BAIPEG & S

Model Evaluation & Hyperparameter Optimization
JuM5% Leo Van



H 5%

AT 1

o EZEUIIL

o fHALZ



BAIVEHEPEAS



BT RE PR %

X SIZRHIZ AR GBI TIPS, NMNFTEZER N AATHISERR L7774, R EAEERAZLRE JTRITHN IR, Rt2 4R
& (performance measure), MHREE R ESFHENK, EXN ARG, EHARBNERERTFESSHA
AIPEAIZE R, IXEWREEBIR I BN, T2 BIIN /), AMUNEUR T REIRAEAE, ERE TS K,

-

/

F kTR https://steemit.com/science/@cryptotrendz/the-difference-between-industry-and-academia


https://steemit.com/science/@cryptotrendz/the-difference-between-industry-and-academia

Jual Y ) et PR HE VA

AN R (mean absolute error, MAE)

n

MAE = = 3| (z1) — i (1

1=1

AR 57 EEIRZ  (mean absolute percentage error, MAPE)

1 | f(@i) —y
MAPE = —
D (2)
Y1771 % (mean squared error, MSE)
MSE = = 3™ (£ (@) ~ 4:)° ®

1=1

HAf, SSE =31 (f (z) —yi)®, FRZNFEZE P,



Jual Y ) et PR HE VA

YIJTitRIA% (root-mean-square error, RMSE)

RMSE = vMSE = %Z(f(ib’z) - ?/z')z

DR ZEPn 2
1 n
O = ,| —
\ n 1=1
. . 1
Hr e, RNEHRIIRE, e = - S €io




Jual Y ) et PR HE VA

R® FRNWEECZ EBIfE (TEZEHKMERIH) RS, —KRmE, R BK, RASEIERIUEEEY, HEME 05 100%

Z [E]22 5],
SSR=Y"(f(z:)—5)° SST=) (yi—7)°
1=1 1=1

SSR 1 <&
2 - _ = ,
R -~ SST J nz._zlyz

(6)

(7)

R* AR ERRERREL, CERE P RS TR R — DN SR AR, — N2 AriEREHE A Rl
N R S SEHA TR, [Hitt, R? FIER) 2 IREVEELE & L — DM BURB BE 4?7 IX e — R, AR
A EE BB S D DA RARL: “BRAVREAZ G L E SRR B 227 7

Fr 7 R* DASh, BEIEH —MFRZ NEEER R, RN R? 3R T HAZ BN K28 & Y iR

) R? SR RIER, KIHFHRERE B Z RN R? ATHMAYEE, WEEN R? 15
i AT DA B AT 58 41 IR,

R, EBZERm, B
T HEE N ORI, M




[l Y [ Pk HE DA

sklearn.metrics.mean_absolute_error(y_true, y_pred, *, sample_weight=None, multioutput='uniform_average')
sklearn.metrics.mean_squared_error(y_true, y_pred, *, sample_weight=None, multioutput='uniform_average')

from sklearn.metrics import \ mean_squared_error(y_true, y_pred)

mean_absolute_error, mean_squared_error
0.7683333333333334

y_true = [3, -0.5, 2, 7]

y_pred = [2.5, 6.8, 2, 8] mean_squared_error(
mean_absolute_error(y_true, y_pred) y_true, y_pred, multioutput="'raw_values')
0.5 array([8.41666667, 1. D

y_true = [[6.5, 1], [-1, 1], [7, -6]] mean_squared_error(

v_pred = [[06, 2], [-1, 2], [8, -5]] y_true, y_pred, multioutput=[6.3, 6.7])

mean_absolute_error(y_true, vy_pred
(y , y_pred) -

.75
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sklearn.metrics.r2_score(y_true, y_pred, *, sample_weight=None, multioutput='uniform_average', force_finite=True)

from sklearn.metrics import r2_score y_true, y_pred = [1, 2, 3], [1, 2, 3]
r2_score(y_true, y_pred)

y_true = [3, -08.5, 2, 7]

y_pred = [2.5, 6.8, 2, 8]

r2_score(y_true, y_pred)

