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% notebook BEEIFTEEE, FLIBERIETENUY
= 3=

1. OS: Windows (REER(ERFAIRESE —LEMAYERR)

2. python3.8.13 (python iRARE—, A—HA—ESBIR, BEZITHIT)

3. ZUTHRNSE=0E, SEEREREE

4. (BRCLZE=EN, MRRFIENER, HAREXD) BTz, FSEIETE—BER T pre_workipynb 314, HRRFEIFIIBRE
£, Bliztraker BB R TTERET!

import hmz
from hmz.math_model.predict import BP, predict_accuracy

import mitosheet

import numpy as np

import pandas as pd

import plotly

import cufflinks as cf

import plotly.express as px

import plotly.graph_objects as go
import plotly.figure factory as ff

cf.set_config file(
offline=True,
world_readable=True,
theme="white", # WE 2% XA

)

import warnings
warnings.filterwarnings("ignore")

# from scipy.stats import permutation_test

import sklearn

from sklearn.metrics import r2_score

from sklearn.metrics import mean_squared_error as MSE
from sklearn.metrics import mean_absolute_error as MAE
from sklearn.model_selection import cross_val_score
from sklearn.model_selection import train_test_split
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sheetl = pd.read_excel(
io="[ff 11 (Attachment 1)2022-51MCM-Problem B.x1lsx",
index_col=None,
sheet_name="iq J¥ (temperature) ',

)

sheet2 = pd.read_excel(
io="fft {41 (Attachment 1)2022-51MCM-Problem B.x1lsx",
index_col=None,
sheet_name='77 i Jfi & (quality of the products)’,

)

sheet3 = pd.read_excel(
io="fft {1 (Attachment 1)2022-51MCM-Problem B.x1lsx",
index_col=None,
sheet_name='Jif"Z %[ (mineral parameter)"',

# mitosheet.sheet(sheetl, sheet2, sheet3) # TAEMIE, TFEZHE mitosheet

# 2 i RE AR Ak ith 22

degree = sheetl.copy()

degree.columns = ['Hf[d] (Time)', "RAELIRE", "R ITHEE"]
degree.figure(x="I[A] (Time)').write_image("./img/lAfi1- R % 1. 25 F 4k . svg")
degree.iplot(x="H[[E] (Time)"')
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AL EREIEETRE, B ERNEERE (HLHMEEiERdoge)
In [ ]:

In [5]: def norm(data):
" A S AR
return (data - np.min(data)) / (np.max(data) - np.min(data))

def plot_ScatterMatrix_Heatmap(data, fig pre_name, save=True):
L ) BOHE AR R SR AR RO
:param data: ##
:param fig_pre_name: fR{FMI X% (AHHE! AEEH! D
:param save: & 1R7F



:return: None
notebook H 3l & 7 2 il i) %

# 2 ) A B A

fig = px.scatter_matrix(
data,
title=fig pre name + 'HIMEFERUS A",

)
if save:

fig.write_image('./img/li@i1-' + fig pre_name + '[JMEPEEL S . svg')
fig.show()

# 22 A K R B
corrs = data.corr(method="pearson') # ‘'pearson’, 'kendall', 'spearman'’
figure = ff.create_annotated_heatmap(
z=corrs.values,
x=1list(corrs.columns),
y=list(corrs.index),
annotation_text=corrs.round(3).values,
showscale=True,
colorscale="'reds"’,
)
figure.update layout(title=fig pre name + 'HIAH % RE A SIE")
if save:
figure.write_image('./img/1i#1-"' + fig pre_name + 'IHIE REA S E . svg')
figure.show()
return None
index_data = sheet2.iloc[:, 1:] # [&J:BSIa11X 5 B 48 bn B4
plot_ScatterMatrix_Heatmap(index_data, 'f&#5")
# index_data_norm = norm(index_data) # norm data
# plot_ScatterMatrix Heatmap(index_data _norm) # norm data
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SRR REUA

$EFRA (index A) $EF7B (index B) $84RC (index C)

18FRD (index D)

g#=C (index C)

1E#7B (index B)

HEEEURE
MR

# todo % FA R iR H o

condl= sheetl.iloc[:, @].astype('string').apply(lambda x: x[14: 16]) == "50"
data_partl = sheetl[condl].iloc[:-2, :]

data_partl.index = [i for i in range(len(data_partl))]
print(data_partl.shape)

data_partl



(235, 3)
BE (Time) ZEHLEE (Temperature of system ) RFILGEE (Temperature of system Il)

