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Holdout Validation

a2 Mot phwong phap don gidn dé danh gia cac mo hinh trén div liéu chwa biét
o Chia dw liéu hién tai thanh céc tap con riéng biét dé tao thanh tap huan luyén va tap xac thuc

(va co thé tap kiém tra)

DATASET

Training Dataset Testing Dataset

N

TRAIN

|

Train Model Evaluate Model
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Van de véi Holdout Validation

Van dé véi Holdout
Validation

Str dung dir
® lieu

Thién vido
@® |3y mau
ngau nhién
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) PP yéu cau danh mét phan dif liéu dé thr nghiém
(khong dugc str dung cho mé hinh huan luyén)

CO thé cé van dé khi x(r ly cac tap dir liéu nho vi
no gidi han luwong dir liéu ma mo hinh cé thé hoc

Phan chia ngau nhién c6 thé dan dén “thién vi”
o - A . RPN
néu n6é khong dai dién cho toan bo tap dit liéu

Diéu nay c6 thé dan dén viéc mo hinh hoat déng tét trén tap xac
@ thuc (validation) nhung lai hoat dong kém trén dit liéu thuc t€
chua dugc nhin thay.



Van de véi Holdout Validation

Van dé véi Holdout
Validation

M6 hinh duoc tinh chinh nhiéu lan dé t6i uu
@ hoa hiéu suat trén validation set — dan dén

Overfitting trén overfitting

Validation Set ol ik am Len e .
Diéu nay c6 thé dan dén hiéu suat tang cao va

® kha ning khai quat héa kém dsi vai dir liéu mdi,
chua dugc nhin thay

® C6 thé dan dén su khac biét 16n trong hiéu suat
mo hinh
@® Variance
Phan chia ngau nhién di liéu nhiéu lan — méi lan chuing t6i co6
@ thé nhan duoc céc két qua khac nhau do tinh chat ngau nhién
cua viéc phan chia.
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Cross Validation la gi?

a Cross validation (CV) Ia mét ky thuat dwoc st dung trong ML va thdng ké dé danh gia hiéu
suat cia mé hinh trén di liéu chwa nhin thay

a CV la phwong phéap 1dy mau lai st dung cac phan khac nhau ctia di liéu dé kiém tra va huan
luyén mé hinh trén cac lan |1&p khac nhau.

https://scikit-learn.orqg/stable/modules/cross validation.html!
Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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https://scikit-learn.org/stable/modules/cross_validation.html

Tai sao chung ta can Cross Validation?

Why CV is often preferred over simple
validation strategy?

\/
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Tai sao Cross Validation?

S dung tét hon

d@ liéu han ché

Danh gia do

on dinh cla

mo hinh

Lua chon mé hinh

it nhay cdm hon va diéu chinh siéu
vOi viéc phan tham so

vung di liéu

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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CV: Advantages & Disadvantages

Advantages
Thuwéng dwoc wu tién khi can
woce tinh chinh xac va dang tin
cay hon vé hiéu suat mé hinh,
dac biét la dé lwa chon mé hinh
va diéu chinh siéu tham sb

Disadvantages
Tang chi phi tinh todn do huan
luyén va danh gida mo hinh nhiéu
lan

Tap dit liéu I6n — simple
validation strategy c6 thé thuc té
hon

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Cac loai Cross Validation

el Leave One Out StratifiedKFold

RepeatedKFold

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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KFold

2\

a Mot mé hinh dwoc huan luyén bang cach st dung (k - 1) s6 fold lam di liéu huan luyén, mot
fold gap dé xac thuc

o Két quéd mé hinh dwoc danh gia trén phan dir liéu con lai (dwoc si dung lam bo kiém tra dé
tinh toan dd do hiéu suat, chang han nhw dé chinh xac)

All Data

Training data

Test data

| Fold1 || Fold2 || Fold3 || Fold4 | Fold5 |
Spit1 | Fold1 | Fold2 || Fold3 || Fold4 = Fold5 |
Fold 5 |

Spit2 | Fold1 || Fold2 || Fold3 || Fold4

Spits | Fold1 || Fold2 || Fold3 || Foid4 |

Fold 5 |
split4 | Fold1 | Fold2 || Fold3 || Fold4 | Fold5 |
spit5 | Fold1 || Fold2 || Fold3 || Fold4 | Folds |/

