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ik - BixEZ

classification

scikit-learn
algorithm cheat-sheet

NOT
WORKING

get
more
data

NOT
WORKING

regression

NO
>50
YES samples

NO
NOT
WORKING YES <100K
sve smples ‘ -
SvC predicting a Re; )
category

YES

YES

No ES
do you have
<100K
samples
YES

labeled
NO data

few features G
should be WORKING
important

YES

number of
categories
known

inst
!
looking ¥%. NoT
WORKING
oT
WORKING

YES

10K : : ;
2 i dimensionality
dicting o
@ reduction

Reference: https://scikit-learn.org/stable/tutorial/machine learning map/index.html



https://scikit-learn.org/stable/tutorial/machine_learning_map/index.html
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.
B

S8

loss

alpha
class_weight

n_estimators
learning_rate

criterion

max_features

subsample
init

n_jobs

warm_start

presort

oob_score
random_state
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[

HE Bt
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o O CoC

HT I
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Es:
a) o
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#
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3
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S

RandomForestClassifier RandomForestRegressor GradientBoostingClassifier

EABIRUE
TR E
e int: N
* 10: BUAME

AT REGRED RRBI BT

e entropy
* gini
T RO RS SHIMTAIRAFHER
e int: N

o float: SFFERHENNESLL
* auto: FrERHIEERASFS
o sqrt: FTENHESAIFT S
e log2: FTEHHIELIAYI0g2(E
o None: EFFEIBEFHIEEL

FITE FTEL
eint: PEYL e int: MY
o -1: JRCPURZE—3 o -1: BRCPUZEI—E
* LERAE * LEKAE
ERED, WRE, WTFR)IGRLVEIMNNE | E&HEE, MRE, WTF—RIIEGZLUEINRMEIRR
T BT
e bool: EZN e bool: HERN

* False: BRIAE

REHEMED
* False: BRIAE

BEHRERISR

FIRERVEEe int: PN
* 10: ERIAME

FURTT RESHREES FRATHETT A

* mse

TRPD NS SHRTIIR AL
e int: PEY
o float: HFFERAENEDLL
* auto: FRERHESEIF TS
o sqrt: FRERHESEIF TS
o log2: FREHHIEEHYIog2(E
o None: ETFFRIEFHIEEL

* False: BRIAE

REHNED
* False: ERAE

eSS ES

IRECEREY
e exponential: t&EHIZEFAdaBoost
* deviance: FLogistic RegressionfRAREI—E

R EIhuberggquantilefRT, alpha gk g+
AISE

=2

FHERIEEe int: N
* 100: BRIAE

FIR (F8R)

T RO NS SHIRTAIR AL
e int: NEY
o float: SFFERMEAIESDLL
e auto: FRERHEEEIF TS
o sqrt: ATENHESAIFT TS
o log2: FTEHHIELAYI0g2(E
* None: ETFFIBIHEEL
FREER
o float: =R
* 1.0: BRAME

e FHEE

GradientBoostingRegressor

IRICEREN
e exponential: 1&EIZEFAdaBoost
* deviance: FLogistic RegressionfyRoEHE—E

R A IhuberajquantilefiT, alpha iR
=N

=

FHERIRERe int: NEYL
* 100: BRIAE

$IE (GER)

T RPD NS SHIRTIIR AL
e int: MY
o float: HFFERENEDLL
e auto: FRERHEEEIFTS
o sqrt: FTEHHESEIFT S
e log2: ATEHHIEEAYl0g2(E
* None: EFFRBHHIEEL
FRIER
o float: SEHER
* 1.0: BRAE

e FHEE

BREN, MRZ, WF RGBS EE2E, MRE, WTFRIIG2LUEIRAT

L{T

et

* False il?kLME

RETHE TR AT LIRS RES TN, MTHE 2

FUEAEHe Bool

BEHEERISR

L{‘.I'

7

I T AT LSS RES TS, TR
HUEAE e Bool

* auto: IFFEEREURNITHET, EHEEIBRUATHE  * auto: IFEIREURNTHES, EHGEIRNATHE

BEHREXIS


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

o
=J o

I




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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EEBRS, FREENEEE.
- BRFEKX, FERExEESHS, EFENTERREES.
- BER=E)N, FENTERERY, BEreRE 7 BRIFIESES.
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Hzltz2FIPIlE - BiRESHE

