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Part 1

Stanford



CHAPTER 1

Aa228V Validation Safety Critical Systems

Discrete Reachability

(4)

v(4) =1 (Target state)
v(l) =0 (State 1 is absorbing and not the target, so T is unreachable)

<
—
Y
~—
Il

P21’U(1) =+ P23U(3)

5
=0.4v(3) + 0.5
)

A = [y Awi| A
7 = [y [ Ari] A

200 = 11.3/1.0/ x 1.0=1x 1.0 = 1.0

max

2% = [38/1.0] x 1.0 =4x 1.0 =4.0

20 = 3.9/0.5] x 0.5 = [7.8] x0.5="7x 0.5 =35

max

209X = [4.2/0.5] x 0.5 = [8.4] x 0.5 =9 x 0.5 = 4.5

Widths of Y : wy; =38 -13=25, wy,=42-39=03
Vol(Y) =2.5%x0.3=0.75

Widths of Z : wz; =4.0—1.0=3.0, wzs=45—35=1.0
Vol(Z) = 3.0 x 1.0 = 3.0

Expansion in dim 1 = 3.0 — 2.5 =0.5 < 2Az; = 2.0
Expansion in dim 2 =1.0 — 0.3 = 0.7 < 2Axz5, = 1.0



Explainability

w1(1> + wz(l) +b=0.8
w1(1.5) + wg(l) +b=09
wl(l) + w2(1.5) +b=0.85

S(z1) = (1)2+21)*=3
S(z9) = (=1)2+2(2)2 =9
S(x3) = (0)2 +2(-1)> =2
S(z4) = (2)* +2(0)2 =4

oL
oC

‘ .

3
> (Ip(zi)w(z;) — 0.133)?
1=1

(0 —0.133)2 + (0.2 — 0.133)?

—~
o
SN—

—

[0.0177 4 0.0045 + 0.0045]

| r—tcmr—taw—t w

~[0.0267] ~ 0.00445

Guest Lecture: Mining Failures in Vision-Based Controllers

+(0.2-0.133)?]
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Runtime Monitoring

D= {(17 1)7 (27 1)7 (Qa 2)7 (373)}

1 0 30
-1 0 0
A=10 1 b=1|5
0 -1 -2
1 1] 32
[ 1 0] [ 25 ]
-1 0 —25
0 -1 —4
| 1 1| | 29 |
[ 1 0] [ 28 ]
-1 0 —28
Axo =1 0 1 ﬁﬂ =16
0o -1 —6
| 1 1 | | 34 |
1 Te-1
p(x) = exp|—5(x—p) T (x—p)
(2m)4|2|

(Xtest — 1) S (Xpest — 1) = [2 2} [065 0 1 m

P(Xtest) = (27:)2(4) exp (—;(4)>

1 1
_ o2 — -2

V1672 4

P(Xpest) = (0.1353) ~ (0.0796)(0.1353) ~ 0.0108

12.5664

 exp(a/T)
' Zleexp(Zj/T)

exp(2.0) ~ 7.389

exp(1.0) ~ 2.718

exp(0.1) ~ 1.105

Y =7.389+2718 4+ 1.105 = 11.212

. 7.389
o 2718 0249

11212
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. 1.105

b3 = 17579 = 0:09

2/T = [1.0,0.5,0.05]
exp(0.5) ~ 1.649
exp(0.05) ~ 1.051

> =2.718+1.649 + 1.051 = 5.418

2.718

p1 = ——— ~ 0.502
Pr= g ypg ® 050
1.649
py = ——— ~ 0.304
P2 = 5ypg ® 030
1.051
p3 = —— ~ 0.194
b3 =5 418 © 019
k=[(n+1)(1—a)] =[(9+1)(1-0.20)] = [10 x 0.80] = [8] =8
G =0.50
1 M
px) = 57 > fn(x)
m=1
1 M
ngistemic(x) - M—1 Z (fm(X) - I[)'(X))2
m=1
20.1420.3 +19.8+20.0+20.2  100.4
fia = TS - + + ==~ =20.08
o2 =1 [(20 1 —20.08)% + (20.3 — 20.08)? + (19.8 — 20.08)? + (20.0 — 20.08)? + (20.2 — 20 08)2}
A 5 — 1 . . . . . . . . . .
1
%= [(0.02)% + (0.22)2 + (~0.28)2 + (0.08)* + (0.12)?]
1
o} = 7 [0-0004 +0.0484 + 0.0784 + 0.0064 + 0.0144]
0.148
04 = —— =0.037
4
15.0 +25.5+10.2+30.14+ 184  99.2
fip = + +5+ + = =19.84
2 1 4)% + (2 19.84)% 4 (10.2 — 19.84)% 4 (30.1 — 19.84)% + (18.4 — 19.84)?
aB_Z[(15.0—19.8) +(25.5 — 19.84)7 + (10.2 — 19.84)2 + (30.1 — 19.84)% + (18.4 — 19.84)?]

[(—4.89)% 4 (5.66) + (~9.64) + (10.26)2 + (~1.44)?|

=

o} =
1
o =  [23.4256 + 32.0356 + 92.9296 + 105.2676 + 2.0736]

= 63.933

,  255.732
op = 4
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Explainability and Interpretability in Al

f(@)) =2.1% +sin(0.1) ~ 4.41 + 0.0998 = 4.5098
f(zh) = 1.92 + sin(—0.1) ~ 3.61 — 0.0998 = 3.5102
f(xh) = 2.0% +sin(0.2) &~ 4.0 + 0.1987 = 4.1987

1.2
Vil 0.3

1 0.8
0§ = 1 (-02-01-0.1-04) = —= = 02

1
af = 7(05+0.1+02+0.4) =

o Ak 2 0 11
> agA —0.3[ ]—0.2[ ]
- 13 0 2
_ |06 0| |02 02
~ 103 09 0 04

o4 —0.2
103 05
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CHAPTER 2

CS109 Probability

Counting I
[ALU Ap U U Ag| = [Au| 4 [ Ag| + - + [ Ay

|A1XA2X-'-XA;€|:’A1|X|A2’X'~'X|Ak‘
|AUB| = |A|+ |B| - |AN B|

JAUBUC|=|A|+|B|+|C|-|ANB|—|ANC|—|BNC|+|AnBNC|

What is Probability?

P(EUF) = P(E)+ P(F) - P(ENF)

P(EUFUG)=P(E)+P(F)+P(G)—P(ENF)—P(ENG)—P(FNG)+P(ENFNQG)

Conditional Probability and Bayes

P(D) = P(D|My)P(My) + P(D|M3)P(Mz)
= (0.02)(0.60) + (0.05)(0.40)
=0.012 + 0.020 = 0.032

P(T") = P(T*|D)P(D) + P(T"|D)P(D°)
= (0.99)(0.01) + (0.05)(0.99)
= 0.0099 + 0.0495 = 0.0594

Independence
1
6
P =35=%
1
1 1 1



P(at least one success) = 1 — P(no successes in all n trials)
P(System works) = P(C; works) x P(Cy works) ...
P(System works) = 1 — P(All components fail)

. m—1\"
P(Bucket is empty) = <>
m
P(All fail) = 0.05 x 0.05 x 0.05 x 0.05 = (0.05)*
P(Hy) = P(Hy|A)P(A) + P(H,|B)P(B) = (0.5)(0.5) + (0.9)(0.5) = 0.25 + 0.45 = 0.70
P(Hy N Hy) = P(Hy N Ho|A)P(A) + P(H; N Ho| B)P(B)
P(Hy N Hy|A) = P(H|A)P(H2|A) = (0.5)(0.5) = 0.25
P(H, N Hy|B) = P(H,|B)P(Hs|B) = (0.9)(0.9) = 0.81

P(H; N Hy) = (0.25)(0.5) + (0.81)(0.5) = 0.125 + 0.405 = 0.53

P(X1,Xo,..., X,|Y) = ﬁP(Xi]Y)
=1
P(Xy,..., XpY)P(Y) _ P(Y)ITiL, P(Xi]Y)

P(Y|X1,..., X,) = =
(Y1X1, -0y Xn) P(X1,...,Xn) P(X1,...,Xn)

P(Xl N X2|S) = P(X1|S)P(X2|S) =0.5x0.3=0.15
P(X1 N X3|5¢) = P(X1|S°) P(X3]5¢) = 0.01 x 0.05 = 0.0005

P(X1N Xy) = P(X1 N X3|8)P(S) + P(X1 N X3|5)P(5°) = 0.06 + 0.0003 = 0.0603

0.06

Inference 11

P(X; = Rain) = P(X; = Rain | Xy = Rain)P(Xy = Rain)
+ P(X; = Rain | Xo = Sun)P(X( = Sun)
— (0.7)(0.5) + (0.3)(0.5) = 0.35 + 0.15 = 0.5
P(X; = Sun) = P(X; = Sun | Xy = Rain)P(X, = Rain)
+ P(X; = Sun | X¢ = Sun)P(Xp = Sun)
— (0.3)(0.5) + (0.7)(0.5) = 0.15 + 0.35 = 0.5

U(X; = Rain) = P(E; = Umbrella | X; = Rain) P(X; = Rain)
— (0.9)(0.5) = 0.45

U(X; = Sun) = P(E; = Umbrella | X; = Sun)P(X; = Sun)
= (0.2)(0.5) = 0.10
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0.45

P(X; = Rain | E; = Umbrella) = 0Es ~ 0.818
1
P(X; =Sun | E; = Umbrella) = % ~ 0.182

P(Xy = Rain | E1) = P(X2 = Rain | X; = Rain)P(X; = Rain | E)
+ P(X5 = Rain | X1 = Sun)P(X; = Sun | E})
— (0.7)(0.818) + (0.3)(0.182) = 0.5726 + 0.0546 = 0.6272
P(Xy=Sun| E;) = P(X2 = Sun | X; = Rain)P(X; = Rain | Ey)
+ P(X3 = Sun | X1 = Sun)P(X; = Sun | Ey)
= (0.3)(0.818) 4 (0.7)(0.182) = 0.2454 + 0.1274 = 0.3728

U(X2 = Rain) = P(FEy = Umbrella | X3 = Rain) P(X2 = Rain | E})
— (0.9)(0.6272) ~ 0.5645

U(X2 = Sun) = P(Ey = Umbrella | X3 = Sun)P(X3 = Sun | E)
= (0.2)(0.3728) ~ 0.0746

0.5645

P(X2 =Rain | E12) = —— =~ 0.
(X2 = Rain | E12) 06301 = 0883
0.0746

P(X) = A) = P(X) = A | Xy = A)P(X, = A)
— (0.2)(1/3) = % ~ 0.0667
P(Xy; =B) =P(X1=B|Xo=A)P(Xo=A4) + P(X1 = B| Xo = B)P(Xo = B)

— (0.8)(1/3) + (0.2)(1/3) = é ~ 0.3333
P(X;=C)=P(X,=C | Xo = B)P(Xy = B) + P(X; = C | Xo = C)P(Xo = C)
— (0.8)(1/3) + (1.0)(1/3) = ? — 06

U(X, = A) = P(Red | A)P(X; = A) = (0.7) (115) - %7 ~ 0.0467

U(X, = B) = P(Red | B)P(X; = B) = (0.3) (;) =0.10
U(X, = C) = P(Red | C)P(X1 = C) = (0.7)(0.6)

0.7/15 0.7
P(X; = A| E; = Red) = — >0~ 0.082
(X1 = A ] By =Red) = 550 = 55 ~ 008
1.5/15 1.5
P(Xy =B | B =Red) = —L > = =2 ~0.176
(X1 =B| By =Red) = om0 = o5
6.3/15 6.3
P(X, = C | E; = Red) = = 2% 2 0.741
(X1 =C| By =Red) = o0 e = 55 ~ 07
U(X1=1)=0x025=0
U(X1 =2) =1 x0.25 = 0.25
U(X;=3)=0x0.25=
U(X; =4) =1 x 0.25 = 0.25
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P(Xy=1|Ey) = P(1]2)P(X; =2)+ P(1]|4)P(X; =4) = (0.5)(0.5) + (0)(0.5
P(Xs=2| ) = P(2] 2)P(X; = 2) + P(2 | )P(X; = 4) = (0)(0.5) + (0.5)(0.5
P(Xy=3|E1) = P(3|2)P(X, =2) + P(3| 4)P(X; = 4) = (0)(0.5) + (0.5)(0.5
P(Xy=4|E) = P(4|2)P(X; =2) + P(4 | 4)P(X; = 4) = (0.5)(0.5) + (0)(0.5
U(Xo=1)=1x025=0.25
U(Xo=2)=0x025=
U(Xo=3)=1x025=0.25
U(Xo=4)=0x025=0

W lo1 o] fos o04] 1
710 o08]]02 06]]0
fo1 o]]Jos

~ o 08|02
~fo.1x08]  [o.08
~08x0.2| " |0.16

General Inference

FO)=P(X=0P(Y =0|X=0+P(X=1)P(Y =0| X =1)
= (0.4)(0.9) + (0.6)(0.2) = 0.36 + 0.12 = 0.48

FO)=P(X=0PY =1|X=04+P(X=1)PY =1|X=1)
= (0.4)(0.1) + (0.6)(0.8) = 0.04 + 0.48 = 0.52

P(Z=1)= Y, P(Z=1]Y =y)f(y)
ye{0,1}
=P(Z=1|Y=0)f0)+P(Z=1Y=1)f(Q1)
= (0.3)(0.48) + (0.7)(0.52)
=0.144 + 0.364 = 0.508

g0)=P(Y =0|X=0P(Z=1|Y=0+P(Y=1|X=0PZ=1|Y=1)
= (0.9)(0.3) + (0.1)(0.7) = 0.27 + 0.07 = 0.34

g)=PY =0|X=1)P(Z=1|Y=0)+P(Y=1|X=1)P(Z=1|Y =1)
= (0.2)(0.3) + (0.8)(0.7) = 0.06 + 0.56 = 0.62

P(X=0,Z=1)=P(X =0)
PX=1,2Z=1)=P(X =1)

Q
—~~
= O
S~—
Il
e}
[«20N"N
S~—
—
e @
D W
N
S~—
[
o O
W =
N W
N D

Adding Random Variables
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Bz =px — py =10—-10.5=-0.5
0% = 0% + 0% = 0.04 4+ 0.05 = 0.09

Mz(t) = Mx(t)My(t)
— 6)\1(et71) . e)\g(etfl)
— 6)\1(et—1)+)\2(et—1)

— eatA2)(e’=1)

MAP — Maximum A Posteriori

k+a-1 n—-k+b-1
p 1-p
(k+a—1)1—-p)=n—-k+b—1)p
k+a—1—(k+a—-1)p=Mn—k+b—1)p
k+a—1=(Mn+a+b-2)p
kE+a—-1
n+a+b—2

p:

N nT 0
[MAP = fn = 0}, (2 + MQ)
o 0

5-11 8)
+

ENTIENIEN [ NN [T

Naive Bayes

Count("election", Sports) + 1
Total Words(Sports) + |V/|

041

- 500 + 1000

1
= T500 0.00067

P(word = "election" | Y = Sports) =

= —1+(=2) + (—1.301) + (—1.699)
= —6.000

— —0.0458 4 (—3) + (—2.699) + (—2.301)
= —8.0458
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Advanced Probability: DALL-E and GPT

n

P(wl,wg,...,wn) = HP(wZ ’ wl,...,wi_l)
i=1

n
log P(wy,...,w,) = ZlogP(wi | Wi,y ..., wi—1)
i=1
P('T love math") = P("I") x P("love" | "I") x P("math" | "T love")
P('T love math") = 0.4 x 0.8 x 0.6

P('T love math") = 0.192

ezi/T

=T

e20/10 _ 2 7 389
el0/10 _ o1 o 2.718

7.389 + 2.718 = 10.107

7.389 2.718
PL= o7 © 0T P2 = g A 02609
e20/05 _ 4 54 508
el 0/05 — 02 o 7 389
54.598 + 7.389 = 61.987
54508 7.389
_ ~ 0.881 _ ~0.11
PL= Grogy =088l pe = raer < 0119

q(ae | m—1) = N'(ze; V1 = Bray—1, i)
q(xy | w0) = N (245 Vo, (1 — ay)I)
zp = Voo + V1 — age
a1 =1-0.2=0.8
ar=1-0.5=0.5
g =a1 Xy =08x%x05=04
1= vVaszy = 0.4 x 5.0 ~ 0.632 x 5.0 = 3.16
0?=1-a2=1-04=0.6

29 = p+ Vo2e = 3.16 + v/0.6(0.5) ~ 3.16 + 0.774(0.5) = 3.547
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po(wi—1 | 2¢) = N(x—1; po(xe, t), So(a¢, 1))

/,Lg(l't,t) = Tt —

1 ( Bt
\/ Ot V1— a
ri_1 = po(xs,t) + opz

By =05, ay=0.4

ar=1—fBy=1-05=0.5

Br 05 05 _ 05
Vi—az VI-04 06 0.7746

0.6455 x 0.8 = 0.5164

~ 0.6455

3.0 — 0.5164 = 2.4836

1
to(re,2) = —— x 2.4836 ~ 1.4142 x 2.4836 ~ 3.512

V0.5

x1 = pp(re,2) + 09z = 3.512+ 0 = 3.512

The Future of Probability

P(X1,Xs,...,X,) = [[ P(X; | Parents(X;))
=1

P(R,S,W) = P(R)P(S | R)P(W | R, S)
P(W = True) = 0.00198 + 0.1782 + 0.288 + 0 = 0.46818

Vir1(s) = max %P(s' | s,a) [R(s,a,s") +vVi(s")]

PY =y|doX=2)=> PY=y|X=u22=z2P(Z=z2)
z€Z

PY =1|do(X=1)= > PY=1|X=12Z=2)P(Z=xz)
z€{0,1}

P(Y =1|do(X =1)) = 0.35 + 0.09 = 0.44
. en(/T)
P = & cxp(e/T)

Sum = 54.60 + 7.39 + 0.14 = 62.13
Final Exam Review

score(Spam) = P(Y = Spam)P(Xpyy = 1| Y = Spam) P(Xmeeting = 0 | ¥ = Spam)
4 3 4 48

=2.2.2 = ~0274
755 1m0

score(Ham) = P(Y = Ham)P(Xpyy = 1 | Y = Ham) P(Xeeting = 0| Y = Ham)
3 1 1 3
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CHAPTER 3

CS221 Ai

ML — Differentiable Programming and Generalization

f(x1) = 3)1) + (1)(0) =3 = loss; = (3—-3)2=0
f(x2)=(3)1) + (1)(2) =5 = lossg = (5—5)2 =0
fx1) = (1)Q) +(2)(0) =1 = loss; = (3—-1) =4
f(x2) = (1)(1)+(2)(2) =5 = lossy = (5—-5)2=0

ML — Best Practices and K-Means Clustering

1+2
_6+7+8_7
B2 = 3 =
143
=y =2

8+ 10

Search 2 — A* Search

0 < h(s) < h*(s) for all states s
h(s) < Cost(s,a) + h(s") for all states s and actions a, where s’ = Succ(s, a)
h(sgoa1) = 0 for all goal states

hi(s) > ha(s) for all states s

MDPs 2 — Reinforcement Learning

N(St, at) — N(St, CLt) +1

Q(st, ar) <+ Q(st, ar) + (uy — Q(st, ar))

