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© nodel["nl”] . get_params()

{'bootstrap’: True,
‘ccp_alpha’: 0.0,
‘criterion’: ‘mse’,
‘max_depth’ > None,
‘max_features’: Tauto’,
‘max_leaf_nodes’  Hone,

‘max_samples’ o Mone,

min_impurity_split > Mone,
‘min_samples_leaf 1,
min_gamples_split = 2,
‘min—weight _fraction_leaf :
‘neestimators’ : 100,
‘n_jobs’: Mone,
‘oob_score’ : False,
‘random_state’ © Mone,
‘verbose’ o 0O,

‘warm_start': Falsef

min_impurity_decrease’: 0.0,

RandomForestRegressor

sklearn.ensemble.RandomForestRegressor

n_estimators : int, default=100
The number of trees in the forest.

Changed in version 0.22: The default value of n_estimators changed from 10 to
100in 0.22.

criterion : {"squared_error”, “absolute_error”, "poisson"}, default="squared_error”
The function to measure the quality of a split. Supported criteria are “squared_error”
for the mean squared error, which is equal to variance reduction as feature selection
criterion, “absolute_error” for the mean absolute error, and “poisson” which uses
reduction in Poisson deviance to find splits. Training using “absolute_error” is
significantly slower than when using “squared_error”.

New in version 0.18: Mean Absolute Error (MAE) criterion.

New in version 1.0: Poisson criterion.

Deprecated since version 1.0: Criterion “mse” was deprecated in v1.0 and will be re-

moved in version 1.2. Use criterion="squared_error" which is equivalent.

Deprecated since version 1.0: Criterion “mae” was deprecated in v1.0 and will be re-

moved in version 1.2. Use criterion="absolute_error" which is equivalent.

max_depth : int, default=None
The maximum depth of the tree. If None, then nodes are expanded until all leaves
are pure or until all leaves contain less than min_samples_split samples.

min_samples_split : int or float, default=2
The minimum number of samples required to split an internal node:

e If int, then consider min_samples_split as the minimum number.
e [f float, then min_samples_split is a fraction and ceil(min_samples_split *
n_samples) are the minimum number of samples for each split.

Changed in version 0.18: Added float values for fractions.

min_samples_leaf : int or float, default=1
The minimum number of samples required to be at a leaf node. A split point at any
depth will only be considered if it leaves at least min_samples_leaf training samples
in each of the left and right branches. This may have the effect of smoothing the
model, especially in regression.

e [fint, then consider min_samples_leaf as the minimum number.
e |f float, then min_samples_leaf is a fraction and ceil(min_samples_leaf *

n_samples) are the minimum number of samples for each node.

Changed in version 0.18: Added float values for fractions.

https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestRegressor.html

min_weight_fraction_leaf : float, default=0.0
The minimum weighted fraction of the sum total of weights (of all the input samples)
required to be at a leaf node. Samples have equal weight when sample_weight is not
provided.

max_features : {“sqrt”, “log2", None}, int or float, default=1.0
The number of features to consider when looking for the best split:

If int, then consider max_features features at each split.

If float, then max_features is a fraction and round(max_features * n_features)

features are considered at each split.

If "auto”, then max_features=n_features.

If “sqrt”, then max_features=sqrt(n_features).

If “log2”, then max_features=1og2(n_features).

If None or 1.0, then max_features=n_features.

Note: The default of 1.0 is equivalent to bagged trees and more randomness can
be achieved by setting smaller values, e.g. 0.3.

Changed in version 1.1: The default of max_features changed from "auto" to 1.0.

Deprecated since version 1.1: The "auto™ option was deprecated in 1.1 and will be
removed in 1.3.

Note: the search for a split does not stop until at least one valid partition of the node
samples is found, even if it requires to effectively inspect more than max_features
features.

max_leaf_nodes : int, default=None
Grow trees with max_leaf_nodes in best-first fashion. Best nodes are defined as
relative reduction in impurity. If None then unlimited number of leaf nodes.

min_impurity_decrease : float, default=0.0
A node will be split if this split induces a decrease of the impurity greater than or
equal to this value.