- ERESERIRES

- 218 (Exploitation E‘M’E’U &, FA"
. R RAEEES AN, it R AR E S e R

- %2 (Exploration)

- £ E%H&‘E’JTEE%EI‘EULGR? p74% E}Fﬁé%ﬁa—%%
- BaW=s=I /A2 TERE BEUSFE, 1 _EI’J SRS HCRE S
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13HfE (Exploitation) 5i#%Z (Exploration)

. ’:_EJZfLé*’kﬂZEI'J— 1*]'5\%

- AL RMERYIR SRR
WESKRAYE, STHHNRR, KW, —5

7
- BRAMRTREFSEY, ¥RASRSOE (K8, &
LA RTREFE.

SREZRYMNE, FARMTIR.
. elFE) RIS, SRARRTTR,




13HfE (Exploitation) 5i#%Z (Exploration)

1248 (Exploitation )
ERIFERAERT BT, SEEEHEReEREEPRIMER.
HAEL: AOEE.,




13HfE (Exploitation) 5i#%Z (Exploration)

- IRZ& (Exploration)
- EEERVHIERTEHTIRR, BDEREERINER.
EEE B




13HfE (Exploitation) 5i#%Z (Exploration)

BRI T EZERERRISTE, BNEERRHESECK
FEHIFERIELH.




FEIGE

- [BljpR
- H2eFEIHRIHEG
- BoWl=8=IFHEERS
- BERTH
- Ba=8=3IFEHTELF: MHEE THMEEE
- ¥54E (Exploitation) 53#RZ (Exploration)
* I%\%
- IRIEECHIESEFIRR, NENEEESH T, EEWELWE 0 1Y, BLER
HWER, =EIeRY?
- BoWl=s=I8E5—R=SFZIETAE, BEEERTIER?
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IRHILEER

X . GBS % . SRl N
A EE = 7 - HEENE

B R4ER

FRIGER. RERER: AMERERNUECENR, WBE (Accuracy) . RK(E (Loss)



VRLAZ IS

. 5578325 Exhaustive Search

- BAERIIEZE Heuristic search
- IOTER{/G44, Bayesian optimization
- BEftbLEE




L Ei% - BEt

B MESEL

- B

=B SEE] R EESE

R SEEE AFIF
FRSIRER BETRIRER, BITHRERE
FEERZS R /NAERL KERZTRAZHERIMNE

HERR EFEOEESHAIRINER, AEAHEMUEZIIEE



(Kt 5% - 1B (Grid Search)

BB NMERZTE, KERENRIUE.

- i

EAWIEESES ITAMRAVEUESRES, winess, BE. LIRDRIVFERE
P SEEE AFIF

FRSIRER =ATE R R

FEERZS R /NAERL BERTEX/NEEINEZRE

HERR NERTERE/NNIERZE



AL Ei% -

- [&

IRIENEX
IMERSRRS, PEMHIT2FFIA,

BTz, LERARIRRER/DN, BRRRE.

' *EML_A

MﬁEﬁE—A
JLJI‘ NS ﬁﬁa—ﬁcﬁ”
5K, BE

J

g, FiEERE

SRR /IM

ILHIRRIQHED, RIFEmEEF.

/£ }AE)AZI_%I_E/J%)JQEIIMJ? I%: EJE L_ | Iﬂﬂlx?_(jj%ﬂyl:llﬂﬂ
SEBIART %, BiAPRIFRETIRE, (B2, X+
SREMAR, AT, RN

/f'::'AL/L_ZEH’ﬁE%?ZﬂJl;

S EIRRERIZRRIE. X MRS 5

SEBK, MK,
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LAEEE - =HLEX
- GARTERSRLEE,