1
N(St, Clt)

Q(A, Right) « (1 —0.1)(5) + (0.1)(9) = 4.5+ 0.9 = 5.4
Q(B,Down) « (1 —0.1)(0) + (0.1)(=2) =0 — 0.2 = —0.2



Game Playing 1:

Target = r +vQ(B,a3) =4+1x3=7

Q(A,a1) « (1—05)(2) +05(7) =1+35=45

Target = r + ymaxQ(B,a') =4+ 1 x max(5,3) =4+5=19
a/

Q(A,a1) « (1—-05)(2) +0.5(9) =1 +4.5=55

Target = r + ymax Qw(S2,a’) =10+ 0.8(5) =10+ 4 = 14
a/

Error = Target — Qw(S1,41) =14—-5=9

w < W + a(Error)¢(51, A1)

W ﬁ +(0.1)(9) m
we [t 27 :[3.7]
2 0.9 2.9

Minimax and Alpha-Beta Pruning

v = max(v, Minimax(s’))
v = min(v, Minimax(s"))
v(B) = min(3,5) = 3
v(C) = min(2,9) = 2
v(A) = max(v(B),v(C)) = max(3,2) = 3
v = max(v, AlphaBeta(s', a, 3))
v = min(v, AlphaBeta(s’, o, 3))
v = max(v, Expectimax(s’))
v = v+ P(s') - Expectimax(s')
v(B)=(05%x4)+(0.5x8) =24+4=6
v(C) = (0.1 x10)+(0.9x2) =1+18=28
v(A) = max(v(B),v(C)) = max(6, 2.8) = 6
Eval(s) = w1 f1(s) + wafa(s) + - - 4+ wnfn(s)

Eval(S1) =3(2)+1(4) =6+4=10
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Bual(S:) = 3(~1) + 1(10) = -3+ 10 =7
Bual(S3) = 3(0) + 1(8) =0+ 8 =8
v =max(10,7,8) = 10

Bayesian Networks 2: Probabilistic Inference and Filtering

fnewZ(C = 1) = fnewl(o)fC(()» 1) + fnewl(l)fc(la 1)
= (0.52)(0.1) + (0.48)(0.9)
=0.052 4+ 0.432 = 0.484

P(H; = Sun) = P(Sun | Sun)P(Hy = Sun) + P(Sun | Rain)P(Hy = Rain)

= (0.8)(0.5) + (4)05 =04+02=0.6
P(H; = Rain) = P(Rain | Sun)P

= (0.2)(0.5) + (0. )(0)_01+03_04

(
(

F1(Sun) = P(Uy = True | Sun)P(H; = Sun) = (0.2)(0.6) = 0.12
Fi(Rain) = P(Uy = True | Rain)P(H; = Rain) = (0.9)(0.4) = 0.36

0.12

P(Hy = Sun | Uy = True) = 048 = 0.25
. 0.36

P(Hy = Rain | Uy = True) = 048 = 0.75

Bayesian Networks 3: Supervised Learning, Smoothing and EM

P(H=Head | E=1 — = 0.
( ead | ) = 0.68 0.706
2
PH=Tal | E=1) = % ~ 0.294
0.12
P(H =Head | E = — = 0.
( ead | 0) = 032 0.375
0.20
P(H = Tail | E=0) = o0 = 0.625
Logic 1: Propositional Logic — Overview, Syntax and Semantics

¢ =(0V-1)— (1A0)

“1=0 = ¢=(0V0)— (LAD)

(0V0)=0

(1A0)=0

¢=0—0

Hy = Sun) + P(Rain | Rain)P(Hy = Rain)
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0—-0=1
~(=AV (BAC))
~(=A) A=(B A C)
AAN-(BAC)

AN (~BV =C)
(AVX)A(BV X)

(AV (CAD))A(BV(CAD))
(AVC)A(AV D)
(BVC)AN(BV D)

(AVC)A(AVD)A(BVC)A(BV D)

Logic 2: Inference Rules, Modus Ponens and Resolution

(A= (BVC)A((BVC) — A)
(~AV BV C) A (~(BVC)V A)
(~AV BV C) A ((~BA—C)V A)

(RBA—C)V A) = (AV~B) A (AV =C)

(=AV BV C) A(AV —B) A (AV =C)

LV - VEpVmV---Vm,
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CHAPTER 4

CS224R Drl

PPO and Soft Actor-Critic

0.5 0.5
KL =0.51n (06) +0.51n <04>

= 0.51n(0.8333) + 0.5In(1.25)
~ 0.5(—0.1823) + 0.5(0.2231)
~ —0.09115 + 0.11155

= 0.0204

H = —(0.81n(0.8) + 0.21n(0.2))

— —(0.8 x (—0.2231) + 0.2 x (—1.6094))
—(—0.1785 — 0.3219)
0.5004

Viarget (St4+1) = gi% Qtarget,i (St+1, at+1) — alnm(agyr | S¢41)

= 9.5 4 0.4605 = 9.9605

Yt = 1t + YViarget (S141)
= 1.0+ 0.99 x 9.9605
= 1.0 +9.8609
= 10.8609

Offline Reinforcement Learning

wy = 0.7 x exp(2.0/1.0) = 0.7 x 7.389 = 5.172
wy = 0.2 X exp(5.0/1.0) = 0.2 x 148.413 = 29.683
ws = 0.1 x exp(1.0/1.0) = 0.1 x 2.718 = 0.272

¥ 5.172
™ (a1) = 35197~ 0.147
. 29,683
™ (a2) = 127~ 0.845
0.272
7 (as3) ~ 0.008



Q1) = 20 ~ 7.389
eQ(5:12) = ¢0 ~ 54508
eQe3) = 10 ~ 2,718

LogL =« <IOgZeXP(Q(S=a)) - Q(S,a1)>

= 0.5 x (4.170 — 2.0) = 0.5 x 2.170 = 1.085

Loss = —w; log (a1|s) — we log m(asg|s)
= —2.1381og(0.4) — 0.106 log(0.6)
= —2.138(—0.916) — 0.106(—0.511)
= 1.958 + 0.054 = 2.012

Model-Based RL (cont.) and Multi-Task RL

Q(s1,a1) = Q(s1,a1) + o ("” +ymax Q(sz,a') — Q(s1, al))

=2.04+0.5(3+ 0.9max(1.0,5.0) — 2.0)
= 2.0+ 0.5(3 + 4.5 — 2.0)
— 2.0+ 0.5(5.5) = 4.75

Q(s1,a1) =4.754 0.5 (3 +0.9max Q(sg,a’) — 4.75>
a/

— 4.75 4 0.5 (3 + 4.5 — 4.75)
= 4.75 + 0.5(2.75)
= 4.75 + 1.375 = 6.125

1+1
p=g =10
0+1
pr=—g— =05
g =g — 192
1
| g2]|?
2] -10[-3
~ -1 25 | 4
[ 2 -3
= || +o4 4]
[2-127 TJos8
T l=1+16] " |06
gh=go— 229y
-
l|g1/?
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Exploration in Reinforcement Learning

Int In4
ﬁ = 2\/> ~2x 1177 = 2.354
\/W: \/7~2X0832—1664

UCB(1) = 5.0 + 2.354 = 7.354
UCB(2) = 6.0 + 1.664 = 7.664

1.

ri(s, Up) \/EI] =05
1.0

(s, Down) Wil =1.0

r'(s,Up) =0+ 0.5=0.5
r’(s,Down) =0+ 1.0 = 1.0

Q(s, Down) < Q(s, Down) + o |1’(s, Down) 4 ymax Q(s', a’) — Q(s, Down)

04 0.1[1.0 + 0.9(2.0) — 0]
—~0.1[1.041.8 = 0.1 x 2.8 = 0.28

Inm(a|s) = 1n(0.6) ~ —0.511
Inm(az|s) =1n(0.4) =~ —0.916

Term for a; : 2.0 — 0.5(—0.511) = 2.0 + 0.2555 = 2.2555
Term for ag : 1.5 —0.5(—0.916) = 1.5 + 0.458 = 1.958

Viott () = m(a1]s)(2.2555) + m(az|s)(1.958)
— 0.6(2.2555) + 0.4(1.958)
= 1.3533 4+ 0.7832 = 2.1365

N(Ay) < N(A) +1

QA + Q(A) + N(lAt)mt —Q(A))

Ag = arg mgx{2.5, 1.0,3.2} =3

1
Q(3) =32+ (4.0~ 3.2) =3.2+0.16 = 3.36

Int
N(a)

UCB(a) = Q(a) + ¢


https://milav.in

1

N(A) < N(A) +1, Q(A) + Q(A:) + N(Ay)

(R — Q(Ar))
Ay = argmax{7.354,7.664} = 2
Q(2) = 6.0 + %(4.0 —6.0) = 6.0 — 0.667 = 5.333
0. ~ Beta(ag, Bq)
A; = argmax{0.45,0.82} = 2
Po=14+1=2
N(s,a) < N(s,a)+1

ri(s,a) =

N(s,a)

' (s,a) = 1e(s,a) + 1i(s,a)
N(s,Down) =1+1=2
T = ||f<z>(8t,at) - 5t+1||%

Te=Te+ A1
L(¢) = | fo(st, ar) = sl

=[] -T2

—0.4
ri = |lel|3 = (0.2)* + (—0.2)* = 0.04 + 0.04 = 0.08

re =71e + Ar; = 0.1 +0.5(0.08) = 0.1 4 0.04 = 0.14
ri = || fo(ser1) — fsee)l3
L(0) = Boup || fols) = £(5)[3]

0.3—-0.5 —0.2
02— (-0.1)| = | 0.3

0.8-0.8 0.0

A

d = fo(s) = f(s) =

ri = ||d||3 = (=0.2)% + (0.3)* 4 (0.0)? = 0.04 4 0.09 + 0 = 0.13

J(m) =Ernn

> (T(Su ar) + 047{(77('|8t)))]
t=0
Qsoft(sta at) = T(Sta at) + 7E5t+1~P[Vsoft(3t+1)]

‘/soft(st) = EatNW[QSOft(Sta at) —aln 71'(aft|5t)]

1
7T*(at|81t) X €xXp (aQsoft(Suat))
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Open Problems and How to Do RL Research

Ory1 = 0y — aVyglog mg(ar|st) - Gy
0141 = 0 + aVglog mg(as|s:) - Gy

Q-Learning and Value-Based Methods Review

Q1(s1,Move) =1+0.9-Vy(s2) =14+0=1
Q1(s1,Stay) =0+0.9-Vp(s1)=04+0=0

Ql(SQ,MOVG) =10+0.9- V()(Sg) =104+0=10
Q1 (52, Stay) = 0+ 0.9 Vp(s2) =0+ 0 = 0

QQ(Sl,MOVe) =1+0.9- Vl(SQ) =1409-10=10
QQ(Sl, Stay) =0+4+0.9- Vl(sl) =0409-1=0.9

Qa(s2, Move) = 10+ 0.9 - Vi(s3) = 10+ 0.9-0 = 10
Qa(s2, Stay) =0+ 0.9 Vi(sy) =0+0.9-10 =9

Q(B,a1) = 5.0
Q(B,az) = 8.0

y=r1+ymaxQ(B,a)
a/
y=30+08-80=30+64=94

Q(A,a1) + Q(A,a1) + afy — Q(A, a1)]
Q(A, a1) + 4.0 +0.5[9.4 — 4.0]

Q(A, a1) « 4.0+ 0.5 [5.4]

Q(A,a1) ¢ 4.0 + 2.7 = 6.7

y=r+7Q(B,a1)
y=30+08-50=3.0+40=7.0

Q(Av al) — Q(Av CL1) +a [y - Q(Aa al)]
Q(A,a1) + 4.0 + 0.5[7.0 — 4.0
Q(A,a1) < 4.0 +0.5[3.0] = 5.5

max Q- (s}, a’) = max(3.0,5.0,1.0) = 5.0
a/
Y1 =711+ ymz}x Q@* (8/17(1/)
a’

y1 =20409-5.0=204+45=6.5
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max Q- (s, a’) = max(0.0,0.5,0.2) = 0.5
a/
Yo = r2 +ymax Qg (s, a’)
a

Y2 =—-1.0+09:-05=-1.0+0.45=—-0.55
Yz =13 = 10.0

Error? = (y1 — Qo(s1,a1))? = (6.5 — 4.0)* = (2.5)* = 6.25
Errors = (yo — Qo(s2,a2))? = (—0.55 — (=0.5))? = (—0.05)% = 0.0025
Error? = (y3 — Qo(s3,a3))? = (10.0 — 8.0)? = (2.0)*> = 4.0

1
L(6) = 5(6.25+0.0025 + 4.0)

L(9) = %(10.2525) 34175

max Qg— (3/7 CL/) = maX(?.O, 4:07 90) = 90
a/

a* = argmax Qg (s, a’) = argmax(5.0,8.0,6.0) = ay
a/
Qeval - QH* (5/7 a2) =4.0

YDDQN =T+ 7 Qeval = 1.0+ 0.9-4.0 = 1.0 + 3.6 = 4.6
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CHAPTER 5

CS229 Machine Learning

Gaussian Discriminant Analysis and Naive Bayes

p(ylz) =

¢ = i;ﬂ{y“) =1}
Y Hy® = 0}a®
ML Iy = 0}
B D H{Z/(i) = 1}$(i)
MY IO =1

n=- @D = ) (@D = )"
i=1

Py = (1 0) g o (—;(a? )T (- MO))

o ¢W1|E|/ exp (—5( = )5 o — ) )
¢ = % —0.5
o = % =2
1= % =6

o :%{(1—2)2+(3—2)2+(5—6)2+(7—6)2} :i[1+1+1+1]:1

Py=(1- 0.5)271“1) exp (2(11)(4 - 2)2) = \(}%6—2 ~ 0.027

1 1 0.5
P =05 —4—62): 2 2 0.027
! o) ¥ ( a1 9) = e

d
p(x1, ... zaly) = [] p(z;ly)
j=1

by = ?zlﬂ{y(i) = 1}
y =

n

A ]I{xgi) =1and y® =1}

it = TS @ — 1)

A ]I{x? =1 and y® =0}

G0 = T Ty = o




d
H Djly=1)" (1 — @jjy= )

d
Py=(1-¢y) H Bjly=0)"" (1 — djjy= o)

2
=-=04
¢y =5
2 0
(bl\y 1= 5 =1 O? ¢2\y_1 = 5 =0.0
1 3
¢1|y:0 = g ~0 33, ¢2|y:0 = g =1.0

P = ¢y(d11y=1)" (1 = G11y=1)°(P2py=1)° (1 — Popy—1)! = 0.4 x 1.0 x 1.0 = 0.4

P = (1= 6,)(611y=0)" (1 = 610)° (G21y—0)’(L ~ by0)! = 0.6 x (5 ) 00 =0

- ]I{:cy) =vand y® =c} +1
A0 =+ K

plr; =vly=c) =

Pzl =1and y® =1} +1

Biymt = .
jly=1 izlﬂ{y(z)zl}_’_Q
0+1
L =——=02
Pajy=1 312 0.25
141 2
—_) = " = — = '4
Q=0 =353 =5 =0
by = L {y® = 1358 ol =k} +1
kly=1 ?Zlﬂ{y(i)zl}di-f—"/’
dyn = L Hy® =0}t Hal) =k} +1
= Sy H{y® = 03d; + [V
d
Pr= ¢, H Pajly=1
j=1
Po= (1= ) TT fuyeo
7=1
1 1
¢1—§—05, ¢o—§—05
2+1 3
¢1|y71 m g 0.6
0+1 1
e =-=02
Pajy=1 553 =& 0
0+1 1
¢3|y—1—2+3—5—0.2
0+1 1
- - =-=02
P11y=0 513 5 0
141 2
)= = = = .4
¢2|y0 213 5 0
141 2
= e = = = .4
®3)y=0 513" 3 0
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P=ply=1)-plz1=1y=1) -p(ze =2y =1) = 0.5 x 0.6 x 0.2 = 0.06
Po=p(y=0)-p(z1 =1y =0) - p(xe =2y =0) = 0.5 x 0.2 x 0.4 = 0.04
Kernels

2

1
¢($)T¢(z):[$% V211 56%} \/522122

D)

2,2 2,2
= 2121 + 221222122 + X525

K(z,2) = (21 2)?
= (w121 + 2229)*
= (m1z1)2 +2(x121)(2229) + (:c222)2

= x%z% + 2x1292129 + x%zg

a2 =1)3)+(2)(1)=3+2=5
lz—z|?=(1-3)24+12-1)2=(-22+(1)2=4+1=5

R T
min

st y@Dwz® +b)>1 fori=1,...,m

o1 2 “
min §|]w|] +C’;§i
st yD @z +b)>1-¢
&>0 fori=1,....m

Learning Theory

)
exp(—Q’me) < 3

—2v%m < log (g)

> L <5)_110 <2>
M=o %% \5) T 92 % \5

>_1 ( 2 )
"= 50.052 *®\0.01

1
5008 log(200)

m > 200 x 5.298 = 1059.6

m >
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[ <2k>

7= 2m & 1)

B o (2(100))
7=\ 2(5000) %\ 0.05
_ <2OO>
7=\ 10000 %%\ 0.05

i
_ log(4
i \/10000 0g(4000)

S 2 x 10
= 2(0.02)2 %\ "0.01

log(2 x 10%)

>
"= 00008

Expectation-Maximization Algorithms

R0
¢k—m;wk

(2) 1.(d)

i w
“k:4§1 k()
= lwk
5, - S o @ - )@ — )"
mlw’(j)

Expected Heads = Q1(A) x 3+ Q2(A4) x 1
=0.633 x 3+0.434 x 1 = 1.899 + 0.434 = 2.333

Expected Total Flips = Q1(A) X 3+ Q2(A) x 3
=0.633 x 3+0.434 x 3 =1.899 + 1.302 = 3.201

Expected Heads = Q1(B) x 3+ Q2(B) x 1
=0.367 x 3+ 0.566 x 1 =1.101 + 0.566 = 1.667

Expected Total Flips = Q1(B) x 3+ Q2(B) x 3
=0.367 x 3+ 0.566 x 3 =1.101 + 1.698 = 2.799

Independent Component Analysis and Introduction to RL

wi@ = (1)(1) + (0)(0.5) = 1
wlz = (0)(1) + (1)(0.5) = 0.5
g(1) = — ~0.7311
1—-29(1) = (o 7311) = —0.4622

4(0. ~ 0.6225

5) =
1—2¢(0.5) = 1 - 2(0 6225) —0.2450
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Whew =W + « (U{L‘T + (WT)_l)

1 0] Lo ([F04622 —02311] 10

~ 01 02450 —0.1225 0 1

_ [t o], ] 08378 02311

— o1 5 1-0.2450  0.8775

1 o] 0.0538 —0.0231] [ 1.0538 —0.0231
— o1 ~0.0245 0.0878 | — |—0.0245 1.0878

$1a1 (S1)Vo(S1) + Psya, (52)Vo(52)
P54, (S1)Vo(S1) + Psya,(S2)Vo(S2)
— 14 0.5 max(1. 0(0) +0.0(0), 0.0(0) + 1.0(0))