> Finding Parameters

Final evaluation {

Test data

>>> import numpy as np

>>> from sklearn.model selection import KFold
>>> X = ["a", "b", "c", "d"]

>>> kf = KFold(n_splits=2)

>>> for train, test in kf.split(X):

: print(" "% (train, test))

[2 3] [0 1]
[0 1] [2 3]

W

11
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Leave One Out (LOO)

)

a Vaoin mau c6 n tap hudn luyén va n tap kiém tra khac nhau (KFold v&i k = n) — chi phi tinh
toan dat, phwong sai cao

a1 Theo nguyén tac chung hau hét cac nghién clru déu cho rang nén wu tién 5 hoac 10-CV so voi

LOO (c6 thé danh gia qué cao 16i khai quéat hoa)

Iteroation 1:

Iteration 2

Iteration 3:

Iteration 4:

Iteration 5:

Iteration 6:

training set test set

x4 X g

X3 Xq x5 ] X6 score,

tr‘odn'm&

set test set

X

Xg

xs xq j :x5 : scor‘e—a

training set test set training set

{
(
[

x4 X9

) (o ) (o we) seores

'tr‘ainins set test set 'tr‘odn‘mg set

[ Xy X ] EXSJ [ X x5 xej scorey

test set

'Gro«‘m‘m? set

@ ["5

Xy X5 Xg } SQor\e.s

test set

'Gl‘odn‘m? set

Bje

Xz Xy X5 X ] Scor‘e_s

>>> from sklearn.model_selection import LeaveOneQut

>> X = [1, 2, 3, 4]

>>> loo = LeaveOneQut()
>>> for train, test in loo.split(X):

print("
[12 3] [0]
[@ 2 3] [1]
[0 13] [2]
[0 12] [3]

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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StratifiedKFold

)

Bi€n thé clia KFold tra vé cac nép gap phan tang: méi bo chira khoang phan tram
mau cua tirng I&p muc tiéu dudi dang bé hoan chinh

Class Distributions

kf = StratifiedKFold(n_splits=5,shuffle=True,random state=42)
for fold, (train index, val index) in enumerate(kf.split(X,y)):

X_train, X val = X.loc[train index], X.loc[val index]
y train, y val = y.loc[train index], y.loc[val index]

Sl alaial~

e
alal=lale
Sl v alale
¥ ol il nlm

Round 2 Round 3

13
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CV iteration

GroupKFold

)

2 Bién thé cla KFold dam bao rang cung mét nhdm khong cd mat trong cd tap huin
luyén va tap kiém tra

GroupKFold

B Testing set
EEm Training set

40 60
Sample index

80

100

>>> from sklearn.model_selection import GroupKFold

>>> X = [0.1, 0.2, 2.2, 2.4, 2.3, 4,55, 5.8, 8.8, 9, 10]

:I:i:l .}I.- - [1Ia1l 1Ib1| 1Ib1| 1Ib1| "C" "C" "C" 1Id1| 1Id1| 1Id1|]
F F F F F F F F F

>>> groups = [1, 1, 1, 2, 2, 2, 3, 3, 3, 3]

>>> gkf = GroupKFold(n_splits=3)

>>> for train, test in gkf.split(X, y, groups=groups):
print("%s %s" % (train, test))

[012345] [678 9]

[01267 889] [345]

[3456789][012]

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Tong hop cac phwong phap chia CV

Khi nao nén str dung cac phwong phap?

Viéc phéan phai dit liéu la

: Dt liéu khong c6 mat can
uniform

bang gitra cac I16p

D{ liéu la sy mat can bang L Dam bao rang mé hinh
gitra cac 16p Stratified KFOLD D liéu c6 cau tric dugc thir nghiém trén

nhém nhém chua tirng thay

trude do, phai tranh
overfitting

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Sklearn: Splitter Class

sklearn.model _selection

)

Splitter Classes

model_selection.GroupKFold([n_splits]) K-fold iterator variant with non-overlapping groups.
model_selection.GroupShuffleSplit([...]) Shuffle-Group(s)-Out cross-validation iterator

model selection.KFold([n_splits, shuffle, ...]) K-Folds cross-validator
model_selection.LeaveOneGroupOut() Leave One Group Out cross-validator
model_selection.LeavePGroupsOut(n_groups) Leave P Group(s) Out cross-validator

model_selection.
model_selection.
model_selection.
model_selection.
model_selection.
model_selection
model_selection.
model_selection
model_selection.

model_selection

LeaveOneOut() Leave-One-Out cross-validator
LeavePOut(p) Leave-P-Out cross-validator
Predefinedsplit(test_fold) Predefined split cross-validator
RepeatedKFold(*[, n_splits, ...]) Repeated K-Fold cross validator.
RepeatedStratifiedKFold(*[, ...]) Repeated Stratified K-Fold cross validator.