1.0

y_true, y_pred = [1, 2, 3], [2, 2, 2]

0.9486081370449679 r2_score(y_true, y_pred)

y_true = [[0.5, 11, [-1, 11, [7, -6]] 2.0

y_pred = [[06, 2], [-1, 2], [8, -5]]

r2_score( y_true, y_pred = [1, 2, 3], [3, 2, 1]
y_true, y_pred, multioutput='variance_weighted') r2_score(y_true, y_pred)

0.9382566585956417 -3.0
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metrics.
metrics.
metrics.
metrics.
metrics.
metrics.
metrics.
metrics.
metrics.

metrics.

explained_variance_score
max_error
mean_absolute_error
mean_squared_error
mean_squared_log_error
median_absolute_error
r2_score
mean_poisson_deviance
mean_gamma_deviance

mean_tweedie_deviance

ik

Explained variance regression score function

max_error metric calculates the maximum residual error.
Mean absolute error regression loss

Mean squared error regression loss

Mean squared logarithmic error regression loss

Median absolute error regression loss

R? (coefficient of determination) regression score function.
Mean Poisson deviance regression loss.

Mean Gamma deviance regression loss.

Mean Tweedie deviance regression loss.

9.Q

\/

.

V

A
Y

10
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ROC
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AUC
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1=1

.+~ AUC values Test quality
‘_.-"’ 0.9—1.0 Excellent
el 0.8—0.9 Very good
0.7—0.8 Good
ol 0.6—0.7 Satisfactory.
0.5-0.6 Unsatisfactory
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%57k Log Loss
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sklearn.metrics.precision_score(

y_true, y_pred, *, labels=None, pos_label=1, average='binary', sample_weight=None, zero_division='warn')

from sklearn.metrics import precision_score

y_true = [0, 1, 2, 6, 1, 2]
y_pred = [8, 2, 1, 0, 6, 1]
precision_score(y_true, y_pred, average='macro')

0.2222222222222227

precision_score(y_true, y_pred, average='micro')

0.3333333333333333

precision_score(y_true, y_pred, average='weighted')

0.2222222222222227

precision_score(y_true, y_pred, average=None)

array([0.66666667, 9. 0. D

y_pred = [0, 0, 0, 0, 6, 0]
precision_score(y_true, y_pred, average=None)

array([0.33333333, 0. , 0. 1)

precision_score(
y_true, y_pred, average=None, zero_division=1)

array([0.33333333, 1. , 1. 1)
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sklearn.metrics.recall_score(
y_true, y_pred, *, labels=None, pos_label=1,

from sklearn.metrics import recall_score

y_true = [0, 1, 2, 6, 1, 2]
y_pred = [8, 2, 1, 0, 6, 1]
recall_score(y_true, y_pred, average='macro')

0.3333333333333333

recall_score(y_true, y_pred, average='micro')

0.3333333333333333

recall_score(y_true, y_pred, average='weighted')

0.3333333333333333

average='binary', sample_weight=None, zero_division='warn')

recall_score(y_true, y_pred, average=None)

array([1., 0., 0.])

y_pred = [0, 0, 0, 0, 6, 0]
recall_score(y_true, y_pred, average=None)

array([1., 0., 0.])

recall_score(
y_true, y_pred, average=None, zero_division=1)

array([1., 8., 0.])