=1+ 0.5max(0,0) =

V1(Sl) = R(S1) + vy max {

Vi(S3) = 0+ 0.5 max(0.5(0) + 0.5(0), 1.0(0) + 0.0(0)) = 0

Va($1) = 1+ o.5max{ O(VA($1)) +0.0(A(S2) - (Action o,
(Vi(S1)) + 1.0(Vi(Sa))  (Action as)
=1+ 0.5 max(

1.
=1+ 0.5max(1,0)

0.5(V1(51)) + 0.5(V1(S2)) (Action aq)
1.0(V1(S1)) + 0.0(Vi(S2))  (Action as)
=0+ 0.5max(0.5(1) + 0, 1.0(1) + 0)

=0+ 0.5max(0.5,1.0) = 0 + 0.5(1.0

V2(S2) = 0+ 0.5 max {
) =

V(1) = R(S1) + 7 (Ps1a3 (S1)V™(S1) + Psya,(52)V7™(S2))
=140.5(0-V™(Sy) +1.0-V™(S)) =1+ 0.5V7(Sy)

V7(S2) = R(52) + 7 (Psa, (S1)V™(S1) + Psya, (S2)V7(S52))
=0+0.5(0.5-V™(S) +0.5-V™(Sy)) = 0.25V7(S;) + 0.25V7(Ss)

Q(S1,a1) =14 0.5(1.0 x 1.24 0.0 x 0.4) = 1+ 0.5(1.2) = 1.6
Q(S1,a2) = 140.5(0.0 x 1.2+ 1.0 x 0.4) = 1+ 0.5(0.4) = 1.2

Q(S2,a1) = 0+ 0.5(0.5 x 1.2+ 0.5 x 0.4) = 0.5(0.6 + 0.2) = 0.4
Q(S2,a2) =0+ 0.5(1.0 x 1.2+ 0.0 x 0.4) = 0.5(1.2) = 0.6

Reward Models and Linear Dynamical Systems

Q(Lz) = R(1) +~(1- V(1)) =140.5(0) =
(1) +7(1-W(2)) =1+0.5(0) =

L
S
H
B
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Q(1,z) =1+ 05(Vi(1)) =1+ 0.5(1) = 1.5
Q(1,y) =1+ 0.5(V1(2)) = 1+ 0.5(2) = 2.0

Q(2,2) =2+ 0.5(Vi(1)) =2+ 0.5(1) = 2.5
Q(2,y) =2+ 0.5(V4(2)) =2+ 0.5(2) = 3.0

V(1) = R(1) 4+ 0.5-V™(1) = V™(1) =1+ 05V™(1) = V™(1) =2
V™(2) = R(2) 4+ 0.5-V™(1) = V™(2) =2+ 0.5(2) =3

Q(l,z) =1+0.5(2) =2
Q(l,y) =1+0.5(3) =25
Q(2,x) =2+0.5(2) =3
Q(2,y) =2+0.5(3) =35

VT(2)=2405-V(2) = 05V™(2) =2 = V7™(2) =4
VR(1)=1405-V™(2) = V™ (1) =1+0.5(4) =3

K, =—(B"V;uB+W) BTV, 14
Vi=U+ A"V 1A+ ATV, BK,

a; = Kisy
st4+1 = Asy + Bay

Ki=—(B"V,B+W)'B"5A

1 4
=—(1-2-1+41)7'1-2-2)=—=-4=—2=

Vi=U+A"VoA+ ATVoBK,

4
:1+(2-2-2)+(2-2.1-(f§))
=148 16—9 5333—11
N 3 T3
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Ko=—(B'"ViB+ W) 'B"A
11 -1 11 14\ 1 /22 3 22 11
=—(1-=-1+1 1-2=2.2)=— (== )= .=___=
3 3 3 3 14 3 7
Vo=U+A"ViA+ ATV, BK,

:1+<2.131-2>+<2'131'1’<_171)>

44 242 214308242 87 29

B e — =

3 21 21 21 7
11
apg = K[)So = —7(1) ~ —1.571
11
S1 :2804-0,0:2(1)—7:%%0.429
4 /3 4
= K = — | =)= —= —U. 1
ay 151 3 <7> 7 0.57
3 2
52:251+a1:2<7) —*:§%0.286

sir1 = Asy +e, € ~N(0,Q)
yr =Cs + 0, 6 ~N(0,R)

e Apt—1
Syt = AT AT +Q

K =%,1CT(CSy CT + R)™!

e = g1 + Kie(ye — Chigpe—1)
Y= - KiO)%yq

pajo = Apo =1(0) =0
Sipp = AToAT +Q =1(1)(1) + 1 =2

K = El\oCT(CZuoCT +R)t=21)1(2)1+2) = % =05
p1 = pajo + Ki(yr — Cpypo) =0+0.5(3 —-0) = 1.5
S = (I — Ki0)Sy0 = (1—0.5(1))(2) = 1

Sop = AL1AT +Q=1(1)(1) +1 =2

=0.5

NN

Ky = 59,CT(CSpCT + R)™ =2(1)(1(2)1+2) 7" =
pi2 = figpy + Ka(y2 — Cpigpp) = 1.5+ 0.5(2.4 — 1.5) = 1.5+ 0.5(0.9) = 1.95
Sy = (I — K2C) Sy = (1-0.5(1))(2) =1
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RL Debugging & Diagnostics

0 < 0+ aGoVglog mg(a1|s)

6 — |° + (0.0)(10) l_ooﬂ _ [_00551

0

P(Sila,b) = P(S1]S1,a)b(S1) + P(S1|S2, a)b(Ss)
= (0.7)(0.6) + (0.4)(0.4) = 0.42 + 0.16 = 0.58
P(Sg‘a,b) (Sg]Sl,a)b(Sl) P(SQ’SQ,G)I)(SQ)
= (0.3)(0.6) + (0.6)(0.4) = 0.18 4 0.24 = 0.42

V'(S1) = P(01|51)P(S1|a,b) = 0.8 x 0.58 = 0.464
V' (S2) = P(01|S2)P(Sa|a,b) = 0.3 x 0.42 = 0.126

Total = b/ (S;) + V'(S2) = 0.464 + 0.126 = 0.590

0.464

V(S)) = —— ~ 0.786
(51) = 5590
0.126

b(S2) = o590 ™ 0.214
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CHAPTER 6

CS231N Deep Learning For Computer Vision

Loss Functions and Optimization

L; = max(0,s1 — so + A) + max(0, so — sop + A)
= max(0,5.1 — 3.2 4+ 1.0) + max(0, —1.7 — 3.2+ 1.0)
= max(0,2.9) + max(0, —3.9)
=29+0=29

v pv—aVW
W<+ W+4w

cache + cache + (VW)?

WeWw—-—2  yw

Vecache + €

cache < v x cache 4 (1 — v)(VIW)?
a

W+ W-—- —VW
veache + €

m <+ fim+ (1 —51)VIW
v Bav+ (1= B2) (VW)?

m
1-pt
v

m

0

1— 4

Neural Networks and Backpropagation

g=xz+y=-24+5=3
f=qz=3x(-4)=-12

Local gradients: ﬁ =z=—4, ﬁ =qg=3
dq 0z
Downstream gradient for ¢ : gf; = g; X gi; =1x(-4)=-4
Downstream gradient for z : or _of X of =1x3=3

0z  of = 0z



Upstream gradient: g =—4
q
Local gradients: 8—3} =1, g;‘j =1
Downstream gradient for x : g = 8—f X @ =—4x1=-4
or 0dq Ox
Downstream gradient for y : 8—f = 8—f X @ =—4x1=-4
dy  9q Oy
Z1=XWi+by
H = max(0, Z;)
Zy = HW3 + by
AW = H'dZ,
N

dby = Z(dZQ)L: (sum across batch rows)
i=1

dH = dZy; Wi
dZ, = dH ©1(Z; > 0)

dWy = X"dZ,
N
db; = Z(le)@; (sum across batch rows)

=1

dX = dzZW{ (if needed for earlier layers)

Image Classification with CNNs

H;, — F+2P
Houp = =" 41
Win — F 4+ 2P
Woue = " 4 1
3—240
Hout:f+1:2
3—2+40
Wout: 1 +1=2
32 — 5+ 2(2)
Hout: 1 +1:32
32—-5+4+2(2
Wour = 1+ 2) 1=32
H,, — F
Hout: ZnS +1
Win — F
Wout: ZS +1
4—-2
Hout — +1=
4—-2
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Video Understanding

T 2P—K
+2Pr TJ+1

+1

= |
o

H+2PH KHJ

2P K
{W—l— W — WJ"‘l
1 2(1
Tout \\6—"_ f) J+1—|_15J =16
1124+ 2(1) — 3
Hout = {B()J+1=L55.5J+1:55+1:56

Wout = 56 (since width parameters match height)

1
WgD[:,:,t,Z,:} = KiTWQD for t € {1,2,...,KT}

2 4
Wap = [0 21
1 1 2
2" = [0 —1]
1 2
Wspl:, i 1,50 = [0 _11

1 2
Wspl:, 2,5 = [0 _1]

Pfinal = APspatial + (1 - a)ptemporal

0.10 0.30
Pfinal = 0.5 x [0.70] +0.5 x [0.40
0.20 0.30

0.05 0.15 0.20
Dfinal = |0.35| + 10.20| = [0.55
0.10 0.15 0.25

hy = U(le't + Whihi—1 + b)

y = softmax(Wyhr + by)

A (0, [g) g] [3] n [2 é] [SD - max (0’ W )
ey [ ) = o [0)
o= (o3 1 1 ) = (o ]+ 1)

0 = XWy (Queries)

¢»=XWy (Keys)
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g=XW, (Values)

f=0¢" (Shape: N x N)

Large Scale Distributed Training
24 2+4+ 4+ 4 =16 bytes per parameter

2 x 10%° bytes = 20 GB
4 % 10° bytes = 40 GB
8 x 10'” bytes = 80 GB

20 + 20 + 40 4+ 80 = 160 GB

Memory = (10 boundaries x 100 MB) + (10 internal layers x 100 MB) = 1000 4+ 1000 = 2000 MB = 2 GB

Time = 100 x 5 ms (Initial Forward) + 100 x 5 ms (Recompute) + 100 x 10 ms (Backward)

Time = 500 + 500 + 1000 = 2000 ms

S =100 x 10° x 4 bytes = 400 MB

V:2><8_1><400MB:2><£><400:700MB

700 MB = 0.014 seconds = 14 ms

~ 50,000 MB/s
20

Memory per GPU = 2® (weights) + 2® (grads) + iz

149
Memory per GPU = 2® (weights) + -
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16®
Memory per GPU = 5

Memory = 24 + 24 + 144 = 192 GB
Memory = 24 (weights) + 24 (grads) + 36 (partitioned optim) = 84 GB
Memory = 24 (weights) + 6 (partitioned grads) + 36 (partitioned optim) = 66 GB

Memory = 6 (partitioned weights) 4+ 6 (partitioned grads) + 36 (partitioned optim) = 48 GB

N

Efﬁciency = m

ty+tp, =20 + 40 = 60 ms
Tiotal = (16 +4 — 1) x 60 ms = 19 x 60 = 1140 ms

Tbubble = (4— 1) X 60 ms = 3 x 60 = 180 ms

16 16

— = — = 84.21
164+4-1 19 @

Efficiency =

Vision and Language

oI5

o) of

) =0.707
S12=1(0)+0(1)=0
&J=o<vﬁ>+1<vﬁ>:07m

\)

2 2
Soo = 000)+1(1) =1

1 0 -1
1 0 0 -1
m- |00 Vo 1o
FEERE -1 0 1 1
[ (MO +0+(=D(=1) 0 (1)0)+0+(=1)(1) (1)(=1)+0+(=1)(1)
_0)(@)+(2)(0) + (1)(=1) 2(1)  (2)(=1) +(1)(1) (1))
(-1)(1)+0+0 1(1) 1(—1) (=1)(-1)+0
I 1-1 1 —1+1 —-1+1
[2 0 -1 -2
-1 2 -1 1
=11 -1 1
0 1 0 0
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Human-Centered Al

o i
S(i,5) ke{r%fB}\ (i,7,k)|

10 20
L= l30 40]

_3S.(I) _fop —1.2
M= - [0.1 0.8]

0.5 1.2
0.1 0.8

|M|=[

oM@, 5) =01 |[M(,j5)] —0.1
SGa) =501 = 11

o l0.36 1.0]

0.0 0.64
o1 a5,
=722 Har
7 J 2y
Lérad-CAM = ReLU (Z OCEAk>
k
1o . o3

dS. |05 05 dS. _|-1 0
A 0.5 057 942 |0 -1

0f = (0.5 405+ 05+0.5) =05
1_4 . . . . —_ .

1
10 0 3| _[o5 0 0 15| _[o5 —15
C k _ _ f— =
Zk:“kA =05 [2 1] 05 [1 o |10 0.5] l0.5 0 ] [0.5 0.5 ]
. B 05 —15]\ _[05 0
Léraqg-cam = ReLU ([0'5 0.5 D - [0,5 0.51

DPD=|P(Y =1|A=1)—-PY =1 A=0)|

EOD=|P(Y =1|Y =1,A=1)-P(Y =1|Y =1,A=0)|

N 40

PY =1|A=1)=-—— =04
) 90
PY=1|A=0)=-— =04

DPD = ]0.40 — 0.45| = 0.05

P(Y:1\Y:1,A:1):@:0.60
50
. 60
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EOD =0.60 — 0.75| = 0.15

ZI o = argmax,, (1 — mzaxp(yi | x))

xyy = argming, (p(y1 | ) — p(y2 | ©))

C

T = argmax,, (— Zp(yz‘ | x)logy p(yi | )

=1

gi = VoL (fo(xi),yi)

g1 = N = [
max (1, %) 2.5

g2 = . — &
max (1, %) 1

1
2
0.0 1.35
Ori1 = [0.0] — 01 [—0.8] -

s | )=

1= 5 ([ 2]+ | 50]) -5 2

2.7

0.08

e

—0.135
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CHAPTER 7

CS234 RI

Policy Search 1

_05 1
0.5 (2

(3.0 — 2.5) H

e1n(2) 2
770(&1|8) - eln(2) + eln(3) o 2+3 =04

() 3
mo(asls) = 0.6

en(@) t () 243
> mo(d's)p(s,a’) = mg(ar|s)d(s, ar) + mo(azs)(s, az)
o] [oa

1| ]0.6
Vologmp(ai|s) = ¢(s,a1) — Zﬂ'g(a/|8)¢(8, a’)
1] fo4] TJos

~ o] |o.6]  |—06

G1 =T9 = 10
Go=r1+yro=5+ 0.9(10) =14

1

=04 0

+0.6

Aby = aGoyVglogmg(ag|so)

— 0.1(14) l—OOQl]

0.2 0.28
=14 [—0.11 N [—0.14]



A#y = aG1Vglogmg(ai|s1)

= 0.1(10) [_0%4]
—0.4 —0.4
:1'0[0.3] - l0.3]

anew = Hold + A(90 + A61

1.0 0.28 04
=110l T |-014| T 0.3]
~ Jo.ss
= 1116

E[g] = mo(a1]s)G(a1)Velogmg(ai|s) + mg(az|s)G(az2) Vg log ma(azls)

o 0.5(90) l‘oll

RN

= 0.5(110)

i (]

e &l

. 110
Var(g) = 0.5|H 0 ] -

=0.5 0 0

= 0.5(10000) + 0.5(10000) = 10000

A(ay) = 110 — 100 = 10
A(ag) = 90 — 100 = —10

‘ 2

oo [6]- [
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MaxEnt IRL and Reinforcement Learning from Human Feedback

R(4) = 0T®(74) = [1 _1} [
R(rp) = 0"®(rp) = [1 —1] H =1-4=-3

KL_est(s,a) = logmg(als) — log mrcf(als)
= log(0.4) — log(0.1)

0.4
= log <01> = log(4) ~ 1.386

Course Review, Case Studies, and Open Challenges

Tepo = (107 x 0.001) + (2 x 105 x 0.005)
= 10,000 4 10,000 = 20,000 seconds.

Tsac = (2 x 105 x 0.001) 4 (2 x 10° x 0.005)
= 2,000 + 10,000 = 12,000 seconds.
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CHAPTER 8

CS236 Deep Generative Models

Autoregressive Models Part 2

00 1
1 0 1
w
M7 =10 0 1
1 0 1
1 010
MY=11111
0000
1 1 1]
My=1(1 0
000
11 1
Mg=1|11 0
0 0 0]
2 4 1
X=13 5 8
1 29

MA{

Outputy = (1)(2) + (0)(4) + (=1)(1) + (2)(3) + (0)(5) + (0)(8) + (0)(1) + (0)(2) + (0)(9)

Outputp =24+0—-14+6+5=12

R=1+L(K—1)

L
R=1+) (K -1)d
=1



R=1+2-1D1)+2-1)2)+2-1)4)+(2-1)(8)

R=14+1+24+4+8=16

T
P(zy,...,x7) = H P(xy | x14-1)
—1

~+

1
-1

h1 = ReLLU (l 1

W.Z‘1+Uh0+b—[ (1) +

Lol
)b

log P(x1,x2) = log P(x1) + log P(x2 | 1) = —0.693 — 1.313 = —2.006

-1

Variational Autoencoders Part 1

p1 =05 o2=08
1+ log(o}) — pu? —of =1 +10g(0.8) — (0.5)% — 0.8
=1-0.2231 -0.25-0.8
= —0.2731

pe = —1.0, o5 =12
1+ log(03) — p3 — 05 = 1 +log(1.2) — (—=1.0)* — 1.2
=1+0.1823-1.0—1.2
= —1.0177

1
Dict, = —5(~02731 — 1.0177)

1
= —5(~1.2008) = 0.6454

1
Ll = —5(1 +logo? — pi* — exp(log 0?))
1
— _5(1 — 0.5 — (1.0)% — exp(—0.5))
1
= _5(1 —0.5— 1.0 — 0.6065)

1
= —5(—1.1065) = 0.55325

o = exp(0.5log 0%) = exp(—0.25) ~ 0.7788
z=p+oe=1.0+ (0.7788)(—0.8) = 1.0 — 0.623 = 0.377
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. 2
e =~ Log(an(ty - B0 297

2(1)
2
— 0189~ @)
= —0.9189 — %

= —0.9189 — 0.125 = —1.0439
ELBO = Erecon - ACKL
= —1.0439 — 0.55325 = —1.59715

Variational Autoencoders Part 2

Lyecon = _Eq¢(z|x) UogPQ(I’Z)]

Lx1 = Dkr(qg(2]7)[[p(2))

EKL——OSZ( + log(o ,u?—a?)
Jp-vAE = Lrecon + BLKL
KL; = —0.5(1 + In(0.1) — 0.5% — 0.1) = —0.5(1 — 2.302 — 0.25 — 0.1) = —0.5(—1.652) = 0.826
KLy = —0.5(1 + In(0.5) — (—0.2)2 — 0.5) = —0.5(1 — 0.693 — 0.04 — 0.5) = —0.5(—0.233) = 0.1165
JVAE = Lrecon + Lxr, = 12.5 + 0.9425 = 13.4425

TsVAE = Lrecon + 4 - Lx1, = 12.5 4+ 4(0.9425) = 12.5 + 3.77 = 16.27

VEq, ) [f(2)] = Eq, ) [f(2) Vg log gs(2)]