The weighted impurity decrease equation is the following:

N_t / N * (impurity - N_t_R / N_t * right_impurity
- N_t_L / N_t * left_impurity)

where N is the total number of samples, N_t is the number of samples at the current
node, N_t_L is the number of samples in the left child, and N_t_R is the number of
samples in the right child.

N, N_t, N_t_R and N_t_L all refer to the weighted sum, if sample_weight is passed.

New in version 0.19.

bootstrap : bool, default=True
Whether bootstrap samples are used when building trees. If False, the whole dataset
is used to build each tree.

oob_score : bool, default=False
Whether to use out-of-bag samples to estimate the generalization score. Only
available if bootstrap=True.

n_jobs : int, default=None
The number of jobs to run in parallel. fit, predict, decision_path and apply are all
parallelized over the trees. None means 1 unless in a joblib.parallel_backend
context. -1 means using all processors. See Glossary for more details.

random_state : int, RandomState instance or None, default=None
Controls both the randomness of the bootstrapping of the samples used when
building trees (if bootstrap=True) and the sampling of the features to consider when
looking for the best split at each node (if max_features < n_features). See Glossary
for details.

verbose : int, default=0
Controls the verbosity when fitting and predicting.

warm_start : bool, default=False
When set to True, reuse the solution of the previous call to fit and add more
estimators to the ensemble, otherwise, just fit a whole new forest. See the Glossary.

ccp_alpha : non-negative float, default=0.0
Complexity parameter used for Minimal Cost-Complexity Pruning. The subtree with
the largest cost complexity that is smaller than ccp_alpha will be chosen. By default,
no pruning is performed. See Minimal Cost-Complexity Pruning for details.

New in version 0.22.

max_samples : int or float, default=None
If bootstrap is True, the number of samples to draw from X to train each base
estimator.

* |f None (default), then draw X.shape[@] samples.

e [fint, then draw max_samples samples.

o If float, then draw max_samples * X.shape[6] samples. Thus, max_samples should
be in the interval (e.e, 1.0].

New in version 0.22.
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© nodel["nl”] . get_params()

{'bootstrap’: True,
‘ccp_alpha’: 0.0,
‘criterion’: ‘mse’,
‘max_depth’ > None,
‘max_features’: Tauto’,
‘max_leaf_nodes’  Hone,
‘max_gamples’ @ None,

‘min—impurity_decrease’ - 0.0,

‘min_impuritv_split’ : Mone,
‘min_samples_leaf - 1,
‘min_samples_split': 2,

‘min_weight _fraction_leaf : 0.0,

‘neestimators’ : 100,
‘n_jobs’: MNone,
‘oob_score’ : False,
‘random_state’ © Mone,
‘verbose’ o 0O,

‘warm_start': Falsef
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1 dts = model ["ml "] .estimators_
2 dts[0] . get _params()

{'cop_alpha’ o 0.0,

‘criterion’ @ ‘mse’,
‘max_depth’ - Mone,
"max_features’ - "auto’,

‘max_leaf_nodes’ © Hone,
‘min_impurity_decrease’ : 0.0,
‘min_impurity_split’: Hone,
‘min_samples_leaf - 1,
‘min_samples_split : 2,
‘min_weight_fraction_leaf - 0.0,
‘presort ' ‘deprecated’,
‘random_state’ : 600559336,
‘splitter’': 'hest'}

Decision Tree Regressor

sklearn.tree.DecisionTreeRegressor

ccp_alpha : non-negative float, default=0.0
Complexity parameter used for Minimal Cost-Complexity Pruning. The subtree with
the largest cost complexity that is smaller than ccp_alpha will be chosen. By default,
no pruning is performed. See Minimal Cost-Complexity Pruning for details.

criterion : {“squared_error”, > error”, “poi "}, default="squared _error”

The function to measure the quality of a split. Supported criteria are “squared_error”
for the mean squared error, which is equal to variance reduction as feature selection
criterion, “absolute_error” for the mean absolute error, and “poisson” which uses
reduction in Poisson deviance to find splits. Training using “absolute_error” is
significantly slower than when using “squared_error”.

