
204 324
304
0+ 284
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch
50+ Training Metrics (Model C) Test Loss (Model C)
e I e
60 36 4
50 4 34
£ 101 “
2 . 832
204 304
104 28 4
] 26 1
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch
CREN AR R S5 R IH S 7E DL R RAR )
Soil properties  Evaluation indicators IR A B B iR C
oc RMSE 9.3670 8.2344 8.0283
R? 0.0148 0.4116 0.4683
N RMSE 1.8129 1.6586 1.6682
R? 0.1423 0.3991 0.3850
RMSE 6.2296 6.1583 6.1934
R? -0.1063 -0.0565 -0.0808
K RMSE 15.0763 14.5700 14.2200
R? -0.2626 -0.1014 0.0007
RMSE 3.6354 3.5120 3.4098
CEC
R? -0.0210 0.1108 0.2098
. RMSE 1.2717 1.2917 1.1903
pH in CaCl,
R? -0.2851 -0.3678 0.0136
. RMSE 1.2939 1.2833 1.1664
pH in H,O
R? -0.5375 -0.4877 -0.0155
RMSE 11.4724 10.9131 10.7531
CaCO;
R? -0.1613 0.0491 0.1037




Indicator 2 (pH.in.H20)

. Pvedtd s True

Indicator 1 (pH.in.CaCl2)

Pred icted vs True

Indicator 6 (P)

@ Predicted vs True
—= deal
1200
8 7
1000
3 g
37 i 2
5 2 2 w0
2 g H
36 3 I
- 2s g
2 & 2 600
H
5 400
° 4 s
-
.
4 ,’
3 s
—c .
3 4 s 6 7 8 o 0 4
True Val True Valt
Indicatar 3 (OC) Indicater 5 (N)
Indicator 7 [K}
@ predicted v o Predicted vs True
—— deal — esl predicted v
eal
500 an
.
400 z "
/
H . 3 e 000
H o L EEY v £
= 300 o H - H
¥ / ] , %
£ P £ . ]
] .s, L. , : L
® 200 d . . £ .
a o, . -
. i Lo e s 8 S
. , (5 SPL I R
. 3 ﬂ . > N . .
s -y e
[ "1 ﬁ,-
.
0 0 o ‘..l.
o » s 1w 15 20 25 [ 1000 2000 E 000
True vah Tue
Indicator 8 (CEC)
Indicator 4 (CaCO3
® Predicted vs True { )
140 4 == Ideal 7| ® Predicted vs True .
x4 —= ideal e
P4 800 -
’
120 ,
’
7
/
100 o S
’ 600 #
H il N .
s 1% g
S 804 H
= e g
g e 2
2 s s g w0
& . g
s
, S
/
40 [ ]
¢ 200
® o o o
P ooy . o
20 Yy X
o O
L
04 [] L
0 20 40 60 80 100 120 140 0 200 400 600 800
True values True Val
+ oA = AN i
4t GEEET, mIUEADN C.

7. JEEESCIYIRAAIR 6 IR, U, R SRR EE 2 N RO AL T R AR
BAF BN B AN, I ZRR U, TR G R o 7 e S A H R e I BUE, IR
HUEHG RGN
CREMA SR 45 FRIH S AE DU R D

Soil Evaluation

properties indicators

PP1

PP2

PP3

PP4

PP5

PP6

RMSE
oC

8.1022

6.0624

9.0927

6.9911

9.5270

5.8075

R2

0.4485

0.8271

0.1252

0.6943

-0.0543

0.8544

RMSE
N

1.6102

1.4266

1.8572

1.6105

1.9782

1.4128

RZ

0.4662

0.6711

0.0553

0.4658

-0.2159

0.6836

RMSE

6.1459

6.1328

6.0900

5.9795

6.6043

5.8376

RZ

-0.0480

-0.0392

-0.0105

0.0609

-0.3975

0.1469

RMSE

13.9761

13.8842

14.0982

13.8154

15.9916

12.9567

RZ

0.0675

0.0918

0.0345

0.1097

-0.5983

0.3112




RMSE 3.2445 3.3248 3.6072  3.5810 4.1587 3.2131

CEC
R? 0.3522 0.2857 0.0103  0.0387  -0.7483 0.3770
. RMSE 1.1329 1.0763 1.1943  0.9366 1.5963 0.8667
pH in CaCl,
R? 0.1905 0.3406  0.0002  0.6220  -2.1907  0.7227
. RMSE 1.1135 1.0515 1.1764  0.9237 1.5703 0.8609
pH in HO
R? 0.1565 0.3294  -0.0507 0.6007  -2.3361 0.6986
Caco RMSE 10.7757 8.5423 113249 73689  11.4900  6.3981
a
} R? 0.0961 0.6430  -0.1028 0.8023  -0.1685 0.8877

7: PP 37~ Pre-processing. PP1: Abs-SGO. PP2: Abs-SGO-SNV. PP3: Abs-SG1. PP4: Abs-
SG1-SNV. PP5: Abs-SG2 #l PP6: Abs-SG2-SNV.
it LREBIET, RILADECETALEE %09 PP6: Abs-SG2-SNV.