L
VoLl = % ; f(z(l))V¢ log q¢(z(l))

1 L
VoL~ ¢ ST(f(2Y) — b))V loggu(2")
=1

log g4(2) = zlogp + (1 — 2)log(1 — p)

Vg loggg(2) = (;— 1:;)19(1—19) =z2(1-p)—(1-zp=2—p

Vgloggs(zV)=1-05=05

gi = —log(—log(u;)) fori=1,...,K
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exp((log m; 4+ ¢:)/7)
S5 exp((log mj + g5)/7)

i =

log m = log(0.2) ~ —1.609

log 2 = log(0.5) ~ —0.693

log w3 = log(0.3) ~ —1.204

g1 = —log(—10g(0.6)) = —1og(0.5108) ~ 0.672

g2 = —log(—1og(0.2)) = —log(1.6094) ~ —0.476

g3 = —log(—1og(0.8)) = —log(0.2231) ~ 1.500

v1 = (—1.609 4 0.672)/0.5 = —0.937/0.5 = —1.874

vy = (—0.693 — 0.476) /0.5 = —1.169/0.5 = —2.338

vg = (—1.204 4 1.500)/0.5 = 0.296,/0.5 = 0.592

exp(vy) = exp(—1.874) ~ 0.153

exp(va) = exp(—2.338) ~ 0.096

exp(v3) = exp(0.592) ~ 1.808

y1 = 0.153/2.057 ~ 0.074

y2 = 0.096/2.057 ~ 0.047

y3 = 1.808/2.057 ~ 0.879

p(, 21, 22) = p(z|21)p(21]22)p(22)

q(z1, 22|w) = q(21]7)q(22|21)

p(|21)p(21]22)p(22)
q(z1]7)q(22|21)

ELBO = Eq(zl,zgps) log

ELBO = Ey(;, ) [log p(#|21)] = Ey(zy 1) [KL(q(22]21) [P(22))] + Eq(zy ,20)2) [l0g P(21]22) — log q(21]2)]

p(x]21)p(21]22)p(22)

ELBO = log
q(21|r)q(z2]21)

ELBO =~ log p(z|21) + log p(z1|22) + log p(z2) — log q(21|r) — log q(z2|21)

ELBO ~ —10.0 4 (—=2.5) 4 (—=1.0) — (=2.0) — (—0.5)

ELBO ~ —-13.5+2.5 = —-11.0
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O fr
O0zk—1

det

K
log qx (2 |x) = log go(z0lz) — > _ log
k=1

Of

det
¢ Oz—1

|

K
ELBO = Eqg(z[) [logp(x!zx) +log p(zx) — log qo(zolz) + Y _ log
k=1

2 =31)+2=5

log go(1) = —0.51log(27) — 0.5(1)* ~ —0.9189 — 0.5 = —1.4189

0
log |det oh = log(3) ~ 1.0986
820
oft| B
log q1(z1|x) = log qo(20|x) — log |det 9o | = —1.4189 — 1.0986 = —2.5175
20

logp(z1 = 5) = —0.5log(2m) — 0.5(5)% ~ —0.9189 — 12.5 = —13.4189
ELBO ~ log p(#[21) + log p(21) — log q1(21]z)
ELBO ~ —5.0 — 13.4189 — (—2.5175) = —18.4189 + 2.5175 = —15.9014
L’(G, ¢) - £recon + )\(t)EKL
A(t) = min (1 t)
= T

D
EKL?freeibitS = Z max (Atargety KL(Q('Zj ’l’) Hp(zj>))

j=1
EKListandard - KLl + KL2 + KL3 =05+214+01=27

EKLifreeibits =10+214+10=4.1

Normalizing Flows Part 1

T=e2+3
r—3=e3
z
In(z —3) ==
n(z — 3) 5
z= fYz) =2In(z — 3)

1 1
log p7(2) = — log(27) — 22
1 1
logpz(2In2) = —3 log(2m) — 5(2111 2)?

- —% log(2) — 2(In2)2
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det <8f(;;(5)> ‘

- (_;bg(gﬂ) —2(In 2)2> + log(1)

logpx (5) = logpz(f(5)) + log

= —% log(27) — 2(In 2)?

Y1 =X1
y2 = X2 ® exp(s(x1)) + t(x1)

X1=Y1
x2 = (y2 — t(y1)) © exp(—s(y1))

Sl(ZL'l, :UQ) = 111(22 + 1) = 111(5)

Y1 = hl . €7y2 + 5y2
hy - €72 =y — oo
hi = (y1 — Oya2) - e ¥

hy = x3 - €% + B
To - €l = hg — 5:1:%

xy = (hy — Baf) - e~ "

w1 = (y1 — dyz)e 2
x9 = (y2 — B (1 — 5yg)e’7y2)2) e~y —dyz2)em7e

Normalizing Flows Part 2

xr1 — 0 . 1
z = e =
P exp(0)
— 4 —2(1 2
by = T2 H(T) m__ ~1.213
exp(az(z1)) exp(0.5-1) 1.648

21 =z1exp(0)+0=2 =1
x9 = zgexp(ag(z1)) + pa(z1) = 1.213 exp(0.5 - 1) 4+ 2(1)
= 1.213(1.648) + 2~ 2+2=4
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xTr1 = 1
_ o,0.1(1) _ _
T9 = 2e +1.5(1) = 2(1.105) + 1.5 = 3.71

271 = 1
29 = (3.71 = 2(1))e~%°M) = 1.71(0.6065) ~ 1.037

d
% = —29 — Zz(t) = Cge_t
d d
%:221—#22 — %—221 2026_t
i(zle—Zt) _ e2—te—2t — 62—375
dt
1
2 (t)e ™ = /6273tdt = _5627375 +Cy
1
z1(t) = —Ze 7t 0y

3

_xi— pi(X<i)

s exp(a;(x<;))

x; = 2z exp(oi(X<;)) + pi(X<s)

x; = 2z exp(i(z<i)) + pi(z<i)

_ i — pi(z<i)
" exp(ai(z<i))

Dir(ps || pr) = Ex~pg[log ps(x) — log pr(x)]

L =log ps(x) — log pr(x) = —4.438 — (—3.376) = —1.062

dz(t)
A CORAL)
dlogp(z(t)) of
o o (az(t)>

log p(x) = log p(z(to)) — /tzl Tr (%) dt

-1

1
3=z 40 — 0162:3+§ — 01:36—2+%

1 1 1
21(0) = —562 + 01 = —562 +3e72 + 3o~ 2463+ 0.406 +0.123 = —1.934

1 1
/Tr(A)dt:/ 1dt = 1
0 0

1 1
log po(z(0)) = — log(27) — 5((—1.934)2 + (7.389)%) = —1.838 — 5 (8:74 4 54.60) = —31.008
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log p1 (x) = log po(z(0)) — 1 = —32.008
Tr(A) = Ep)[€” A€]
Tr (";f) ~ TV, (T f(z,1))
log () ~ logp(alta)) — | €1 Vale flalt), )i

g of _ [cos(zl) 0 ]

T 9z 23 22129

2
Estimated Trace = %O =1

zi = O (Fy(%:))
F1(05) =1—¢%5 ~1-0.6065 = 0.3935
z=®"1(0.3935) ~ —0.27

Generative Adversarial Networks (Part 1)

1 1 1
Egnpgaia 108 D(2)] = ~log D(1) + - log D(2) + - log D(3)

3 3 3
1 1 1
= —1log(0.8) 4+ = log(0.5) 4+ = log(0.9)
3 3 3
1
= g(—0.2231 —0.6931 — 0.1054)
1

= —(—1.0216) ~ —0.3405

w

Eznp.[log(1 — D(G(2)))] = 5 log(1 — D(2)) + %bg(l - D(4))

1
= —log(1 —0.5) + 3 log(1 —0.1)

=N =N =

1
= —log(0.5) + 3 log(0.9)

(—0.6931 — 0.1054)

N~ N~ DN

(—0.7985) ~ —0.3993
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/pdata ) log D(x dw+/pz )log(1 — D(G(z)))dz=

L/’zmaul Jlog D(x) + py(x) log(1 — D(x))] dx

0.5 0.5 0
KL(P| M)=0.51 0.51 1
(P | M) = 0510g, 5% ) + 0510, (77 ) + 0log, (35 )
= 0.5log,(2) + 0.5logy(1) + 0

= 0.5(1) 4+ 0.5(0) = 0.5 bits

0 0.5 0.5
KL(Q | M) =01 1
(@1121) 0Og2<025)+05Og2<05>+0510g2(025>
=0+ 0.51og,y(1) + 0.5logy(2)

=040+ 0.5(1) = 0.5 bits

oLEmmax log(1 — y) 9D Ox

a0 ay or 90
—1
(1= ) W-w-ul
:fy.w.z

—(4.54x 107%) - (1) - (1) = —4.54 x 107°

oLNS B 8(—10gy) oD Ox

06 oy ox 00
~ () w-pul:

—l-y) w-z
—(1—-454%x107°)-(1)- (1) = =1.0

Generative Adversarial Networks (Part 2)

De(PQ) = Y Q@)f(t)

z€{A,B,C}
= 0.4(0.25) + 0.2(2.25) + 0.4(0.0625)
= 0.1+ 0.45 + 0.025
=0.575

9 9 6 4
+((5-1)-G-9)
=0.25+ 0.5 + (2.25 — 2.0)
=0254+054025=1
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Lop = A(|VaD(@)[|l2 — 1)?
=10 (V5 - 1)2
~ 10(2.236 — 1)?
= 10(1.236)>
~ 10(1.528) = 15.28

DP1Q =3 e (5)
TEX

WPQ) = [ |Fola) - Fo)|da

0 r<l1
Foz) =451 1<2<3
1 >3
W (Paata; Pc) = ”DSFP<1 (EsnPyra [D(7)] — Eznp, [D(G(2))])
£o=-13" D)+ L3 piaE)
i=1 =1
Lo=-L 3" D@Ew)

Lp = —Mean(D(real)) + Mean(D(fake)) = —0.5 + (—0.5) = —1.0
Lg = —Mean(D(fake)) = —(—0.5) = 0.5
w < w—aVy,Lp

w; < max(—c, min(c, w;))
0.08 —0.5
{new = [—0.05} -0 l 0.4 ]

w008 To05] _[013
e T _0.05] | —0.04] — |{—0.09

Lop = A(|VaD(@)]|l2 — 1)

2.0 90 15 [-10
+0'75[ ]_ 0.0]_[1.01

4.0

0.5

T =0.25 1.0

0.0 +
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w06 =[] =[]

IVaD(@)ll2 = /(~2.0)2 + (1.0)2 = VA0 + 1.0 = v/5 ~ 2.236

mGin mDaX V(‘D7 G) = ]E(ac,y)NPdam []‘Og D(‘T‘y)} + EZNPZnyPdata []'Og(]‘ - D(G(Z|y) ‘y))]

m

£o == 3" [log DGO y9) + log(1 ~ DGy )y
=1

€=~ 3o DGy )ly)
log D(z1]1) = log(0.8) ~ —0.223
log(1 — D(G(21|1)]1)) = log(1 — 0.4) = log(0.6) ~ —0.511
Lp = —(log(0.8) + 1og(0.6)) ~ —(—0.223 — 0.511) = 0.734
Lo = —log D(G(z11)]1) = — log(0.4) ~ 0.916

Energy-Based Models (Part 2)

€
T = Xy — §vxE($o) + \@ZO

=1.0— %(0) ++/0.1(0.5)

~10-0-+0.316 x 0.5
=1.158

€
Ty = T1 — 5VzE($1) + Ven

1
= 1.158 — 07(0.395) +0.1(—0.2)

~ 1.158 — 0.05(0.395) — 0.316(0.2)
~ 1.158 — 0.020 — 0.063
= 1.075

Po(x) = exp(—1 x 0.5%) = exp(—0.25) ~ 0.7788
Po(%) = exp(—1 x 0.8%) = exp(—0.64) ~ 0.5273

Lyce =log P(y = 1|x;0) + log P(y = 0|%; 0)
~ 1og(0.6090) + log(0.4867)
~ —0.4959 — 0.7201
= —1.2160
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Score-Based Diffusion Models (DDPM Perspective)

To =\ aoxg + V1 — e

= 0.8485 10 +0.5292 [ 05 ]

~2.0 —0.5
_[3394] , [o02646
T |-1.697] T [-0.2646

-

—1.9616

Diffusion Models - Advanced Topics
Tt — 1-— 5(156
Var

To =
di = /1 —aqp_1 — Ufe
et ~N(0,1)
T 1 =/ oy_1%g + di + 064

Tt — \/1 — C_KtGQ(LL't,t)

o =

Vay
Vay = v0.64 =0.8

V1—a; =+v1-0.64=+0.36=0.6

0.5—(0.6)(0.2) 0.5-—0.12 0.38
0.8 0.8 0.8

de = /1 —ap_1€g(x, 1)

=0.475

o =

VI—a; 1 =+1-0.81 =v0.19 ~ 0.4359
dy = 0.4359 x 0.2 = 0.08718
Ti_1 = /120 + dy
Va1 =V0.81=10.9
xi—1 = (0.9)(0.475) + 0.08718 = 0.4275 + 0.08718 = 0.51468

gt = Vg, logpg(ylzt, t)
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€9(.’Et,t) = ee(xtat) — SV 1— &tgt

VIi—a;=+v1-084=+0.16=04
Adjustment = —sv/1 — &;Vy, log py(y|ae, t)

. 0.5 0.5 —0.4
Adjustment = —2.0 x 0.4 x lOB] =-0.8 [0.3] = [_0'24]

. 0.1 i —-0.4 . —0.3
07 02| T |—0.24] T |-0.44
€9 (xta t, C) = €uncond T w(fcond - 6uncond)
€9($t, t, C) - (1 - w)funcond + Weécond
0.4 . 0.2
0.1  |-0.3

0.2 1.5
wAe =17.5 % l—O.?)] = [_2‘25]

o] [ 15 ) _[ 19
=101 —295| ~ |=2.15

zt = Vagzg + V1 — age

0.6
A€ = €cond — €uncond = [_0 21 -

Var =v0.49 = 0.7

V1—a; =+v1-0.49 =v0.51 ~0.714

1.0 0.5
2 =07 l_m] +0.714 [0'2]

L |07 N 0.357 | | 1.057
t= 07 0.1428| ~ |—0.5572

dx = f(z,t)dt + g(t)dw

da = [f(x,t) — g(t)*Vy log pe(x)]dt + g(t)dw
sg(z,t) = Vi logps(x)
dz = [0 — g(t)%sg(we, t)]dt + g(t)dw = —2.0(—0.5)dt + V2.0dw = 1.0dt + 1.414dw
Azger = 1.0 x At =1.0 x (=0.1) = —0.1
AZgroch = g(t)zm = 1.414 x 0.3 x V0.1 ~ 1.414 x 0.3 x 0.316 ~ 0.134
Tipar = Tt + Adet + Agioch

Tppnr =1.2—0.140.134 = 1.234


https://milav.in

Part 11

IITM BS Data Science



CHAPTER 9

Advanced Algorithmsprof Neeldhara

Dynamic Programming: Longest Increasing Subsequence

N .
f(@) + 0o Amf(])

LIS Length = max f(7)

0<i<n

Approximation Algorithms

r1+x2 21 (edge (1,2))

Ty +x3>1 (edge (2,3))

z1+z3>1 (edge (1,3))
x1, w2, 3 € {0,1}

r1+a2>1
To+x3>1
1 +w3>1
0<x <1
0<a <1
0<x3<1

rA+azp>1
rp+xc >1
0<zg,zp,xc <1

Exact Exponential Algorithms

H = (=1)°W2({1,2,3}) + (=1)! [Wa({1,2}) + Wa({2,3}) + W2({1,3})]
+ (=12 Wa({1}) + Wa({2}) + Wa({3})] + (—1)°W2(0)
H=1(12) = 1(2+2+2) +1(0) — 1(0) = 12 — 6 = 6.



CHAPTER 10

Ai Search Methods For Problem Solving

State Space and Goal Stack Planning

G1 = (Go \ ADD(Stack(A, B))) U PRE(Stack(A, B))
= ({On(A,B)}\ {On(A, B),...}) U{Holding(A),Clear(B)}
= {Holding(A), Clear(B)}

G2 = (G1 \ ADD(Pickup(A))) U PRE(Pickup(A))
= ({Holding(A),Clear(B)} \ {Holding(A)}) U{OnTable(A),Clear(A), HandEmpty}
= {Clear(B),OnTable(A),Clear(A), HandEmpty}



CHAPTER 11

Algorithmic Thinking In Bioinformatics

Local Alignment and Affine Gap Penalties

Xi—1,j —o (Extend deletion)
Xiyj = Imax .
i—1,; —p (Open deletion)
Y, — max Yij-1—0 (Exten(.i inse'rtion)
M; ;-1 —p (Open insertion)
Xij

M; ; = max ( Yy
M;_1 j—1 + score(v;,w;) (Match or Mismatch)

Heuristics for Non-Additive Phylogeny

oS
— =2(eat+ep—3)+2(eatec—4) =0
Oe

=2es4+egtec=7
oS
— =2(ea+ep—3)+2(eg+ec—6)=0
(963

=epq+2eg+ec=9
oS
— =2(eat+ec—4)+2(ep+ec—6)=0
Oec

=eqs+ep+2ec =10

2 204-2)
_ 4, 12-16
2 4
=2-1=1
Dyc  Rc— Ra
w(E — C) = 5 21=2)
_ 4 1612
2 4
—=2+4+1=3

1

Dgp = i(DAB + Dcp — Dac)
1
1

Dgp = §(DAD + Dcp — Dac)

1



Character-Based Phylogeny (Parsimony)

Cost from left child (Leaf 1): min(s1(A4) 4 caa, s1(C) + cac)
=min(0+0,00+2) =0
Cost from right child (Leaf 2): min(s2(A) + caa,s2(C) + cac)
= min(co+0,0+2) =2
su(A)=0+2=2

Cost from left child (Leaf 1): min(s1(A) + coa, $1(C) + ccco)
=min(0+ 2,00+ 0) =2
Cost from right child (Leaf 2): min(s2(A) + cca, s2(C) + ccc)
=min(co+2,0+0) =0
5,(C)=240=2

Exact Pattern Matching with Tries and Trees

Insertallthesesuf fizesintoastandardT'riestarting fromthelongestsuf fixtotheshortest.

Construct a Suffix Trie for a Text String Build a suffix trie for the text T = “ACA".
Step 1: Append terminal character

T$ = “ACAS"
Step 2: Generate all suffixes

1. “ACAS"

. “CAS$'

. “AS"

wgn

Step 3: Insert into standard Trie

A~ W N

e Insert “ACAS$": Root i) Node 1 L) Node 2 i) Node 3 i) Node 4
e Insert “CAS$": Root £, Node 5 25 Node 6 8, Node 7
o Insert “AS$": Match ‘A’ from Root to Node 1. Create ‘$’ edge from Node 1: Node 1 8, Node 8

o Insert “$": Create ‘%’ edge from Root: Root 3, Node 9
Final Suffix Trie Edges:

Source Node Edge Character Target Node

Root A Node 1
Root C Node 5
Root $ Node 9
Node 1 C Node 2
Node 1 $ Node 8
Node 2 A Node 3
Node 3 $ Node 4
Node 5 A Node 6
Node 6 $ Node 7

11.1 Suffix Trees

Constructing a Suffix Tree from a Suffix Trie A Suffix Tree compresses the paths of a Suffix Trie to reduce space
complexity.