20



SRRV, &

sklearn.metrics.f1_score(

y_true, y_pred, *, labels=None, pos_label=1, average='binary', sample_weight=None, zero_division='warn')
sklearn.metrics.fbeta_score(

y_true, y_pred, *, beta, labels=None, pos_label=1, average='binary', sample_weight=None, zero_division='warn')

from sklearn.metrics import f1_score, fbeta_score fbeta_score(

y_true, y_pred, average='weighted', beta=08.5)
y_true = [0, 1, 2, 0, 1, 2]
y_pred = [8, 2, 1, 6, 6, 1]
f1_score(y_true, y_pred, average='macro')

0.233895233095238

fbeta_score(

0.26666666666666606 y_true, y_pred, average=None, beta=0.5)

array([0.71428571, 0. , 0. 1)

f1_score(y_true, y_pred, average='micro')

0.3333333333333333
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sklearn.metrics.confusion_matrix(y_true, y_pred, *, labels=None, sample_weight=None, normalize=None)

from sklearn.metrics import confusion_matrix confusion_matrix(
y_true, y_pred, labels=['ant', 'bird', 'cat'])

y_true = [2, 0, 2, 2, 6, 1] —
y_pred = [0, 8, 2, 2, 0, 2] array([[ @’ @’ . ;
confusion_matrix(y_true, y_pred) -1’ 8’ y i)
SR ?
array([[2, 0, 8],
8, 8, 1], tn, fp, fn, tp = confusion_matrix(
18 2D (6, 1, 6, 1], [1, 1, 1, 8]).ravel()

(tn, fp, fn, tp)
y_true = ['cat', 'ant', 'cat', 'cat', 'ant', 'bird']

y_pred = ['ant" 'antl’ 'cat', 'Catl, 'ant', 'cat'] (9, 2, 1, 1)
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sklearn.metrics.roc_auc_score(

y_true, y_score, *, average='macro', sample_weight=None, max_fpr=None, multi_class='raise', labels=None)
sklearn.metrics.roc_curve(

y_true, y_score, *, pos_label=None, sample_weight=None, drop_intermediate=True)
sklearn.metrics.auc(x, v)

from sklearn.metrics import roc_auc_score, roc_curve, a fpr
uc

array([0. , 8. , 8.5, 8.5, 1. 1)
y_true = np.array([6, 6, 1, 1])
y_scores = np.array([0.1, 8.4, 08.35, 0.8]) tpr

roc_auc_score(y_true, y_scores)
array([06. , 0.5, 8.5, 1. , 1. ])

8.7

auc(fpr, tpr)
fpr, tpr, thresholds = roc_curve(

y_true, y_scores, pos_label=1) 8.75
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sklearn.metrics.classification_report(
y_true, y_pred, *, labels=None, target_names=None, sample_weight=None, digits=2, output_dict=False, zero_divisio

n="'warn')
from sklearn.metrics import classification_report classification_report(
y_true, y_pred, target_names=target_names)
y_true = [0, 1, 2, 2, 2]
y-pred = [0, ®, 2, 2, 1] precision recall f1-score support
target_names = ['class 8', 'class 1', 'class 2']
class 0 .50 1.00 0.6/ 1
class 1 0.00 0.00 0.00 1
class 2 1.00 8.6/ 0.80 3
accuracy 6.60 5
macro avg .50 B.56 0.49 H
weighted avg 8./0 0.60 0.61 5
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metrics.
metrics.
metrics.
metrics.
metrics.
metrics.
metrics.

metrics.

accuracy_score
auc
average_precision_score
balanced_accuracy_score
brier_score_loss
classification_report
cohen_kappa_score

confusion_matrix

Accuracy classification score.

Compute Area Under the Curve (AUC) using the trapezoidal rule
Compute average precision (AP) from prediction scores

Compute the balanced accuracy

Compute the Brier score.

Build a text report showing the main classification metrics

Cohen’s kappa: a statistic that measures inter-annotator agreement.

Compute confusion matrix to evaluate the accuracy of a classification.

25


https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.accuracy_score.html#sklearn.metrics.accuracy_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.auc.html#sklearn.metrics.auc
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.average_precision_score.html#sklearn.metrics.average_precision_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.balanced_accuracy_score.html#sklearn.metrics.balanced_accuracy_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.brier_score_loss.html#sklearn.metrics.brier_score_loss
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.classification_report.html#sklearn.metrics.classification_report
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.cohen_kappa_score.html#sklearn.metrics.cohen_kappa_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.confusion_matrix.html#sklearn.metrics.confusion_matrix
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metrics.

metrics.

metrics
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metrics.

metrics

ik
dcg_score Compute Discounted Cumulative Gain.
f1_score Compute the F1 score, also known as balanced F-score or F-measure
fheta_score Compute the F-beta score
.hamming_loss Compute the average Hamming loss.
hinge_loss Average hinge loss (non-regularized)
.jaccard_score Jaccard similarity coefficient score
log_loss Log loss, aka logistic loss or cross-entropy loss.

