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Introduction Ackonwledgement
o My Machine Learning Lecture Notes (& IMRAS, &G4 TiR): o (S229, Stanford University. (Foundation, Kernel Method, GMM)
Self-Learning/CS229/MyNotes/ML.pdf o (S231n, Stanford University. (Deep Learning)
o IXTEX code of the CheatSheet is available at: o (CS189, UC Berkeley. (Random Forest)
SJTU-Course-Stack/AT12611/CheatSheet e Understanding Machine Learning, Cambridge University. (Linear Regression,
o CheatSheet Jy 2022 it (EHAEEAR, HIRAFREN, RNEEHT¥T). KNN, SVM, K-means, PCA)

o AI2611, Shanghai Jiao Tong University. (H3(#4>, Spectral, Dimensionality Re-

duction)


https://github.com/anyeZHY/Self-Learning/blob/main/CS229/MyNotes/ML.pdf
https://github.com/anyeZHY/SJTU-Course-Stack
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Metric Formula Interpretation
TP + TN
WA (Accuracy) Overall p of model
TP + TN + FP + FN
P
fiif 4 (Precision) [ How accurate the positive predictions are
TP 1 FP
P
S, 54 (Recall Sensitivity) —_— Coverage of actual positive sample
TP 4 FN
FP
[ (FPR) -
TN 4+ FP
2P
F1 score ———— | Hybrid metric useful for unbalanced classcs
FEBLEH + TP — TN
(14 B?) x Pre x Rec
Fp score —— " 7| Precision and Recall
) B2 X Pre + Rec

EAREE T A AREIAFE TPR A1 FPR i, WFEiErEhEmdE, 3
MYGERGRAMEE T ROC Mk, HERENZ, ROC MZEF#H, AUC:
ROC £k R

BOMgESE: Bk (hold-out, PHEFEURMEI—EE, ZWELRITHCMH) .
A (%, 10-fold, HHTHISIPAAOMAL, (HIHSRE R MleE
HEs— e, TR, MR RIKRIRR; ). HIE (bootstrap,
HIEBEREE, WL IR, A/ MUSERSE)

B i VAR

E(f; D) = bias2 -+ variance + error2

= (f(=) = v)® +Ep[f(=z: D) — F(=)] + Ep[(vp — »)?]

§ Linear Regression

Loss function: Lg(h) = # i (h(z) — y)2. Solve Aw = b

d d
where A def Zm,m;r =xxT andb);f* Syiz; = XTy.

Theorem 1 w = (XTX)"1XTy. ffifi: single-shot 5k, HF
S A PhaE TSRO T RE PR A R (AR .

Theorem 2 Eigenvalue decomposition: A = vDTVT where
D is a diagnonal matrix and V is an orthonormal matrix. Define
DT to be the diagonal matrix: Dj’l = 0 if D; ; = 0 otherwise

DS, = 1/D; ;. Then, Aw = b where % = VDTV Tb.

Remark 1 Gradient Descent. ffifi: §xsth, 5T 508l fk: fht
SR, PGP

MR y|lz; 0 ~ N (0, o). Loss function N REIRMILER, 4r2as
H Ely|x].

Ridge (I%¥) Regression

Regularization (W) = Aw||? and w = (2AmI + A)~1. X &%
HRTVARD 5 2%, AR,

Lasso (#%1%) Regression R(w) = A||w||?. SPARSE

§ KNN #iz#: k fl d(xq1, z2). K, The “Curse of Dimen-
sionality” , m > (4evd/e) T (s + iRk + S
.

5 DL j'f;ﬂﬁzPr(mJ-)‘E%}:Pr(wﬂz),Likelihood: Pr(z\wj) and
Post = likely X Prior/ Pr(x) where w; FRAN, x ForEdE (BHE) .
RUMEREC o FIEbME: R(agl2) = $IZ5 Ma lwy) Pr(w;le)
s Hoh N FREARREN w; WRERIERIUTE o WK, I
R(aj|z) < R(ag|xz), then we adopt a1 (wq). Usually,

and R(oy|z) =1 — Pr(w;|x)

)\(ai,wj) =1-26;
S ANV

n
0 = argmax L(0) = Z log Pr(x|0).
0 k=1

§ Random Forest

Definition 1 (Entropy)
H(Y) = =Y Pr(Y = k) logPr(Y = k)
k

H(Y|X;) :Pr(Xj = l)H(Y\Xj =1

+Pr<Xj - 0>H(Y\Xj = 0)

