JlaGopaTopnoe 3ansaTue 14. Kpocc Banuaanus B BpeMEHHBIX psIax, TMHEHHBIE MOJCIH. (C TIOMOIIBIO
HEHpHHBIX ceTeit)l

15-3epTxanaJbIk cabak. 15-3epTxananbik cabak. YakpITKa OaillaHBICTBI KaTapiapaa Kpocc Balluaanus,
CBI3BIKTBI MOJIeIbaAep(Helpo ke kemeriMeH) 15-3epTxanaibik cabak. YakpITKa OaiylaHBICTBI KaTapiap/a
KpOCC BajinJanus, CbISbIKThBI MOJCIbACH

Python >xone Anaconda na meican. Ci3 3 gepekTep KOpbIHA )KacaHbI3!

ITpumep na Python u Anaconde. Hmwxke npuBenen npumep. Kakaplii 10KeH caeaath A CBOETO JaTacera.
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In [1] N ¥sotpictlib inline
lmport nuwpy as ng

from keras import vodels
from keras import leyers

from keras.datasets Lwport boston_howsing
1mpart satplotlib.pyplot as plt

Using TensorFlow backend,

In [2]: M (train_dots, train_tergets), (test_cats, test_targets) = boston_howsing,losd_datal)

Downlonding data from hTtps://s3_asrazonsi.cos/keras-datosets/boston_housing.np:
57388/57026 [ “ ] - 1s l8us/step

In [3) M crais_cdata.shape

out[3i]: (404, 13)

in (4] M test_data.shepe

Gutis] . (182, 13)
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In {5]: M train_targets

Dut{S] aevey(] 15.2, 42.8, Se. , 21,1, 17.7, 8.5, 11.8, 156, 158,
14,4, 12.1, 17.9, 23.1, 19.9, 15.7, 8.8, %@, , 22.5,
24.1, 27.5, 18.9, 38.8, 32.5, 24., 18.5, 13.3, 22.9, ¢
34.7, 16.6, 1.5, 22.3, 1.1, 14.9, 23.1, 4.9, 25, ,
13.9, 13.31, 2.4, 28., 15.2, 4.7, 22.2, 16.7, 12.7,
15,6, 18.4, 23, , 38.1, 15.3, 1.7, 9.6, 3.5, 2.8,
19.4, 22, 4.5, 11., 32, 29.4, 28.3, 24.4, 14.5,
19.5, 14.1, 14.3, 15.6, 18.5, 6.3, 19.3, 1.3, 13.4,
36,4, 17.%, 13.5, 16,5, &.3, 4.3, 10, , 1).4, 28,6,
43,8, 2.3, 22., 3., 0.7, 13.5, &85, 4.6, 1).4,
23.7, %9., 2i.7, 39.8, 3.7, 22.2, 34.9, 2.5, 3.1,
28.7, 46., 4.7, 21., 26.6, 15. , 24.4, 13.3, 2.2,
11.7, 21.7, 19.4, S8. , 21.8, 19.7, 3.7, 3.2, 14.2,
18.9, 1B.3, 20.6, 24.6, 1.2, 8.7, 44. , 18.4, 13.2,
2.2, 7., 9.7, 229, W, , 19.3, 3.7, 3}2., 2.1,
18,8, 10.9, 50, , 18.6, 5., 34.4, 19.8, 13.3, 19.0,
23.9, 24.5, 25., 19.9, 17.2, 24.6, 13.5, 26.6, 21.4,
1.9, 22.5, 19.6, 8.5, 23.7, 23.1, 22.4, 8.5, 23.6,
18.4, 3%.2, 23,1, 27.9, 0.6, 0.7, 28, , 1), 27.1,
25.6, 0.6, 8.2, 21.7, 17.3, 8.4, 25.3, 1.8, 2.2,
18.4, 20.7, 31.6, 38.5, 20.3, 8.8, 19.2, 1%.4, 23.1,
23, , 14.8, 48,8, 22.5, 3.4, 2.1, 13.6, 2.2, 13.1,
23.4, 189, 29,9, 11.8, 2.3, 22.8, 10.6, 16.7, 13.4,
22.2. 0.4, 21.8. 26.4. 14.5. 24.1. 23.8. 12.3. 29.1.
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23,0, M., WE, 1./, 101, .8, 5.9, 138, .2, s