8. JELESLIRIIRHZIR 6 PRI 5B IR 7 A e WAL vk, B, R
KRG BEAEE NN, R, SN b Bl &8P EuE, Ik EuE
WHEERKN. RN, HREEREFEF Training A1 Validation ) Loss 2 il #H N 37 2%

.
CREMAEE IS RIS A LR R AD
Soil Evaluation
. Lo 1950 DPs 390 DPs 195 DPs 130 DPs
properties indicators
oC RMSE 5.8075 5.6200 5.6382 5.2944
R? 0.8544 0.8723 0.8707 0.8994
N RMSE 1.4128 1.3876 1.3601 1.2336
R? 0.6836 0.7056 0.7283 0.8161
P RMSE 5.8376 5.9743 5.9834 5.8376
R? 0.1469 0.0642 0.0585 0.1469
K RMSE 12.9567 13.3309 13.2234 12.5448
R? 0.3112 0.2281 0.2527 0.3947
CEC RMSE 3.2131 3.1718 3.1393 2.8166
R? 0.3770 0.4084 0.4323 0.6321
. RMSE 0.8667 0.9089 0.8906 0.8083
pH in CaCl,
R? 0.7227 0.6646 0.6909 0.7902
. RMSE 0.8609 0.8884 0.8649 0.7884
pH in H,O
R? 0.6986 0.6582 0.6930 0.7881
RMSE 6.3981 6.6892 6.3763 6.1148
CaCOs3

R? 0.8877 0.8658 0.8892 0.9063

7£: DPs 3/~ Datapoints. 1950 DPs K/ ARE [ RAERIFTA 25 EdE, 390 DPs &/R"4 Snm
ERFEETF RN 390 MGk B, BURHE.



Metric

Metric
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Training Metrics (Model C)

Test Loss (Model C)

9. JRSESKEIIKM

—— Mean_Training RMSE 40 —— Test Loss
Mean_Training R2
3514
w 30
2
s
25
204
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Epoch Epoch
ke ST B ] D
FERFERHA S
Training Metrics (Model C) Test Loss (Model C)
—— Mean_Training RMSE —— Test Loss
Mean_Training R2
354
301
b
s
25
204
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Epoch Epoch
ST =
BERAEE LN 10
Training Metrics (Model C) Test Loss (Model C)
—— Mean_Training RMSE —— Test Loss
Mean_Training R2
354
30
b
s
254
204
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Epoch Epoch

PERFEE N 15

45

AL R RAE ) 50 130DPS, 153 130 MGk B .

AIR 6 PRI, IR 7 RIS TIAEE % PR 8 i

B TR IE SRR b, SRR, S SHAP B 7 VE VR #0618 ik Boxt 700 45 - 1 57
R, Ui B SRR HEAA T 10 O TESEBY, 2l s I SAERIE (R A SHAP [ 5K

Wi: import shap)
(i & B SRR B a0 )



FAREEHES BT 0RO AR ER

SHAP(E (FTAKME)

AT20 1 BRI B R AISHAPE 75 A E

|
L]
I
—
L]
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|
—
I

06
|

DEmar R

0.4

-02

SHAP{H

=00

L A N N N A A A A T
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10. fE2 6 (AR | IR T (HMIGIEFETE) « DI, 8 GRIUTRAINE)
Efiti b, AEE A BN X1 GBI RO B XA, FRRIGRER, i
FENZRIE R 70 SR A AR U, PR AUEH SRR N, [N, S50 3 %
iR

TEEE I TELER 5, I T PRER 11 BRUE .
L4 %—E:
BINYERE : in features (512) ; H4EME: in features /2 (256) ; H: 512x256=131,072

o F .
HyNYERE . in features /2 (256) ; HiZERE: in features /4 (128) ; H: 256x128=32,768

Soil Evaluation . i
With 1 X1 Conv Without 1 X1 Conv

properties indicators
oC RMSE 5.4777 5.2944




Predicted Values

Predicted Values

R2

0.8848

0.8994

RMSE

1.4176

1.2336

R2

0.6794

0.8161

RMSE

6.0383

5.8376

R2

0.0234

0.1469

RMSE

13.3519

12.5448

R2

0.2233

0.3947

RMSE

3.2411

2.8166

CEC

R2

0.3550

0.6321

RMSE

0.9515

0.8083

pH in CaCl,

R2

0.5972

0.7902

RMSE

0.9461

0.7884

pH in H,O

R2

0.5605

0.7881

RMSE

6.7208

6.1148

CaCOs3

R2

0.8632

0.9063

Indicator 5 (N)

® Predicted vs True
- Keal /

2000

1000

predicted Values

o 5 10 15 20 25 E Ed
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Indicator 7 (K)
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200
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400
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200

0 200 o 600 800
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Indicator 3 (OC)
@ Predicted vs True
—— ldeal
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Indicator 8 (CEC)

® Predicted vs True
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