1. Build a Suffix Trie for the text T
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CHAPTER 12

Big Data And Biological Networks

Quantitative Genomics and GWAS Statistics

XQ

~ Row Total x Column Total

E N
_«(O0-E?
=
9 N(ad — bc)?
X T a+b)(ctd)ato)b+d)

o 1200(450 - 300 — 300 - 150)?
~750-450- 600 - 600

» _ 1200(135000 — 45000)?
o 121500000000

1200(90000)2 ~ 1200 x 8100000000 9720000000000 80

121500000000 121500000000 121500000000

a

AGWAS = M

.05 .
CXGWAS:TOG:E)XIO 8

Network Centrality Measures

—2x14+ 20+ 23=0
1 —2x9+x3=0



CHAPTER 13

Business Analytics

Fitting Probability Distributions

171
pme=i3a
iz
1 n
A: = _72
G=s n—lg(% z)
« 1
AZEZ*ZQ?Z‘
i3
< 1
)\:j
z

5+8+4+6+5+7+9+5+6+4

>
Il

10
<~ 59
=22=59
A 10
—-5.9 5
5.9
mx:m:eé)
00274 x 7149.24
_ 0.00274 x 7149.24 . .
120
E=nxP(X =05)
E =10 x0.163 = 1.63
30 —25)2 (45 —50)2 (25— 25)2
ﬁ:( )_M )+( )
25 50 25
_2,2% 0
25 50 25

=10+054+0=1.5

df =k—1—p
df =3-1-1=1



Chi-Squared Test of Independence

P(A; and Bj) = (])\jj
R;
P(Ai) = &
C.
P(B)) =+

O11 =20, N =100

20
P(Action and Service X) = 100 = 0.20

Cy =55, N =100

55
P(Service Y) = 100 = 0.55
R; xC
E;; = v N J

df = (r—1) x (c—1)
x? ~ 3.130 + 2.561 + 0.500 + 0.409 + 0.907 4 0.742 = 8.249
r = 3 (Action, Comedy, Drama)
¢ =2 (Service X, Service Y)
df =(3-1)x(2-1)=2x1=2
Linear Programming and Duality

Maximize Z = 40x1 4+ 50x9
Subject to  2xq + 3x9 < 12
T1+ 229 <7

1,22 > 0

Maximize Z = 3x1 + 2x9

Subject to x1 +x2 < 4
221 + 22 <5
r1,x9 >0

Maximize Z = b5x1 + 4x9
Subject to  6x1 + 4xo < 24
1+ 222 <6

x1,T2 > 0
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6x1 +4x9 + 51 =24
T1+2x2+50=06
Z—5.1‘1—4$2:0

Maximize Z = 3x1 + bxo
Subject to x1 <4
2w9 < 12
3r1 + 2x9 < 18
z1,29 > 0

Minimize W = 4y; + 12ys + 18ys
Subject to  1y; + 0y2 + 3ys > 3
Oy1 +2y2 + 2y3 > 5
Y1,Y2,y3 > 0

Z = 4021 + 50x9
120, 222>0
Minimize W = 4y; + 12y2 + 18ys
Logistic Regression Formulation and Prediction

z = o+ B1x1 + Pow2

2= 2.5+ (0.05)(60) + (~0.1)(12)
z=-254+30-1.2

z=—-0.7

Data Envelopment Analysis (DEA)

n
Z)\jxij <Oz fori=1,...,m
j=1

n
Z)‘ij >y forr=1,... s
j=1

Aj >0 forj=1,...,n

n

Z)\jxij Sel‘zk forizl,...,m
j=1

n

Z)‘jyrj >y forr=1,...,s
j=1

Aj =1 (Convexity Constraint)
1

Aj >0 forj=1,....n

n
J]=
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CHAPTER 14

Business Data Management

Pivot Tables and Multi-dimensional Data Summarization

North Total = 100 + 150 + 50 = 300
South Total = 200 + 300 = 500

North Count = 3 (Three records)
South Count = 2 (Two records)

North Average = % =100

South Average = 5(2)—0 = 250

(North, A) = 100 + 50 = 150
(North, B) = 150
(South, A) = 200
(South, B) = 300

Electronics Profit = 5000 — 4000 = 1000
Clothing Profit = 3000 — 1500 = 1500

1000
Electronics Margin = —— = 0.20 (20
cctronics Margin = =00 (20%)
1500
Clothing Margin = —— = 0.50 (50%)

3000



CHAPTER 15

Computational Thinking

No prominent formulae extracted for this course.



CHAPTER 16

Computer Networks

Network Performance Metrics and Delay

1000 x 8 8000
10 x 106 107

100 x 103
dpropl = 72 < 108 = 0.5 ms

0.8 ms

dtransl =

dprocl =0 ms
dlinkl =0.8 + 0.5 + 0=1.3 ms

1000 x 8 _ 8000 _ o
= = = . m.
trans2 = 760 % 106 108

500 x 103
dpr0p2 = 2*)( 108 = 2.5 ms

dprocZ =1 ms
diink2 = 0.08 + 2.5 4+ 1 = 3.58 ms

TCP Timeout and Loss Recovery Mechanisms

SRTT = Ry
RTTVAR = %

RTO = SRTT + max(G,4 x RTTVAR)

RTTVAR = (1 — ) - RTTVAR + 3 - |SRTT — R/|
SRTT = (1 —a)-SRTT +a- R
RTO = SRTT + max(G, 4 x RTTVAR)

SRTT = 100 ms

RTTVAR = 1—(2)0 = 50 ms

RTO =100 + 4 x 50 = 300 ms

RTTVAR = (1 —0.25) x 50 + 0.25 x [100 — 120|
= 0.75 x 50 + 0.25 x 20
=37.54+5=42.5ms

SRTT = (1 —0.125) x 100 + 0.125 x 120
= 0.875 x 100 + 15
=87.5+ 15 =102.5 ms
RTO =102.5+4 x42.5
=102.5+ 170 = 272.5 ms



ssthresh = % =10 MSS
cwnd = 10+ 3 = 13 MSS

cwnd = 13+ 1 = 14 MSS (after 4th DUP ACK)
cwnd = 14 + 1 = 15 MSS (after 5th DUP ACK)

cwnd = ssthresh = 10 MSS

IPv4 Addressing and CIDR Subnetting

11111111.11111111.11111111.11100000
Block Size = 256 — Subnet Mask Value
11111111 11111111.11111111.11110000 = 255.255.255.240
>4 = p=2
New CIDR=16+2=18 = /18
11111111.11111111.11000000.00000000 = 255.255.192.0
Block Size = 256 — 192 = 64

Link State Routing (Dijkstra’s Algorithm)

D(v) = min(D(v), D(w) + ¢(w,v))

Distance Vector Routing

Dx(Y) =min{c¢(X,Y) + Dy(Y),e(X,Z) + Dz(Y)}
=min{2+0,74+1} =2 (viaY)

Dx(Z) =min{c(X,Y )+ Dy (Z2),c¢(X,Z) + Dz(Z)}
=min{2+1,74+0} =3 (viaY)

Dy (X) = min{c(Y, X),c(Y,Z) + Dz(X)}
= min{60,1+5} =6

Dz(X) =min{c(Z,Y) + Dy (X)} (assuming no direct Z-X link)
=14+6=7
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Dy (X) = min{60,1+ 7} =8

Dy (X) = min{c(Y, X),c(Y,Z) + Dz(X)}

Dy (X) = min{60, 1 + 0o} = 60

Dz(X) = c(Z,Y) + Dy(X) =1+ 60 = 61
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CHAPTER 17

Corporate Finance Sep 2024

Inflation and Yield Curves
1+ R=(1+7r)(1+h)

1+R
p= """ _

1
1+h

R=0+r)(1+h) -1

R~r+h
1—1—7“:ﬂ

1+h
1+r:@

1.03
1+ 7~ 1.04854

r = 0.04854 or 4.854%

r~R-—nh
r =~ 0.08 — 0.03 = 0.05 or 5.00%

1 Cy Ch
PV = e
1+T‘1+(1+’F2)2+ +(1+rn)”

PV C1 Cy Ch

I+y (1+y)? 14y

50 50 1050
PV =
104 T (1.05)2 T (1.06)7
1050
PV —48.08 + —0_ 4

1.1025  1.191016
PV = 48.08 + 45.35 + 881.60

PV = $975.03

(L4 7n4)™ ™ = (1 +70)" (1 + frnr1)

(1 + Tn+1)n+1

-1
(L4 rp)"

fn,n+1 =

(T+rm)™ = (1 +rm)" (14 fam)™ ™"



1

hon= ()™

(1+73)* = (L+1r2)*(1 + fa3)

(1.045)3
L+ fo3= W

1.141166
L+ 23 = 0316

1+ fo3 =~ 1.05507
f2,3 =0.05507 or 5.51%

(1 + 7"4)4 = (1 + 7”2)2(1 + f274)2

1.05)%
1 2 (
(14 faa) (1.04)2
1.215506
(14 faua)? = g~ 112380

1+ fou = V1.12380 =~ 1.05999
f2.4 & 0.0600 or 6.00%

Fundamentals of Portfolio Theory

Cov(Ra, Rp) = 0.3 x (0.20 — 0.10) x (0.10 — 0.035)
+0.5 x (0.10 — 0.10) x (0.05 — 0.035)
+0.2 x (—0.05 — 0.10) x (—0.10 — 0.035)

Boom: 0.3 x (0.10) x (0.065) = 0.00195
Normal: 0.5 x (0) x (0.015) =0
Recession: 0.2 x (—0.15) x (—0.135) = 0.00405

o2 = (0.40)*(0.15)* + (0.60)*(0.20)* + 2(0.40)(0.60)(0.3)(0.15)(0.20)
= (0.16)(0.0225) + (0.36)(0.04) + 2(0.24)(0.3)(0.03)
= 0.0036 + 0.0144 + 0.00432
= 0.02232

Factor Models and Arbitrage Pricing Theory

1) wa+wp+we =0 (Zero investment)
2) 1.0wag + 1.5wp + 0.5wc =0 (Zero beta)

l4+wp+we=0 = weg=-1—wp
1.0+ 1.5wg + 0.bwc =0
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Exchange Rates and International Capital Markets

Sajc =Sa/B X Spjc

Sa/B =
SINR/GBP = SINR/USD X SUSD/GBP

SINR/GBP = 83.00 x 1.25 = 103.75

g _ ScHF/USD
CHF/CAD = Soan/UsD
0.90
ScHF/CAD = 135~ 0.6667
Py
Sa/B = Py
g _ Pinr
INR/USD =
100, 000
SINR/USD - TOO - 8333
i 1+ 7a
So 1 + 7B
1
51= 50 x 7 1:2
S1— 5o

XTA— TR
So

1
Slzgoxw

14+ mgur
1+0.05
S =110x ———
! 11002
1.05
=1.1 — =1.1 1.0294 = 1.1324
S 0 x 102 0 x 1.029 3
1+ry
F =9
A/B A/B X 1+ 75
14+ rypy
F =5 X —
JPY/USD JPY/USD X 171 -
1+ 0.005
F =145 x ———
JPY/USD 15004
1.005
FJPY/USD = 145 X 1 04 = 145 X 0966346 = 14012
14174
E[S1] =S
& 0% 1+7rp
1+ rgep
E[S1] =5y x ———
151 " 1+ rusp
1+ 0.06
E[51] =085 x ———
(5] “ 15 0.025
1.06
E[S1] = 0.85 x ——— = 0.85 x 1.034146 = 0.8790

1.025
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14 rysp
1+ ryxN
18.00 =17.00 X ——
* T 104
18.00 . 1+ ryvxN
17.00  1.04
1+ ryvxN
1.0588 = ———
1.04

14 ryxn = 1.0588 x 1.04 = 1.1012

rvxN = 1.1012 — 1 = 0.1012
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CHAPTER 18

Data Science Ai Lab

Numerical Computing and Plotting with NumPy and Matplotlib

20
13 8
Data Manipulation and Analysis with Pandas

(50000 — 62000)% = (—12000)? = 144000000
(60000 — 62000)% = (—2000)2 = 4000000
(55000 — 62000)% = (—7000)% = 49000000
( )7 = (

( )7 = (

80000 — 62000)> 18000)2 = 324000000
65000 — 62000)% = (3000)? = 9000000

Image Processing and Convolutional Neural Networks

(0.0—0.5)/0.2 = —2.5
(0.498 — 0.5)/0.2 = —0.01
(0.8—05)/02=15
(1.0—0.5)/02 =25



Advanced Computer Vision: Transfer Learning and Object Detection

1 7T 7
U= 77 2 2 A

i=1j=1

z=WI'v+b

. e*
Ply=ilv) = ——
i=1¢"

e = [e}?,e790 28] & [3.32,0.61, 16.44]

Z e’ =3.32+0.61 + 16.44 = 20.37

332 0.61 16.44
p— [ ~ 0.163, 0.030, 0.807]

20.37" 20.37" 20.37
oY) =6 — vy, L))

Area of Intersection

IoU(By, By) =

Area of Union

p g
min’ mmin)?

2 = max(x Ylmin = Max(Yp i, Yrmin)
Tlmap = Min(2) 00, ¥5000)s  Ylmaz = (Y00, Yimas)
I = max (0, 2l ez — TLnin) X max(0, ylmaz — Ylmin)
U = Area(B)) + Area(By) — I
Area(Bp) = (150 — 50) x (150 — 50) = 100 x 100 = 10000
Area(By) = (200 — 100) x (200 — 100) = 100 x 100 = 10000
2 Tnin = max (50, 100) = 100
YlLmin = max(50,100) = 100
&I mar = min(150,200) = 150
YLmar = min(150,200) = 150

I = max(0, 150 — 100) x max(0, 150 — 100) = 50 x 50 = 2500

U = 10000 + 10000 — 2500 = 17500

2500 1
ToU = =27 — = ~0.1428
YT 1500 7

P Pl VR T

Qo ap,
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Dy = (t}; X Q) + Qg Py = (fy X ap) + ay

Pw = ay X ™, pyp=ap x e

60 —50 10
ty = = =01
100 100
40-50 —10
t, = = =-02
v 50 50

120
fo=1In (=) =1In(1.2) ~ 0.182
n(lOO) n(1.2)

60
th =1In (50> = In(1.2) ~ 0.182

Data Visualization and Explainable Al

1 4
2, y=|1
3 2

SPD =P(Y = 1|U) = P(Y = 1|P)

X =

30
(Y = 1|P) = &5 =050

10
B(Y = 1U) = 35 =025

SPD =0.25—-0.50 = —0.25

P(Y =1|U)
DI =
P(Y = 1|P)
0.45
DI ="
0.60
DI =0.75

o= 3 PHEZE=Rwsuin - o)
SCN\{i} '

||

fl@)=v(@) +> ¢
i=1

¢1=<;><4>+<;x6):2+3:5

= () (39

V(D) + 1+ do =10+ 5 +3 = 18 = v({1,2})

1+2

3

L= m(2) (f(z) — 9(2))?

2€Z

L(w) = 0.5(f(=1) = w(~1))* + L.0(f(0) — w(0))* + 0.5(f(1) — w(1))

L(w) = 0.5(=2 4 w)? + 1.0(0)? + 0.5(4 — w)?
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L(w) = 0.5(w? — 4w + 4) 4+ 0.5(w* — 8w + 16)

E(“’):0-5w2—2w+2+0.5’w2—4w+8:w2_6w+10

ac

— =2w—6=0 = w=3
dw

| N
fos(zs) Nz (zs,2%))

s 19+3 _ 50
fer (5) =

2

=25
TPRp = P(Y;;red = 1|Y;€7‘ue = 17P)
TPRy = IP)(anred = HY;rue =1, U)

EOD =TPRy —TPRp

80

TPRp = — = 0.80
Rr =150
25

TPRy = =2 = 0.50
fo=+5

FOD =0.50 —-0.80 = —0.30
FPRP = IP)(Ypreal = 1|}/true = O,P)
FPRU = ]P)(Ypred = 1|Y;5rue = 07 U)

AOD = _ [(FPRy — FPRp) + (T'PRy — TPRp)]

N | =

FPRy — FPRp =0.15— 0.30 = —0.15
TPRy —TPRp = 0.65 — 0.85 = —0.20
1 —0.35
AOD = 3 [-0.15 + (0.20)] = —= = —0.175

Time Series Analysis and Forecasting

Y, =T, + S+ R

Y;ngtXStXRt
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CHAPTER 19

Data Visualization Design

Representing Distributions and Outliers

Lower Bound = @1 — 1.5 x IQR
Upper Bound = @3 + 1.5 x IQR

Advanced Geo-Visualization Techniques

d(Py, Hy) = /(0.5 — 0)2 + (0.5 — 0)2 = V0.25 + 0.25 = V0.5 ~ 0.707
d(Py, Ha) = /(0.5 — 2)2 + (0.5 — 0)% = v/2.25 1 0.25 = V2.5 ~ 1.581

d(Py, Hi) = /(15— 0)2 + (—0.5 — 0)2 = v2.25 1 0.25 = V2.5 ~ 1.581
d(Py, Ha) = /(1.5 — 2)2 + (—0.5 — 0)2 = v0.25 + 0.25 = V0.5 ~ 0.707

d(Ps, Hy) = \/(fo.5 —0)2 4 (0.1 — 0)2 = v/0.25 + 0.01 = v/0.26 ~ 0.510

d(Ps, Hy) = \/(fo.5 —2)2 4 (0.1 — 0)2 = v/6.25 + 0.01 = v/6.26 ~ 2.502

d(Py, Hy) = \/(1.2 —0)2+(0.2—0)2 = 1444+ 0.04 = \/1.48 ~ 1.216

d(Py, Hp) = \/(1.2 —2)2 4 (0.2 — 0)2 = v/0.64 + 0.04 = v/0.68 ~ 0.824

di=\/(5-52+(5-32=v011=2
dy=1/(5-82+(5-52=v0+0=3

2
:3<> _ 3 A Mol
167 \16 167 256 40967




CHAPTER 20

Database Management Systems

Relational Model and Relational Algebra

R+ S=mnx(R)—nx((rx(R) x S) — R)

Query Processing and Optimization

TName (TSalary>50000ADName="TT’AE.DID=D.DID (E X D))
TName (TSalary>50000 (CDName="1T* (0 E.DID=D.DID (£ X D))))
TName (0Salary>50000(ODName="1T' (£ > g.p1D=D.DID D)))
TName (0Salary>50000( &) >X¥E.DID=D.DID TDName=1T"(D))
TName (TName,DID (FSalary>50000(£)) > g.DID=D.DID TDID(ODName=TT*(D)))
Cost = Br + (Ng X Bg)

Cost = Br + (Bgr x Bg)

B
COS’E:BR—{—<’7M§2—‘ XBs>

Cost = Br + (Np x C)
Cost = Sort(R) + Sort(S) + (Br + Bs)
Cost = 3(Br + Bg)

B 1
Cost = Bp + ([mﬂ x BS> = 1000 + ([10000% x 500) = 1000 + (10 x 500) = 6000 1Os

B 500
Cost = Bg + ({105(;-‘ X BR) =500 + <{100-‘ X 1000) = 500 + (5 x 1000) = 5500 IOs

Total Cost = 3000 + 1500 + 1500 = 6000 10s

Total Cost = 3 x (Bgr + Bg) = 3 x (1000 + 500) = 4500 10s

N
Result SiZe = W}:‘b

NRXNS

Result Size = max(V (A, R),V (B, S))




5 B Ng x Ng _ 1000 x 2000 _ 2000000 _ 0o

VORS = nax(V(h, R), V(5,S))  max(100,200) 200 P

Ng x Nr 2000 x 3000 6000000
max(V (c,S),V(e,T))  max(50,300) 300

Sizegp = = 20000 tuples
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CHAPTER 21

Deep Learning

McCulloch-Pitts Neurons and Threshold Logic

0,0) >0: 0w +0-we<h = 0<40
0,1)=>0: 0-wi+1-we< = wy <0
1,00 > 0: 1-wi4+0-w <l = w; <0
L1)—=1: 1-wi+1-w >0 = w; +we >0

For (0,0) - 1: 0>

For (0,1) - 1: we >0

For (1,0) - 1: w; >0

For (1,1) = 0: w;+wy <6

0'11)22(9 = 0>4
1wy <0 = wy <6

Perceptron and Linear Separability

wai+b>0 fory; =1
wai+b<0 for y; = —1

0)w1 + (w2 +b<0 = b<0

0w + (Dwa+b<0 = w2 +b<0
(Dw; + (w2 +b<0 = w1 +b<0
(Dwi+ (Nwa+b>0 = w1 +wa+b>0

b<0

wo +b>0
wy+b>0

w1 +wy+b<0

W < W+ NY;T;
b+ b+ ny;



Feed Forward Networks and Activation Functions

Input (0,0) = b<0

Input (0,1) = w2 +b<0
Input (1,0) = w1 +b<0
Input (1,1) = w1 +w2+b>0

Backpropagation: Forward and Backward Pass

L) g 4 (D)

(0.5 —0.5 0.1
02 0.8 0.2

_[©05)0) + 05)] , [o1
| (02)(1) + (0.8)(—1)

-] L] - 1

—0.6
(1 _ (1) _ maX(O,l.l) _ 1.1
ot = ReLU(7) [maX(O, —0.8)

_l’_

§=w®@gM 4

=[os 0] |
= (0.6)(1.1) + (~0.4)(0) + 0.3
=0.664+0+40.3 = 0.96

+0.3

L==(§—y)?
50—y

1
= 5(0.96 - 0.5)?