.Shufflesplit([n_splits, ...]) Random permutation cross-validator

stratifiedkFold([n_splits, ...]) Stratified K-Folds cross-validator.

.StratifiedShufflesplit(]...]) Stratified ShuffleSplit cross-validator
StratifiedGroupKFold([...]) Stratified K-Folds iterator variant with non-overlapping groups.
.TimeSeriessplit([n_splits, ...])  Time Series cross-validator

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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https://scikit-learn.org/stable/modules/classes.html#module-sklearn.model_selection

)

Lwa chon mo hinh

2 Lwa chon md hinh bao gdm viéc chon mé hinh dw doan dw kién sé cung cap hiéu suat tot nhat trén
dir liéu trong twong lai.

ey en T Danh gia hiéu suét clia ttrng mé hinh bang
Xac dinh tap hgp cac mé hinh rng vién can R . o
2 mot phwong phap cross-validation (CV)
kiem tra
Mat thuc t& phd bién & xac dinh mt tap CV score cung cap wdc tinh vé hiéu suat khai
hop cac mé hinh ngay cang phtrc tap quat héa
T Step 2 Step 4

Step 1 Step 3

Huan luyén tirng mé hinh &ng vién bang cach

Chon md hinh c6 hiéu suat xac thyc
st dung dit liéu huan luyén

cao nhét (CV score)

Truong DH CNTT — Lap trinh Python cho May hoc (CS116) Y



Quy trinh Ilwa chon moé hinh

2 Phwong phap tiéu chuan bao gdm bén bwdc chinh:

Models of increasing complexity

oo || 71 hs hi hog

Training 6;1 6;2 9; 9:\4

Validation Ava!id(‘;h (.,61)) Amzz‘dzhz(-, 62)) Ava!id‘(rhk(-, 6k)) Auaud‘(rhM(q Onm))
@

Selection k* = arg maxke{l,z,...,M}Avalid(hk(-,G’k))

source:https://fraud-detection-handbook.qgithub.io

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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https://fraud-detection-handbook.github.io/fraud-detection-handbook/Chapter_5_ModelValidationAndSelection/ModelSelection.html

Hyper-parameters Optimization

@

Siéu tham s 1a cai dat hoac cau hinh ctia mé hinh dwoc dat trwde khi qua trinh huan luyén bat dau

va khéng thé hoc truc tiép tr dir liéu.

Toi wu hoa siéu tham sb 1a qua trinh tim ra sw két hop tét nhat clia cac siéu tham s6 cho mdt mé

hinh hoc may nham tdi wu hoa hiéu suét ctia né trén mot tac vu nhat dinh.

Hyperparameter_tuning (training_data, wvalidation_data, hp_list):

hp_perf = []

foreach hp_setting in hp_list:
m = train_model({training_data, hp_setting)
validation_results = eval model(m, wvalidation_data)
hp_perf.append(validation_results)

best_hp_setting = hp_list[max_index(hp_perf)]

best_m = train_model(training_data.append(validation_data), best_hp_setting)

return (best_hp_setting, best_m)

pseudo code for Hyper-parameters Optimization

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Cach tim kiém

siéu tham so6?

2 Tim kiém bao gom:

.

.
u
.
.

mé hinh wéc tinh/ (hoi quy, phan loai,..)
Khéng gian tham sb

Phwong phap tim kiém hoé&c lay mau (rng vién
Xac thuc chéo

Ham tinh diém

Hyperparameter
tuning

Best

n — hyperparameters

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Phwong phap

o Duwdi day 1a mot s6 phwong phap tdi wu hoa siéu tham s thwdng dwoe sir dung trong hoc may:

Bayesian Evolutionary

R h
SN SR Optimization Algorithms

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Grid Search & Random Search

a2 Tim kiém Iwdi: chon ra mot lwdi cac gia tri siéu tham s, danh gia tieng gid tri trong s6 ching va tra
vé gia tri cé hiéu sudt cao nhat.

