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FTHOFEHMDICLI-VWED ZALT=LWHD
anBHZ HBZEE
(FE=E)
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Pregnancies Glucose BloodPressure SkinThickness Insulin DiabetesPedigreeFunction Age Outcome
0 6 148 72 35 0 336 0.627 50 1
1 1 85 66 29 0 266 0.351 31 0
2 8 183 64 0 0 233 0.672 32 1
3 1 89 66 23 94 281 0.167 21 0
- 0 187 40 85 168 43.1 2288 33 1
5 5 116 74 0 0 256 0.201 30 0
6 3 78 50 32 88 31.0 0.248 26 1
7 10 115 0 0 0 353 0.134 29 0
8 2 197 70 45 543 30.5 0.158 53 1
9 8 125 96 0 0 00 0232 54 1
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Automated Machine Learning . LEEDfinvz BEMEL L T< N3 LA
« Amazon SageMaker « Sony/Prediction One

Autopilot - H20 Driverless Al
« Google Cloud: AutoML . Data robot
(Tables) C
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Automated Machine Learning

Pima IndiansD#ERBREET A T—F v MIXTT S4ER (by PyCaret)
FHERE
1

I-b

N
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Model
Ridge Classifier

Linear Discriminant Analysis

Logistic Regression

CatBoost Classifier

Light Gradient Boosting
Machine

Random Forest Classifier
Gradient Boosting Classifier
Extra Trees Classifier

Ada Boost Classifier

Extreme Gradient Boosting
K Neighbors Classifier

Decision Tree Classifier

Quadratic Discriminant Analysis

Naive Bayes

SVM - Linear Kernel

|

Accuracy AUC Recall Prec. F1
0.757900 0.000000 0.512900 0.719200 0.594600
0.756100  0.800900 0.507600 0.716900 0.589900
0.743000  0.796000 0.508500 0.680600 0.578000
0.731900 0.795600 0.518700 0.655300 0.573100
0.726400 0.774500 0.557300 0.622800 0.584900
0.726300  0.745600 0.449100 0.662900 0.532900
0.717000  0.778000 0.512900 0.620300 0.555500
0.717000  0.773000 0.464900 0.633200 0.531000
0.715300 0.774300 0.504100 0.610000 0.546200
0.707700 0.772700 0.508200 0.598800 0.544600
0.694800  0.721300 0.514000 0.574500 0.536400
0.694800  0.669400 0.584500 0.560200 0.568700
0.651800 0.000000 0.000000 0.000000 0.000000
0.647900  0.692600 0.089800 0.448100 0.144900
0.588500  0.000000 0.426300 0.442300 0.372500



BT {E
- 1FAR3R (}8E, accuracy) : FHIDERICES THoTcT7—2DEIE
(TP+TN)/(2T7—2 &)
- WAEX (precision) : IFEEFRILT=T—2D55, ERICIETH-T-2E
(TP)/(TP+FP)
« BIEEK (recall, BXE, sensitivity, EF14EER) :
KRIFICIEDT—2DA. IEEFHLEESE
(TP)/(TP+FN)
- 5RE (specificity) : ERICEDT — /S'GJP'\] ﬁ}_’,%“ﬂlj[_,t_ 'JA

mO/FPTN) - e I T

Positive & T8I

Negative & 8 FN TN
ARSI DB - i
FfiE (F-measure) : BIRR CERRDAFFIT 5

F=2/(1/recall + 1/precision) 5 i

_______________




5T{iifii: ROC, AUC (1/2)
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ROC (Receiver Operating Characteristic) H#F :

fed © sensitivity=HEFfFM4R (=TPR)
faEh 1 —SEE={AREER (=FPR)

AUC, ROC-AUC (Area under curve) : . R

ROCHH#E O T HETE

- RBDIZEIF1 FN 2
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sFififii: ROC, AUC (2/2) 9

TPR(T):RMET DEEDTP rate

TPR(T) =P (X>T) = f p(x) dx
T

FPR(T):B{BET DEFDFP rate

(0]

FPR(T) =P,(X>T) = j po(x) dx <
T
1 0 dFPR(T) 7
AUC = j TPR(Tppg) d FPR = j TPR(T) dT
0 oo aT o
o
FPRZFPR(TFPR) -
OFPR(T ;
d FPR = GTEPZPR)dTFPR " FPR
T I(condition): $5~BEX
AUC = f_oo fT p1(x1) dxy po(T) dT condition = True —1
= oo [ o010 > Thpi(xr) doey po(T) dT condition = False =0

= f_oooo fjoool(x1 > x0)p1(x1) Polxp) dxidxy ¥ BIEHZ I T = x,
=PX; > Xo) «BEOZXATHEMEDIATLDEL BREIEER
- BOTINHDOEDLEZZITICK LWEE
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Receiver operating charactenstic example
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DeepMind: 2 4B FEE = 4885 EF1 I F A

Tomasev, Nenad, et al. "A clinically applicable approach to continuous
prediction of future acute kidney injury." Nature 572.7767 (2019): 116-119.