max_depth : int, default=None
The maximum depth of the tree. If None, then nodes are expanded until all leaves
are pure or until all leaves contain less than min_samples_split samples.

max_features : {“sqrt”, “log2”, None}, int or float, default=1.0
The number of features to consider when looking for the best split:

o |f int, then consider max_features features at each split.
o |f float, then max_features is a fraction and round(max_features * n_features)
features are considered at each split.
e |f "auto”, then max_features=n_features.
o If “sqrt”, then max_features=sqrt(n_features).
e |f "log2”, then max_features=1og2(n_features).
e |f None or 1.0, then max_features=n_features.
max_leaf_nodes : int, default=None
Grow trees with max_leaf_nodes in best-first fashion. Best nodes are defined as
relative reduction in impurity. If None then unlimited number of leaf nodes.
min_impurity_decrease : float, default=0.0
A node will be split if this split induces a decrease of the impurity greater than or
equal to this value.

The weighted impurity decrease equation is the following:

N_t / N * (impurity - N_t_R / N_t * right_impurity
- N_t_L / N_t * left_impurity)

where N is the total number of samples, N_t is the number of samples at the current
node, N_t_L is the number of samples in the left child, and N_t_R is the number of
samples in the right child.

N, N_t, N_t_R and N_t_L all refer to the weighted sum, if sample_weight is passed.

https://scikit-learn.org/stable/modules/generated/sklearn.tree.DecisionTreeRegressor.html

min_samples_leaf : int or float, default=1
The minimum number of samples required to be at a leaf node. A split point at any
depth will only be considered if it leaves at least min_samples_leaf training samples
in each of the left and right branches. This may have the effect of smoothing the
model, especially in regression.

min_impurity_decrease : float, default=0.0
A node will be split if this split induces a decrease of the impurity greater than or
equal to this value.

The weighted impurity decrease equation is the following:

N_t / N * (impurity - N_t_R / N_t * right_impurity
- N_t_L / N_t * left_impurity)

where N is the total number of samples, N_t is the number of samples at the current
node, N_t_L is the number of samples in the left child, and N_t_Rr is the number of
samples in the right child.

N, N_t, N_t_R and N_t_L all refer to the weighted sum, if sample_weight is passed.

min_samples_split : int or float, default=2
The minimum number of samples required to split an internal node:

e |fint, then consider min_samples_split as the minimum number.
o |f float, then min_samples_split is a fraction and ceil(min_samples_split *
n_samples) are the minimum number of samples for each split.

min_weight_fraction_leaf : float, default=0.0
The minimum weighted fraction of the sum total of weights (of all the input samples)
required to be at a leaf node. Samples have equal weight when sample_weight is not
provided.

splitter : {“best”, “random"}, default="best"
The strategy used to choose the split at each node. Supported strategies are “best”
to choose the best split and “random” to choose the best random split.
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« pandas DataFrame &t : pd.DataFrame.from_dict(gscv.cv_results_

° 1 izpert pandas as pd

2

3 pd.DetaFrame. from_diot(gsov.ov_resulta_)
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0015798

0.028317

mean_fit_time otd_fit_time mean_scorc_time atd_acore_time

0.001500

0.002854

0.003183

0.001262

0.000327

0.001983

0.001172

0.000265

0.000150

0.002455

auto

auto

auto

auto

auto

o0g2

og2

og2

og2

og2

param_ml__max_depth param ml__max_featurca parem_ml__min_samolca_leaf

wa

paran_ml__n_cotimators param_ml__randem_atatc

100

200

100

200

200

100

200

parama  aplit0_teat_score apliti_teat_scorc

['ml_max_depth"

'm\_ﬁ'\a-:_f&atl.res";

‘auto...

{'ml_max_depth”:
3,

'm\_T\a-:_fEatL,res'?

‘auto...

{'ml_max_depth":
3

'm\_'na-'_fsatl_res"'

‘auto

{'ml_max_depth"
3

'm\_m-._featues':

‘auto...