a2 Tim klem ngau nhién 1a mot bién thé nho trén tim kiém lwdi. Thay vi tim kiém trén toan b lwdi, tim
kiém ngau nhién chi danh gia mét mau diém ngau nhién trén v

A A ! !
= B B e o = 000 Aleee S bemmmmane Loy
e ® e o
: : o ©
X, T X, d| @
: : o o
] 1 . ]
o R . ey S | B R
X] X1
(a) Standard Grid Search (b) Random Search

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Grid Search: Vi du

O Default hyperparams & hyperparams optimize with GridSearchCV

mean mean

mean  mean mean  mean mean mean mean mean fractal worst  worst worst  worst wors
radius texture perimeter area smoothness compactness concavity concave symmetry . racta radius texture perimeter area smoothnes
points dimension
0 1789 1038 122.80 1001.0 0.11840 0.27760 0.3001 014710 0.241% 007871 .. 2538 1733 18460 2018.0 0.162
1 2057 1777 132.80 1326.0 0.08474 0.07864 0.0869 007017 0.1812 0.05667 .. 2499 2341 158.80 1956.0 0123
2 1969 2125 130.00 1203.0 0.10960 0.15990 01974 012790 0.2069 0.0599% .. 2357 2553 152,50 1709.0 0.144
3 142 2038 7758 3861 0.14250 0.28390 02414 010520 0.2597 009744 . 1491 2650 98.87 5677 0.209
4 2025 1434 13510 1297.0 0.10030 0.13280 01980 0.10430 0.180% 0.05883 .. 2254 1667 15220 1575.0 0137

5 rows ¥ 30 columns

# defining parameter range
#import all necessary libraries param grid = {'C': [0.1, 1, 10, 160],

import sklearn ' [
. gamma': [1, 0.1, ©.01, 0.001, ©.0001],
from sklearn.datasets import load breast cancer 'gamma’ : ['scale’, 'auto'l,

from sklearn.metrics import classification report, confusion matrix

from sklearn.datasets import load breast cancer 'kernel": ['linear']}
from sklearn.svm import SVC
from sklearn.model selection import GridSearchCV grid = GridSearchCV(SVC(), param grid, refit = True, verbose = 3,n_jobs=-1)

from sklearn.model selection import train test split

# fitting the model for grid search

#load the dataset and split it into training and testing sets grid.fit(X train, y train)

dataset = load breast cancer()
X=dataset.data

Y=dataset.target # print best parameter after tuning
X train, X test, y train, y test = train test split( print(grid.best params )
X,Y,test size = 0.30, random state = 101) i ictions = id. i
# train the model on train set without using GridSearchCV grid_predictions = grid.predict(X_test)
model = SVC()

model.fit (X train, y train # print classificqtion report . )
(X y- ) print(classification report(y test, grid predictions)
# print prediction results
predictions = model.predict(X test)
print(classification report(y test, predictions))

utput:
{'C': 100, 'gamma': 'scale', 'kernel': 'linear'}

OUTPUT: precision recall fl-score support
precision recall fl-score support

0 0.05 0.85 0 90 66 0 0.97 0.91 0.94 66

1 0.91 0.97 0.94 105 1 0.94 6.98 0.96 165

accuracy 0.92 171 accuracy 0.95 171

macro avg 0.93 0.91 .92 171 _macro avg 0.96 0.95 0.95 171

weighted avg 0.93 9.92 8.92 171 weighted avg 0.95 8.95 0.95 171

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.GridSearchCV.html

Bayesian Optimization

a Tools

O Bayesian Optimization: github

O  Hyperopt: github
O Optuna: github

a Installation

« PyPI (pip):

% pip install bayesian-optimization

« Conda from conda-forge channel:

% conda install -c conda-forge bayesian-optimization

Install hyperopt from PyPI

pip install hyperopt

Optuna is available at the Python Package Index and on Anaconda Cloud.

“

H

PyPI
pip install optuna

Anaconda Cloud
conda install -c conda-fTorge optuna

Optuna supports Python 3.7 or newer.