Mutual information between X ; and Y.
max I(X;;Y) 2 H(Y) — H(Y|X;)
Gini impurity/index: G(Y) = 1 — 35, Pr2(Y = k)
Random Forest
Ensemble method+randomized+reduce correlation
+« bagging (bootstrap aggregating): sample some data points
uniformly with replacement, and use these as the training set.
+ feature randomization: sample some number k < d of fea-
tures as candidates to be considered for this split.
§ LDA
Kin) d = |wTu1 - wTuz‘-, XN d; = Eiecj |wT1‘z’ - wTuj‘
MITT dyy = d? + d2 = wT Sw.
Solve: max (d2/dw ) = max (wTSbw/wTSww) L A(w).

’Theorem 3 S;lsbw = Aw, w R RBE I R RE ) ik ‘

Remark 2 ZREMBHREZAAEE M — 1 4k

Calinski-Harabaz index:

M
Sp = > Njuy — wu; — w7
j—1
M
Sw= 3 > (@i —pj)w —py)T
Jj=1 iECj

§ Kernel Method K (z, z) £ (¢(x), ¢(2))

Remark 3 Kernel is a corresponding to the feature map ¢ as

a function that maps X X X — R.

Definition 2 (Gaussian kernel)

2
llz — =l
K(x,z) =exp| ——— |.
202
The gaussian kernel is corresponding to an infinite dimensional

feature mapping ¢. Also, ¢ lives in Hilbert space.

§ SVM

max ‘min wT z? + b) s.t. Vi, ’yi (wTa:i + b) > 1.
(w,b):[|w]=11€[m]
arg max min

k3 T _i
+b 1
(w,b):[|w||=1 ie[m]y (w “ ) W

1 . .
(wg, bg) = argmin — ||w]|? st. Vi, y1'(szl + b) > 1.
(w,b) 2

Output: w = wq/|lwoll, b= bo/|lwoll

Support Vector: g(z) = 1. v ~ m
Soft-SVM and Norm Regularization

2 | 1 &
Jnin Awl +;Z§i

i=1
s.t. Vi, yi(szi + b) >1—¢§;and & >0

Output: w, b

Definition 3 (hinge loss)
1PN ((w, ), (2, ) = max {0,1 — yw’ @ + b}

Now we just need to optimize X||w||2 + £PIN8 (v b). tAdlAS L
PR3 R B IE I B
§ K-means {8 @ + A 5.

HI ¥ RS AU 2EF 7 — 4L, AR AR R min J =

Y1 Ji = o1 Taen, e - will2. & M @ BE 5, EHA
- T—p s n; R 2

W 7n;f = mj; + TJ&, JJ’?‘ = J; + njii |ac — ij and
B n Tl& — will?. Transer & to Hj, whose Jp = Jyis
smallest.

The Choice of k

« The Elbow Method:
Squared Errors for different values of k, and choose the k for
which WSS becomes first starts to diminish.

Calculate the Within Cluster Sum of

« The Silhouette value: a(i) = ‘Clﬁ ZjEC[,j?éi d(i, j),
) . 1 o X b—
b(i) = minj4g 57 EjECJ d(i, j) and s(i) = 7max[g,b]‘

Bt REARBCE R AN IR AREARI R SR By B ) A
Linkage-Based Clustering Algorithms aka Agglomera-
tive Clustering which is trivial. Stopping criteria: numbers of
clusters @ current distance.
§ GMM z|z ~ N (v, £) where z ~ Mul(¢) is the latent variable
+ E-step: Evaluate the posterior Pr: Qi(zi) = P(zi|zi; 0).
s Me-step: Use the posterior Pr Qi(zi) as cluster specific weights
on data points z? to separately re-estimate each cluster model:
2 .
6; = arg max Z / . Qi(zi) log (M) dzt
o i J=t Qi (z%)

e, O
@

08 o e _ /e 00 22
W= o ; @\
R AU L
Gaussians ini — step  ==»  Convergence
Likelihood:
L@, ®) =Y tog > Pr(a’|z%p, =) Pr(2'10)

=1 i
§ Spectral 3HHRAMRIFIRAE, FNEdE: RIRREARL .
Similarity: W;; = s(z;, z;) = exp<7 Hzl — ij2/2(T2)
Graph Constructin: e-neighborhood, fully connected and KNN.