{'ml_max_depth"
3,

'm\_ﬁ'\a-:_f&atl.res";

‘auto...

{'ml_max_depth"

10,
*mi_max_features’:
log...
{'ml_max_depth"
10,
‘mil__max_features:
log...
{'ml_max_depth™
10,
*ml_max_features™:
log...
{'ml_max_depth™
10,
ml_may_features:
log...
{'ml_max_depth":
10,

“mi_ma_features

log.

0.830658

0.830792

0830351

0.830641

0.830895

0.831171

0.850902

0.814565

0.818372

0.815921

0.859541

0.857788

0.858731

0.861055

0.858942

0.857215

0.856753

0.849854

0.850330

0.852626

W e

= -

aolit2_teat_acore oplitd_teat_soore aplitd_teat_score mean_tcat_ssorc atd_teat_socore

0.540650

0340564

0840332

0540341

0840016

o
im
o
=5
wn
o

0837812

0.833066

0837381

0.539299

0902325

0200624

0902982

0.595255

0.598560

0599429

0901456

0.591985

0393609

0593178

0825754

0.825572

(826142

0.825404

0.825328

0823291

0.824852

0825176

0824814

0823931

0.851791

0851128

0.851708

0.851339

0.850828

0.8500352

0.842929

0844901

0.844991

0.027791

027212

0027991

0.026679

0.026635

0026927

0.02768%

0.027093

0.026705

0027208

T



best result

train

valid

6000
* best hyperparamters : gscv.best_params_ oo o i e
5000
* best score: gscv.best_score_ S 4s00- )%
g * ol
© 4000~ ”.'.""
@ 1 vopredtrain = gscv.pr 39007 :‘8. °
¢ vpredval = gscv.pred 300 e R2 = 0.980 ¢ R2 = 0.859
o | # best hvperparaneters 3 fig = get_paritviv tra RMSE = 110.587 RMSE = 319.476
E Dl’il'lt [QS':'-.-' bESt parans :| 30I00 40I00 50I00 60I00 30I00 4()'00 50|00 60I00
T ' - - true true
6000 -
4 & best score
5 print (gscy. best _score_) 5500 7 . ] °% °
.
. . . . 5000 - -
{'ml__max_depth’: 5, 'ml__max_features": = ) J °
0, 8599785309353264 7 T 45001 7 o
0 ° ®
2 4000~ - > <
°
3500 - 4
°9 °
3000 R2 = 0.918 | - R2 = 0.872
RMSE = 226.426 RMSE = 304.953
| I | | I I | |
3000 4000 5000 6000 3000 4000 5000 6000
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max_features : {"sqrt”, “log2”, None}, int or float, default=1.0
The number of features to consider when looking for the best split:

If int, then consider max_features features at each split.

If float, then max_features is a fraction and round(max_features * n_features)

features are considered at each split.
If “auto”, then max_features=n_features.

If “sqrt”, then max_features=sqrt(n_features).
If “log2”, then max_features=log2(n_features).
If None or 1.0, then max_features=n_features.

| fron sklearn.nodel selection import RandonizedSearchCy

Z import scipy.stats as stats
i
4 # paraneter distribution
n_estimators": stats.randint{100, 3000, |# [100, 200, 3007
, 10, #[3, 5. 101,
' 100, #0135, 7,10
# [Mauto”, "sart", "log2"]

B

.
B
g

5 parans = {"ml

|

"ml__max_depth": stats.randint(3
andint(

"ml__min_samples_leaf":
"ml__max_fea stats.uniform(0, 1)

11 # RandomizedsearchCY Pipeline 244

12 model = get_model (method="rf", random_state=0)
13 racy = HandamizedSearchCﬂ(m@del, param_distributions=parans, # param_grid

14

15
16
17 # RandomizedSearchCy =HS & =HS Al

# number of HY sampling

n_rter=ayl,
scoring="r2", refit="r2")

18 tine_start = time,timel]
19 recy. fit(¥_train, v_train)

20 time_end = time.timel)
21 print(f"# running tine: {tine_end-time_start: 2f} sec. ")
# running time

D 213.78 sec

#running time: 37.79 =ec.