FOMICHEZLD

Wi Install User Guide APl Examples More ¥

sklearn.metrics.roc_curve

sklearn.metrics. roc_curvely. true, y. score, *, pos._label=None, sample_weight=None, drop_intermediate=True) [source]

Compute Receiver operating characteristic (ROC).
Note: this implementation is restricted to the binary classification task.
Read more in the User Guide.

Parameters: y true : ndarray of shape (n_samples,)
True binary labels. If labels are not either {-1, 1} or {0, 1}, then pos._label should be explicitly given.

y_score : ndarray of shape (n_samples,)
Target scores, can either be probability estimates of the positive class, confidence values, or non-thresholded
measure of decisions (as returned by “decision_function” on some classifiers).

pos_label : int or str, default=None
The label of the positive class. When pos_label=None, if y_true is in {-1, 1} or {0, 1}, pos_label is setto 1,
otherwise an error will be raised.

sample_weight : array-like of shape (n_samples,), default=None
Sample weights.

drop_intermediate : bool, default=True
Whether to drop some suboptimal thresholds which would not appear on a plotted ROC curve. This is useful
in order to create lighter ROC curves.

New in vercian (1 17- naramater dran intormediate

https://scikit-learn.org/stable/modules/classes.html#module-
sklearn.metrics

(I =

AHEEEDFATE



IR LEELEEE | FHFSHKEORT

IS ETIE, B FRLITTES, EOEHFAICEML TVWEIDZRTLT
BHNEHRDTFAICK T ZERAEHDEIE

0.16
t” 014 4
. 0.12 4
Hm( 0.08 4
0.06
0.04
0.02 4

Pregnancies Glucose BloodPressure SkinThickness Insulin BMI DiabetesPedigreeFunction Age Outcome

0 6 148 72 35 0 336 0.627 50 1
1 1 85 66 29 0 266 0.351 31 0
2 8 183 64 0 0 233 0.672 32 1
3 1 89 66 23 94 28.1 0.167 21 0

B >7IL (BE) ZrDEEE (by SHAP)

higher = lower
output value base value
-4.051 -3.551 51 -2.7-2.44 -2.051 1551 =01  =0:5513 -0.05133 0.4487 0.9487

>)-___-I((

BloodPressure = 86 DiabetesPedlgreeFuncnon 0.695 Glucose = 102 SkinThickness = 17 | Age =27 lInsulin = 105 | BMI = 29.3




IR LEELHEEE | FHRHKEORT

MEDRRILFELD
(XAl: Explainable Al WS EEL H B)

Partial Dependence Plots [Friedman+2001]

M-Plots & ALE [Apley+2016]

Individual Conditional Expectation [Goldstein+2017]
Permutation feature importance [altmann+2010]
Global surrogate

Local surrogate: LIME [Ribeiro+ 2016]

SHAP [Lundberg+2017]

Gradient-based methods

Attention

Graph-base: GNNExplainer [ving+2019]
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BUALER : IEFRML

5 FRIDOBICEREORLEZTEZIETSIEF VI EDZ L,
FIC. READT—ZIBADRRPTVELS

CEAAREINTS D, BUNZS-T S
RV EHBNDT, ERILTEAEZ 3 u rAliEA | ErAMES

Z3L53FVKEHBL )
1 6.0 150
EZE4L - 7—.;7-“—15/;( ] 2 10 240
Y —  — EHEOF 3 8.0 330
L = —‘u u=50 u=240
g—— EBBEDRERE —99 g=73
FEEORENLICHEDESICHET S ' FERE(L
R=A - /) D | EHAEA | EEB
. X — min(X) 1 0.3 -1.2
= 2 1.3 0.0
max(X) — min(X
(X) (X) 3 1.0 1.2
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RUSLIE © XiffE

F—=RIASHDIBHTRIETSZCehHD. RIELIZHZEICES
WO TeRIADPINZINNIT—RICE>TEBRBIDTIEEITSCL

D |FHBMEA(m) | EHEEB(mm)

1 6.0 150
2 NAN 240
3 8.0 Error

RIBIFEDHEED S, UTOIBAICHEIND ZLHZL

« MCAR (Missing Completely At Random)
FTRICTVHALICADRIE | AR /1 XICLBRIE

« MAR (Missing at random)
BAICIGCTASXIE: 20U TOAICEAL TIEH F D ARSI NG WIE
BEXICKkBRiE

« MNAR (Missing Not At Random)
RIBEEEDEICK > TRIEL KIS : (AE100kgA LD AIKETHRIZED T
T—ZRITLBYE
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TTF—5

SHEMEA | 5HElfEB

(cm) | (mm)
33 150 » 21 240
2.1 240 18 330

1.8 330

3.3 150)

w NN

T=TINT—RZTeHBT T, BEAROELLBY—ILIMERS
- EE{EDfR(Eigenvalue Decomposition)
- $FE{EDHR(SVD)
. 17549 #%(Matrix Factorization)
- JEE(ETTYI2R(Non-negative Matrix Factorization)