IHow to Optimize Hyperparameters with Bayesian
Optimization TheAiEdge.io

Step 1: Create a initials samples and measure performance

assess configurations by Find best configurations based

Sampls afew configurations training the model on performance metric

hyperparameter 2 hyperpa:m:te_r-z_ =
® oL g ®
® 9 ® /2 07 @,
- ! % ol
® 0% o v o ® \
N TN V4
hyperparameter 1' 7 hyperparameter 1’

Step 2: Split samples and sample from good distribution
Keep the best one
-3 and access its
performance

Samples new samples
—_—
Htithe distributions from the good distribution

"bad" ngood"
hyperparameters hyperparameters P -y, ~
'/. - @ ‘\\ s
@
l’ @ ® e ® 1\ ®— X&)
& @® !
\ ® e J
R 4
> W am =

performance metric

Step 3: Repeat process until convergence

' Maximize

iterate until convergence

After few iterations 4 performance metric

Minimize

>
performance metric iterations

https://newsletter.theaiedge.io

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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https://github.com/fmfn/BayesianOptimization
https://github.com/hyperopt/hyperopt
https://github.com/optuna/optuna
https://newsletter.theaiedge.io/p/deep-dive-tuning-xgboost-hyperparameter
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Vi du: Bwoc 1

a2 CAc thong sO can diéu chinh

a  Lwuy: céc gia tri cho siéu tham sb phai c6 y nghia:
O  ‘num_leaves’ & ‘max_depth' can phaila mdt s6 nguyén
O ‘feature_fraction' & ‘bagging_fraction' nén tir 0 dén 1

def 1lgb_eval(num_leaves, feature_fraction, bagging_fraction, max_depth, lambda_11, lambda_12, min_split_gain, min_child_weight):
params = {'application’':'binary', 'num_iterations':4888, 'learning_rate':0.85, 'early_stopping_round':188, 'metric':'auc’'}
params["num_leaves"] = round(num_leaves)
params[ ' feature_fraction'] = max(min(feature_fraction, 1), 8)
params[ 'bagging_fraction'] = max(min(bagging_fraction, 1), 8)
params[ ‘max_depth’'] = round(max_depth)
params[ 'lambda_11"] max(lambda_11, 8)
params['lambda_12'] = max(lambda_12, 8)
params[ 'min_split_gain'] = min_split_gain

params[ ‘'min_child_weight'] = min_child_weight
cv_result = lgb.cv(params, train_data, nfold=n_folds, seed=random_seed, stratified=True, verbose_eval =288, metrics=['auc'])
return max(cv_result['auc-mean’])

Truong DH CNTT — Lap trinh Python cho May hoc (CS116) =



Vi du: Bwoc 2

2 DPat pham vi cho moi siéu tham s6
O Cé gang lam cho pham vi cang hep cang t6t

1gbB0 = BayesianOptimization(lgb_eval, {'num_leaves': (24, 45),

'feature_fraction': (0.1, 08.9),

'bagging_fraction': (0.8, 1),
'max_depth': (5, 8.99),
'lambda_11': (9, 5),
'lambda_12': (8, 3),

'min_split_gain': (8.601, ©6.1),

'min_child_weight': (5, 50)},

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Vi du: Bwoc 3

a  Co rat nhiéu théng so ban c6 thé dung dé ti da hoa, tuy nhién, nhirng thong sO quan trong nhat |a:
a  n_iter: Ban mudn thuc hién bao nhiéu budc tdi wu hoa bayesian. Cang nhiéu bwéc, ban cang
c6 nhiéu kha nang tim thay murc tbi da tot.
4 init_points: Ban mudn thuc hién bao nhiéu bwéc khdm pha ngau nhién. Kham pha ngau nhién
c6 thé gilp bang cach da dang héa khéng gian tham do.

1gbB0.maximize(init_points=init_round, n_iter=opt_round)
if output_process==True: 1gbB0.points_to_csv("bayes_opt_result.csv")
return 1gbB0.res['max' ][ max_params’ ]

opt_params = bayes_parameter_opt_lgb(X, y, init_round=5, opt_round=18, n_folds=3, random_seed=6, n_estimators=188, learning_rate=8.8
3)