.matthews_corrcoef Compute the Matthews correlation coefficient (MCC)
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https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.dcg_score.html#sklearn.metrics.dcg_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.f1_score.html#sklearn.metrics.f1_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.fbeta_score.html#sklearn.metrics.fbeta_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.hamming_loss.html#sklearn.metrics.hamming_loss
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.hinge_loss.html#sklearn.metrics.hinge_loss
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.jaccard_score.html#sklearn.metrics.jaccard_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.log_loss.html#sklearn.metrics.log_loss
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.matthews_corrcoef.html#sklearn.metrics.matthews_corrcoef
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metrics.

metrics.

metrics.

metrics.

metrics.

metrics.

metrics.

metrics.

multilabel_confusion_matrix
ndcg_score
precision_recall_curve
precision_recall_fscore_support
precision_score

recall_score

roc_auc_score

roc_curve

ik

Compute a confusion matrix for each class or sample

Compute Normalized Discounted Cumulative Gain.

Compute precision-recall pairs for different probability thresholds
Compute precision, recall, F-measure and support for each class
Compute the precision

Compute the recall

Compute Area Under the Receiver Operating Characteristic
Curve (ROC AUC) from prediction scores.

Compute Receiver operating characteristic (ROC)
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https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.multilabel_confusion_matrix.html#sklearn.metrics.multilabel_confusion_matrix
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.ndcg_score.html#sklearn.metrics.ndcg_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.precision_recall_curve.html#sklearn.metrics.precision_recall_curve
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.precision_recall_fscore_support.html#sklearn.metrics.precision_recall_fscore_support
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.precision_score.html#sklearn.metrics.precision_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.recall_score.html#sklearn.metrics.recall_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.roc_auc_score.html#sklearn.metrics.roc_auc_score
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.roc_curve.html#sklearn.metrics.roc_curve
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RRMBEE R RBEME:
o —RBRERLERGEN"ZZ AL (reference model) FHATELER, FROV“IPEPFERR” (external index) .
o H—REBEERESERREGRMAFHETZZEA Froy“Nakfatn” (internal index) .
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Cr={C7,C5,. } FI‘EFﬂﬂ, A5 XN RIS C e XTFEI’JJEMNEF?EO

BA TR RECN T, € X:
a=1SS|, S8 ={(zi,z;)|\i =Aj, A} = A},i < j}
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AhEkfEbn
e Jaccard Z2%{ (Jaccard Coefficient, JC)

JC =

a+b+c
« FM f5%% (Fowlkes and Mallows Index, FMI)

FMI:\/ ¢ @
at+b a-tec

e Rand 152 (Rand Index, RI)

EREESTE [0,1) KIH), (EBARRET.
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(23)
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PRTEbR . HIESRRERIEN Y C = {C, Oy, ..., Cr}, EX:

o 1% C PAEASIAI YL B 5

o 1% C PAEAS A SR IZE i /2

-%%Ci%(]jz

SR (R H R

avg (C)

2

diam (C) =

dmin (Cza C]) —

~|c(c] - 1)

Z dist (CEZ', Cl?j)

1<i<j<|C]

max dist (z;, ;)
1<i<j<|C

min
miECi,ZBjECj

dist (z;, x )

(24)

(25)

(26)
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BB Cy 5 C; D A B

dcen (Cu CJ) = dist (:u’w :U’J)