- —{&1754% & (Binary Matrix Factorization)
« O/NX FPCA
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AX—=T LT W

EFAR—=23 Y TN K BEHISALEIC T IEEH E a+b
LLWDT. BAELDLTRITMILRPAADST—DET
LWL -
n X nMIT5AD E B (ESD R A BEEE
Au; = Lu; u;: BBRNI R
/'ﬁwc;gégf“\ \7SiZIE@zﬂs—%‘\
(I AX=DTEHRWV) (RENDMPV B 1 X —2)

u; Au; ; Ay
x/ » - J -~ »/ Y,

TIICE B R EANT—BELT/RS CEDTEI BRI FILH
EBANRI ML, EDRKDRAS—EHERIE




BB a5 (2/2)

EBED#EZITITECL
AP =PD

Aui = Aiui A E&1E
u;:BEBXRI RIL

PIZ—RIRIIBEEBNRT MILZWLAT1T5

= (U, uy,usg, ..., U,)

0
A = PDP! p=|"Y /102
0

1THAIC & B Bz P, 0
B (270 o FTcHLAD.
POBEIRICTEET S

T S I TR S A AT
= \\ =75 =R linalg.eig
numpy.linalg.et Previous topic
T e A )(‘ ] o N py.linalg.eig

numpy.linalg.svd

numpy.linalg.€ig() [source]
Next topic
Compute the eigenvalues and right eigenvectors of a square array.
numpy linalg.eigh
d (o] Parameters: a: (.., M, M) array

Matrices for which the eigenvalues and right eigenvectors will be computed Quick search

— — ~ J)I\ ~ Returns: W (.., M)array search
’ N P K [ ] K D I A I o The eigenvalues, each repeated according to its multiplicity. The eigenvalues are not necessarily

ordered. The resulting array will be of complex type, unless the imaginary part is zero in which case it
will be cast to a real type. When ais real the resulting eigenvalues will be real (0 imaginary part) or
occur in conjugate pairs

Vi (e M, M) array

The normalized (unit “length’) eigenvectors, such that the colurn vL:. i1is the eigenvector
corresponding to the eigenvalue w[i]

Raises: LinAlgError
If the eigenvalue computation does not converge.
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. PHRELSBRITIH ZERERE=ERT3F (PCA)
VERBT—2ty FDORAZHDOP CA

sklearn. decomposition.PCA % as =
- class sklearn.decomposition
youuse ¢ | iterate L

position. PCA(n_ ., copy=Tiue, =False, svd_solver="auto’, tol=0.0,
om_state=None) [source] 0.6

04

e Linear dimensionality reduction using Singular Value Decomposition of the data to project it to a lower dimensional
ﬁﬂaj’nﬁ‘a s | -
=" Nnn
1 of the truncated SVD.
L]
e Ct u re C a I n atodsiD for an atemativ

DT —ZD
CNCBVERBTE 30

10

BEBE&ZAD
BEXRI I
D ¥

BE2E/HS
§
H

IR FILDIE Insulin \

EBXI KILD
BHRDIE

(BB MILOEE - HE)

O HEgORTS
— 2 RFETHHED FTDF— 4 DIER
HEFHOoTWABAZehhh 3

TF—2DEM
Insulin®fEHAE O (&KIE) ICBR->TWBC
CICEBDEDELERDEEERTETS
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PRSI CERER R = END RIS T—2%ZSVD
DEE D EITS

S = 2N Cr —m)(x; —m)'

X;. ;_gé
X: x] Z RIS TAT
sEEGENE VT 20K

Sui = Aiui A E& &
u;. Elﬁ/\“ﬁ ~IL

PEAHED T 2 BB ED R = TR A DHh
SIEHBAENESHMOHMICEEZEZX 5D
—IEDDHRICHEEZ 5 X5V ISERRE
—EBEANT FLIZEDRERAF
—>ERT I

ABHED BTN 2 EHEDHE= T —2X%ZSVD
X (F30NEE) OREEDRLOLEM (CE5TRRITZILHZV)
,_X'X ver'vh o EET O
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HRRD (BREDZFERERD) CERD DR

, X
z=UT(x —m) ’\Q 5@ 1) (& —m) = UUT(x —m)
Xx=Uz+m [ NS . 2
1 , O XL __‘ : : — N(UUT(xn _ m) . (xn . m))
min— ) (X, — x o 1 2
NZ n = ¥n) =~ X (xy — m)T(UUT —1)"(x, — m)
U:DxM = %Zn(xn —m)T(I - UUT)(x, —m)
U= (ulfuZI"um) 1
u; =1 =Ntr(2n—(xn—m)UUT(xn—m)T ) + const

uju; =0 (v -1y’
= (vu™)’ - 21(UUT) + 1
=UUT -2(U0UT) +1
= -UUT)