Truong DH CNTT — Lap trinh Python cho May hoc (CS116) 27



Vi du: Két qua

O Result

Initialization

Step | Time | Value |

ght | min_split_gain | num_leaves
1 | 86m59s | 8.74761 |

936 | 8.0272 | 35.5251 |
2 | BBm59s | B.74885

443 | 8.8776 | 39.9198
3 | B1meY9s | 0.74998

620 | B.0462 | 36.6588
4 | BBm51s | 0.75006

687 | 8.8573 | 35.4425
5 | eem35s | B.75689

819 | 8.00829 | 32.8968

Bayesian Optimization

bagging_fraction

0.9583

0.90858

8.9136

0.9851

B.8142

feature_fraction

8.6167

6.4581

0.8134

0.8789

B.4068

lambda_11

4.8931

3.9958

2.3074

3.9026

B8.5914

lambda_12 |

1.9198

8.4301 |

2.8340

1.5655 |

1.2440 |

max_depth

5.3476

5.8807

8.3222

8.1048

8.4713

Step | Time | Value |

ght | min_split_gain | num_leaves
6 | 86m45s | 0.75122 |

417 | 8.8188 | 44 1638
7 | 8Bm58s | 8.75131 |

035 | 8.0821 | 43.8285
8 | 8@m55s | 0.75166

852 | 8.8012 | 44.5129 |
9 | eemd7s | 0.73489 |

238 | 08.8773 | 44 9553 |
18 | eemdés | 0.74762 |

185 | 08.8562 | 25.8965
11 | @em4d5s | B.74755

633 | 08.8341 | 24.8223 |

Irwong YH CN 1 | — Lap trinh Python cho IViay hoc (LS116)

bagging_fraction

0.8824

8.9785

8.9212

6.8018

0.8871

8.9459

feature_fraction

8.2785

0.8568

0.2732

0.1868

8.7749

0.8495

lambda_11

0.8636

0.2812

0.2668

4.9587

8.3189

0.8824

lambda_12 |

2.2423 |

8.0292 |

1.9191 |

2.9412 |

0.4824 |

2.9314 |

max_depth

5.8154

8.9339

8.8121

8.6253

5.3296

5.1176

min_child_wei

49.1

N
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Phwong phap so sanh: Vi du

a2 Vidu dé so sanh: Grid Search, Random Search & HyperOpt

# Generate dataset with 1000 samples, 100 features and 2 classes

def gen_dataset(n_samples=1000, n_features=100, n_classes=2, random_state=123):

X, y = datasets.make_classification(
n_features=n_features,
n_samples=n_samples,
n_informative=int(@.6 * n_features),
n_redundant=int (8.1 * n_features),
n_classes=n_classes,
random_state=random_state)

return (X, y)

X, y = gen_dataset(n_samples=1000, n_features=100, n_classes=2)

# Traim / test split

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2)

# the number of informative features

# the number of redundant features

iT optimizer == 'grid_search':
grid_obj = GridSearchCV{estimator=pipeline,
param_grid=parameters,
cv=h,
refit=True,
return_train_score=False,
scoring = 'accuracy',

)
grid_obj.fit(X_train, y_train,)

elif optimizer == 'random_search':
grid_obj = RandomizedSearchCV(estimator=pipeline,

param_distributions=parameters
cv=5,
n_iter=n_iter,
refit=True,
return_train_score=False,
scoring = 'accuracy',
random_state=1)

grid_obj.fit(X_train, y_train,)

N

param_gridsearch = {
'clf__learning_rate' : [@8.81, 8.1, 1],
'clf__max_depth' : [5, 18, 15],
'clf__n_estimators' : [5, 28, 35],
[5, 25, 58],
'clf__boosting_type': ['gbdt', ‘'dart'],
'clf__colsample bytree' : [8.6, 8.75, 1],
'clf__reg_lambda': [@8.91, 8.1, 1],

'clf__num_leaves'

param_random = {

'clf__learning_rate': list(np.logspace(np.log(@.01), np.log(l), num = 5080, base=3)),

'clf__max_depth': list(range(3, 15}},

'clf__n_estimators': list{range(5, 35)),

'clf__num_leaves': list({range(3, 50@)),

'clf__boosting_type': ['gbhdt', 'dart'],

'clf__colsample bytree': list{np.linspace(®.6, 1, 588)),

'¢1f__reg_lambda': list(np.linspace(, 1, 508)),

param_hyperopt= {

'learning_rate': hp.loguniform('learning_rate', np.log(@.€1), np.log(l)
'max_depth': scope.int(hp.guniform( 'max_depth', 5, 15, 1)),
'n_estimators': scope.int(hp.guniform('n_estimators', 5, 35, 1)),
"num_leaves': scope.int({hp.quniform{'num_leaves', 5, 58, 1)),
'boosting_type': hp.choice('boosting type®, ['gbdt', ‘'dart']),
'colsample_bytree': hp.uniform('colsample_by tree', 9.6, 1.0)
'reg_lambda': hp.uniform('reg_lambda', ©.8, 1.@),

