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classification

scikit-learn
algorithm cheat-sheet

NOT
WORKING

get
more
data

NOT
WORKING

regression

NO
>50
YES samples
predicting a Re; 2550 -
category

ES

NO
NOT
YES
WORKING <100K
.y samples

YES

YES

do you have

NO,
labeled

<100K ves
NO data samples
YES
predicting a N
number of quantity
categories

known
inst
looking ..
predicting
structure

few features G
should be WORKING
important

NOT

WORKING
oT

WORKING

YES

e dimensionality
reduction




bk - BSE5R

loss

alpha
class_weight

n_estimators

learning_rate EgE
- FINS SRR BRI B
criterion 4ge * entropy
* gini
503 BT B SN AR
e int: N
. o float: ERTERENESLL
max_features (5512 x auto: FFEHAERETT
_ o sqrt: FrARHEEAIFFS
o log2: FrEHHERESI002E
o None: ZHEFRTEHSIEE
subsample MHEE
init HEE
A
A o e int: N
n_jobs R o -1: BCPUBH—H
* LERAE
REWED, NRR, WERISRNEINOR
warm_start R W .
* False: ERINE
presort PIES
Eﬁ‘_l_%’f’% /?/\
oob_score B0 s False: EUAE

random_state

RandomForestClassifier

KAIRIRUE

FIERIEE
e int: N
* 10: BRiA(E

LepESSES

RandomForestRegress GradientBoostingClas GradientBoostingReg

or sifier

IROCEREL
e exponential: #&EAIZF)AdaBoost

ressor
bine S

e exponential: #&EAIZFJAdaBoost

* deviance: FLogistic RegressionfiJ#R | % deviance: FLogistic RegressionfJiR

B SECE

RS EIhubersgquantilegdad, alpha

TR EREI RIS

FHEBIRGE R int: Y
* 10: BRIAME

FARRINE R int: N
* 100: ZRAE

FIER ()
M B ERE S EERBIH ESE

* mse

TR RS SHIH RS
e int: PN
o float: HEFEHFAENESLL
* auto: FrEFEERIFT S
o sqrt: FREYSEEFT A
e log2: FrESEEAIog2{E
o None: EFRTEIHALEL

TIRD BT S SHIMTHIRARHESL
e int: N
o float: HFFERMENESEL
e auto: FRERHESEIF S
o sqrt: FRESEEIFT A
e log2: FrEHSEEAIog2(E
* None: FEFRTEIFIEE

FRIER
o float: SEHEER
* 1.0: BRAME

e FHEs

Fi7%
e int: PN
o -1: FRCPURZEI—E
* LERIAME

B SECE

REEREL/9hubergkquantilefJaT,
alpha iRk RE RIS EL

FAREINE R int: N
* 100: ZRAE

FIER ()

FRDENSSHIMISR AL
e int: N
o float: SEFERHENBESLL
e auto: FRERHESEIF A
o sqrt: FTEHHESNFT
e log2: FEHSEENIog2(E
* None: HEFFrEIHEEL

FRIER
o float: SRR
* 1.0: BRUAME

e FHEs

REREH, MRZE, WTRIIGR REREH, MRZE, WFRIIGEU BEAED, WRE, WTXIZE

BN T IENREIR BT
o bool: =% e bool: HERN

* False: BXIAE * False: BRIAE

LUENMASF 3T
e bool: #ZEh
* False: ERIAE

RETHE THF LIRS RRES | SETHF FHFI LIRS HR&ED

A, NTHRBEUEAERe Bool

* auto: FFREREIBRNITIHER, ERIEL * auto: IEFRMEUENTUHERE, &R

B, WFHREUEAE e Bool
ENATHERR
RETESMES
* False: BRIAME
PEIRNES PEIEESES

HENATRHE

B EEITSR


http://scikit-learn.org/stable/auto_examples/ensemble/plot_ensemble_oob.html
http://scikit-learn.org/stable/auto_examples/ensemble/plot_ensemble_oob.html
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ERFIME - SHEESH

- 28 (Parameters) : JLTEI EBIZNMEUE, KEBD EREREMEIE,
1_;1“ SUELLTENA Ialtﬁﬂﬁcpsﬁb"%*ﬁ MMneeE S EIEHEFAIRE
HPER

- #8520 (Hyper-parameters) : BT _IXZE, 1‘%’”7? ~Z BanAEY
28, W: &%, BEWRE, FIF, BETHE, BEMNEENE
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NERFIME - 8BS SHNRFITE

« DecisionTreeClassifier(*, criterion='gini', splitter="best', max_depth=None, min_samples_split=2, mi
n_samples_leaf=1, min_weight_fraction_leaf=0.0, max_features=None, random_state=None, max_|
eaf _nodes=None, min_impurity _decrease=0.0, min_impurity split=None, class_weight=None, preso
rt="deprecated’, ccp_alpha=0.0)

« LinearSVC(penalty='12', loss='squared_hinge', *, dual=True, tol=0.0001, C=1.0, multi_class='ovr", fit_
intercept=True, intercept_scaling=1, class_weight=None, verbose=0, random_state=None, max_ iter
=1000)