« DB 152% (Davies-Bouldin Index, DBI) 2

S LU R REBUEE

1

DBI = —

e Dunn 5% (DunnIndex, DI) ZELbiEPNAHIIEE

DI =

DBI HY{E#/Nekds, DIMHR, #oRekir,

k i—1 177

min
1<<k

k

{

max

min
J7i

(

( avg (C;) +avg (C)) )

dcen (,uz ) /’L])

dmin (Cz 9 C])

maxi<;<j diam (C))

)j

(27)

(28)

(29)
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Jii& THEN

metrics.adjusted_mutual_info_score Adjusted Mutual Information between two clusterings.

metrics.adjusted_rand_score Rand index adjusted for chance.
metrics.calinski_harabasz_score Compute the Calinski and Harabasz score.
metrics.davies_bouldin_score Computes the Davies-Bouldin score.
metrics.completeness_score Completeness metric of a cluster labeling given a ground truth.

metrics.cluster.contingency_matrix Build a contingency matrix describing the relationship between labels.

metrics.fowlkes_mallows_score Measure the similarity of two clusterings of a set of points.
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SRR EVEREPEAL

Jii&

metrics.

metrics.

metrics.

metrics.

metrics.

metrics.

metrics

homogeneity_completeness_v_measure

homogeneity_score
mutual_info_score
normalized_mutual_info_score
silhouette_score
silhouette_samples

.vV_measure_score

ik
Compute the homogeneity and completeness and V-Measure scores at
once.

Homogeneity metric of a cluster labeling given a ground truth.
Mutual Information between two clusterings.

Normalized Mutual Information between two clusterings.
Compute the mean Silhouette Coefficient of all samples.
Compute the Silhouette Coefficient for each sample.

V-measure cluster labeling given a ground truth.
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https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.silhouette_samples.html#sklearn.metrics.silhouette_samples
https://scikit-learn.org/stable/modules/tmp/sklearn.metrics.v_measure_score.html#sklearn.metrics.v_measure_score
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B Y rie A IENMESEGEOR, 1851 SR Y3 il
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5 - e — Alcohol
—— Malic acid
- () - ———— — e — — —— —— Ash
'% e Alcalinity of ash
% —5 - —— Magnesium
S = Total phenols
% —10- —— Flavanoids
‘Jé Nonflavanoid phenols
—15- Proanthocyanins
Color intensity
—20 ) | | | | | —— Hue
107> 103 10~ 101 10° 10° — (0D280/0D315 of diluted wines
C Proline

Lo 2R N (C 2 IENMESE A B, 8N IR 53 EOR)
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S STE O BT RE AR RTHIBIAE T, RIS AT
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iR, Nk, FR1E
2 FHYIINIRZE  (testing error) 1ENTZACIRZEBIIEANL,

iSRAEIMR, (H %

SRETT

AT

g MFEARES N [F]

WL ARAEVIZRISAER
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MEAEAR R = AR5
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FENFREE L T SR B T
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Eé' IEI:II ‘Pé &

i tHE (hold-out) EREGEESRE D K M BRIES, HA—PMEREENNZGE S, H—7N e T, B
D=SuUT, SNT =, 1£ S BJIgrtEZA )5, M T RPHEENRIRZE, EANTRARZERGT

DA 90, e D B35 1000MEAR, RKEHEN2 98 S 700 AR S, FIEE 300 AR T, A S #1745,
QNSRAARTE T A 90 ™MEARD KR, ARAHMEMZRY (210/300)x100% = 70%, FHMHY, FHIEZRHN
(90/300) x100% = 30%.

LHERERE, gk /MIRERRIR] 0 2R AT RERIFEEE B — 20, B R BRI IR 5 | NSY MY w22 TN e 2845 3R]

r‘“ SR, PIANAE 2 fﬁmzf'\é‘%ﬁhﬁéﬂiﬁ’b A EEBIAEEL, QSR MRAE (samplmg) A RER B R EE SR A X i
2, OR B S A1 ELBI R AL TT SUBE AR N 0 B R AE  (stratified sampling) . 55—/ NAEUE, BIMEZLEIIZR /ML BIREAR

bB)E, NEIREIAEXI R SEARIIZ ML, MM, SEPHERESEREEER], B, SOE 8 A

SSHE
SRR THERIEEAWRE I 58, EEHE RN, —NESRAE TRBENLR 7, R TS0 PG 5 BCP I EE o
TR PEAE SR, B MR R R 2/3 ~ 4/5 BIREARR T2, TR TR,