0 2022-01-13 00:50:00 1173.63 813.92
1 2022-01-13 01:50:00 854.55 767.64
2 2022-01-13 02:50:00 855.34 767.99
3 2022-01-13 03:50:00 853.57 766.20
4 2022-01-13 04:50:00 854.81 768.08
230 2022-01-22 17:50:00 1406.05 932.16
231 2022-01-22 18:50:00 1404.32 93143
232 2022-01-22 19:50:00 1404.68 930.64
233 2022-01-22 20:50:00 1404.85 931.16
234 2022-01-22 21:50:00 1404.76 931.28

# todo R FAT R 7 il o1 HIE

sheet2_time_string = sheet2.iloc[:, @].astype('string').apply(lambda x: x)

exp_date = ["2022-01-20 08:50:00", "2022-01-20 09:50:00", "2022-01-20 10:50:00"]

cond2 = sheet2_time_string.apply(lambda x: x == exp_date[0] or x == exp_date[1l] or x == exp_date[2])
data_part2 = sheet2[cond2.apply(lambda x: not x)].iloc[2:, :]

print(data_part2.shape)

data_part2

(235, 5)



A3E (Time) 3ISHFA (index A) 35#%B (index B) #SHRC (index C) #5#%D (index D)

2 2022-01-13 02:50:00 78.15 26.21 12.93 14.59
3 2022-01-13 03:50:00 78.39 25.22 12.93 14.28
4 2022-01-13 04:50:00 79.22 24.60 12.41 13.70
5 2022-01-13 05:50:00 79.52 23.88 11.55 13.56
6 2022-01-13 06:50:00 80.04 2348 11.55 13.47
235 2022-01-22 19:50:00 79.76 22.00 11.72 18.84
236 2022-01-22 20:49:00 80.51 22.00 11.37 18.53
237 2022-01-22 21:50:00 80.16 21.78 10.85 17.90
238 2022-01-22 22:50:00 79.79 22.58 11.20 17.05
239 2022-01-22 23:50:00 80.19 21.69 10.68 17.19

# todo X E|FEH S B A
cnt = data_partl.iloc[:, @].astype('string').apply(lambda x: x[8: 10])
time_cnt = []
for i in pd.DataFrame(cnt).groupby(by="MJ[a] (Time)"'):
time_cnt.append(len(i[1]))
data_part3 = pd.DataFrame(np.repeat(sheet3.iloc[:-2, :].values, time_cnt, axis=0), columns=sheet3.columns)
print(data_part3.shape)
data_part3

(235, 5)
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231

232

233

234

# mitosheet.sheet(data_partl, data_part2, data_part3, analysis_to_replay="1id-tbbgbctqvx")

X = pd.concat([data_partl.iloc[:, 1:], data_part3.iloc[:, 1:]], axis=1)
Ys = data_part2.iloc[:, 1:]

XX = X.copy().astype(float)
XX.columns = ['RALRE", 'RAILEE", 'Hi S8l , "Hy S82', ET 3, ET 54 ]
plot_ScatterMatrix_Heatmap(XX, 'Z %l /& A1J5EH %)

BE (Time) [REFE%£01 (Mineral parameter 1) [RH"£#{2 (Mineral parameter 2) [Ri"£%43 (Mineral parameter 3) [Ri"£#{4 (Mineral parameter 4)

2022-01-13

2022-01-13

2022-01-13

2022-01-13

2022-01-13

2022-01-22

2022-01-22

2022-01-22

2022-01-22

2022-01-22

49.24

49.24

49.24

49.24

49.24

54.74

54.74

54.74

54.74

54.74

90.38

90.38

90.38

90.38

90.38

93.05

93.05

93.05

93.05

93.05

46.13

46.13

46.13

46.13

46.13

49.03

49.03

49.03

49.03

49.03

28.16

28.16

28.16

28.16

28.16

21.48

21.48

21.48

21.48

21.48
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RRLEE RRILRE R 2401 R &#52 [RE 24

IR 28584
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RREILEE

In [12]: # mitosheet.sheet(X, Ys, analysis_to replay="1id-tmbibkgbvw")
In [ ]:

