Machine Learning Cheat Sheet
General

« Multivariate normal: N (x | p,X) := \/ﬁ exp[—3(x — p)TE"(x — p)]
« Bayes’ Rule pst = EL Py Py | D) = w

evi P(D)
» P(D) = [ P(D | w)P(w)dw
. Logistic sigmoid: o(a) := #p(_a)

« Softmax: fk(a) = % with ay = Inp(z | C,)p(Cy,)

« One-hot coding: C_k = ((k-1) * [0] + [1] + (n-k) * [0]).T
Linear basis function regression
« Model y(z, w) = wlp(x)
. Target t = y(z,w) + ¢ withe ~ N (0, 571)
 plt | @w, B) = N(t | yla,w), A7)
« Maximum likelihood estimation (constant prior)
» optimize likelihood p(t | X, w, 8) =[] N(t, | wle(z,), 87
» Inp(t | X,w,8) =Yg~ Yn2r) -~ > [t — chp(wn)]2
» W = argmax,, Inp(t | X, w,B) = <I>Tt = (@T<I>)71<I>Tt with ®,; = ¢, |
» B =arg maxg-1 Inp(t | X,w,B) = E [t, — ngo(:cn)]2 (residual variance)
« Maximum A-Posteriori estimation (Gaussian prlor)
» optimize posterior p(w | D) « p(D | w)p(w)
» W = argmax,,(Inp(D | w) + Inp(w)) = (®TP + aI)_1<I>Tt
« Expected loss: E5[L] = bias? + variance
 Epl(y(e, D) — h(@))?] = (Bply(z, D)) — h(@))* + Ep|(y(w, D) — Eply(w, D)))?] with D
dataset, h(x) = true data-generating function, and y(x, 2) = linear function fitted using 2D
+ k-fold cross-validation: split data into k partitions, use k — 1 for training and 1 for testing and
repeat k times, always using a different partition for testing
Fisher’s linear discriminant
. project x to 1D: y = wl'x

« class mean: my, := — Znec
k

projected class mean: m;, := 'mek

cils . L2 2
+ transformed within-class variance: s := 3 _ c. (y, —my)

3 : f . ._ between-class variance __ (my—my)° _ wTSpw
Fisher criterion: J(’LU) "7 within-class variance —  s2+s2 ~ wlSpw
)T

» Spi=(my —my)(my; —my .
> SW = Zneol (mn - ml)(wn - ml) + Zne(]g (mn - m2)(wn —my
« Fisher’s linear discriminant: W = arg max,, J(w) o Sy} (my —m;)

Probabilistic generative models
+ Two classes
» p(Cy | ) = o(a) = o(wTz + wy) witha = In %, w=Y"1(puy— p;), and wy =
WISy + S ) + In 22
» Maximum likelihood estimation
- i=1 with7r —p(Cl) (02) =1—n

- l“:l’l NN1 Zn n Ly, K N2 Zn<1 - tn)wn .
- 5 =38, + RS, Wlth Sy = ZnEC (T, — pg) (@, — 1)
« k classes

» p(C), | ©) = Softmax(a) = Softmax(WTx + w,) (assuming shared X)
- ap =Inp(x [ G,)p(Cy)



- w, =Xy,
- wo = 3k 2+ 1Inp(Gy) .
+ Decision boundary between class i and j: 0 = ('wj —w,) T+ (wjo —wy)
» if 31 is not shared, discriminant is quadratic, otherwise linear

Probabilistic discriminative models
- y(z) = o(w'z),p(Cy | &) =y, p(Cy [ 2) =1~y
« Maximum likelihood estimate (generalizes to multi-class case)
> p(t | w) =T, vir(1—y,) ™ witht = {0,1}
+ B(w) = —Inp(t | w) =~ [t,Iny, + (1 —,)In(1 —y,)]
» VpE(w) =3 [o(w'z, )z —t,z;] = 0 (no direct solution)
» Newton’s method (IRLS): w;,; = (XTRX)_IXTRZ withR,, =1vy,(1—y,)and z =
Xw, — R Y(y—t)

Neural networks

« Forward pass (apply input z,,): z; = h(aj) with h = activation function, a; = Zl W%,

« Evaluate §,, = y,, — t;, at the output neurons, backpropagate ; = h’ (aj) > WOk
1 6En j—
+ Gradient du; = 0,2
Optimization algorithms
« Newton’s method: z,,; = z;, — % multidimensional: x;_, = x, — H 'V f(z,)

« Stochastic gradient descent: w;_ ; = w;, — AV, E(x, w,,)
« SGD with momentum: velocity v, ; = fv;, + AV, E(x, w,) with 5 € [0,1)
» Wiy = Wy — Vgyq