\I\
V
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- _a » 2
A2 X E ik %

X EEiE (cross validation) ZoBEHESE D X708 kE DNAR/IMEBPIBN B /FRF45, Bl D = D; U DyU. .. UDy,
D;,ND; =a(i # j)o BPFE D,; AR A[ReRIFEIE 2HH—2NE, BIM D s n Bt =Rl Ala, S8XHE-1
NFEIFFEIENINZGE, & NI FEIENMNREE; XSRS k Hi)llZs /MR, MMmeliE T k RIZRF000,
B ZIR B HYEIX kDS SR Y E,

SEHIEL, TSRS D XIS kA TRAGEESFUS R, R NAREA S RS IAKNZER, k372 R
i SR R AR RIS B p IR, SRR EERIRIX p IR k473 URIESE BAOKIE, BIATE TATE 10 1K 10 37
TR,

) -

BERURE D 08 m MR, 54 k= m, NESZXIIFEI—MEH]: B—% (Leave-One-Out), TR, M—ik
R BEHUREARRISN 77 R, BN A — A5 775k, 7 ELEE I e R LR/ T — MREA, RIS
IR S RS R D ISR R, DRI 64— BRI 45 B R, ELR 2 B FA AT,

Y15 m AR T B TTRE R M DA 2.

42



L UEPIEZ NS SO v Al

Fr kIR https://scikit-learn.org/stable/modules/cross_validation.html

Split 1
Split 2
Split 3
Split 4

Split 5

All Data

Training data

Test data

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

> Finding Parameters

Final evaluation =

K #7128 X far g

Test data

43


https://scikit-learn.org/stable/modules/cross_validation.html

28 gk

sklearn.model_selection.cross_validate(estimator,
X, y=None, *

, groups=None, scoring=None, cv=None, n_jobs=None, verbose=0, params=None, pre_dispatch='2*n_jobs',

return_train_score=False, return_estimator=False, return_indices=False, error_score=nan)

from sklearn import datasets

from sklearn import svm

from sklearn.model_selection import train_test_split
from sklearn.model_selection import cross_val_score
from sklearn.model_selection import ShuffleSplit

X, y = datasets.load_iris(return_X_y=True)

X_train, X_test, y_train, y_test = train_test_split(
X, vy, test_size=8.4, random_state=0)

clf = svm.SVC(kernel="linear', C=1).fit(
X_train, y_train)

clf.score(X_test, y_test)

0.9666666666666667

clf = svm.SVC(kernel="'linear', C=1)
cross_val_score(clf, X, y, cv=b)

array([0.96666667, 1.
1. D

, 8.96666667, 0.96666667,

cv = ShuffleSplit(
n_splits=b, test_size=0.3, random_state=0)
cross_val_score(clf, X, y, cv=cv)

array([0.97777778, 0.97777778, 1.
1. )

. 0.95555556,
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B AR O UETR TR T —H AR,
RN GRAFEAS AN [A] TS IS T 22

HBhA (bootstrapping) & — N ELELE
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REVEHESE D,
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4+ EA

T,

AT SERR PG RO AL P Y I ZREEEL D /), RARFIA—LE
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HURA