In [13]: # TODO # A7 A il i 11 % 4
X.to_csv("quentionl-X_data.csv")
Ys.to_csv("quentionl-Y_data.csv")

F+SRABCD
S BIEFRRIEMERERIG, FoUsNEt, BELRER. A, FISER, EEER



AMETFIRTFRUIRYZE SREFIAR . MSE(RR), RA2(RR)
ZRUEFR— TR :

0.2(1 — Mape) + 0.8 * Accuracys
Ape(tEXHIRE):

Ape — 19—yl

Mape((FHIEHRE) :
Mape = i in:A €;
pPE — m — DE;

Accuracys (5% /EHER)

count(Ape < 0.05)

Accuracys =
count(total)

index_num = Ys.shape[1]
index_name = ["f845A", "fRARB", "fEbrC", "fEARD"]
index_colors = ["red", "lightpink", "darkorange", "khaki", "green", "lightgreen", "blue", "lightblue"]

data_to_predict = np.array(
[[1404.89,859.77,52.75,96.87,46.61,22.91, ],
[1151.75,859.77,52.75,96.87,46.61,22.91, 1,1,

th = 0.1 # n fEm%E
con = 0.2 # HEFMFRKIAE

def run_model(model name, model, X=X, Ys=Ys, index_num=index_num):
:param model name:
:param model:
:param X:
:param Ys:
:param index_num:
:return: [yhats]
BAA s ml B (BBKRZ! KR! D, FEATCITIFZCHIE XK ing XAERT, EFMKER



data = []
yhats = []
print(model_name, ":\n")
for i in range(index_num):
Y = Ys.iloc[:, i]
xtrain, xtest, ytrain, ytest = train_test_split(np.array(X),
np.array(Y),
test_size=0.3,
random_state=24,
shuffle=True)

model.fit(xtrain, ytrain) # todo %l 4:4E
yhat = model.predict(xtest) # todo T illillix &
yhats.append(yhat)

acc = predict_accuracy(ytest, yhat, type=1, th=th, con=con) # todo iFif5hr: [
print("accuracy:", acc)

print("MSE:", MSE(yhat, ytest), "MAE:", MAE(yhat, ytest), end="")

print("R2:", model.score(xtest, ytest))

print("FM 5% . ", model.predict(data_to_predict))# todo il

# todo |
Yhat = model.predict(X)
data.append(go.Scatter(
x=data_partl.iloc[:, @], y=Y,
name=index_name[i] + "-E SZ{H",
line=dict(color=index_colors[i * 2 + 1], width=1.5)),
)
data.append(go.Scatter(
x=data_partl.iloc[:, @], y=Yhat,
name=index_name[i] + "-FiIE",
line=dict(color=index_colors[i * 2], width=1.5)),

)

# todo 1 . 7K

cols = str(Y.name)

Yhat = pd.DataFrame(Yhat)

Y.index = [i for i in range(len(Y))]
Y_data = pd.concat([Y, Yhat], axis=1)

e

Y_data.columns = ["ES{H", "THMI{E"]

Y_data.figure(
kind="spread',
color=[index_colors[i * 2 + 1], index_colors[i * 2]],
title="#£T' + model name + 'fJ' + cols + 'TFRMIFAL",



).write_image('./img/[1-%F"' + model name + '[J' + cols + 'R .svg")
Y_data.iplot(
kind="spread',
color=[index_colors[i * 2], index_colors[i * 2 + 1]],
title="2£T' + model name + '[J' + cols + 'TRIMELA ",
)
print()
fig = go.Figure(data=data, )

annotations = []

annotations.append(dict(
x=0.5, y=-0.1,
xref="paper', yref='paper',
xanchor="center', yanchor="top',
text="H[A]",
font=dict(size=16),
showarrow=False,

))

fig.update_layout(
title="J£F' + model_name + 'HIF5Hr RIS ",
annotations=annotations,
template="plotly white",

)
fig.write_image('./img/I1-FE T ' + model_name + '[85 A5 FIMIBLA . svg")
fig.show()

return pd.DataFrame(yhats, index=index_name).T

1. EFRZ4E

from sklearn.linear_model import Ridge, Lasso
from sklearn.linear_model import LinearRegression as LR
from sklearn.preprocessing import PolynomialFeatures as PF

models name = [
REIE A A= R
"
"LassolH 9",

1

models_1r = [
LR(),
Ridge(),
Lasso(),



# HILANLMERIAER, 2K 2 ud B HRL, SEHZ &R, R ARE A A2t B A, HEE R gl BT
for i, model in enumerate(models 1lr[:1]):

yhats = run_model(models_name[i], model, )

plot_ScatterMatrix_Heatmap(yhats, 'ZuZkERIEATNFEFR ", save=True, )

