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How things work
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Heatmap of all features without correlation values
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Normalization of the data

Index model RMSE

y_norm_stand.|x standardized 608.2345998287

y_normalized|x normalized 1253.1543181558
y_standardized|x standardized 608.2345994032

666.6887056856 302.

y normalized|x standardized

unscaled 933,7910585497 480,

MAE

. 10456037466

. 8255659247

. 10456038949

9693430133

3372874785

loss epoch

[0.22293197 ©.22293197] 1233

[0.14080147 0.14080147] 2403
[0.22293197 ©.22293197] 1233
[0.03010081 0.03010081] 683

[871965.5 871965.5] 1770




Grid search :

— Batch grid -> 100;
—>Epochs -> 100-300;

For 0.2GB of data:

* 4 hidden layers ;

e 3 different values for neurons=[80,100,140];
e 3 active functions: ['tanh’, 'relu’, 'sigmoid’];
e 7380 combinations.

For the 16.5 GB of data:
e The best 40 combinations.



Best seven values for big data
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Nodes
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val MSE val MAE

0.2010177672

9.2095577121

1281408817 ©.2115080357

1311056316 @.2115254998

.1311052293 0.2145950049

1368201971 0.216223225

1300683618 0.2164411396

Loss MSE
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The best result was:

model.add(Dense(140, input dim=xi.shape[l],acti.= 'tanh’))
model.add(Dense(140, activation= 'tanh'))
model.add(Dense(140, activation= 'sigmoid’))
model.add(Dense(100, activation= 'sigmoid'))
model.add(Dense(yi.shape[1], activation='linear'))



Best result: -

Loss for the test set -> 0.5 -

0.10565873235464096
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Best result — RMSE for each Y

» 0.0003345270657832731 -> rho0
- 0.04336347443759167 -> E_sat

- 10.600287267671552 -> K_sat

. 177.2540943515378 -> J_sat

« 751.4311745041396 -> Z_sat

* 0.1893892718008142 -> E_sym

- 0.588633086364825m -> L_sym

* 16.33575380026284 -> K_sym

« 213.23232978902993 -> Q_sym

* 896.910902604915 -> Z_sym



Best result — RMSE for each Y

* 0.0003345270657832731 ->rho0
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RMSE/stdY;

RMSE divided by STD for each feature
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Conclusion

* | reached my goal but:

0O

* Cross validation;

* Improving the code to train the complete data set;
 Neural network is a stochastic method;

* Bigger grid search.



THANK YOU!
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How things work
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index rho@ E sat K _sat ] sat Z sat E_sym L_sym K_sym Q_sym Z sym

count 250000 250000 250000 250000 250000 250000 250000 250000 250000 250000
mean 0.155582.. -15.7990@.. 230.28416 643.32288 -213.432 31.945388 72.827376 -100.2744 252.7351.. -3@4.516..
std 9.0912228.. 0.669884.. 42.19845.. 711.5798.. 1964.828.. 4.234462.. 26.23837.. 182.265@.. 729.1679.. 1948.4360..
min 9.14 -16.7 170 -900 -3500 26 15 -400 -1200 -3500

25% 9.14 -16.1 200 60 -1500 29 51 -200 -171.429 -1785.714
50% 9.155 -15.5 230 -500 32 69 -100 514.286 -71.429
75% 9.17 -15.5 260 1500 35 87 e 857.143 1642.857

max 9.17 -14.9 290 2500 38 1200 2560
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Heatmap of half the features with correlation values

0.2 -0.21 -0.23 0.31 -0.33 -0.35 -0.37 -0.39 -0.41

= —l |
— — —

x from 0 to 25




Heatmap of half the features with correlation values
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