WA, DPH—EBDEARIIE DI PRI, M5 —al AR HI, A P — MR ERRETE, FHEARTE m CRFEHIR 2K
FHREIMIRR (1~ )", WA
lim (1 - i) L1 0368 (31)
M—00 m €
RUiE B A, #IREERSE D F245H 36.8% BUAMEA R ILAE 7|<1‘$§5(§5@§< DrH, TREATA]CAE Dr HEIZRE, &
D — Dr FIEMNAES ; IXAE,  SERRIPAS A 5 BHEE PR BRAYER (5 FH m DIIZREA, mEA M E20E 2 EAY2) 1/3 By
EIIZRE P HENAIREAS FH T I,  IRXAERIIINIRSS SR, AR B AMbE Tt (Out -of-bag estimate)
H WA ESARER/ D, MCLERK 2 IZR / MENREH; 2R, BENREARNEIRESR T PIeEdREN 1, X
gINEHmZ, WL, EPaEPEE 2R, B AR A UE B R —2,
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ﬁﬁi%*ﬂf?%% &

WS BIARR T iE LI Ah T ERE, A MEEIERE e T2 BAEIXFERERE, WMZE-77 2273 (bias-
variance decomposition) MRS HIRZAAERER —MEZE T H) EIEXN 22 S BRI E A RSB T,

BIRAEAFRINZREE AR RIRAIREANF], RIEIXEIZGRER B R — D000, XEAEAR 2, < yp N x EEHEETHY
bid, y o e WESIRE (AR E T yp # ), f(2; D) AISRE D RS f 1 @ RIS CARNS
15501, > FIRRIHAEE TN -

f(z) = Ep|f(x; D)) (32)
{58 AR B R B A R ZRE =4 B9 7T N -
var(z) = Ep[(f(x; D) — f(=))] (33)
CUPY
e =Ep|(yp —y)°] (34)
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P 225 22

ZACIRZER] LT ImZE, 525 e 2 Al

E = bias*(x) + var(zx) + €

2

(35)

W2 bias? () = (f(z) —y)® BR T ¥ BN LA S B RAORE TR, MZIE 7% SIEEA S R ARE.

75% var(z) = Ep [ (f(a; D) — f(a))?] B TR NGRS HI T SE002 SRR, B0 T RO

Y& 2

7 e? = Ep[(yp — y)?] WA T1ESRIES LTS BB E AT IS R 20 RR, B0 72 S A &

E]/‘J X& Jgo

fmZ=-77 200 i, TZACERE R 2SI RIARIRE ). BEERYFE M PUR 2 S 55 A8 B B SE R Pl S [R) PR e

1, 1T

55, NTBUSIr Rz etre, WEMERERD, RiRewseoladdn, HEAZRVDN, RIMESURITDI AT IERN,
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P 225 22

—MORUL, WZESTTZRA MR, XN E-TTZE 5

(bias-variance dilemma) .

xR, 23 alare I e, JIZREEERITEA

JE LA > s e s

FEE VIZREIE IR, > asfla RETT IR i 54, Wﬁﬁ%

= EA, W RZE SRR

HISBIREEE S ant 2, J7 =800 E SRR R,

il E s e)s, Z3ail G edbREE, JIZrEK
TEAR LRI = ST S as R ETEZMN, AR

PEE SR, FEE
e

JRRIRFECE S a2 T, WPREAZ

01

Predictive classification error

&£ — — High bias Low bias p—
<~ — Low variance High variance - — 2

Expected error (assessed on test samples)

Dimension of input space
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Grid Search @ — TR JMHE, EIATEFENAREZS
2, PR PTE R RERVESEEH S, RERIERUESERHIL

R A — BB, X — MR AR 77 1 S S
WMRE m NMESH, BNESEERZ n AlREE, ABA é é O ©
ZEZEHINEEZEZ O (n™), E E .I O 0O
- O O O -
Random Search FHY{# 77 Grid Search AR —2, XYl % e O °© ©
£ Random Search =AE@EZEHIAH & =5 [H] NN LR A & o o o g— O o
R, HERREIEURTRERIAEIREL, mEZHEREL = =
R L important dimension important dimension
Grid search Random search

1. Bergstra, James, and Yoshua Bengio. “Random search for hyper-parameter optimization.” Journal of machine learning research 13.Feb (2012): 281-305.52