Random Search

=1 o)
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rscv.cv_results

A4

« pandas DataFrame B2t : pd.DataFrame.from_dict(rscv.cv_results_

1 pd.DatsFrame. iro

20
21
22
23
24
25
26
27
28
29

o ov_reaul te_j

mean_fit_time std fit_time meen_score_time =td_score_time

03071

0320138

0314544

0.214605
0333530
0.248621
0.25

023

0303638
0.239474

0165282

0.20
0121128
0149364
0.292316

234585
0.250603
0125854
0.134393

127540
0.309042
0.291293
0.160305
0188012
0162337

0.249217

0.240614

0.063458

0.005921

0.008268
0.

03
0.132293
0.03%592
0.038763
0.003359
0.005510
0.006199
0.005819
0.003754
0.001331
0.003235
0.002196

0.005118

0.005093

0.0

2455

0.002828

0.002910

0.004166

0.004104

0.004180

0.005063
0002033
0.003025
0.000469
0.002473
0.001446
0001515
0.000633
0.001196
0.001071
0.002803
0002846
0.000767
0002200
0.000603

0.000554
0.001750
0.002756
0.000509
0000162
0.001151
0.000863
0.001028
0000437
0001337
0.000265
0.000516
0.000092
0.002411

0.000645

parem_nl__max_depth

paran_ml__mex_features paran_ml__min_sanoles_leaf

0.256242

058526

0.060471

0688177

0.792562

058336

0.292448

0.096554

0.468903

0550378

0.298685

0143846

peran_nl__n_eetimators

265
280

264

o
o

269

264

@

131

15!

o

226

210
155

{ml_max_depth"

{ml_max_depth"

{ml_max_depth” 7.

{ml_max_depth"
{ml_max_depth"
{ml_max_depth"
{ml_max_depth"
{ml_max_depth"
{ml_max_depth"
{ml_max_depth"
{ml_max_depth"

{ml_max_depth"

w

w

w

{ml_max_depth” 7.

{ml_max_depth"

w

{ml_max_depth” 7.

{ml_max_depth"

{ml_max_depth” 7.

{ml_max_depth"
{ml_max_depth"
{ml_max_depth"
{ml_max_depth"
{ml_max_depth"
{ml_max_depth"
{ml_max_depth"
{ml_max_depth"
{ml_max_depth"

{ml_max_depth"

w

-

wmoomn

w

{ml_max_depth’ 7.

{ml_max_depth"

{ml_max_depth’:

perems  splitl_test_score

‘ml_mao_features” 0.2

‘'ml_max_features”

‘ml_max_featur

‘ml_ma_featurss” 0.

‘ml_max_featurss

‘ml_max_featur:

‘ml_max_featurss” 0.

‘'ml_max_features”

‘ml_max_featurss”
‘ml_max_featurss 0.

‘ml_max_featurss”

‘ml_max_featur:

‘ml_max_featurss”

'ml_max_features
‘ml_max_featur

‘ml_mao_features

‘ml_max_featurss”

‘ml_max_featurss”

‘'ml_max_features”

‘'ml_max_features”

‘ml_max_featurss

‘ml_max_featurss” 0.
‘'ml_max_features”
‘ml_max_featurss”
‘'ml_max_features”

‘mi_max_featurss’ 0.

0.298...

0.143...

0.446...

0.833504

0838652

0834217

0.807
0823163
0835662
0833139
0830336
0824720
0850133

0839171

0.842983

0.833070
0827549
0.839563
0828373
0844125
0.834807
0835202
0837287
0809322
0837502
0838512
0.834991