- YEiEIE, BREMBIERESR.
- [RERRETE, BETEEEFER,

- EERBRIFNER KA, SNLA—EMERKRE




LRI - IRIUR X

// From: https://www.cnblogs.com/heaad/archive/2010/12/20/1911614.html

/*
y) . RSB REE v (1) RIS (i+1) : ROFHIAE
* i BAFIEHREEAIRIE T: RHERNEE, ,z%éﬁ?‘ﬂﬂ“f 1ZEL$—¢%/EE’JJKM
* T min : RETFE, ERETARIT min, WEIEER
*/

while( T > T min )
{
dE = J( Y(i+1) ) - J( Y(1i) ) ;

if ( dE >=0 ) //FX fzsz%élJEﬁcﬁep, NS R0
Y (i+l) = Y(i) ;o //ESNY (1) Blly (i+1) B9RBED
else
{
// dE < 0, BR#exp( dE/T )AIBUESEER (0,1) , dE/T#K, Mexp( dE/T ) kX
if ( exp( dE/T ) > random( O , 1 ) )
Y(i+1) = v(i) ; //EESMY (1) By (i+1)BIFBEN
}
T =1r * T ; //BERIEX , o<r<l , rikX, FREWIE,; o)\, FEEHR
/*

* Aridk, WERFEEHEMBENTERRES, EERNEIEEHERK, Erd/), WERIEESRIR, BREARE

&IE
*/

i ++

SR EEB



LRI - IRIUR X

- {EILEK

(e ST ISR SRE

P SEEE (e SEEERAERMNERIGEE
R SIRERR RIS TIRER, B TZHE
R EIK/NGIIERN KERZTRAFAZHERMER

HESR



& & A Y
I REA= Rt
- F451: 1B/EEE (Genetic Algorithm, GA)
- JRIE:
ZIEIRREPSREEFE R X ( Crossover ) , E[ESREE (Mutation ) , 1&MNE( Fitness J{EAIMES
WIEEER, MENESI MASHBRESZ,
ZENKHNBRERERE, RESRENMEEENERSN, EHRAsEa a8 E=4aiEi
EEEAIEB MK,
- KNIE:
- #EF(Population): SEMIRGHACIABHARRIFZIVHT, IXERI—DNEHAFR MRS,
- A (Gene) : —NMRIEREF.
- ZLBBIK (Chromosome ) : EE8—ANER.

- 12(E:
- H[RH3Z X ( Crossover)

- E[XZ83F ( Mutation)
- &M E( Fitness (KB MASHIZR S EIK

Reference: https://www.cnblogs.com/heaad/archive/2010/12/23/1914725.html



https://www.cnblogs.com/heaad/archive/2010/12/23/1914725.html

NICEZE - H#L
- F451: 1B/EEE (Genetic Algorithm, GA)
- TR
- Step 1 FE$MRML . IRIEIRIRFIEIRITSENIVIIRCIRIE (WIRAERENRERE, HEE
TEAZEE) NFHEEPRINMMRHI TG IRE;

- Step 2 MPIEN: IRIEEMNEERZL (Fitness Function) 1TEFEEPRIMABNIEM(E (Fitness
Value) ;

- Step 3 EUIRE: IREMEFHEANEREgmax, FH<LSIRNEVXEG=1;
- Step 4 MBERE: IKITSERNGES FRIIMEEP () MR TR, BRI MAREANIZEL

TBAPB R A CTREFFP(g), FIFARINTHAL A=A FAI MK,
ERREEREIREWEME (Roulette Wheel Selection) |, (BIRESE,

Reference: https.//www.cnblogs.com/maybe2030/p/4665837.html# labelO



https://www.cnblogs.com/maybe2030/p/4665837.html#_label0

RERE - L
- F5: =EFE (Genetic Algorithm, GA)
- JEE:
. Step 5 EREF: HEERp, (MHEE, —8N09) RHMQLAMARRREHT

WEME, ZXBTFERERENRI R, CREMREEEORD, HGiHT
MG ERR A EEMAEO S,

- Step 6 EREF: RIBTHWRp, (MEIEE, —MR01) ALK MEBSEEMTE
ﬁ%f;%ﬁﬁ¥m$%¢%%ﬁﬁmﬁmzﬁﬁ,%¢WﬁmAﬁmﬁm,EW&ﬁ%—
FEHLAEHE,