—tr(UTSU) +const
—ul'Su; —ulSu, — - — ul,;Su, +const

SOSUCaADEKRERBE ui=1
uju; =0

EABEE@EISMEL 21=H Li(u;, ) = —uj Su; + A(uf — 1)
DHEHEO-RBLE R oL, (w, 2)
INCT B laul-’ = 25u; — 2u; = 0
EEELE_REEML l
=R HESEITY = BB {ED #

(ERA5H) Su; = Au,
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c EFET AR EETILERICE > TRETET S
« RIEMEICK T 2HERAZEEICITRES M TES
- MOEXRETILEERKICIRZ S (MOETILEDEESLEDER)

FERHIPCA
p(z) = N(z|0,I)
p(x|z) = N(x|Wz + u,c?I)
W:D XM

HIORZHmDEEDS

p(x) = N(x|u, X)
X =WWT + o2I

p(z|x)
=N@M *WT (x —p),c?°M™1)

M=WTW + o?I
Y l=—0g2I—0c2WMIwWT

FICMRITZERDzDBHZEE X\
T — 32 x(DRTT) ISz DIFHEBLTER I NS

SR
L=Xnlogp(x, | pW, o* )
= —NZ—Dlog 21 — %longI
1 _
_EZn(xn _ M)TZ 1(xn _ ﬂ)
= —Nz—Dlog 2T — glogIZI - gtr(Z‘ls)

S = %Zn(xn - (xn - ﬂ)T
plc B9 IR

oL
@=z(xn—ﬂ):0 Ky =
n




ELRAPCA: RIiE(2/4)

- AR { L =—"log2m —logl|Z| — ~tr(Z71S)
[

Y =WWT + ¢2I
W:DxM

| XtFR1T5 ¢ XICEEL T
0Xii
dloglz| [(dloglE]\ 0% X 7w,
g _ 0g Lj — z—lw 0 Wi T
oW oz ) aw T _ x,, WiaWa,
1 Lj tj oWy,
ai = y-1 - XU OWyg; Waj+XijWia OWy,
» B ; = Xp Wit X Wy
otr(Z19) _ otr(X~1S) X _ _y-lgy-1w = 2X;,;Wj,
ow 0X . OW
1 4 aAi_leﬁ
1 0Agi
dtr(X™°S) _ _y-lgy-1 aAi_jl 5
0x * 0Ay Ji
. -1 0A -1
ol N _Ala (aAkl) bA ] Bii
> W= 7 ETW-ZTISITIW) =0 = —A; A;'Bj;
—T pT A—-T
W =Sz"1w A BijAﬂ




ELRAPCA: RIE(3/4)

WICRI T ARALETHERINIERR: w=sz 1w A = diag(Ay, ..., Ay, 0, ...,0)

W = UALY2pYT S — WWT 4 o2] A:D XD
CHIREDETE S _ (U/ll/ZVT) (V Al/ZUT) gy
e W:DXM =U(A+ o?DUT
: Xl/D2>;D>< M l (A + 0?1 = diag((A1 + 02), ..., (Ay + 02),02,...,02)
c V:MxM wW=S82w IZIKALT

W=SUA+d*’D'UT™W
U=SUA+c?I7!

2 —
”(’”l“ D=SU SIcET 3 OEBEDNS

LERKTIE.
(A +02), ..., Ay +02),02%,...,0%> B (SOEBME) = (sq,..,sp) XML TWVS
A Ay SWDHFEREE LTEALEDT,
WWIDEEE/BEERY PR S5BB3ELES5SWZRET S
wwT = ua'uT A’ = diag(s; — 0%, ...,sy — 04,0, ...,0)
WWT = U(N)ZRRT(A)/2UT f-72 L. RIZRRT = 1.
Wy, = U(A)Y/?R Zzmlc T EEDITH



FERRIPCA: mIE(4/4)

2 ==
COME e ) ~"log2m — Ylog|E| — S tr(Z71S)

— ~

T
X =AU +02)..-(Ay +02) - 02 .. 0° L=UANU"+0°l
2] = (4 ) (Am ) 1 = UA 4 021)-1U7

log|Z| = XM _.log(A,, + 02) + (D — M) logo?

¥ 1S = U + o2 1UTuAUT
log|X| = XM_.logs,, + (D — M) logo? A"+ o°D)

tr(Z718) =M + X5 11 5m/0?

L=——(Dlog2n+ZM logs, + (D —M)logo? + M +¥P2 _11i15m/0?)

= =5 (52 - Theusm(@)? ) =0

dao? 2 g2
D

UAZ/IL: z Sm /(D — M)

m=M+1
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scikit-learn 0.24.1

sklearn.decomposition.PCA

Other versions

class sklearn.decomposition. PCA(n_components=None, *, copy=True, whiten=False, svd_solver='auto’, tol=0.0,

Please cite us if you use the iterated_power="'auto’, random_state=None)
software.

klearn.decomposition.PCA

xamples using

klearn.decomposition.PCA

Principal component analysis (PCA).