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Phwong phap so sanh: Két qua

a2 Vidu dé so sanh: Grid Search, Random Search & HyperOpt

Finding the optimum

)

D.82 1 -

£

2 0801
Technique  Parameters Evaluated # of iterations to get to optimum  Overall time taken (sec)* Cross-Validation Score  Test score E
Grid Search 1451 942 237 081 0.79 E
Random Search 75 48 11 0.82 08 g

o 0.78 4
Hyperopt 75 23 15 0.82 0.84 A
=
*In case of Grid Search: time taken to iterate over all parameter combinations =

*In case of Random Search / Hyperopt: time taken to go over the predefined number of iterations (75) E 0.76 -
8
=
0

https.//www.vantage-ai.com | —— Random Search
074 —— Hyperopt
0 10 20 30 a0 50 60 70
lteration

https://www.vantage-ai.com

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)


https://www.vantage-ai.com/
https://www.vantage-ai.com/

.

LV,

Tai sao lai 1a so liéu danh gia?

Evaluation Metric?

. Lam thé nao dé danh gia/do luong
mo hinh cé hoat dong tot hay khong?

‘ Danh gia hiéu
suat mo hinh
Chi s6 danh gia so sanh du doan cua
@ cic mo hinh véi céc gid tri muc tidu thuc
té

Khi phat trién cac mé hinh ML, nguai
‘ ta thuong thir nghiém cac thuat toan,
siéu tham s6 hodc ky thuat ky thuat
tinh nang khac nhau
‘ Lua chon & so
sanh mo hinh )
Céc chi so danh gia cho phép so
‘ sanh cong bang gitra cdc mo hinh
khac nhau, giup xac dinh mé hinh
hoat dong tot nhat

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Tai sao Evaluation Metric?

Why Evaluation Metric?

‘ To6i wu hda mo

Ch
‘c

hinh

an doan su
6 Mo hinh

Tap trung vao viéc cai thién céac khia
. canh cua hiéu suat cia mo hinh cé
lién quan nhat dén van dé cu thé

S0 liéu danh gia co thé dugce str dung
O lam ham muc tiéu trong qua trinh huan
luyén md hinh

Céc van dé nhu overfitting hoac
‘ underfitting, mat can bang I6p hoac
phuong sai cao trong du doan khi huan
luyén mo hinh

O MOt so chi sé danh gia co thé gilp
xac dinh van dé

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Tai sao Evaluation Metric?

Lam thé nao dé gitp truyén dat hiéu
. suat cia moét mo hinh cho céac bén
lién quan?
Giai thich hiéu
suat cia moé
hinh
Chi s6 danh gia cung cap co sd dé dién
@ i hicu qua cia mo hinh va tac déng
kinh doanh tiém nang

Why Evaluation Metric? ‘

Hiéu suat cia mot mo hinh hoc mdy dugc
@ trién khai can dugc theo dbi d€ dam bao
n6 duy tri hiéu qua theo thai gian.
‘ Giam sat va
bao tri .
Cac chi s6 danh gia c6 thé duoc st dung
dé theo doi hiéu suat cia mo hinh va kich
hoat cap nhat hoac huan luyén lai khi can
thiét.

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Chi so danh gia phan loai

O M6t s6 chi sé danh gia phan loai

actually positive

actually negative

FN:

9 TN

Recall =

Precision = T51FP —

)

Evaluation Focus

> classified (or found) as positive

Metric Formula
T CI Accuracy ACC = TPT%%\’ITFN Overall effectiveness of a classifier
G' Error rate ERR = rp—ir e Classification error
. o Class agreement of the data labels with the positive
Precision PRC = labels given by the classifier
C Sensitivity SNS = TT’TTTNI;’N Effectiveness of a classifier to identify positive labels
TP-:-PFN = Specificity SPC = 1opp How effectively a classifier identifies negative labels
( ROC ROC — VSNSTL5PC Combined metric based on the Receiver Operating
- V2 Characteristic (ROC) space [53]
_ + PRC-SNS Combination of precision (PRC) and sensitivity
Fy score Fi = Zppcions (SNS) in a single metric
. B Combination of sensitivity (SNS) and specificity
Geometric Mean GM = v/SNS-5PC (SPC)in a single metric

https://machinelearningcoban.com/2017/08/31/evaluation/
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So liéu danh gia cho Imbalanced Classification

a2 Imbalanced Classification: Chon chi s6 phu hop véi trwéng hop

Imbalanced Binary Classification in_""""""""} (‘%
How to Choose A Performance Metric i Whatdo you |
e MACHINE
predict? | LEARNING