2
+ AdaGrad (adaptive gradient per parameter) w; — \/%gi; G, = th: L (gm

)

2
« RMSProp (root mean square propagation) v(!) = yu*~1 4 (1 — 7) <g£t)> sw,; — Z< o) ggt) forgets
earlier gradient magnitudes over time
« Adam (adaptive moment estimation, Momentum + RMSProp) w® « w(*=1) —p ﬁm“jra; mgf,) —

BymY 4 (1 — /61)(9<t))2; vl = BymY 4+ (1 - 52)(9(t))2

Convnets

« Slide a filter w over the image, computing w?  + b for a local chunk « of the image
« valid padding = no padding:n x n = (n —k+ 1) X (n — k + 1) with k& x k kernel
+ same padding = padding with % — 1 zero-pixels:n X n = n xn

» Receptive field size R =1+ 3 (k, — 1)

« s-strided convolution: output size M = % +1

« last layer: Flatten last convolutional layer and fully-connect to output

Decision trees
« for every observation © € R, predict the mean of all training observations in region R,
+ Construction via greedy recursive binary splitting
» regression trees: use exhaustive search to find predictor z; and cut point 6 that minimize MSE
min; [minc_ D oner (tn— ¢ )+ min, Zne& (t, — c+)2] with optimal prediction ¢, :=
NLi ZneRi t,, and halfplanes R, ; 5 = {z | z;26}
» classification trees: use cross-entropy H = — 3 Py, Inp,y,y, or Giniindex G := 3, pp(1 —
D) as loss function instead, p,,;, = N%n >oner 1, =k)
» repeat for each half plane until stopping criterion is reached
+ Bagging to reduce variance (samples are correlated, variance barely decreases)



» draw bootstrap samples {(x(b), t(b)> (x N ,t(b)> } from the training set (with
b=1

replacement) and train y; on bth sample, average models: Y1,,,(z) = 5 Z yp ()
» Random forests to reduce variance: construct B trees on bootstrap samples using a random subset
of J < P (ex. J = sqrt P) features for each split, then average the trees
« Gradient boosted regression trees: initialize Y;(z) = 0, for all k fit regression tree y;, to residuals
n = tn — Yi_1(z,) and update Yy o) = Vi 1 (@) + Yp(a)

Principal Component Analysis

+ minimize squared reconstruction error, equivalent to maximizing variance of projection
« principal components are main axes of covariance ellipse

- data covariance matrix § = X7 X = UAU7 (eigenvalue decomposition)

« Principal components = eigenvectors U

Probabilistic PCA
« define multivariate Gaussian density model with reduced number of parameters: « ~
N(z | p,WT +o%1)

« maximum likelihood: W = UMM

and R = arbitrary orthogonal matrix

R with U,;, A, = first M eigenvectors/eigenvalues

Stochastic neighbor embedding
« preserve local neighborhood relationships
« minimize L =) i; Di In p” x — Z ;1 Pij Ina,;; +1n Zk#l ay, via gradient descent

P\ﬁpl\ _exp —d3; 9 |w._ |2
> i = Zk# s and p; =~ Wlth Pjji = Zk%,exp(—dfk) with d;; 201?]
. — 2 . 1
» SNE: a,; = exp(— | y; —y; [*), tSNE: a;; = 1 =L

K-means
- minimize J := Y 3 Top | T, — My |2 with r,, one-hot encoded
« find optimal . given current prototypes p;: r,,, = 1 if k = argmin;| @, — p; |2

nk*n

« find optimal pu;, given current cluster assignments r,,.: p;, = ij—rk iterate

Gaussian mixture models

« p(z) =3, mN(x | py, By,) with priors ), := p(2;, = 1) with z one-hot encoded
N (@ | py,Xy)
Xy mN (@ | py %)
» Maximum likelihood: Inp(x | 7, u,3) =3>_ In [Zk TN (T | g, Ek)] (no direct solution)

. respon51b111ty Y(zp) =p(z, =1 x) =

+ compute 7,,;. given current parameters 7, ft;, % k
« find optimal parameters using current Ykt B = Nk > YnkTns B = lk > Yok (@ —

T
i) (T, — )" + Mp, m = Wlth N, = Z Yk
Transformers
+ self Attention y, = Zjv LW i LW, xTx],w = Softmax(w J)

« Each input is query, key, value .
« Transformers are permutation invariant -> positional encodings

No Free Lunch Theorem Averaged over all possible functions f, all algorithms are equivalent in

terms of E[E|d).
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