The input data is centered but not scaled for each feature before applying the SVD.

It uses the LAPACK implementation of the full SVD or a randomized truncated SVD by the method of Halko et al. 2009,

_“ ‘EE- depending on th ‘h f th i t data and the numb f' ts to extract
,_ 3—%, %% R‘h$ o—t/ ET % epending on the shape of the input data and the number of components to extract.

575 ZEBUCED < TT
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It can also use the scipy.sparse.linalg ARPACK implementation of the truncated SVD.

Notice that this class does not support sparse input. See Truncatedsvp for an alternative with sparse data.

(n_com ponentS:“mle” t 3—5 t E@Jf;&i) Teadmmeimheuﬁmda

SR04
lecture_prob_pca.ipynb

oggle Menu

n_ P : int, float or ‘mle’, default=None
Number of components to keep. if n_components is not set all components are kept:

n_components == min(n_samples, n_features)

L
. Wn Install User Guide APl Examples More > :

scikit-learn 0.24.1
Other versions

Please cite us if you use the
software.

sklearn.decomposition.PCA
Examples using

sklearn.decomposition.PCA

References

For n_components == 'mle’, this class uses the method of Minka, T. P. “Automatic choice of dimensionality for PCA". In NIPS,
pp. 598-604

Implements the probabilistic PCA model from: Tipping, M. E., and Bishop, C. M. (1999). “Probabilistic principal component
analysis”. Journal of the Royal Statistical Society: Series B (Statistical Methodology), 61(3), 611-622. via the score and
score_samples methods. See http://www.miketipping.com/papers/met-mppca.pdf

For svd_solver == "arpack’, refer to scipy.sparse.linalg.svds.

For svd_solver == ‘randomized’, see: Halko, N., Martinsson, P. G., and Tropp, J. A. (2011). “Finding structure with randomness:
Probabilistic algorithms for constructing approximate matrix decompositions”. SIAM review, 53(2), 217-288. and also
Martinsson, P. G., Rokhlin, V., and Tygert, M. (2017). "A randomized algorithm for the decomposition of matrices”. Applied and
Computational Harmonic Analysis, 30(1), 47-68.
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Linear dimensionality reduction using Singular Value Decomposition of the data to project it to a lower dimensional space.
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p(z) = N(z|0,1)
p(x|z) = N(x|Wz + u,coI)
W:D x M M=W'W+o°l

p(z|lx) = N(x|M~'W" (x — p),0*M ™)
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= E[logp(2)] + E[log p(x|2)]
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Elzz"] = 62 M~ + E[z]E[2"]

M 1
* E[logp(2)] = — - log2m — ~tr(E[zz"]) M=Wqy Wog+ 05ql

« E[logp(x|z)]
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Update: W
0
% 202 (2WE[zz"] — 2(x — wE[z]T) = 0
W=(x-pE[z]" E[zz"]™* WE([zzT] — (x — wE[z]T = 0
WE([zz"] = (x — pE[z]"
Update: ¢
90 D

=5 204 (tr(E[zz"IWTW) — 2ur(WE[z](x — )T) + (x — )T (x — p)) = 0

g2 = % (r(E[zzTIWTW) — 2tr(WE[z](x — w)T) + (x — )T (x — p))
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Non-negative Matrix Factorization
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Non-negative Matrix Factorization

sklearn. decomposition.NMF

learn v0.20.3
Il EElEns class sklearn.decomposition. NMF (n_components:None, init=None, solver="cd’, beta_loss="frobenius’, tol=0.0001,
Lo cite us if you use « max_iter=200, random_state=None, alpha=0.0, I1_ratio=0.0, verbose=0, shuffle=False) [source]
N x M ~ INXK| | KxM [
decomposition .NMF Non-Negative Matrix Factorization (NMF)
s using
deconposition. NHF Find two non-negative matrices (W, H) whose product approximates the non- negative matrix X. This factorization can
be used for example for dimensionality reduction, source separation or topic extraction.

The objective function is:

0.5 * ||X - WH||_Fro~2

+ alpha * 11_ratio * ||vec(W)|

+ alpha * 11_ratio * ||vec(H)||_
+0.5 * alpha * (1 - 11_ratio) *
+0.5 * alpha * (1 - 11_ratio) *
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= @cture_nmf.ipynb
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X
(HU)U

t. Hj; =0
U >0
Loss = Z —X 'log (HU)l] + (HU)l] A Ay
= ZU( X;jlog ¥y Hi Uy + Xp Hy Uy ;)
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Update:d;;,,  9Lo
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BXIH
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beta loss : float or {'frobenius’, ‘kullback-leibler’, ‘itakura-saito’}, default="frobenius’
Beta divergence to be minimized, measuring the distance between X and the dot product WH. Note that
values different from ‘frobenius’ (or 2) and 'kullback-leibler’ (or 1) lead to significantly slower fits. Note that for
beta_loss <= 0 (or ‘itakura-saito’), the input matrix X cannot contain zeros. Used only in ‘'mu’ solver.