MASTERY

Class Labels Probabilities
: Are both Is the positive | Doyouneed | . Doyouneed
i classes equally | i class more | ! brobabilities? | " class labels? 3
important? | . important? . P . 3 c

Brier Score

ffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffffff

| -90% of | ! . ;i Lo
A Arefalse || Arefalse || Isthe positive !| Are both

. ;;ir;?(ljetsh . %?2:2‘;‘3;“22: positives more | : negatives more | classmore | classes equally |
5 majoriuf class? 5 equally costly? ¥ costly? % costly? mportant? important? :
Accuracy F1 Score F0.5 Score F2 Score PR AUC ROC AUC

© 2019 MachineLearningMastery.com Al Rights Reserved.

https://machinelearningmastery.com/tour-of-evaluation-metrics-for-imbalanced-classification/
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Chi so cho bai toan hoi quy

a M6t s6 chi sé hoéi quy:

Example Use Case Error Metric Formula
n
1 2
1.1 Mean squared error (MSE) = Z{r: = f(x))
=1

Which model best captures the rapid
changes in the volatile stock market?

1.2 Root Mean squared error (RMSE) 120,{ — f(x))?
rn
i=1
n
Which model best estimates the energy 1
consumption in the long term? 2. Mean absolute error (MAE) ;Z lyi = F(x)I
1=

Are the sales forecasting models for

n
150 v — Fx)l
different products equally accurate? 3. Mean bSOl porbontege can(MAEE) ;:Zx: |y

n
Does a running app provide unrealistic : : 1 Z
apattations? 4. Mean signed difference = (i = F(x))
i=1
How much of our years of education can P On—f(x))?
: ) 5. R-squared = :
be explained through access to literature? i)

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)
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Notes

Weights big differences more

Equal weights to all distances

Requires non-zero target column values

Only informative about the direction of
the error

Universal range: the closer to 1 the
better
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Sklearn: Metrics

a  sklearn.metrics

Scoring Function
Classification
‘accuracy’ metrics.accuracy_score

metrics.balanced_accuracy_score
metrics.top_k_accuracy_score

‘balanced_accuracy’
‘top_k_accuracy’
‘average precision’
‘neg_brier_score’

metrics.average precision_score
metrics.brier_score_loss

1 metrics.f1_score
f1_micro’ metrics.f1_score
f1_macro’ metrics.f1l_score
f1_weighted' metrics.f1l_score
‘f1_samples’ metrics.f1_score

metrics.log_loss
metrics.precision_score

‘neg_log_loss’
‘precision’ etc.

‘recall’ efc. metrics.recall_score
‘jaccard’ efc. metrics.jaccard_score
‘roc_auc’ metrics.roc_auc_score
‘roc_auc_ovr’ metrics.roc_auc_score
‘roc_auc_ovo’ metrics.roc_auc_score

metrics.roc_auc_score
metrics.roc_auc _score

‘roc_auc_ovr_weighted’
‘roc_auc_ovo_weighted’

Regression

‘explained variance’
‘max_error’
‘neg_mean_absolute_error’
‘neg_mean_squared_error’
‘neg_root_mean_squared_error’
‘neg_mean_squared log_error’
‘neg_median_absolute_error’
-
‘neg_mean_poisson_deviance'
‘neg_mean_gamma_deviance’
‘neg_mean_absolute_percentage_error’
‘d2_absolute_error_score’
‘d2_pinball_score’
‘d2_tweedie_score’

Truwong DH CNTT — Lap trinh Python cho Mdy hoc (CS116)

metrics
metrics
metrics
metrics
metrics
metrics
metrics
metrics
metrics
metrics
metrics
metrics
metrics
metrics

N

.explained_variance_score
.max_error
.mean_ahsolute_error
.mean_squared_error
.mean_squared_error
.mean_squared_log_error
.median_absolute error
.r2_score
.mean_poisson_deviance
.mean_gamma_deviance
.mean_ahsolute_percentage_error
.d2_absolute _error_score
.d2_pinball_score
.d2_tweedie score
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https://scikit-learn.org/stable/modules/model_evaluation.html

LIV, N

Tai lieu tham khao

o Pattern Recognition and Machine Learning
O https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/
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