« GradientBoostingClassifier(*, loss='deviance', learning_rate=0.1, n_estimators=100, subsample=1
.0, criterion="friedman_mse', min_samples_split=2, min_samples_leaf=1, min_weight_fraction_leaf=
0.0, max_depth=3, min_impurity _decrease=0.0, min_impurity split=None, init=None, random_state
=None, max_features=None, verbose=0, max_leaf nodes=None, warm_start=False, presort="'depre
cated', validation_fraction=0.1, n_iter_no_change=None, tol=0.0001, ccp_alpha=0.0)

« LogisticRegression(penalty='12", *, dual=False, tol=0.0001, C=1.0, fit_intercept=True, intercept_sca
ling=1, class_weight=None, random_state=None, solver='Ibfgs', max_iter=100, multi_class='auto’, v
erbose=0, warm_start=False, n_jobs=None, I1_ratio=None)

« SGDRegressor(loss='squared_loss', *, penalty='2', alpha=0.0001, I1_ratio=0.15, fit_intercept=True,
max_iter=1000, tol=0.001, shuffle=True, verbose=0, epsilon=0.1, random_state=None, learning_rate
='Invscaling', eta0=0.01, power_t=0.25, early_ stopping=False, validation_fraction=0.1, n_iter no_ch
ange=5, warm_start=False, average=False)



NERFIME - BSHW: FEFIFEE

parser.add_argument('--batch-size', type=int, default=64, metavar="'N’, help="input batch size for
training (default: 64)")

parser.add_argument('--test-batch-size', type=int, default=1000, metavar="'N’, help="input batch size
for testing (default: 1000)")

parser.add_argument('--epochs’, type=int, default=14, metavar='N’, help="number of epochs to train
(default: 14)")

parseradd_argument('--Ir', type=float, default=1.0, metavar="'LR’, help='learning rate (default: 1.0)")

parseradd_argument('--gamma’, type=float, default=0.7, metavar='M’, help="'Learning rate step
gamma (default: 0.7)")
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- RGBS LRI TRR
- FF& (Exploitation )

- ERFERIERT MR, fRE=H 2Rk RBEERIMNER.
- %2 (Exploration)
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- AR (Exploitation)
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FRIGER. RERER: AMERERNUECENR, WBE (Accuracy) . RK(E (Loss)
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(Kt 5% - 1B (Grid Search)
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WITERL{X, (Bayesian optimization)

- HEFEERNFRIME B EE (Sequential Model-based Global Optimization)
'%Eﬁ?l‘%ﬂ'” (Surrogate model) , FARKANE(RAYRREL (W1, SHMIFE)
S ETE.
- SKEEHA *SZ (Acquisition function) , MEME, HE T —THKER,
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- RS (Surrogate model)

- SEMIFE (Gaussian process)

- SKEERRZEL (Acquisition function)
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- Tree-structured Parzen Estimator (TPE)
- Tree Parzen Estimators

- Sequential Model-based Algorithm Configuration (SMAC)
- PEHLERMA

- ot it
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B IREE
- Hyperband, BOHB (Bayesian Optimization on Hyperband)
- FFEXEESAS, BT —/NRNERE, FEAEDERMMEN.,
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vapor pressure Ay = 0.10
pow, Ay = 0.07

log log linear Ay = 0.05
Hill; Ay = 0.02

- log power Ay = 0.02

weighted comb. Ay = 0.001
pow, Ay = -0.01

MMF Ay = -0.02

exp, Ay = -0.04

Janoschek Ay = -0.04
Weibull Ay = -0.04

ilog, Ay = -0.05
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Reference name | Formula

vapor pressure exp(a + 2 + clog(z))
pows c—ax™“

log log linear log(alog(z) + b)
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log power 1+(f5)c
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expa g g%t
Janoschek a—(a— [3)6_""3‘S
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- kd-tree: &M, BAREES,.
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Neural Network Intelligence

- Neural Network Intelligence (NNI)

- https://github.com/microsoft/nni

- BTRIE
- pip3 install nni B @ —
. E<}5JZ I%\ ]‘J ||g§\liég Command Line Tool Visualized Ul
/=3 /\ NNICTL NNI Board
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https://github.com/microsoft/nni
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- NNI: https://nni.readthedocs.io

- FRHLEX : https://en.wikipedia.org/wiki/Simulated annealing

- BEMIFEFNMER{iIL: https://zhuanlan.zhihu.com/p/86386926

- Bayesian optimization: http://krasserm.qgithub.io/2018/03/21/bayesian-
optimization/

- Algorithms for Hyper-Parameter Optimization: https://papers.nips.cc/paper/4443-
algorithms-for-hyper-parameter-optimization.pdf

- Neural Architecture Search: A Survey: https://arxiv.org/pdf/1808.05377.pdf

- Feature selection: https:.//www.analyticsvidhya.com/blog/2016/12/introduction-to-
feature-selection-methods-with-an-example-or-how-to-select-the-right-
variables/
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