081151

0.836763

0799851

apliti_teet_score
0.865727
0.870246
0.863795
0338728
0.858456
0.868469
0.860696

0362209

0867411

0.368208

0.869734

0.362688

0.859720

830
0867628
0.862934
0.830995
0.353606
0366122
0.865819
0.843755
0861549

0343618

eplit2_test_score eplitd_test_score

0.842250
0.833804
0.836356
0.844476

0.843638

0832133

0.843059
0.844336

0.842664

0.828050

0831374

0.828553

0.841308

0.8

0.829557
0.837356
0.834261
0.843%64
0.840656

0.836614

0.833644

08

0.910770

0.9135

0.90436%

0.893402
0.906500
0.904174
0.90115%
0.902147
0.901855
0.909934
0.912205
0.905230

0.901870

0.90¢
0.902131

0.902130

0.908057
09NMN7T
0.902315
0.907488
0913153

0.9147

0.90095%

0.889182

0.894726

0905198

0911733

0.898317

0.900751

0.888315

splitd_test_score
0.830120
0.830409
0828785
01441
0.823699
0.830157
0.826060
0827510
0821142
0.826240
0.836090
0829133
0824405

0831043

0.827528

0831221

0833591
0831047
0.827709
0.833272
0830163
0.823790
0.808323
0.828407
0827124
0827298
0821234
0829032

0813759

mean_teet_score

0.856474

0.858:
0.853504

0.839736

0.852092
0853285
0.853191
0.850967
0.850024
0.860511

0.859503

53051

0.854221

0854433

0.851003

0.853936

0.856884

0.850551

0.858501

0.857665

0.858346

0.853125

0234987

0.850591

0.852876

.

atd_teat_score
0.029860
0.02084%
0.028179
0.030245
0.020514
0.02934%
0.02669%
0.028482
0.029313
0.028595

0.028584

0. 2
0.028190
0.

0.027291

0.027934

0.029457

0.030926

0.028676

0.029333

0.031541

0.031004
0.027023
0.029325
0.024545

0.029767

0.031071

0.03021%

0.026064

0.030431

o e

rank_teat_gcors

)




Random Search

* best hyperparamters : rscv.best_params_

* best score : rscv.best score

| # best hyperparameters ©
? print(rscy. best _parans_)

3

4 # best score

B oprint{rscy. best_score_)

{'ml__max_depth': 8,
0. 8585201 579546955

‘ml__max_features': 0.16B35534

best result

train valid
6000 - -
.
°
5500 e | v
5000 - .
5 ]
S 4500 - e
$ 4000- - >y of e
& e e
°
3500 - 1 o 8
™ Vb
| y_pred_train = rscv.predict(¥_train 30007 °® RMSER=2 lzlg:ggg ] RMSER=2 ;lg:igg
2 v_pred_val = rscy. predict(¥_val) , , , , , , , ,
Jfia = get_parityly_train, v_val, v_ 3000 4000 5000 6000 3000 4000 5000 6000
true true
train valid
6000 - .
5500 - .:' ®
° ° e’ Of
5000 - .
c ‘ oo
o ®
‘= 4500+ ° . LA
T ® ®
w - - ™
2 4000 W o 8%
3500 - -
®
3000 R2 = 0.938 - R2 = 0.866
RMSE = 197.054 RMSE = 311.762
T T T T T T T T
3000 4000 5000 6000 3000 4000 5000 6000
true true
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Bayesian Search

« CHA :scikit-learnO]| 7|=0| 2. but, scikit-optimize & 2|5 2/0|E2{2| AE 7}

@.] Install User Guide APl Examples More ~ | |

scikit-optimize

Sequential model-based optimization in Python

* Sequential model-based optimization
* Built on NumPy, 5ciPy. and Scikit-Learn
* Open source, commercially usable - BSD license

Getting Started ~ What's New in 0.8.1  GitHub

BayesSearchCV Tuning Visualizing Comparing surrogate models

Tuning a scikit-learn estimator with skopt Visualizing optimization results Comparing surrogate models

Scikit-leam hyperparameter search wrapper.