W, M7, 3.6, W, W3, S, 192, 194, 3.0,

5., 148, 488, 2.8, 354, 213, 136, 3.2, 101,

204, 189, 259, 118, 3.3, 1.8, 196, 167, 134,

2.3, W4, .8, ¥4, W9, M1, 18, 13,3 ¥.5,

n,, 195, N3, 1.8, 7.6, 1.5 NI, 9.5, %,

35.4, M5, 1.4, 4.3, 0.5, 351, 162, 233, 4.3,

s, e, 131, 1.7, 26, 15, 153, 105, M.,

18.5, 1.7, 0.5, 3.3, 1.2, 5, WL, 13,7, 2.3,

1.3, 119, 0.3, 17., W1, 9.5, 17.2, I3, 45.4,

7.6, 13,2, 29., ., 18, 17.4, 345, .1, 3.,

15,6, 4.3, 8.2, 2.2, N8, 2.F N, 262, 1.4,

7.9, 17.5, av., $.3, 1.9, B4, 1N, T2, 1.7,

ira, :m.e, S, 163, 0.4, 0.5, 1.3, 20.5 .4,

85, .3, 0.8 2.5 173 WF 62, K5 132,

3.3, N8, 0.7, 3.6, M8, 194, 128, 7.5 43,

5.8, 1.7, S0, %e., 19.5, 201, fe., 112, e,

19.3, &1,3, 0.4, D5, 1.8, .5 239, .6 HS,

B3, 16,9, M., BA, 6D, 1A 183, 187, 9.0,

0., W3, S, ., 2., 113, 16, W, 2.7,

0.8, 3.8, 279, S8, 19.3, 2%, 226, 152, 1.9,

19,2, .4, 0.3, 3.3, 9.9, 1.5, 1.7, W, 1.3,
., 15, 361, %3, 0.7, M7, 373, 2.6, 16.4,
2., M8, 221, 12.4, 381, 5.8, 105, 2.7, 1.8,
26.5, M7, 1.3, 18.4, 4.4, 23, , M., 178, 7.,
13,5, 24.4, 33.8, 19.4, 35.2, 19.4, 9.4, 20.1))

In (8]0 W mesn « train_deta sesn(axisen)
trein dets . mean
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In [€]: N meas « train_dats.mean{awis<8)
traln_data -= sesn

1t = train detased{eiz=s)
train_data /> 5td

test_dats -« meam
test_data /+ std

In [7]: M def bulls medell):

wadel » models Sequential( ||

nodel, sdd(Luyers.Oense(4s, petivation="rely’,
input_shape=(train_data.shepe[1], )))

wodel, addiLayers Dense(sd, activation="relu'))

wodel. add(Layers, Dense(l))

wodel, conpile{optinizers'resprop’, losss'mse’, matrics+['mae'])
return mogel

() Wa=4a
sus_val_sasples = lan(train dete) // &
TU_0poch « 296
#l1_mae_tistories » []
for i in range(k):
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print("FOLD v ", 1)

wval_data = train_data[i * num_val_samples: (i « 1) * num_val_sanples]
val_targets = train_tergets[{ * num_val_samples:
(i + 1) * num_val_samples]

partial_train_data = np.concatenate(

train_data[: i * num_val_sanples],
train_data[{i + 1) * nun_val_samples :]
). axis = @)
pertial_train_targets = np.concatenate(
(

train_targets{: i * num_val_samples],
train_targets[(i + 1) * nun_val_samples :]
1, axis - @)

medel = build _model()

history = model.fit(partial_train_data, partial _train_targets,
validation_data « (val_datas, val_targets),
epochs=nun_epoch, batch_sizesi, verbose=d)

mae_history = history.history{ 'val_pean_absolute_error’]
all_mae_histories.append(nae_history)
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In [9]: M average_mae_history = [np.mean([x[i] for x in all _mae_histories])
for i in range(num_epoch)]