ZoEm A

accuracy: 0.9933993277750093
MSE: 0.7214922798902208 MAE: 0.659732866837919R2: 0.15580124573991982
TR 45 [79.93302491 80.01132231]

ETZIoeEmFRIEIRA (index AT
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accuracy: 0.9601720347576297
MSE: 1.461767179606714 MAE: ©.9924382514846984R2: -0.007219919256046037
TR £ H . [23.14516619 23.21650179]
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accuracy: 0.9404482570195457
MSE: ©.5177133139285613 MAE: 0.5903599831961389R2: 0.3569966156331418
T 45 9. [11.44534955 11.94535264]



BETZ &t RIFa9ERC (index C)FRNIAREY
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accuracy: 0.7964462701774956
MSE: 8.601332760132534 MAE: 2.1541856787566176R2: -0.18184282676575125
Tt F . [17.08368153 16.93674994]
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3. fEEFARBHARA

In [17]: from sklearn.ensemble import RandomForestRegressor as RFR

models_name = ["FHALARM"]
model rf = [RFR(criterion='mae', n_estimators=100, random_state=0)] # mse, friedman_mse, mae
for i, model in enumerate(model rf):

yhats = run_model(models name[i], model, )

plot_ScatterMatrix_Heatmap(yhats, "BEHLAM TN FEFR", save=True)



BENLARAR -

accuracy: 0.9936863938529878

MSE: 0.59893996802819 MAE: 0.6300183098591678R2: 0.29919641695555765

M 4E5H . [80.2802 79.8394]

ETBEHARMAYEIRA (index A)FRUEEY
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ETFBEHARMAYEIRB (index B)FRMIEEY
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accuracy: 0.9522306768703401
MSE: 0.37306115862676203 MAE: 0.4569781690140852R2: 0.5366555560401716
45 . [11.1525 11.8824]
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accuracy: 0.8050684225666819

MSE: 6.8053048117605455 MAE: 1.9620140845070406R2: 0.0649355280134839
T 4E 5. [18.7921 15.8917]
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5. XGBoost

from xgboost import XGBRegressor, XGBRFRegressor

models xgb = [
XGBRegressor(n_estimators=100, random_state=9),
XGBRFRegressor(n_estimators=100, random_state=0),

]

for model in models_xgb[1:]:
yhats = run_model("XGBoost", model, )
plot_ScatterMatrix_Heatmap(yhats, "XGBoostJiill4545", save=True)



XGBoost :

accuracy: 0.9935959076028595
MSE: 0.6472435946370513 MAE: 0.6394866986341877R2: 0.24267763976829615
T4 % :  [80.081894 79.78574 ]

EHTXGBoostHYEIRA (index A)FTAEREY
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accuracy: 0.962710125391463
MSE: 1.3158893486253935 MAE: 0.9193643843959755R2: 0.09329612679568178
45 5H . [23.201012 23.594017]



HETFXGBoostfJgHRB (index B)FliltERY

26
25

2

~

2

w

22

Ao \/V

\V

: 0l A A VA,
\ \ﬁM\\/\/\VAVA\/m W/ /\vj[ \/P /\ | [ V\/\/ \\ Y| m MW

accuracy: 0.9535673409840772
MSE: ©.40311010268843317 MAE: 0.47935484496640496R2: 0.49933456736076687
T 45 9. [11.328869 11.941339]
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FELITARET, BPETIE, AutoGluonkdiTE, BHEAK, FEATEXE-HER HEARENET BACTHeEE

4. BP 12 /2%

B TzBW %% hmz XN E

dr

hidden_num = [8, 16, 32, 64, 128, 64, 32, 16, 8, 4]
epoch = 1000
optimizer = 'adam'



def run_BP(X=X, Ys=Ys, index_num=index_num):

H OB R R B OB R

data_to_predict = np.array(
[[1404.89, 859.77, 52.75, 96.87, 46.61, 22.91, ],
[1151.75, 859.77, 52.75, 96.87, 46.61, 22.91, ],
1,