JRRFA

sklearn.model_selection.GridSearchCV(
estimator, param_grid, *, scoring=None,
n_jobs=None, refit=True, cv=None, verbose=0,
pre_dispatch='2*n_jobs', error_score=nan,
return_train_score=False)

sklearn.model_selection.RandomizedSearchCV(
estimator, param_distributions, *, n_iter=180,
scoring=None, n_jobs=None, refit=True,
cv=None, verbose=8, pre_dispatch='2*n_jobs',
random_state=None, error_score=nan,
return_train_score=False)

ZE
estimator

param_grid
param_distributions
scoring

CV

refit

L]
fhittas, FERM score JTTREUEA

scoring

Z R A5
TR

I TP TR RERY 5T
A S 56 HY) SR s

& A R R LS 2=
2k
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JRRFA

from sklearn.datasets import load_iris
from sklearn.linear_model import LogisticRegression
from sklearn.model_selection import GridSearchCV

iris = datasets.load_iris()
parameters = {
c': [8, 1, 2, 3, 4],
'penalty': ['12', '11']
}

lr = LogisticRegression(solver="'saga', tol=1e-2, max_it
er=200, random_state=0)
clf = GridSearchCV(1lr, parameters).fit(
iris.data, iris.target)
(clf.best_params_, clf.best_score_)

({'C': 1, 'penalty': '12'}, 0.98000000060600001)

from scipy.stats import uniform
from sklearn.model_selection import RandomizedSearchCV

distributions = {
'C': uniform(loc=0, scale=4),
'penalty': ['12', '11']

}

Ir = LogisticRegression(
solver='saga', tol=1e-2,
max_iter=200, random_state=0)
clf = RandomizedSearchCV(
lr, distributions, random_state=8).fit(
iris.data, iris.target)
(clf.best_params_, clf.best_score_)

({'C': 2.195254815709299, 'penalty': '11'}, 0.980000060
0000001)
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FoRUR: https://leovan.me/cn/2019/04/heuristic-algorithms/
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RILEE
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BElEE
Local Search
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VU R %

Grid Search A1 Randomized Search RCALEEENMEAZWEREEH  DIMHHTICAAEEE 22X 7 2K 2L (Surrogate

sit, HEEEMNZETESERFRBUEER, rlRE=Z= Function) HJZ%, Surrogate Model —fH Gaussian
RZ IS E = E], 1MLt =X _E—IRE PR & Process, Random Forest il Tree Parzen Estimator (TPE) jX
RIEATIERR, BN — DR, NV IESEAE HPRREY JURR, B WHIHEZEAR Spearmint, Hyperopt, SMAC, MOE,
ERRIRIEER AT 16 N IR E0ERE, DI BayesianOptimization, skopt T, EATHIXS ELAT FER:

CIEH TRENL, BN, AESTRERIU. Sequential
Model Based Optlmlza’uon (SMBO) & - Hfitfv. 88 B A Library = Surrogate Function
R, —HREZW IR

Spearmit Gaussian Process

1. 4 B RIS LA A Hyperopt Tree Parzen Estimator (TPE)
2. & X —1 HArEREH TG e 1k

3. BN HARRENHY Surrogate Model
4. BN —MEFES BHIPRERT Y Surrogate Model A P E SN S B auto-sklearn, nni,
5. KRB M S B A T 358 Surrogate Model autokeras, adanet, autogluon, Auto-PyTorch,

SMAC Random Forest
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https://github.com/JasperSnoek/spearmint
https://github.com/hyperopt/hyperopt
https://github.com/automl/SMAC3
https://github.com/Yelp/MOE
https://github.com/fmfn/BayesianOptimization
https://github.com/scikit-optimize/scikit-optimize
https://github.com/automl/auto-sklearn
https://github.com/microsoft/nni
https://github.com/keras-team/autokeras
https://github.com/tensorflow/adanet
https://github.com/awslabs/autogluon
https://github.com/automl/Auto-PyTorch
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https://github.com/leovan/data-science-introduction-with-python/blob/main/LICENSE
https://github.com/leovan/data-science-introduction-with-python/blob/main/LICENSE
https://leovan.me/