In [18]: M plt.plot(rangs(l, len(average_mae_history) + 1), average mae_history)
plt.xlabel("Epochs”)
plt.ylabel('validatio mae')
plt.shouw()
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In [23): M plt.plot(range(l, len(average_mae_history[5@:1e2]) + 1), average_mae_history[S5e:1ea])
plt.xlabel("Epochs™)
plt.ylabel( 'vValidatio mae’)
plt.show()
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In [38]: M model « build_model()
model.fit(train data. train targets. batch size=14, epochs=68)
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In [18]: N model » build_rcdel()
model fit(train_data, train_targets, batch_size=16, epochs=63)
test_mse_score, test _mae_score » model.evaluate{test_data, test_targets)

— e 14 ~
ded /a8 | 1 - 1s Ins/step - loss: 587,7415 - wean_sbsolute_error: 28,5262
Epoch 2/68 l
apd/aes | ] - @s 517us/step - loss: 342.2839 - mean_absolute_error: 16,2195
Epoch 3/68
agd/aes | ] - @s 479us/step - loss: 168.4718 - mean_absolute_error: 18,2928
Epoch 4/68
qed/aed | ] - @s 696us/step - loss: §3.7542 - mean_absolute_error: 5.8373
Epoch $/68
qed/aes | ] - 9s Ins/step - loss: 37.2715 - mean_absolute_error: 4,4188
Epoch 6/68
aad/ae4 | ] - 95 856us/step - loss: 27.1480 - mean_absclute_error: 3.74458s - loss: 32.4682
- mean_absolute_error;
Epoch 7/68
and/aed | ] - 85 619us/step - loss: 22.0638 - mean_sbsolute_error: 3.3815
Epoch 8/68
and/ass | ] - @s 488us/step - loss: 19.2295 - mean_sbsolute_error: 3.88718s - loss: 22.6968
- mean_absolute_error:
Epoch 9/68
agd /484 | ] - @s 38dus/step - loss: 16.8524 - mean_sbsclute_error: 2.9179
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test_mie_scare, test_wae_scors = mocel evaluste(test_dets, test_targets) -
tpoch oo/68 2
40a/388 [ ] - @5 283us/step - loss: 6.5546 - mean_sbzolute_error: 1.7812
fpech 61/e8
d8a/48s [ ] -+ @3 225us/step - loss: 6.4769 - mean_absolute_error: 1.7566
Epoch 62/68
dea/80s | 1 « @4 22Bus/step - loss. 6.5839 - mman_absolute error: 18128
Epoch 63/58
Apasaes | T - 0 11%us/step - Joas: 6,410% - rman_sbsclute_error: 1,8810
Epoch 64/63
ana/aas [ ] - @ 116us/step - loss: 6,3400 - wman_sabsolute_error: 1,7825
Epoch 65/68
4gasaps [ ] - @35 116us/step - loss: 6.3868 - wepn_sbsolute_error: 1,749
Epech 66/64
484888 | ] + 85 116us/step « loss: 6.1693 - mean_sbdsolute_error: 1.7B35
fpech &7/c8
4847484 | 1 « @5 177us/step - loss: 6.2623 . wean_sbsolute srror: 1.7525
Epoch 68/68 '
Ava/a0a [ ] - 03 OBus/atep - losa: £.2577 - ewan_abrolute error: 1.7379
192/102 [ ] - @3 3ms/step

In [39)0 M test _sae _score ‘
Out[15]° 2,7761692229626226 l