)
data_to_predict = np.array(

[[1404.89,859.77,52.75,96.87,46.61,22.91, ],
[1151.75,859.77,52.75,96.87,46.61,22.91, ],
[1173.63, 813.92, 49.24, 90.38, 46.13, 28.16, ],
[854.55, 767.64, 49.24, 90.38, 46.13, 28.16, ],

1,

) # WARES, iR EWIEAT S R R, AT AR, R AT T S5 SRR ET Cpytorchif] —
data = []
print("BPHZM L. ")
for i in range(index_num):
Y = Ys.iloc[:, 1i]
xtrain, xtest, ytrain, ytest = train_test_split(
np.array(X, dtype=float), np.array(Y, dtype=float),
test_size=0.3,
random_state=10,
shuffle=True,

)

bp = BP(
X.shape[1], hidden_num, 1,
epoch=epoch,
optimizer=optimizer,
normalization=True

)

bp.train(xtrain, ytrain)

y_pre = bp.predict(xtest).cpu().detach().numpy()

acc = predict_accuracy(ytest[:, None], y pre, type=1) # [1]l]

print("accuracy:", acc)

print("TM 4 F: ", bp.predict(data_to_predict))
print(mean_squared_error(y_true=ytest[:, None], y_ pred=y pre))
print("MSE:", MSE(yhat, ytest), "MAE:", MAE(yhat, ytest), end="")
print("R2:", model.score(xtest, ytest))

# todo 1K
Yhat = bp.predict(np.array(X, dtype=float)).cpu().detach().numpy()
data.append(go.Scatter(

x=data_partl.iloc[:, 0], y=Y,

name=index_name[i] + "-FESZ{H",

line=dict(color=index_colors[i * 2 + 1], width=1.5)),

5

ar A P bug? )



data.append(go.Scatter(
x=data_partl.iloc[:, @], y=np.squeeze(Yhat),
name=index_name[i] + "-TillfE ",
line=dict(color=index_colors[i * 2], width=1.5)),

)

# todo H . 7R
cols = str(Y.name)
Yhat = pd.DataFrame(Yhat)
Y.index = [i for i in range(len(Y))]
Y_data = pd.concat([Y, Yhat], axis=1)
Y_data.columns = ["ESAE", "FMI{E"]
Y_data.figure(
kind="spread',
color=[index_colors[i * 2 + 1], index_colors[i * 2]],
title="J& T BPHIZ W 45 1 F8 A5 TR —" + cols,
).write_image('./img/ o] fi1-JE T BPH A4 " + cols + 'l A .svg')
Y_data.iplot(
kind="spread',
color=[index_colors[i * 2 + 1], index_colors[i * 2]],
title="2& T BPHI £ P 4% 1 Fr AL A —" + cols,

fig = go.Figure(data=data)

annotations = []

annotations.append(dict(
x=0.5, y=-0.1,
xref="'paper', yref='paper',
xanchor="center', yanchor="top"',
text="MF[E",
font=dict(size=16),
showarrow=False,

))

fig.update_layout(
title="5E T BPH 4 X 2% () 15 b5 TR B AL *
annotations=annotations,

)
fig.write_image('./img/ v i 1-FE T BPH L N 2% [ F8 bR T A AL . svg')
fig.show()

return None

run_BP()



BRI 45 ) 25 .

Layer (type) Output Shape Param #
Linear-1 [64, 8] 56
Linear-2 [64, 8] 56

RelU-3 [64, 8] 0
ReLU-4 [64, 8] 0
Linear-5 [64, 16] 144
ReLU-6 [64, 16] 0
ReLU-7 [64, 16] 0
Linear-8 [64, 32] 544
ReLU-9 [64, 32] 0
ReLU-10 [64, 32] 0
Linear-11 [64, 64] 2,112
ReLU-12 [64, 64] 0
RelU-13 [64, 64] 0
Linear-14 [64, 128] 8,320
RelLU-15 [64, 128] 0
ReLU-16 [64, 128] 0
Linear-17 [64, 64] 8,256
ReLU-18 [64, 64] 0
ReLU-19 [64, 64] 0
Linear-20 [64, 32] 2,080
RelLU-21 [64, 32] 0
RelLU-22 [64, 32] 0
Linear-23 [64, 16] 528
ReLU-24 [64, 16] 0
ReLU-25 [64, 16] 0
Linear-26 [64, 8] 136
ReLU-27 [64, 8] 0
ReLU-28 [64, 8] 0
Linear-29 [64, 4] 36
ReLU-30 (64, 4] 0
ReLU-31 (64, 4] 0
Linear-32 [64, 1] 5
Linear-33 [64, 1] 5