Search for parameters of machine learning models
that result in best cross-validation performance o

Algorithms: EayesSearchCV
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Bayesian optimization

Bayesian optimization with skopt

Algorithms: gp_minimi
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Bayesian Search

e scikit-learn 2% Ho| S =

cv : int, cross-validation generator or an iterable, optional
Determines the cross-validation splitting strategy. Possible inputs for cv are:

* None, to use the default 3-fold cross validation,

| from skopt import BayesSearchCY

» integer, to specify the number of folds in a (Stratified)KFold,

¢ from skopt.space import Categorical, Integer

3

4 # paraneter distribution

5 parans = {"ml__n_estimators": Integer (100, 3007, # [IDD EDD 300]

B "ml__max_depth": Integer(3, 100, # [3. 101,

7 "ml__min_sanples_leaf": Inteser(l, 107, # (1, 3 5, 7,101

B "ml__max_features": Categorical(["auto", "sart", "log2"]) # ["auto",

g F

10

11 # BavesSearchCY Pipeline &2

12 mode! = get_model (nethod="r{", random_state=0)

13 bscy = BawvesSearchCYimodel, search_spaces=parans, # param_arid

14 —ter=il, # nunber of HP sanpling
< = @ # number of folds in CY

16 ng="rz", refit="rz2"}

17

* An object to be used as a cross-validation generator.

An iterable yielding train, test splits.

I8 # BavesSearchCY EhS & =HE AL SF
19 time_start = tine. tinel)

20 bsey, fit{X_train, v_train)

21 time_end = time.timel)

22 print(f"# running time: {time_end-time_start:. 2f} =ec.")

# running time: B9.83 sec.

eqrt”

"log2"]
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Bayesian Search

d ° 1 pd.DataFrame. fro

C

nean_fit_time
0147216
0122353
0.193636
0175643
0277434
0335838

0155755

0207231

0291444
0249184
0.344241

0252148

0124807

0.15493%

0398346
0125517
0.25823%
0359444
0324147
0358810

0

0.355;
0323234

0315435

« X Z1} &Hol :

=/

bscv.cv_results

ﬁi'“ =k

« pandas DataFrame &t : pd.DataFrame.from_dict(bscv.cv_results_

std_fit_time
0.002332
0.004002
0.004219
0.005661
0.003321
0.006525
0.002557

0.005103

0.003525

0.0036598

0011219
0.005913
0.015405

0.003669

3645
0012127
0.010977
0.005353

0010438

0011418

.ov_reaulte_}

meen_scora_time
0014345

Q010173

01015818

0023069

0022909

2220
0010211
0011680

0014300

0023157

[

etd_score_time
0002404
0000358
0.002372
0000412
0000169
0003367
0000312
0002267
0002627
0.000618
0004180
0000737
0001295
0001551
0000771
0002338
0000284
0002665
0002470
0.002982
0.000247
0000813
0.000240
0002108
0.000946
0000908
0.000500
0002015
0002539

00zT18

param_nl__ma=_depth paran_ml__max_features

10

log2

sart

paran_ml__min_zsanplea_leaf

w

param ml__n_eetimatore
125
108

152

298
300
300

100

m

300
128
300
1m
196

23

300

300
284

283

paranz eplit0_test_score eplitl_teat_pcors
{'ml_max_depth™ 10, ‘ml_max_features” log.-

{ml_max_depth’: 4, 'ml_max_features™ sqre_

{ml_max_depth': 7, 'ml_max_featur

{'ml_max_depth™ 8, 'ml_max_features: log2._

{ml_max_depth’: 4, 'ml_ma_featur

{'ml_max_depth: 5 ‘ml_max_features: log2..

{'ml_max_depth™ 7, ‘ml_max_features" log2._.

{ml_ma

{ml_mazx_depth’: 8, 'ml_max_featur

{'ml_max_depth™ 10, 'ml_max_features log .-

{ml_miax_depth’: 3, 'ml_mas_featur

Tml_max_depth’: 3. 'ml_max_featur

Tml_max_depth’: 3. 'ml_mas_featur

{'ml_max_depth’: 4, 'ml_max_featurss™ 'sqri_

Tml_max_

{ml_max_depth’: 7

I'ml_max_depth™ 4, 'ml_max_features” Tog2 .
Iml_max_depth 9, 'ml_max_featurss 'sqre_
{'ml_max_depth™ 6, ‘ml_max_features" log2_-