1
= 5(0.46)2 = 0.1058

(;]yf = (§—y) =0.96— 0.5 =046
83/L(2) =6@aMT = 0.46 1.1 0] = [0.506 0]
oL
D = 5 =0.46

oL 0.6 0.276
OL _ ey _
=W = [—o 4] (0.46) = [—0.184]

sy _ |1 (since 1.1 > 0)
o (=) [0 (since -0.8 < 0)
oL

m_ 9L

"= 2

® o' (z)

I
| — |
)
=S
0.]

X
—_
©
| —
O =
| S
I
| —|
©
[\]
\]
D
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oL 0.276 0.276 —0.276
_ s, T _ 1] =
oWy _[ Ml 1] _[ . o ]

oL
2 —w® _
Wnew =W ﬁaW(Q)

=[06 ~04]-05[0.506 0]

- [0.6 —0.4} - [0.253 0} - [0.347 —0.4]

oL
@) —p@) _p T
bnew =b ﬂab@)
= 0.3 — 0.5(0.46)

=0.3-0.23 =0.07

oL
DR 7 740
Wnew =W ﬁaW(l)

05 —0.5]  [0.276 —0.276
0.2 08| | 0 0

~Jos —05] [o.138 —0.138
~ o2 08 0 0

[0.362  —0.362
0.2 0.8

0.1 0.276
- —0.2]_0'% 0 ]

-[5]-[- [0e]

0 —-0.2
Computing Gradients using Matrix Calculus

o] o [2718
~ €| T |7.389

> e~ 2.718 + 7.389 = 10.107

2.718
Y1 = o107~ 0.269
7.389
= ~ 0.731
Y2 = 10107 = 013
%Zl =y1(1 —y;) = 0.269(1 — 0.269) = 0.269(0.731) ~ 0.197
1
0
78? =y9(1l —y2) = 0.731(1 — 0.731) = 0.731(0.269) ~ 0.197
2
oy o
—— = —y1y2 = —(0.269)(0.731) ~ —0.197
622
0y2

2= = —ypy1 = —(0.731)(0.269) ~ —0.197
8,21
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CHAPTER 22

Deep Learning For Computer Vision Prof Vi-
neeth

Variational Autoencoders

L(0, ¢;x) = By, (5)x)[log po(x|2)] — DkrL(qe(2]x) || p(z))
|k
Dk, = —52 (1+108§(Ui2) — —02‘2)
i=1
Loss = —E[log ps(x|z)] + 8DxkL

1 1
Dict, = —5 (=0.2677 — 0.0631) = —2(~0.3308) = 0.1654

o = exp (; log(0'2))

Z=pu+0o0OE€
0.5
e=| 1.2
—0.8
Lrecon = HX - )A(HQ

Total Loss = Lyrecon + BDKIL,

1
Dxr, = —5(1 +log(0?) — i — o?)
1
— _5(1 +log(1.1) — 0.22 — 1.1)
1
= =5 (1400953 = 0.04 — 1.1)

1
= —5(—0.0447) = 0.02235

Lrecon = (33 - j)Q
= (0.8 —0.6)*
=0.22=0.04

Total Loss = Lrecon + Dk, = 0.04 + 0.02235 = 0.06235

29 ~N(0,I) fori=1,2,...,N



Generative Adversarial Networks (GANs) Fundamentals

0.5 0.3 0.2
Dy (P || M) =0.5log, <035) +0.31og, <0 35) +0.2log, <03>

= 0.51og,(1.428) + 0.31og,(0.857) + 0.21og,(0.667)
= 0.5(0.514) + 0.3(—0.222) + 0.2(—0.585)
= 0.257 — 0.0666 — 0.117 = 0.0734

0.2 0.4 0.4
Dgr(Q || M) = 0.21og, (0 35> + 0.41log, (0 35> + 0.41log, (0 3)
= 0.210g,(0.571) + 0.410g,(1.143) + 0.4log,(1.333)

= 0.2(—0.808) + 0.4(0.193) + 0.4(0.415)
= —0.1616 4 0.0772 + 0.166 = 0.0816

Advanced GANs and Training Hacks

Z/ij = PT(Z) Vi
J

Z’Yz‘,j - Pg(j) N4

71,j Z 0 VZ,.]

Wty

— vissize M x 1
Wl ¢ )

v
— (u is size N x 1)
Wollz

Diffusion Models: Forward Process

Mean scalar = v1 — 0.1 = v0.9 =~ 0.9487
Noise scalar = v/0.1 ~ 0.3162

xt =1 — Bixi—1 + V/ Pre

= (0.9487)(2.0) + (0.3162)(—0.5)
x; = 1.8974 — 0.1581
x¢ = 1.7393

a1=1-/=1-0.1=0.9
as=1-fr=1-02=0.8

Mean scalar = v/as = v0.72 =~ 0.8485
Noise scalar = /1 — ag = V1 — 0.72 = v/0.28 ~ 0.5292
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X9 = v aoXg + V1 — ane

4.0 1.0
X2 = 0.8485 | | +0.5292 L15]
o _ | 3394 ] [05292
27 1 -1.697 0.2646
[ 3.9232
X271 4324

Classifier and Classifier-Free Diffusion Guidance

;8%00—2)+v61m5)
= 0.0+ 0.05(2) + (= 0.316)(0.5)
=0.140.158

= 0.258

T =0.0-—

d .
Vo, logp(yla:) = dz, [—log(1+e™")]

e Tt

1 + e~ %t
=1—-o0(x)

eg(iﬁt, @) = [9012]

ol y) = [8;2]

co(ai,y) — co(ar, 0) = [8;2 - [_052]

0.4]
0.5

w(eg(we,y) — eg(we,0)) = 3.0 gﬂ - EE]
. [o1 1.2
“=1_02| T |15

1.3

1.3

Text-Conditioned and Latent Diffusion Models

512
h=—=064
8
512
w=—==64
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Q= XWg where Wg € Ré»*4
K =CWy where Wy € R%xd

V =CWy where Wy € R%x4

. QKT
Attention(Q, K, V') = softmax 174
Vd
€= €uncond + S (Econd - 6uncond)
€=02+s5-(05-02)=02+s-0.3
=0241.0-0.3=0.5
€=02475-03=0.242.25=245
= V2o + 1 —ae where e~ N(0,1)

1—0[15 N

i—a
2= Vi

1
21 = \/7&7 (zt ) + 0tz where 2z~ N(0,1)

+ Vv 1-— Oét6
0.1
] o6 [_0'8]
0.96 0.06
= l—o.4o + [—0.48]
(102
712088

Vision Language Models and CLIP

Vil =V +2=5 = ¥ = [821
1
_ 12 e oo | V2 | & 0.707
vall = P+ (12 = V3 — %y = [_&J [_0'707

[wil| = V62 +82 =10 = Wy = [821
1
Y 9 . _ |72l - |—0.707
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5171 =V W1 = 0.6)(0.6) + (0.8)(0.8) =1.0
0.6)(—0.707) + (0.8)(0.707) ~ —0.424 + 0.566 = 0.142
0.707)(0.6) + (—0.707)(0.8) ~ 0.424 — 0.566 = —0.142

0.707)(—0.707) + (—0.707)(0.707) ~ —0.5 — 0.5 = —1.0

S1p=V1 Wy =

So1 = V2 Wi =

o~~~ o~

Sap = Vo - Wy =

Scat = ¥+ Weat = (0.5)(0.8) + (0.866)(0.6) = 0.4 + 0.5196 = 0.9196
Sdog = V - Waog = (0.5)(—0.6) + (0.866)(0.8) = —0.3 + 0.6928 = 0.3928

exp(0.9196) 2.508 2.508
Pcat = = = ~ 0.629
exp(0.9196) + exp(0.3928) 2.508 + 1.481 3.989
0.3928 1.481
Pdog = eXp( ) = ~ 0.371
exp(0.9196) + exp(0.3928) 3.989
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CHAPTER 23

Deep Learning Practice Prof Mitesh Umesh
Kaushik 2024 Sept

Text-To-Speech (TTS) Synthesis

e;1 = tanh(0.54 0.1 4+ 0.4) = tanh(1.0) ~ 0.76
er2 = tanh(0.54 0.4 4+ 0.5) = tanh(1.4) ~ 0.88
€13 = tanh(0.5 + 0.9 + 0.1) = tanh(1.5) ~ 0.91

In(1+2)=In(3)~1.10
In(1 4 0) =In(1) = 0.00
In(1+5) = In(6) ~ 1.79

er = (1.10 — 1.0)* = (0.10)? = 0.01
ez = (0.00 — 0.2)> = (—0.20)* = 0.04
ez = (1.79 — 1.9)% = (—0.11)* = 0.0121

Object Detection Algorithms

_ Tmin + Tmax
Te = 72

Yo = Ymin + Ymazx

= ————
2

W = Tmax — Tmin

h = Ymaz — Ymin

w
Tmin = Tc — 5
h
Ymin = Ye — 5
w
Tmax T + 5
h
Ymazx Ye + 5
10+50 60
= = =30
e 2 2
204+ 80 100
Ye = i =— =250




w=50—10=40
h =80 — 20 = 60

by = 0.5+2=2.5
b, =0.5+3 =35

by = 40 x €%° ~ 40 x 1.6487 = 65.95
by, = 50 x e %2 &~ 50 x 0.8187 = 40.94

I, .. =max(Ag, . Bz ..)
Lypin = maX(Aymim Bymm)
Ly = min(Az,,.0 s Brpas)
Lypae = min(Ay, .., By,a.)

Area(A) = (Azpue = Apin) X (Aymaz = Aypin)
Area(B) = (Bz,ae — Brpin) X (Bymae = Bypin)
I,,... =max(10,20) = 20
Iy, = max(10,20) = 20
I;,... = min(40,50) = 40
Iy,... = min(40,60) = 40

Area(A) = (40 — 10) x (40 — 10) = 30 x 30 = 900
Arca(B) = (50 — 20) x (60 — 20) = 30 x 40 = 1200
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CHAPTER 24

Deep Learning Workshop

Linear Algebra in PyTorch

Loss Functions and Optimizers

Convolutional Neural Networks

23';;31_'22 28
5 6] 5 o 49 64
89_3(1)__16 17
23-_1 | 45

2.5—3.0=—0.5
0.0 — (—0.5) =05

2.1-2.0=0.1

7.8 -7.5=0.3

(—0.5)2 = 0.25
(0.5)> =0.25
(0.1)> = 0.01
(0.3)% = 0.09

9224 + 2(3) —
Hout: —’_2(3)7J+1
1294 + 6 —

_ |24+ 6-7 7J+1
B
9223
e
_2J+

=111+1=112



H, = H;, +2P - K+1
0=2P—-K+1

2P =K -1
p:E
2
121
S B
2 10

-t ]

(2)(1) + (1)(0) + (1)(0) + (2)(=1) =2+0+0—-2=0
el

(0)(1) + (1)(0) + (2)(0) + (1)(=1) =0+ 0+0— 1 = —1
wel g

(1) +(2)(0)+ (H(0)+ (0)(-1)=14+04+0+0=1

H;, +2P — K
Hout:{ + J—f—l
S
Wi, + 2P — K
Wout:\\ g J 1
H;, +2P — K
H:{ + J 1
1
1 3 2 4
5 6 1 2
X=10 2 8 3
1145
g
Wi=1g g
2 4]
Wa=11 o
-
Ws=11 4
8 3
Wa=14 5
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Sequential Modeling with RNNs

h; = tanh(Wx; + by, + Wpphe_1 + bpp)

e [08] o [05] [ o4
LS =101 —0.2| ~ [-0.02
i oe - [05]  Jo4] _ fo20
LYBL= 199 “ 0.6 = |0.54

e | 04 ] [020) _ 060
= 120.02 0.54| — [0.52

0.537
tanh(cy) = [0.477]
0.7 0.537 0.3759
h; = 0; ® tanh(cy) = [0'3] O] l0'4771 = [0.14311
0.1 0.2 0.3

Xpadded = |04 0.5 0.0| Shape: (3,3,1)
0.6 0.0 0.0
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CHAPTER 25

Design Thinking For Data Driven App Devel-
opment

No prominent formulae extracted for this course.



CHAPTER 26

English 1 Basic English

No prominent formulae extracted for this course.



CHAPTER 27

English Ii

Quantifiers, Contrast Words & Vocabulary Building

Word = [Prefix] + Base Root + [Suffix]
structure + -ed — structured (Adjective: having organization)

un- + structured — unstructured



CHAPTER 28

Financial Forensics

The Balance Sheet

Accumulated Depreciation (Year 2) = 9,000 x 2 = $18, 000
Book Value = Cost — Accumulated Depreciation
Book Value = 50,000 — 18,000 = $32, 000

Beginning Book Value = $50, 000
Depreciation Expense = 50,000 x 0.40 = $20, 000
Ending Book Value = 50,000 — 20,000 = $30, 000

Beginning Book Value = $30, 000
Depreciation Expense = 30,000 x 0.40 = $12, 000
Ending Book Value = 30,000 — 12,000 = $18, 000

The Cash Flow Statement

FCFF = CFO + Interest x (1 — Tax Rate) — CapEx
= 250000 + 40000 x (1 — 0.25) — 60000
= 250000 + 40000 x 0.75 — 60000
= 250000 + 30000 — 60000 = 220000

FCFE = CFO — CapEx + Net Borrowing
= 250000 — 60000 + 15000
= 190000 + 15000 = 205000

Corporate Finance Fundamentals

[1—(140.06)75
PV = 1000 x | ( JOG ) ]

[1—(1.06)7°

— 1000 x _806 ) ]
1 — 0.747258

= 1000 _o.oa}
10.252742

= 1000 % | =0 ]

= 1000 x 4.21236
= $4212.36



FV = 1000
X 0.06

11.338225 — 1]

0.06

10.338225
— 1000 x | 220422
“ 1" 0.06 ]

= 1000 x 5.63709
= $5637.09

(14 0.06)° — 1]

= 1000 x

1—(1+40.01)"12
PViue = 500 x l ( 301 ) ] % (1+0.01)
1 — 0.887449
— - TP k101
500 x [ 0.01 } x 1.0

=500 x 11.2551 x 1.01
= 5627.55 x 1.01

= $5683.83
py = G
r—g

250
~0.08—10.03
250
~0.05
= $50.00

Advanced Credit Risk Modeling

BR; = Number of Bad Accepts in Parcel ¢

Total Accepts in Parcel 4

Assigned Bad Rate for Rejects in Parcel ¢ = min(k x BR;, 1)

_ 1
14 e L

. cT EDR

Lcalibrated(s) = L(S) + Shift

PD;gw(S)

1
- 1 —+ eiLcalibrated(S)

0.05 0.05

PDcalibrated (S)

0.04
Log- f EDR =1
og-odds o R=1In <0.96

) = In(0.0417) ~ —3.178

0.06
Log-odds of CT =1
og-odds o n (0'94

) — 1n(0.0638) ~ —2.752
Shift = Log-odds(CT') — Log-odds(EDR)

Shift = —2.752 — (—3.178) = 0.426
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Leativratea(S) = —2.944 + 0.426 = —2.518

1 1 1
T 14 e (-2518) T 1412404 13.404

PDcalibrated(S) ~ 0.0746

Unsupervised Learning and Anomaly Detection
s L([9 6 46 (42 (12 (64 64
“a\06 4| Tle ol Tl2 1] T |2 4| |6 64
1082 s0] [205 20
480 82| |20 205

1 [82 -—80|[-3
D(x1) = [_3 _2} 81 |80 821 [-2}

1 [_3 _2} [—246 + 160

_l’_

~ 81 240 — 164
1 [—s6
81 [_3 _2} 76 ]
_ 238152 106
81 81
1 [82 —sols
2 f J—
D*(ws) = [8 8] 81 |—80 82] M
1 [ 656 — 640
81 8 8| Jon 4656
1 16
81 [8 8] 16]
1298 +128 256
e B S Y |
81 5 310
23
c(4) = 2H(3) — (4)
=2(1.833) — 1.5

= 3.666 — 1.5 = 2.166
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CHAPTER 29

Game Theory And Strategy

Bayesian Games (Incomplete Information)

EU(L)

0.4(p) + 1.0(1 — p) = 1 — 0.6p
EUy(R) =1

2(p)+0(1—p)=12p

EUS(L) = 1.0(r) + 0.6(1 — r) = 0.6+ 0.4r
EU3(R) =0(r) +0.8(1 —r) = 0.8 —0.8r

Herding and Information Cascades

- P(R|Ry)P(Ry)
P(Ry|R) = P(R|Ry)P(Ry) + P(R|By)P(By)
_ ($)(0.5)
($)(0.5) + (§)(0.5)
3 3
:gi§:Z:Q%
P(H|G)P(G)
(0.8)(0.5) _ 04
(0.8)(0.5) +(0.2)(0.5) ~ 0.4+0.1
P(H|G)*P(G)
P(G|H,H) = P(H|G)2P(G) + P(H|B)2P(B)
(0.8)2(0.5) 0.64