Total params: 22,278

Trainable params: 22,278
Non-trainable params: ©

Input size (MB): 0.00
Forward/backward pass size (MB): ©0.55
Params size (MB): 0.08



Estimated Total Size (MB): 0.64

epoch: 999, train loss: 1.02, eval loss: 0.8: 100% ||| 1¢000/1000 [00:18<00:00, 54.28it/s]

accuracy: 0.9979631841916573
W4 R:  tensor([[nan],
[nan]], device='cuda:0', grad_fn=<AddmmBackwardo>)

EHTBPHEMEHiERRE ——fEiRA (index A)
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Linear-1 [64, 8] 56
Linear-2 [64, 8] 56
ReLU-3 [64, 8] 0
RelLU-4 [64, 8] 0
Linear-5 [64, 16] 144
RelLU-6 [64, 16] 0
RelLU-7 [64, 16] 0
Linear-8 [64, 32] 544
ReLU-9 [64, 32] 0
RelLU-10 [64, 32] 0
Linear-11 [64, 64] 2,112
RelLU-12 [64, 64] 0
RelLU-13 [64, 64] 0
Linear-14 [64, 128] 8,320
RelLU-15 [64, 128] 0
RelLU-16 [64, 128] 0
Linear-17 [64, 64] 8,256
RelLU-18 [64, 64] 0
RelLU-19 [64, 64] 0
Linear-20 [64, 32] 2,080
RelLU-21 [64, 32] 0
RelLU-22 [64, 32] 0
Linear-23 [64, 16] 528
RelLU-24 [64, 16] 0
RelU-25 [64, 16] 0
Linear-26 [64, 8] 136
RelLU-27 [64, 8] 0
RelLU-28 [64, 8] 0
Linear-29 [64, 4] 36
RelLU-30 [64, 4] 0
RelLU-31 [64, 4] 0
Linear-32 [64, 1] 5
Linear-33 [64, 1] 5

Total params: 22,278

Trainable params: 22,278
Non-trainable params: ©

Input size (MB): 0.00
Forward/backward pass size (MB): 0.55
Params size (MB): ©.08

Estimated Total Size (MB): 0.64



epoch: 999, train loss: 1.77, eval loss: 1.02: 1ee¢% || IENNEEEGEGEGEEEEEEEE | 1¢000/1000 [00:17<00:00, 56.06it/s]

accuracy: 0.7446468846079601
M4 . tensor([[nan],
[nan]], device='cuda:0', grad_fn=<AddmmBackwardo>)

BT BPHEZMESASIrFuUARE. ——f845B (index B)
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Linear-1 [64, 8] 56
Linear-2 [64, 8] 56
ReLU-3 [64, 8] 0
RelLU-4 [64, 8] 0
Linear-5 [64, 16] 144
RelLU-6 [64, 16] )
RelLU-7 [64, 16] 0
Linear-8 [64, 32] 544
ReLU-9 [64, 32] 0
RelLU-10 [64, 32] 0
Linear-11 [64, 64] 2,112
RelLU-12 [64, 64] 0
RelLU-13 [64, 64] 0
Linear-14 [64, 128] 8,320
ReLU-15 [64, 128] 0
RelLU-16 [64, 128] 0
Linear-17 [64, 64] 8,256
RelLU-18 [64, 64] 0
RelLU-19 [64, 64] 0
Linear-20 [64, 32] 2,080
RelLU-21 [64, 32] 0
RelLU-22 [64, 32] 0
Linear-23 [64, 16] 528
RelLU-24 [64, 16] 0
RelU-25 [64, 16] 0
Linear-26 [64, 8] 136
RelLU-27 [64, 8] 0
RelLU-28 [64, 8] 0
Linear-29 [64, 4] 36
RelLU-30 [64, 4] 0
RelLU-31 [64, 4] 0
Linear-32 [64, 1] 5
Linear-33 [64, 1] 5