New in version 0.19.
. eeal‘,n Custom Search

sklearn. decomposition.NMF

scikit-learn v0.20.3

class sklearn.decomposition. NMF (n_components=None, init=None, solver="cd’, beta_loss="frobenius’, tol=0.0001,
max_iter=200, random_state=None, alpha=0.0, |1_ratio=0.0, verbose=0, shuffle=False) § [source]

Non-Negative Matrix Factorization (NMF)

Find two non-negative matrices (W, H) whose product approximates the non- negative matrix X. This factorization can
be used for example for dimensionality reduction, source separation or topic extraction.

2: —FEIRE (Frobenius/ JL L)

=
Il

The objective function is:
Fron2

0.5 * [|X - WH||_f
+ alpha * 11_ratio * | |vec(w)||_1

- W AN ~ O
JL + alpha * 11_ratio * ||vec(H)|| 1
— ] . _ﬂ21t KI 9 ,r / \ — \/ T / z D e O Lson
— ° + 0.5 * alpha * (1 - 11_ratio) * ||H||_Fro~2

Where:

| |Al|_Fro*2 = \sum_{i,3} A_{ij}*2 (Frobenius norm)
| lvec(A)||_1 = \sum_{i,j} abs(A_{ij}) (Elementwise L1 norm)

\} ) LSRN ~
p— O ° *& % ﬁ % 9 { / \ — y I / z For multiplicative-update (‘mu’) solver, the Frobenius norm (0.5 * ||X - WHI|_Fro*2) can be changed into another beta-
° = /)N f]\ divergence loss, by changing the beta_loss parameter.
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Loss = Z —X;jlog (HU);; + (HU);; <

T -
Poisson(X;; |(HU);;) = 1_[ —

Xl]' o
ij X:, —
(HU), jU exp —(HU);;
—logPoisson(Xij I(HU)ij) = _1081_[ X!
ij
- z —X;jlog(HU);; + (HU);j + log X!
ij
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« Bayesian NMF
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A3 H =
Home stal Examples Custom Search
sklearn. decomposition.NMF
scikit-learn v0.20.3
Olherverson class sklearn.decomposition. NMF (n_components=None, init=None, solver="cd, beta_loss="frobenius’, to/=0.0001,
« max_iter=200, random_state=None, alpha=0.0, I1_ratio=0.0, verbose=0, shuffle=False) 1 [source]

Please cite us if you use
the software.

sklearn. decomposition .NMF Non-Negative Matrix Factorization (NMF)
Examples using

sklearn. decomposit on. NMF Find two non-negative matrices (W, H) whose product approximates the non- negative matrix X. This factorization can

be used for example for dimensionality reduction, source separation or topic extraction.

The objective function is:
0.5 * ||X - WH||_Fro~2

+ alpha * 11_ratio * ||vec(W)||_1

+ alpha * 11_ratio * ||vec(H)||_1

+ 0.5 * alpha * (1 - 11_ratio) * ||W||_Fro~2
+ 0.5 * alpha * (1 - 11_ratio) * ||H||_Fro~2

Where:

| |A]|_Fro*2 = \sum_{i,3j} A_{ij}*2 (Frobenius norm)

| [vec(A)[|_1 = \sum_{i,3} abs(A_{ij}) (Elementwise L1 norm)
For multiplicative-update (‘mu’) solver, the Frobenius norm (0.5 * ||X - WH]||_Fro*2) can be changed into another beta-
divergence loss, by changing the beta_loss parameter.

2

N X K
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illna(method="ffill'

T—HR

‘pandas 0.25.3 documentation » AP

bl O Contents pandas.DataFrame fillna
hats Newin 0252
F . 11 s vlue=None, melhod=one, axishcne, pace=Faie Imt=None. cowncasi=None
Geting started ‘wargs) fsource]
e il NANaN values using th specified method
ettt
< puiosp Valuo - scaar,dit Seies, o Dataframe
5 D:”::Mm specifying which value to use for each index (for a Series) or column (for a
marane DataFrame). Values not nth dictSeres DataFramo wil ot b fild. This value
+ Attributes and underlying cannot be a list.
. method s (baciiil, i, pad', T, None),defaut None
Gl Method to use for filing holes in reindexed Series pad / il propagate last valid
e T Gbservaton foniar fo et vald backil/ bl use nextvalid observaton o il gap.
s e axis {0 or index’, 1 o ‘columns]
Pkl O Aois along which o fl missing vlues
stats. inplace : bool, default Faise
VA Sl Bars sters: I True, il in-place. Note: this will modify any other views on this object (€.9.,a no-
e copy e ora courn i a DataFrame)
D @ FE? - 'r:::’s':::‘:y“"‘”q limit - int, default None
e Ifmethod is specifed,tis s the maximum numbar of consecutive NaN values fo
o forwerabacioward il I other words,f here s & gap with more than (s number of
e et consecutive Natis, it il only be partaly e fmethod i ot specifed, s s the
~ Pong maximum number of enries along the entire axis where NaNs vl be filed, Must be
O ety 2. greater than 0 if not None.
* Setaasion 101
downcast :dic, defeatis Noo
» Sparse Adict of item->dtype of what to downcast if possible, or the string ‘infer’ which wil ry
Vg to downcast to an appropriate equal type (e.g. float64 to int64 if possible).
.
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pandas 0.24.1 documentation » API Reference » DataFrame » pandas.DataFrame »