~ 0.941

(0.8)2(0.5) + (0.2)2(0.5)  0.64 + 0.04

P(H|G)’P(W|G)P(G)

PG, B W) = 516 |G P(G) + P(H|B)? P(W|B) P(B)

(0.8)2(0.2)(0.5)
(0.8)2(0.2)(0.5) + (0.2)2(0.8)(0.5)
B (0.64)(0.1) 0064
~ (0.64)(0.1) + (0.04)(0.4) ~ 0.064 + 0.016

0.8

pd

p?+ (1 —p)
0.753

= 0.75° + 0.253
27
64

27 1

611 61
27

= — =~ 0.964
28

P(Gld =3) =




CHAPTER 30

Industry 40

Sourcing Decisions and Supplier Evaluation

iy
Tij = pmnax
J
min
ol
T’Z] =
Lij

n
Si = Z ’LUjT‘Z'j
j=1

0.900 0.944 0.700
R = |0.720 1.000 1.000
1.000 0.833 0.500
X — xhin
Tij = mix ]min
TP — 2]
x}nax_xij
;‘nax_z.gnin

Ti5
J T

1/1.533 3/4.500  5/8.000 0.652 0.667 0.625

A= 10333/1.533  1/4.500 2/8.000| ~ |0.217 0.222 0.250
0.200/1.533 0.500/4.500 1/8.000 0.130 0.111 0.125

Deterministic Inventory Models

10000 707.11
TC = (50 X 707‘11) + (2 x = > + (10000 x 10)

= 707.11 4 707.11 4 100000
= $101414.22

1000 1000
TC(1000) = (1000 x 20) + < 5 * 020 3.90) + (1000 x 3.90)

= 20 + 390 + 3900 = $4310



TC(500) = (1000 20) (500 % 0.20 x 4.50) + (1000 x 4.50)

500 2
=40 + 225 4 4500 = $4765

TC(200) = <1000 20) + (20 x 0.20 x 5. oo) (1000 x 5.00)

200
=100 + 100 + 5000 = $5200

Stochastic Inventory Models

Pj=P(S = Dypy1=j) = P(Dpt1 =5 —j) = ps—j for 0 <j<S

Pio=P(S —Dpy1 <0) = P(Dpy1 > 8) = Zpd for j =0

Pij=P(i—Dpy1=3) = P(Dpy1 =1—J) = Dij for0<j <1

Pio = P(i = Dy1 <0) = P(Dyi1 > i) =Y pa for j =0

d=i

PZ-]-:O for j > 1
Ps=P(D=3-3)=P(D=0)=02
Po=P(D=3-2)=P(D=1)=05
Pi=P(D=3-1)=P(D=2) =03
Po=P(D>3-0)=P(D>3)=0

Py3 =P(D=—-1)=0 (cannot end higher than start)
Py =P(D=2-2)=P(D=0)=02
Py=PD=2-1)=P(D=1)=05
Po=P(D>2-0)=P(D>2)=PD=2) =03

Py3=P(D=3-3)=P(D=0)=0.2
Py =P(D=3-2)=PD=1)=05
Py =P(D=3-1)=P[D=2)=0.3
Py =P(D>3)=0

mo = Omg + Oy 4+ 0.37m2 + Oy = 0.37m9
m = 0.3m9 + 0.3m1 + 0.5m0 + 0.373
mo = 0.5mg + 0.57m1 + 0.2m9 + 0.573

w3 = 0.2m9 4+ 0.2m + O + 0.273

MDP Algorithms: Value and Policy Iteration

Q1(s1,a1) = R(s1,a1) +v[P(s1 ] s1,a1)Vo(s1) + P(s2 | s1,a1)Vo(s2)]
=5+ 0.5[0.8(0) + 0.2(0)] = 5
Q1(s1,a2) = R(s1,a2) +v[P(s1 | s1,a2)Vo(s1) + P(s2 | s1,a2)Vo(s2)]

=10+ 0.5[0.4(0) 4 0.6(0)] = 10
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Ql(SQ, CL1) = R(SQ, al) + v [0.1‘/(](81) + 0.9%(82)] =-240=-2
Q1(s2,a2) = R(s2,a2) +7([0.7Vp(s1) + 0.3Vp(s2)] =4+ 0 =4

Qa(s1,a1) =5+ 0.5[0.8(10) + 0.2(4)] =5+ 0.5(8+0.8) =5+ 4.4 = 9.4
Q2(s1,a2) = 10+ 0.5[0.4(10) + 0.6(4)] = 10+ 0.5(4 + 2.4) = 10 + 3.2 = 13.2

Qa(s2,a1) = —2+0.5[0.1(10) +0.9(4)] = =2+ 0.5(1 +3.6) = —2+ 2.3 = 0.3
Qa(s2,a2) =4+ 0.5[0.7(10) + 0.3(4)] =4+ 0.5(7+1.2) =4+ 4.1 =8.1

—0.05V™(s1) + 0.55(6V™(s1) — 50) = —2
—0.05V™(s1) + 3.3V (s1) — 27.5 = —2

25.5 102
25770 (s1) = 25. ™(51) = oo =
3.25V (81) 55 —= V (81) 395 13
102
Qsr,ar) = V(1) = 2
_ _ 102 38
Q(s1,a2) =10+ 0.5[0.4V™(s1) + 0.6V™(s9)] = 10 + 0.2 (13> +0.3 (—13>
204 114 9 139
o4+ 22t g L =2
0+ 13 13 0+ 13 13
38
Q(s2,a1) = V™ (s2) = 13

Qls2,a5) = 4+ 0.5 [0.7V™ (1) + 0.3V (55)] = 4 + 0.35 (102) +0.15 (-38)

13 13
35.7 5.7 30 82
—g 220y
L T TR TR T

Time Series Forecasting

Lo =aAs+ (1 — Oz)(Ll + Tl)

= 0.3(110) + 0.7(100 + 10) = 33 + 77 = 110
Tp=p(Ly — L1) + (1 = B)Th

= 0.2(110 — 100) + 0.8(10) = 0.2(10) + 8 =2+8 =10

Lz =aAs+ (1 —a)(Le + T»)
= 0.3(115) + 0.7(110 + 10) = 34.5 + 84 = 118.5
T5 = B(Ls — L2) + (1 = B)T>
— 0.2(118.5 — 110) + 0.8(10) = 0.2(8.5) + 8 = 1.7 + 8 = 9.7
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CHAPTER 31

Introduction To Big Data

Cloud Native Architectures and Resource Provisioning

Costop(t) = Cop X t
Costrr(t) = Ugr + (Crr x t)

0.80t — 0.30¢ = 1200

0.50¢ = 1200
1200

t=_""
0.50

= 2400 hours

Storage Cost = 50,000 x 0.01 = $500
Retrieval Cost = 5,000 x 0.05 = $250
Costeorg = 500 + 250 = $750 per month

Data Formats and Schema Design

y1 = 1000

y2 = 1000 — 1000 =0
y3 = 1005 — 1000 =5
yq = 1005 — 1005 =0
ys = 1005 — 1005 = 0
ys = 1010 — 1005 =5

Hadoop and HDFS Operations

Cost = 1000 x (0.70 x 0+ 0.20 x 24 0.10 x 5)
= 1000 x (0 + 0.40 4 0.50)
=1000 x 0.90 = 900 units



CHAPTER 32

Introduction To Computer System Design

Standard and Canonical Forms

A=A(B+ B)(C+C)
= (AB+ AB')(C + C")
= ABC + ABC' + AB'C + AB'C’

B'C =BC(A+ A
= AB'C + A'B'C

F(ABC) = (ABC + ABC' + AB'C + AB'C’) + (AB'C + A'B'C)

F(ABC) = ABC + ABC'+ AB'C + AB'C' + A'B'C

r+y=x+y+ =22
=@+y+2)(z+y+2)

$/+z:x/—|—z+yyl
=@ +y+2)(@ +y +2)

Flayz) = (z+y+2)z+y+2) " +y+2)@" +y +2)

F(AB) = A'B' + AB'

F(AB) = (A+ B')(A' + B)

Flip-Flops and Excitation Tables

Qn—f—l = J@ + FQn



ALU and Computer Arithmetic Design

Biny = Op1 - Opo
Besr = B ® Biny
Yapp = A® Begy @ Cip,
Cout = (A Beyg) + (Cin - (A® Begy))
R = Op10poYanp + Op1OpoYor + Op1OpoYapp + Op1OpoYapp

R = Op10po(A - B) + Op10po(A + B) + Op1(A @ (B @ (Op1 - Opo)) @ Cin)

Z=Rn_1+Rn_—o+---+R1+ Ry

N =Rn_1

C= Cout,N—l

V = Cinn-1® Cout,N—1

V =(An-1-Bn-1-Rn-1)+ (AN-1-Bn-1-Rn-1)

Z =0
N=1
C=0

R=A+B+1
N=0
Cc=1

V:Cin,'?@coutjz()@l:l
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CHAPTER 33

Introduction To Large Language Models

Normalization and Residual Connections

5 (2-5)2+(4-52+(6-5)2+(8-5)2

o =

(=324 (1) + (1) + (3)?
a 4
_9+1+1+9_@_5

— ; ==

2 _42 122 2
RMS(X):\/:& +( )4+ +0

\/9+16+144+0 /169 13

— =6.5
4 4 2

Masked Language Modeling (BERT)

4

Z exp(z1,7) = exp(1.0) + exp(2.5) + exp(0.5) + exp(—1.0)
j=1

A2 2.7183 4+ 12.1825 + 1.6487 4 0.3679
=16.9174

4
Li=—zp+log (Z exp(z17j))
j=1

= —2.5 + log(16.9174)
~ —2.5 + 2.8283 = 0.3283

4

Z exp(z2,;) = exp(0.0) + exp(—0.5) + exp(1.0) + exp(2.0)
j=1

~ 1.0000 + 0.6065 + 2.7183 + 7.3891
=11.7139

4
Ly = —234 + log (Z exp(zzj))

j=1
= —2.0 + log(11.7139)
~ —2.0 + 2.4608 = 0.4608



Causal Language Modeling (GPT)

P(“The cat sat”) = P(The) x P(cat | The) x P(sat | The cat)
=02x04x%x0.5

P(“The cat sat”) = 0.08 x 0.5 = 0.04

P(“I love AI”) = P(I) x P(love | ) x P(AI |1 love)
= 0.5x 0.8 x 0.25
= 0.4 x 0.25
=0.1

Perplexity = P(W)fi
=0.173

(1)

= /10 ~ 2.154

4
> InP(w; | wey) = =124 (=0.5) + (=2.1) + (—0.2)
=1

= —4.0

1 & —4.0
fZlnP(wi | wej) = —— = —1.0
n = 4

Perplexity = exp (—(—1.0))
= exp(1.0)

R 2.718

Efficient Attention Mechanisms

M;j=1fori<Gorj<C

M;; =1if |i —j| < |[W/2]

OO OO ==
OO O = ==
OO = = = O
O R~ PR, OO
— = =0 O O
HHOOOCJI

e T e R e e
SO OO O oo
SO OO O oo
OO OO OO o
OO OO OO o
SO OO O oo
SO OO O oo
SO OO OO O =
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11111111

11100000
11110000
10111000
10011100

10001110

10000111

10000011

M

100 00O0O0O
1100 0000
11100 000
10110000
10011000

10001100

10000110

10000011

Mcausal

Total Computations =7 x 16 = 112
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CHAPTER 34
Introduction To Natural Language Processing
I Nlp

Basic Text Processing and Normalization

D[i — 1, j] + cost(delete)
Dli,j — 1] + cost(insert)
D[i — 1,7 — 1] + cost(substitute) if X[i] # Y[j]
Dli—1,5—1] if X[i] =Y/[j]

DJi, j] = min

ta = fia

. N
ldft = logw (dft>

tf—idfnd = tfud X ldft
Syntax and Context-Free Grammars

S — ASA | aB
A—B|S
B—ble

So— S

S — ASA | aB
A—B|S
B—ble

So— S

S— ASA|aB|a
A—B|S]|e
B—b

So — S

S— ASA|SA|AS|S|aB|a
A—B|S

B—b



A—=b|S

A—b|ASA|SA| AS|aB | a

Sy — ASA| SA| AS | aB |a

So— ASA|SA|AS |aB |a
S — ASA|SA|AS|aB|a
A—b|ASA|SA|AS |aB |a
B—b

So— ASA| SA| AS | X,B | a
S — ASA|SA|AS | X,B |a
A—b|ASA|SA|AS | X,B|a
B—b

Xo—a

So — AY1 | SA| AS | X,B | a
S — AY1 | SA| AS | XyB |a
A—=b|AY1 | SA| AS | X,B | a
B—b

Xe—a

Y1 —» SA

S—NPVP
VP —-V NP
NP — Det N | cats | fish
V — ate
N — cats | fish
Det — the

S— NPVP
VP —-V NP
VP —VPPP
NP — NP PP
NP — John
NP — Mary

V — saw

P — with
PP—-PNP

AN N N N N N N N N
S i e e
SR=IR=R R IR R S =
NEARCARC AN A AN AN NS
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Distributional Semantics and Word Embeddings
N = ZZcount(w,c)

count E count w c

count g count w c

-N
PMI(w, ¢) = log, < count(w, ¢) )

count(w) - count(c)

PPMI(w, ¢) = max(0, PMI(w, c))
N=104+24+8+5+154+0+0+1+4=145
count(model) =10+ 2 + 8 = 20
count(data) =10+5+0 =15
count(apple) =0+1+4=5

count(data) = 15

10 - 45
PMI(model, data) = log, < ) =

450
290 = log,(1.5) ~ 0.585
20- 15 62 (300) 0g2(1.5)

PMI(apple, data) = —oc0
PPMI(model, data) = max(0,0.585) = 0.585

PPMI(apple, data) = max(0, —oc0) =0

2=V U
N exp(z;)
Ji = P(wi|lw) = =—
! ’ > exp(z))
€ =i — Yi
ugnew) _ ul('old) — e

vgnew) old) —a Z e; - Eold
0.5
eat = 10,2

0.1 0.4 —0.2
Yoat =1 1| ™at = |o5|0 "matT | g3

Zeat = (0.5)(0.1) + (0.2)(—0.1) = 0.05 — 0.02 = 0.03

Zeat = (0.5)(0.4) + (0.2)(0.5) = 0.20 + 0.10 = 0.30
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Zmat = (0.5)(=0.2) + (0.2)(0.3) = —0.10 + 0.06 = —0.04

3" exp(z;) = exp(0.03) + exp(0.30) + exp(—0.04) ~ 1.0305 + 1.3499 + 0.9608 = 3.3412
J
1.0305

Jeat = 53479 ~ 0308
1.3499
Joot = ———— = 0.404
Jsar = 373775 ~ 040
0.9608
— 200 0.2
Jmat = 32779 ~ 0.288

ecat = 0.308 — 0 = 0.308

esat = 0.404 — 1 = —0.596

emat = 0.288 — 0 = 0.288

(ewy _ | 0.1] 05] [o01] J[o.0154] [ 0.0846
Yeat — = l—0.1 (0.1)(0-308) l0.2 ~|—0.1] " {0.0062| ~ |-0.1062
(new) _ [0.4] B 0.5]  [o.4] | [0.0208]  [0.4298
Ysat = [0.5 (0-1)(=0.596) [0.2 ~ lo.5| T |0.0119| T |0.5119
(newy _ [—02] 0.5] _ [-0.2] [0.0144] [-0.2144
Ymat ~ = [0.3 (0-1)(0.288) [0.2 o3 0.0058| — | 0.2942

 (old) _ 0.1 B [0.4] —0.2
zi:el u;”" = (0.308) [_0'1 +(=0.596) | '] +(0.288) | o
[ 0.0308 —0.2384]  [-0.0576]  [—0.2652
~ |-0.0308| " |—0.2980 0.0864 | — |—0.2424
(new) _ [0.5] —0.2652| _ [0.5] . [0.0265]  [0.5265
Veat = [0.2] (0-1) [—0.2424 = lo.2| T {0.0242] = [0.2242

Utarget = VB — VA + UC

€08 (Vyy, U ) = o
wy Utarget ||vw||”’l}target”

2 3 5
VParis = 9| UFrance = 1] VUTokyo = 3

6 7
VUJapan = 9| UChina = 5

Utarget = UFrance — UParis T UTokyo

= [ =[] <[ - [4]+[]- [

||Utarget|| = \/624‘—22 = 36 +4 = \/4>0 ~ 6.32

2
2

||UJapanH - \/62‘{'722 == \/E ~ 6.32

VJapan * Utarget — (6)(6) + (2)(2) =36+4 =140
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40 40
COS(UJapana vtarget) = m = 470

|vchinall = V72 + 52 = V49 + 25 = /74 ~ 8.60

=1.0

UChina * Vtarget = (7) (6) + (5)(2) =42+ 10 =52

B 52 52
T 860 x 6.32  54.35

COS(UChinaa vtarget) ~ 0.957

Recurrent Neural Networks (RNN) and LSTMs

29 = Whazo + Whnha + by,
~ [o.5] )4 [01 —0-1] Jo21] o
~ o2 00 0.2 |]0.1974| " |0

1.0] L [01(0.4621) —0.1(0.1974)
= 10.4] T ]0.0(0.4621) + 0.2(0.1974)

[1.0]  [0.02647 1.02647
0.4 0.03948 0.43948

oL (8L> -
=\ ]|
8W}w; 82’75 ¢
(%)
8Whh 3215 =1
oL _ oL
abh a azt

a=fi0co+1i1 0
— (0.5987)(0.5) + (0.7311)(—0.2913)
=0.29935 — 0.21297 = 0.08638

Large Language Models (LLMs) and Fine-Tuning

P x bytes/parameter
109

Memory in GB =

Porig = d x k = 1024 x 512 = 524288

Prora = r(d+ k) = 8(1024 + 512) = 8 x 1536 = 12288

12288

F91288 x 100% =~ 2.34%

0 1 —2
1 2 9 1(2) +2(1) 4
horig =Wz = |1 0 [1‘| =|-1(2)+0(1)| = |-2
0 1 0(2) + 1(1) 1
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CHAPTER 35

Linear Statistical Models

Formulating Simple Linear Models

3x1 4+ 2x9 = 12
5x1 + 4xo = 22

dx g+ 3xp =120
2x4 + bxp = 150

$1*$2+$3:50
2x1 + 20 — xq = 100
To — 3x3 + x4 = —20

lxy — 1xg + 1z + 0x4 = 50
2x1 4+ 1lxo + 03 — 124 = 100
Ox1 4+ 1z — 323 + 124 = —20