- B A X FRELUR AANEEFP(9) £ R T FHYFACAEEP(g+1), SHRHAIREg=9+1,
T T —ICRIEIRE (BkEEEIStep 4) |, EREIEUREIAZIGARNE VRS, #F:

Reference: https.//www.cnblogs.com/maybe2030/p/4665837.html# labelO



https://www.cnblogs.com/maybe2030/p/4665837.html#_label0
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R SRER MR, BRI TR,
TRNESHENS. TWEERA, BERETRE.
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e Ei% - MITErRAE

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,




e Ei% - MITErRAE

- RS (Surrogate model)

- SEMIFE (Gaussian process)

- SKEERRZEL (Acquisition function)
- SESEFGEIISCKF
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e Ei% - MITErRAE

- Tree-structured Parzen Estimator (TPE)
- Tree Parzen Estimators

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

- ot it

A SIFEMEIRSRE, LINREIRARNRERKRER
SR 2 SR E AL LR RIHE R R=E
FRSIRERR KERE T HEIZESIRE
ERTEA/NHIEN SR AE R EERER
HERR TRl B SR E 27 X ENF S RYA)RE,

MRARHERS, RS T,



e Ei% - HeliitEix

B IREE
- Hyperband, BOHB (Bayesian Optimization on Hyperband)
- FFEXEESAS, BT —/NRNERE, FEAEDERMMEN.,



ML

- PHTERR, B

2RI

- BHEX
v
i3

(RIS ERRIRRITN R 2245 5R,



HMERE - Rl

- 51 S SHMSERTFEEE5KAItialfYE] S SIHERIHE, BIZILL,
ITEE/N, RERF,
- Reference paper:

https://static.googleusercontent.com/media/research.google.com/en//
pubs/archive/46180.pdf



https://static.googleusercontent.com/media/research.google.com/en/pubs/archive/46180.pdf

HMh &% - el S

- —RIER

0.6

o
5}

accuracy
o
H

LA TIIIUAE
- ITEREZR, BEHE, (NEaEENERE.
- Reference paper: http://aad.informatik.uni-freiburg.de/papers/15-1JCAI-

Extrapolation of Learning Curves.pdf

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

Reference name

Formula

0.3 Janoschek Ay = -0.04
Weibull Ay = -0.04
ilog, Ay = -0.05
0.2 data
0 100 200 300 400
epochs

vapor pressure
POW3

log log linear
Hills

log power

pow4
MMEF
exp4
Janoschek

Weibull
ilogs

exp(a + % + clog(x))
c—ax” °
log(alog(x) + b)

Qmaxxn
w4z
a

(%)
c— (ax+b)™«

G
o= 14+ (kz)d
c — e—a:co’-i-b

ol

o= = P)e "

o—(a— ,8)6_(Kw)6

a
log

c_



http://aad.informatik.uni-freiburg.de/papers/15-IJCAI-Extrapolation_of_Learning_Curves.pdf
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FREENILEERIIE R

- Neural Architecture Search (NAS) - & pFITFAEAEHL MRS
RSB FRIMZE 514,

REFI L, BECNATIERIREMN BRI SE, —RRAMEK
feRLE I 23251l
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FREENESRIIEER - ERTH

- REERFERNRT: TR TELAER
aN:NE= Al

- M E—Er s gs, EEN. )
R RS R iR,

- alEros. BEhER, MEARRS
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=
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FREENESRIIEER - ERTH

- 1G4HRE (cell. block) FMZRIE/HTEER

1_1:rlJ Ko
éEﬂH’@lﬂZ%. ENEIHEEERE, THESEEE
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- PRAEARREIGSS : MR,
- ARSI B LS, AR IS
HAYZEH,
iR

- EERTEXKEN,
- RS IR R H SRS




FREERILEESRIFIEER - IEERIR

ffﬁa‘jﬁﬁ{ E‘ Pl #He, IWHERILIES,

- %*QEEJZEVEPGIEE’\JEM’EO
- B EIGZRBTEEERR.
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Neural Network Intelligence

- Neural Network Intelligence (NNI)

- 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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