Definition 4 Some useful definations:
di = ¥jev Wij
cut(A, B) = Yica, jeB Wij

cut(Ag, Az, -+, Ag) = £ TR cut(44, 4y)
RatioCut(A1, Az, - -+, Ag) = £ TF_ | cut(Ay, 4;)/14;]
Neut(A1, Ag, -+, Ap) = 3 SF_; cut(A;, A;)/vol(A;)

Degree of the subgraph A: vol(A) = dy = Ei,jEA Wi,
Laplacian: L = D — W where W = diagi(z(i,j)eE W”)

Theorem 4
cut(A, A) = 2T Lz and cut(Aq,--- ,Ag) = trace(XTLX)
Proof: LHS = 37,c 4 d; — Zi,jGA Wij.

Theorem 5 Relaxation: z € {0, 1}|V\ — RIVI,
mincut(A, A) <= minz? Lz = (2?7 Lz)/(z2Ta) <= =
b L s/ MBI B E i (Rayleigh quotient Theorem),

Definition 5 Normalized Spectral Clustering:

o RRERHE R TR L« D-0-5LD 05

o ISTARMEACERAE SR RO NG Ry SRR RO i F
o N FOABIEEEA TR, HR n X ky BRHMERE P

o X P OREEATEN A Ry QERREAR, RFTRI TR,

§ PCA Compressing matrix W € R™:4 and recovering matrix
U e Rb7: arg minyy 7 Sz — UWziH2

Lemma 1 Let (U, W) be a solution of Equation above. Then
UTU =Tand W =UT. (The columns of U are orthonormal.)

By the fact that
2
Hm — UUTacH = HzH2 — trace(UTacacTU)

We could rewrite the Equation as follows:

m
arg max trace |UT Z zlz,LT U
verd:n:uTu=r1 i=1

Theorem 6 Let xy, - -
A=Y" 22l andlet ul, - - -

matrix A corresponding to the largest n eigenvalues of A. Then,

, Ty be arbitrary vectors in ]Rd? let

, uyn be n eigenvectors of the

the solution to the PCA optimization problem given in Equation
is to set U to be the matrix whose columns are uy, - - -
to set W = UT. (More Intuition: MathOverFlow)

, up and

Proof 1 Let VDV T be the spectral decomposition of A (sup-
pose that Dy 1 > -+ > Dg 4) and let B = vTU. We have

trace(UTAU) = trace(BTDB) = i:l D zn:l B?,
i= i=

d n
< max Z D, iB; = Z D
= 7,277 J57
Belo,114:BlI<n j=1 =1
Nota Bene: BT B = I which entails 9_; Y72, B?; = n.

§ Dimensionality Reduction
PCA AT UNZEIRE KA, G305 58] A0 IR4E 1 i A1 U Ok
MDS S WSy 1 517 R 2 23 1] e 48 ERY: A [ B g A28

min 37 (|4 — ;e]“ - dij)z

i<j

ISOMARP Geodesic @ (dij < shortest path) fig M ZEIRIEIE
IRAEEAEH AR BB P ARAE ) LATHSAE o
Locally Linear Embedding MJiiZ&E4iH % R, W 4RMAEL
PR B 2, = 325 Wija; and 305 Wy = 1.

2
minz x; — Zwijzj ‘ s.6. Wi = 0if X5 € N(X;)
i J
ISOMAP VS LLE # i 7 4H JLEsh : #05f marmep e, i
SRR LLE F3 28 SN ISOMAP A, SR
§ Deep Learning Trivial.

CNN
W — F + 2P
N=———"—+41.
S
RNN
hit1 = Tanh(Wphe + Waapyq).
Attention

QKT
y = SoftMax| —— | V.
VD

‘Weight Initialization

w + 1/ 2/n x RandN (0, 1)

Activate Function

e? —e” %
———— and Tanh(z) = ———
1 + exp(—=2) e? + e~ %2
Batch Normalization (BP for BN is challenging)

Update:

Sigmoid(z) =

p=op+ (1 —a)p and 02:ao2+(1—a)

Forward and Eval:

T; — K
R —
\/02+a
Momentum
v 4 pv —adx and = +— x + v

Adam
m < B1m + (1 — B1)dz and mtem/(lfﬁi)
v<—62v+(1—f32)dz2 and vthv/(l—ﬁé)
amyg

Vvue + €

T 4~ T—



https://en.wikipedia.org/wiki/Rayleigh_quotient
https://mathoverflow.net/questions/248198/maximizing-trace-of-mathrm-vt-mathrm-a-mathrm-v-for-mathrm-a-symmetric