pandas.DataFrame.asfreq

Table Of Contents
What's New in 0.24.1
Installation DataFram .asfrea(freq, alse, fill_ ) [source]
Ceting started Convert TimeSeries to specmed frequency.
User Guide
(REESESED Optionally provide filling method to pad/backfill missing values.
API Reference
: ‘G"z:‘e’z:‘:z:'mns Returns the original data conformed to a new index with the specified frequency. resame = is more appropriate if
an operation, such as summarization, is necessary to represent the data at the new frequency.

'av J
\J\‘x X .
= Panel
o :
. Method to use for filling holes in reindexed Series (note this does not fill NaNs that
+ Frequencies already were present)
+ Window « “pad’/ fill propagate last valid observation forward to next valid
« ‘backfill' / ‘bfill: use NEXT valid observation to fill

« GroupBy
+ Resampling
how : {'start, ‘end}, default end

{ . Style
For P only, see P

|
ﬁ -. - K |
st N
x /)
/| y | « Series
{8 %
- Pandas Arrays freq : DateOffset object, or string
method : {backfill /bfill’, ‘pad/ffill}, default None

asfreq

+ Plotting
normalize : bool, default False

+ General utlty functions
= Extensions
Whether to reset output index to midnight
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S .., statsmodels.tsa.ar_model. AR
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Linear chain CRF(Conditional Random Fields)
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hmmlearn

Navigation

Tutorial

Examples

API Reference
hmmlearn Changelog

Table of Contents
h

Digitalocean App Platform,

anew Paas

#RAIRT e

hmmlearn

+ Simple algorithms and models to learn HMMs (Hidden Markov Models) in Python,

« Follows sci
« Built on scikit-learn, NumPy
+ Open source, commercially

y, and matplotlib,
ble — BSD license.

User guide: table of contents
« Tutorial

> Available models

> Building HMM and generating samples

o Training HMM parameters and inferring the hidden states

> Saving and loading HMM

Implementing HMMs with custom emission probabilities

« Examples
+ API Reference

o hmmlearnbase

> hmmlearn.hmm

« hmmlearn Changelog

Versiol
> Versiol
© Versiol

> Version 0.2.2

Version 0.2.1
o Version 0.2.0
o Version 0.1.1

esent, hmmlearn developers (BSD License). | Powered by Sphinx 3.5.4

learn APLas possible, but adapted to sequence data,
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NetworkX

Stable (notes)

2.2 — September 2018
download | doc | pdf

Latest (notes)

2.3 development
github | doc | pdf

Archive

Contact

Mailing list
Issue tracker

¥

Software for complex networks

o ©
o o
NetworkX is a Python package for the creation,
manipulation, and study of the structure,
dynamics, and functions of complex networks.
°

Features

» Data structures for graphs, digraphs, and multigraphs

« Many standard graph algorithms

« Network structure and analysis measures

» Generators for classic graphs, random graphs, and synthetic networks

« Nodes can be "anything" (e.g., text, images, XML records)

« Edges can hold arbitrary data (e.g., weights, time-series)

» Open source 3-clause BSD license

» Well tested with over 90% code coverage

« Additional benefits from Python include fast prototyping, easy to teach, and multi-
platform
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://snap.stanford.edu/

@A 7 = REPOSITORY~ [l ANALYTICS+ % ABOUT @ CC BUTE~ Graph search

Network Rep05|tory An Interactlve Scientific Network Data Reposwtory

THE FIR SCIENTIFIC NETW )
e Gmphx/\s nteractive Vi
The first interactive data and network data repository with real-time visual analytics. Network repository is not only the
first interactive repository, but also the largest network repository with thousands of donations in 30+ domains (from
biological to social network data). This large comprehensive collection of network graph data is useful for making
significant research findings as well as benchmark network data sets for a wide variety of applications and domains (¢.g.,
network science, bioinformatics, machine learning, data mining, physics, and social science) and includes relational,
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By Jure Leskovec

 SNAP, -

SNAPforCrs
SNAPforPython >
SNAP Datasets >
BIOSNAP Datasets
Whats new

Giting SNAP.
Links
About
Contact us
Open positions
We are Inviting
applcations for open
undergraduate and
graduate research
positions and for
postdoctoral positions In
Machine Learning And
Public Policy, Network
Analytics and Machine
Learning, and
Knowledge Graphs and

Natural Language

(=)

NFORD

Stanford Network Analysis Project

.o'. SNAP for C++: Stanford Network Analysis Platform

Stanford Network Analysis Platform (SNAP) is  general purpose network analysis and graph mining fbrary. It is written in
G+ and easily scales lo massive networks with hundreds of millons of nodes, and bilions of edges. It efficiently manipulates
large graphs, calculates structural properties, generates regular and random graphs, and supports attributes on nodes and
edges. SNAP is also available through the NodeXL which s a graphical front-end that integrates network analysis into
Microsoft Office and Excel.