Total params: 22,278

Trainable params: 22,278
Non-trainable params: ©

Input size (MB): 0.00
Forward/backward pass size (MB): 0.55
Params size (MB): ©.08

Estimated Total Size (MB): 0.64



epoch: 999, train loss: 0.8, eval loss: 0.35: 1o0% ||| 1¢0¢0/1000 [00:17<00:00, 57.25it/s]

accuracy: 0.7549239537369776
M4 ®E:  tensor([[nan],
[nan]], device='cuda:0', grad_fn=<AddmmBackwardo>)

BT BPHEZMESAISIRFRURE ——F84RC (index C)
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Linear-1 [64, 8] 56
Linear-2 [64, 8] 56
ReLU-3 [64, 8] 0
RelLU-4 [64, 8] 0
Linear-5 [64, 16] 144
RelLU-6 [64, 16] 0
RelLU-7 [64, 16] 0
Linear-8 [64, 32] 544
ReLU-9 [64, 32] 0
RelLU-10 [64, 32] 0
Linear-11 [64, 64] 2,112
RelLU-12 [64, 64] 0
RelLU-13 [64, 64] 0
Linear-14 [64, 128] 8,320
RelLU-15 [64, 128] 0
RelLU-16 [64, 128] 0
Linear-17 [64, 64] 8,256
RelLU-18 [64, 64] 0
RelLU-19 [64, 64] 0
Linear-20 [64, 32] 2,080
RelLU-21 [64, 32] 0
RelLU-22 [64, 32] 0
Linear-23 [64, 16] 528
RelLU-24 [64, 16] 0
RelU-25 [64, 16] 0
Linear-26 [64, 8] 136
RelLU-27 [64, 8] 0
RelLU-28 [64, 8] 0
Linear-29 [64, 4] 36
RelLU-30 [64, 4] 0
RelLU-31 [64, 4] 0
Linear-32 [64, 1] 5
Linear-33 [64, 1] 5

Total params: 22,278

Trainable params: 22,278
Non-trainable params: ©

Input size (MB): 0.00
Forward/backward pass size (MB): 0.55
Params size (MB): 0.08

Estimated Total Size (MB): 0.64



epoch: 999, train loss: 10.49, eval loss: 4.84: 100% ||| 1¢000/1000 [00:17<00:00, 58.64it/s]

accuracy: 0.3764500507401932
M4 . tensor([[nan],
[nan]], device='cuda:0', grad_fn=<AddmmBackwardo>)

BT BPHEEMESAIEIRFRUARE — —1845D (index D)
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6. AutoGluon
R TZ B RLEE autogluon IXNE (BB pytorch ZKEf)

SEPAEINETT! SLBIEITRIE, 2k, BUEER, ARETRIE

# import autogluon
# from autogluon.tabular import TabularDataset, TabularPredictor

# cols = Llist(X.columns) + Llist(Ys.columns)
# test _data = pd.DataFrame(
# np.concatenate((data_to_predict, np.array([[©,0,0,0], [0,0,0,0]])), axis=1),

—_ / \ P —



# columns=cols,
# ) # test _data

# for 1 in range(index_num):

# print(index_name[1i])

# Y = Ys.iloc[:, 1]

# xtrain, xtest, ytrain, ytest = train_test split(X, Y, test size=0.3, random_state=10, shuffle=True)
# L = range(len(xtrain))

# xtrain = pd.DataFrame(xtrain, index=L)

# ytrain = pd.DataFrame(ytrain, index=L)

# train_data = pd.concat([xtrain, ytrain], axis=1)

# predictor = TabularPredictor(label=pd.DataFrame(ytrain).columns[@]).fit(

# train_data,

# auto_stack=True,

# verbosity=2,

# )

# Leaderboard = predictor.leaderboard(test_data)

# results = predictor.fit_summary() # display detailed summary of fit() process
# print(pd.DataFrame(lLeaderboard))

# y_pred = predictor.predict(test_data)

# print("Predictions: \n", y pred)

# acc = predict_accuracy(ytest, y pred, type=1) # [A|/4

# print("accuracy:", acc)

# print(mean_squared_error(y_true=ytest, y pred=y pred))

# perf = predictor.evaluate _predictions(y_true=y test, y pred=y pred, auxiliary_metrics=True)
# # todo T

## print("FM4ER: ", model.predict(data_to predict))