{'ml_max_depth™ 5, 'ml_max_features logz._

{ml_max_depth’: 3, 'ml_max_featur

{ml_max_depth’: 6, 'ml_mas_featur

{ml_max_depth’: 5, 'ml_max_features™ 'sqri_

{ml_max_depth’ 5, 'ml_mas_featur

{'ml_max_depth: 10, 'ml_max_feawres” sqr_

{ml_max_depth’: 6, 'ml_max_featurss sqre_

{ml_max_depth’: 7

{ml_max_depth’

['ml_max_depth’: 1

Iml_max

‘auto.

‘auto...

epth’ 4, 'ml_may_features™ 'sqri_

‘auto...
‘auto...

‘auto...

epth’ 3, 'ml_max_features™ 'sqri_

'mil_max_featurss 'sqri.

'ml_max_festures ‘sqri
‘mil_max_festuras 'sqre_
‘'ml_max_features” sqr

epth’ 3, ‘ml_max_festurss: ‘sqri-

0.830524

0.830670
0.834366
0.836067
0.825879
0.822023
0842187
0.833188
0.825876
0.83p0128
0.830285
0.833847
0.83%663
0.832768
0.812450
0.831010
0.828883
0.832480
0.843870
0.836828
0.826284
0.83vezs

0.836817

0.838560

088

0.855565
0.868277
0.859880
0.864582
0.836553
0873136
0.858542
0.85657¢6
0.856350
0.858213
0.87094%
0871473
0.864855
0.854316
0.856380
0.864200
0.860472
0.870215
0871115

0.855022

0.872106

0871962
0.869857
0.852806
Q.

'

aplit2_teat_score
0834746
0841573

0823551

0.830020

0.837522
0826214
0843357
0.826197
0.834885
0.840594
0.833053
0.8zz528
0.845209
0846724
0837292

0.848095

0832430

0824946
0828169
0839471
0.840634
0.845337
0.845943
0.846025
0.839192

0.843139

aplitd_teet_score eplitd teat scors

0.858549
0302862
0307398

900327
0302854
0.8%96611
0.910718

0305688

0896378

0.30s420
0914024
0.304409
0300372
0912872
0.300209
0.312350
0316418

0.893822

0807935
0914712
0906310
0908669

0314857

0.910268

0853159

0.8%0266

0823933

ng22132

0833871

0825073
0.825387
0823584
0.833686
0823303
0826242
08138139
0834584
0832575
0828247
0825748
0831448
08217e7
0830421
0831747
0828228
0.833%09
0832344
0825786
0821705
083347
0.827035
083311
0824803

0.520585

mean_teat_scors &td_teet_score

0.843086
0.850572

0.853613

0.850
0.851381
0.847557
0.857528
0.852871
0843142
0.843£99
0.851673
0.851219
0.855530
0.853115
0.843349
0850196
0.857099

0.843482

0.860235

0.848792
0.855344
0.853811
0.855302
0.857525
0.881560
0.560183
0.861641
0.845373

0.842400

0.027136
0.028431

0.030819

TEE1
0.023069

0.

0.030069

0.031429
0.030897
0.031229

0.031320

0.024751

0.026872

19

renk_teet_score
24
20

23

30

T4

w8 g

n
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Bayesian Search

* best hyperparamters : rscv.best_params_

* best score : rscv.best score

o 1 # best hyperparaneters
2 printihscy, best_params_)

3
4 # best score

5 print(bscy, best _score_)

OrderedDict [0 nl __nax_depth', B), ('ml__max_feature
0. 86164084 761926538

best result
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QO validation

RE
O cross-valid O 0.866 O
.859

o o o o

213.78 sec.

[running time]

69.83 sec.

37.79 sec.
0.16 sec.

|
default GridSearchCV RandomSearchCV BayesSearchCV



Homework

CHZ G|O|E{Al0]| A2 . hitps://bit.ly/32YNZmB

feature space EMM A|Z+S}

Hyperparameter Tuning — Always Tune your
Models

Don't leave free performance gains on the table.
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