«, Snap.py: SNAP for Python

Snap.py is a Python interface for SNAP. It provides performance benefits of SNAP, combined with flexibilty of Python. Most
of the SNAP C++ functionality is available via Snap.py in Python

, Stanford Large Network Dataset Collection

A collection of more than 50 large nefwork datasets from tens of thousands of nodes and edges to tens of millions of nodes
and edges. In includes social networks, web graphs, road networks, internet networks, citation networks, collaboration
networks, and communication networks.

+, Recent Events

We gave a tutorial on Deep Learning for Network Biology at the annual international conference on Intelligent Systems for
Molecular Biology (ISMB) in Chicago, on July 6, 2018.
We gave a tutorial on Representation Learning on Networks at The Web Conference in Lyon, France, on April 24, 2018.

We organized Wiki Workshop at The Web Conference in Lyon, France, on April 24, 2018.
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ot EE sklearn. cluster .SpectralClustering
scikit-learn v0.20.3
Clherprecsione] class sklearn.cluster . SpectralClustering (n_  eigen_ . random_ . n_init=10,
Please cite us if you use « gamma=1.0, affinity="rbf ‘n_neighbors=10. eigen_tol=0.0, assign_labels="kmeans’, degree=3, coef0=1,
kernel_params=None, n_jobs=None) [source]

the software.

sklearn.cluster .SpectralClusteri
ng
Examples using

Apply clustering to a projection to the normalized laplacian.

In practice Spectral Clustering is very useful when the structure of the individual clusters is highly non-convex or more
generally when a measure of the center and spread of the cluster is not a suitable description of the complete cluster.
For instance when clusters are nested circles on the 2D plan

sklearn.cluster.Spect ralClusterin

If affinity is the adjacency matrix of a graph, this method can be used to find normalized graph cuts.

When calling fit , an affinity matrix is constructed using either kernel function such the Gaussian (aka RBF) kernel of
the euclidean distanced d(x, X) :
np.exp(-gamma * d(X,X) ** 2)

or a k-nearest neighbors connectivity matrix.

Alternatively, using precomputed , & user-provided affinity matrix can be used.
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o o d /. GraKeL is a library that provides implementations of several well-established graph kemels. The library unifies these
kernels into a common framework. Furthermore, it provides of some that work on top of
graph kernels. Specifically, GraKeL contains 15 kernels and 2 frameworks. The library is compatible with the scikit-learn
pipeline allowing easy and fast integration inside machine learning algorithms.
« Vertex histogram kernel
* Edge histogram kernel
ra n O l I I W a e r n e « Shortest path kernel from Borgwardt and Kriegel: Shortest-path kernels on graphs (ICDM 2005)
+ Graphlet kernel from Shervashidze et al. Efficient graphlet kernels for large graph comparison (AISTATS 2009)
« Random walk kernel from Vishwanathan et al: Graph Kernels (JMLR 11(Apr))
* Neighborhood hash graph kernel from Hido and Kashima: A Linear-time Graph Kernel (ICDM 2009)

° °
« Weisfeiler-Lehman framework from Shervashidze et al: Weisfeiler-Lehman Graph Kernels (JMLR 12(Sep))
e I S e I e r- e l I l a n g ra p e r n e S * Neighborhood subgraph pairwise distance kernel from Costa and De Grave: Fast Neighborhood Subgraph

Pairwise Distance Kernel (ICML 2010)

In detail, the following kernels and frameworks are currently implemented:
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# » Reference » Algorithms » Similarity Measures »
networkx.algorithms.similarity.graph_edit_distance

>SS EE AN . ¥oq NetworkX
Ty “/% S FEE dJacca rdt%\ﬁ : & NetworkX o o
networkx.algorithms.similarity.graph_edit_distance
A B p—

, edge_ , node_subst_
, edge_subst_ , edge_del_ , edge.ins_

graph_edit_distance(G1, G2, node._
node_del_ , node_ins_
, upper_| , tir [source] ]

Returns GED (graph edit distance) between graphs G1 and G2.

|A N B]
JAUB| e

A B
“ODTZTDIYvIDEEZA,BET S

Graph edit distance is a graph similarity measure analogous to Levenshtein distance for strings.
It is defined as minimum cost of edit path (sequence of node and edge edit operations)
transforming graph G1 to graph isomorphic to G2.

S Reference

J(A,B) =
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