Calculating and Interpreting Residuals

0.5
RSS = ele = [—0.5 1.0 —0.5] { 1.0]
0.5

= (—=0.5)2 4 (1.0)% + (—0.5)?
=025+1.04+025=15

The Method of Least Squares

452:4 — 52:1
~108; —10(1) = —10 => B; =0
260 +6(0) +8(1) =8 => By =0

Testing General Linear Hypotheses

B1—P2=0
B3 =0
Br+ B2+ B3=1



Equation 1: 0-Bg+1-p81—1-P2+0-53=0

0-Bo+0-1+0-B2+1-53=0
0-Bo+1-B1+1-Pa+1-P3=1

Equation 2:
Equation 3:

Construction and Analysis of ANOVA Tables

19=3+DFgyy = DFg,r =16

SSt,
40 = 221 66 = 120

5= 2 512 — S8, = 80

SS7ot = 120 + 80 = 200

F=—=38
)

150 = 50 4+ 60 + SSgyy = SSE =40

MSpg 20
F = = — MS rr — 5
B MSETT MSETT P
M
Fup— Sap

_ MSap

MSErr AB

MSap = gijﬁ — 5=

30

DFap

= DF p=6

SSB:MSBXDFB:20X2:4O
DFro=DFs+ DFp+ DFyp+ DFgrp — 31=3+2+6+ DFg,, — DFg., =20

SSETT = MSET’T’ X DFEW =5 x20=100

SS4 45
MS, =224 22 _ 15
AT DF, 3
MS, 15
F = = — = 3
A= MSg. 5

SSTot = 9S4+ SSp + SSap + SSErr = 45+ 40 + 30 + 100 = 215
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CHAPTER 36

Machine Learning Foundations

Multivariate Calculus

L(3.1,3.9) = £(3,4) + Vf(3,4) - (x — a)
0.6 0.1
0.8| |-0.1
=54 (0.6 x0.1) + (0.8 x —0.1)

=5+

=54 0.06 —0.08
=498
Four Fundamental Subspaces
1 2 1
0 -2
3 6 1
12 1
0 -2
00 -2
1 2 1
0 0 1
0 0 -2
1 21
0 01
0 00
120
RREF(4)= [0 0 1
0 00

o
)
o
S

—— 1 1
S =
=N
S N
N

1020
R_[0102]

1+ 2x3=0 = x1 = —2x3

To+2x4=0 = 29 = —214



S O

o - O

— O O

M O AN

AN <H

— AN -

T — 1 T — 1
S O oS O

(o] — (o]
— A
™M - O — - O
N —H O S - O
_100_ _100_

Basis for C'(A) = { {

———
_O — 1_ —
-~ _1 A '
— T
— O — | O
| I ———
Il
__ —~
~—~
< N
N =
Q =
- S
S 2
n
2 )
2 an)
M

Basis for N(AT) = {

Q_uo_l_
g
Y
l_l
T
L 1
o O ~
>
a O :
1
— O %
Il «
o | o o
>3 ~ DD
>
< S
_
|
Il
1
— N oM
>SS D
Il
>

Complex and Hermitian Matrices

[1_i 2} ll—z
=1 —=4)@)+2)1L —1)

= (i — %) + (2 - 20)

U'V:uHV

(i—(=1))+2—2i
—(14i)+2-2i=3—i
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1+
2

= 1= +4)+(2)(2)
=(124+1*)4+4=2+4=6

Juf? = uffu = |1-i 2]

g

T
g
Il

DI — R~ N R
r

da@4—AIy:da[2_A 1‘”]

14+ 1-—\
=(2-N1=X)—(1-49)(1+19)
=(2-32+ ) — (12 —4%)

=\ —3)\4+2-2

=A2-3)=0

Singular Value Decomposition (SVD)

1,1 “_ 7
CD=+r %8~ 90 ~ 00~ 5
1 1 _9-5 4 2
1,2)=———=2_2=_ 2
10 18 90 90 45
410
1 = — ==
(13) =0+ 5= 5
11 2
2,1)=———=—
10 18 45
11 7
2,2) = — 4 — = —
2)=%+5"5
4 10
2,3)=0— — =——
23 =0-75="5

Convex Sets and Convex Functions

alz=al(9x+ (1 -0)y)
=0a’x + (1 -0)a’y

alz=0b+(1—0)b
=b0+1-0)
=b
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CHAPTER 37

Machine Learning Operations Mlops Rangara-
jan Vasudevan

Model Deployment and Continuous Deployment (CD)
PB —PA

¢p<1 0 (3 + )

1 1

7 =

0.12 —-0.10
Z=——=14
0.014 3

1 (i N
Agreement = N Z I (Z/I(,?jmary = yéh)adow)

=1
1 1
. 0 . 0
Yprimary =11 ) Y;hadow =10
1 1
0 0
ML Systems Logging and Monitoring
(45 —48)* =9
(50 — 48)? = 4
(48 —48)2 =0
(52 — 48)* = 16
(45 —48)2 =9



CHAPTER 38

Machine Learning Practice Course

Feature Engineering and Dimensionality Reduction

new __ Li — Il’lln(X)
‘ max(X) — min(X)

min(X) =10, max(X) =750

10-10 0
For z; = 10: 2" — = —00
or T 50-10 40
20-10 10
For z9 = 20 : 2% — —— —025
or a2 20T 50-10 40
30-10 20
For x5 =30 : 2% = -2 _05
or s T h0-10 40
40—10 30
For zqg = 40 : 2% — — > _ 075
orzy =405 T = 790 T 10
50—10 40
For 25 = 50 : 2% — -2 _ 10
or x5 = 50 Ty 50— 10 10
Z':xz_ﬂ
¢ o2
944 10 57
L 2FAEEE6H0 5T

5

11402 —11.4)2 _11.4)2 —11.4)2 + (40 — 11.4)2
U:\/@ 11.4)2 + (4 — 11.4)2 + (5 )2+ (6 )? + (40 P 1433

5

Lower Bound = @1 — 1.5 x IQR
Upper Bound = Q3 + 1.5 x IQR
Lower Bound =3 —1.5(4) = —3
Upper Bound =7+ 1.5(4) = 13

Upper Bound, if z; > Upper Bound

z; " = ¢ Lower Bound, if z; < Lower Bound

T, otherwise

Lower Bound = —3, Upper Bound = 13



X"V = {1,3,4,5,6,7,13}

1

S = xT'x,
n—1
Z=XW
2 3
3 4
X=14 5
5 6
2-35 3—45 ~15 —-15
¥ _ [3-35 4-45| 1-05 05
€~ |4—-35 5—45 0.5 0.5
5—-35 6—45 1.5 1.5
-15 —-15
1 o 1|-15 —05 05 15| |-05 —0.5
5_4—1XCXC_3l—1.5 —0.5 05 1.5/]105 05
1.5 15
5—1 5 50 |5/3 5/3
3|5 5| |5/3 5/3
C5/3-X 5/3 |
det(S—)\I)—| 5/3 5/3_A‘_0

(5/3—=XN2—=(5/3)2=0 = A\ =10/3,X2=0

o — 1/v2| _ 10.707
Y7 lyv2| T o707
0.707
W= l0.707]
~1.5 —1.5 —2.121
0.5 —0.5| [0.707 —0.707
Z=XW=105 05| |or07] = | 0707
15 1.5 2.121
By
PVE:LZfl)\Z
2im1 Ai

Viotal =4.2+1.1+0.54+0.2=6.0

Regularization and Hyperparameter Tuning

n d

wj = wj — (711 Z(hw(x(i)) - y(i))xgi) + )\wj> for j > 1

w = (XTX + ) 1XTy
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1
2
3
1
XX =[1 2 3] 2| =[12+22+3%) = [14]
3
XTX + AT =[14] 4+ 1-[1] = [15]

(XTX 4+ A1)~ =[15]7! = {115]

X"y =[1 2 3] [3] =[1(2) +2(3) +3(5)] = [2+ 6 + 15] = [23]

Ot W N

w— {115} 23] = [ig] ~ 1.533

n

1 7 7 d
T.5) = 2= 3 (e ) — )2 4 23
i=1 j=1

wj = w; — <1 Z(hw(x(i)) - y(’)) QS )\s1gn(wj)> for j > 1

n i=1

sign(w;) = sign(0.5) =1
sign(wq) = sign(—0.2) = —1
VuJ =V, MSE + Asign(w;) = 1.2+ 0.5(1) = 1.7
Vs, = Vi, MSE + Asign(ws) = —0.8 + 0.5(—1) = —1.3
wy = w1 — aVy,J = 0.5 —0.1(1.7) = 0.5 — 0.17 = 0.33

wy = wy — aVy,J = —0.2 -0.1(-1.3) = —0.2 + 0.13 = —0.07

n d

T0D) = o S () = 2+ 01 S ] + gz
> 2

1 n () (1)\2 d )‘(1_7') d 2
J(W,b):%Z(hw(X )_y )+)‘Tz‘w]|+ 2 ij

i=1 j=1 j=1

wj = wj — o (Vw].MSE + Arsign(w;) + A(1 — r)wj)

4. 2+ 4. 14.
Avg MSE(A =0.1) = 5+53 a8 35 ~ 4.83

8141439 1L
AngSE()\:l.O):38+3+39: 38z3.93
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Classification Metrics and Evaluation

TN FP
C_[FN TP]
31
TP + TN
TP + TN + FP + FN

TP
TP + FP

Accuracy =

Precision =

TP

Recall = m

2 x Precision x Recall _ 2 x TP
Precision + Recall ~ 2 x TP + FP + FN

F1-Score =

TN
TN + FP

W50 _ 90 4 g57

40+50+10+5 105

4 4
0 20 = 0.800

40+10 50

4 4
0 40 ~ 0.889

0+5 45

Specificity =

Accuracy =

Precision =

Recall =

2 % 0.800 x 0.880  1.4224
F1-Score = - ~ 0.842
€O 0800 + 0.889 1.689

o0 50 ~ (0.833

50 +10 60

Specificity =

TP, TP,

= T — -~ -r
T TP, +FP, % TP,tFN

K K
. 1 1
Macro Precision = 174 Z P, Macro Recall = e Z Ry,
k=1 k=1

> TPy > TPy

Mi Il =
S TP, + 5> Fp, ¢ Reca S TP, + > FN,

Micro Precision =

10 2 1
C=1]1 15 2
0 3 12

0.909 + 0.750 + 0.800
3

~ 0.820

Macro Precision =

0.769 + 0.833 + 0.800

Macro Recall = 3 ~ 0.801

37 37

Micro Precision = = — =~ 0.804
icro Precision 3749 16

37 37
Micro Recall = —— = — ~ 0.804
icro Reca 3719 16
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Probabilistic and Distance-Based Classifiers

Score(Yes) = P(Yes) x P(Rain | Yes) x P(Strong | Yes)
=0.625 x 0.4 x 0.2 = 0.05

Score(No) = P(No) x P(Rain | No) x P(Strong | No)
1 2 2 1

Count(Low and Yes)

P(L Yes) =
(Low | Yes) Count(Yes)
0
:7:0
5
0+1
P(L Yes) =
(Low [ Yes) = 227373
—1—0125
=5 =0

Ensemble Learning I: Bagging and Random Forests

§ = mode{hi(x), ha(x),...,hp(x)}

1 B
yzgghi(@

hi(x) =250, ho(z) =265, hs(x) =240, hy(x) =255

250 4+ 265 + 240 + 255 = 1010

1010
j = —— = 252.
19 1 52.5
Ny Ny Ny
AI() = 2 (1) — Do gy — Dtag
(1) = 5 (1) = JE1(t0) - J21w))
100 40 60
Al =— (05— —(0.2) — —(0. =05-0.08—-0.18 =0.24

100(05 5 02) 100(03)> 0.5 — 0.08 — 0.18 = 0

40

Al = ——(0.2—0—0) =0.
g (02— 0-0)=0.08

100 50 50
AT = A48 — ——(0.1) — —=(0.1) ) = 0.48 — 0.05 — 0.05 = 0.
00 (o 8~ 150 — 155 (© )) 0.48 — 0.05 — 0.05 = 0.38
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Artificial Neural Networks

2 = W0 4 p(1) — l 1 —11 H " [O _|1-2

—142

1 _ 1)y _ ‘max(0, —1) 10
a'/ =max(0,z"") = max(0,2) | = |2

0
2

2 = Wa® 4 = [ 3

a® _ . _ 5

. L e
Py =ix) = al") = ———
j=1¢"

3
> e® ~ 27184+ 1+ 0.368 = 4.086
j=1

L(y,9) = —[ylog(y) + (1 — y)log(1 — 9)]

c
L(y,§)=—>_ yilog(i)
i—1

£(1,0.8) = —[1-1og(0.8) + (1 — 1) - log(1 — 0.8)]

£(1,0.8) = —log(0.8) ~ —(—0.223) = 0.223

£(0,0.8) = —[0 - log(0.8) + (1 — 0) - log(1 — 0.8)]

£(0,0.8) = —log(0.2) ~ —(—1.609) = 1.609

“l-

1

||

+[1]=0-6)+1=-5

1

||

-1
2

|
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CHAPTER 39

Machine Learning Practice Course Week 1 Amp
2

Hyperparameter Tuning

param_ grid = {

{’kernel’ : [’linear’],’C’ : [1,10]},
{’kernel’ : [’rbf’],’C’ : [1,10], >gamma’ : [0.01,0.1]}

}

param__grid = [

{’c1f’ : [RandomForestClassifier()], >c1f __max_depth’ : [3,5]},
{?c1f’ : [LogisticRegression()], >c1f__C’ : [0.1,1.0]}

)



CHAPTER 40

Machine Learning Techniques Prof Arunkumar

K-Means Clustering

C1= {27 3}
Cy = {4, 10,11,12, 20, 25, 30}

new 2
,ug ):7—53:2.5
(mew)  A+10411+12+20425+30 112
o = =—=16
7 7
Cl_{(7 ’ 71)}
CQ—{(47 ) ) }

Cy = {1,2}
02 = {67 7}
Cs = {10, 11}
new 1 + 2
,ug ) = — = 1.5
new)  6+7
plrew) = T =65
new) 10+ 11
plre) = "; —10.5

Parameter Estimation: MLE and MAP

() =Y tos (51 - 1"")

:Z xilogp + (1 — x;) log(1 — p))

=1

<zn: xn) logp + (n - Xn: :cz> log(1 —p)

i=1 =1



E+a-1 n—k+p—-1
p 1-p
(k+a—-1)1—-p) =pn—k+p8-1)

(
(k+a—-1)—plk+a—-1)=pn—k+p5—-1)
k+a—-1l=pn—k+p—-1+k+a—-1)
k+a—-1=pn+a+p5-2)
_ kta-1
p_n+a+ﬁ—2
Mnap(p) 1 L 1t — o
_ 1 P — Ho
_02<i§:1m2 n,u) 22
npo lz”: L Ho
LR N g HO
o2 o} 021.:11 o3
n I\ nz o
M<a2+ag)_02+08

d(P,x) = /(1-22+(2-22=,/(-1)2+02 =1
d(Pyx)=/2-22+(3-22=V02 1 2=1

d(Ps,x) = /(3-22+(3-22= V12 + 12 = V2 ~ 1414
d(P1,x) = /(5 —2)2 + (4 — 2)? = v/32 1 22 = V/13 ~ 3.606
d(Ps,x) = /(1 -2)2 + (4 - 2)2 = /(-1)? + 22 = V5 ~ 2.236
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H(S) = —pyes 10g(Pyes) — Pno 1082 (Pno)

== (7)o (57) - (52) o (53)

9

—_

( 5

(11

H(S) ~ —(0.643 x —0.637) — (0.357 x —1.485)
= 0.410 + 0.530 = 0.940 bits

logs, —1.485

H (Sstrong) = — (;) log, (;) — (;) log, (;) =1.000

. Swea S ron;
H(S|Wind) = | ‘S‘k‘H(Sweak) + | TSO] g‘H(SStmng)

6 4
= 15(0-918) + 75(1.000)

= 0.551 + 0.400 = 0.951

1G(S, Wind) = H(S) — H(S|Wind)
=0.971 — 0.951 = 0.020

6 4
Dyes = E = 06, Pno = E =04

G(S)=1- (0.6 +0.4%) =1 — (0.36+ 0.16) = 1 — 0.52 = 0.480

4\?  r2)? 16 4 20 16
G(Sweak) =1— | | = =1+ )=1-=_— ~0444
(St ((6) +(6) ) (36+36> 36 36

2
Dyes = 4’ Pno = Z

G(Sstrong) =1 — ((?1)2 + (i)2> =1—(0.25+0.25) = 0.500
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G(S|Wind)

Naive Bayes Classifiers

P(‘cheap’ | Spam) =

P(‘viagra’ | Spam) =

P(‘cheap’ | Ham) =

P(‘viagra’ | Ham) =

The Perceptron Algorithm

6 4
TOG(Sweak) + TOG<Sstrong)

6 (16 4
_m(%)+mmmm
16

=% -+ 0.200 ~ 0.267 + 0.200 = 0.467

Gini Gain = G(S) — G(S|Wind)
= 0.480 — 0.467 = 0.013

P(Rainy | Yes) = = ~ 0.333

P(Hot | Yes) = - =0

Wlowl

P(Rainy | No) = - =0.5

P(Hot | No) = = = 0.5

N~ DN -

4+1 5)
— =~ 0.385
13

2+1 3
— =~ 0.231
13

T9+1x4

T9+1x4

0+1 1
= =01
6+1x4 10

0+1 1

T = =01
6+1x4 10 "

N,

From (0,0,—-1) :
0,1,-1):

1,0,—1) :

wy < 0

wo + wg <0

wo +wy; <0

wo + wy +wge > 0

From

From

o~ o~ o~ o~

From

From (0,0,—1): wp <0

From (0,1,41): wp+wy >0
From (1,0,+1): wo+wy >0
From (1,1,-1): wp+w; +w2 <0
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Ensemble Methods and Loss Functions

H(Zlf) = mOde({glv g?? ) gT})

N
e =Y W L(he(as) # i)
i=1

11 (1—@)
o = —1n
t 2 €t

wz(t"‘l) = wl@ exp(—auyihi(w;))

- (t+1)
WD — Wi
7 Zt

€1 = Z wgl) :wgl) 1
ha(zi)#y:

o = %m <1 1/13/3) = 11n(2) ~ 0.346
Luinge(y, f(2)) = max(0,1 — yf(x))
Liog(y; f(x)) = In(1 + exp(-yf(2)))
Lexp(y, f(x)) = exp(—yf(z))
Lsquarea(y; f(2)) = (y = f(2))?
Lo—1 = I(yf(z) <0) =1(0.5<0) =0
Lhinge = max(0,1 — yf(z)) = max(0,1 — 0.5) = 0.5

Liog = In(1 + exp(—yf(x))) = In(1 4+ exp(—0.5)) ~ In(1 4 0.6065) = In(1.6065) ~ 0.474

Lexp = exp(—yf(z)) = exp(—0.5) ~ 0.6065
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CHAPTER 41
Managerial Economics Jan 2024

Cost Concepts and Marginal Analysis

TR(Q) = P(Q) x @ = (100 - 2Q)Q = 100Q — 2Q*
TC(Q) = 10+ 4Q + Q?

d (100Q — 2Q?) = 100 — 4Q

MR(Q) = a0
MC(Q) = d‘ég(lo+4Q+Q2) =4+2Q

100 — 4Q = 4+ 2Q
96 = 6Q
Q* =16

P* =100 — 2(16) = 100 — 32 = 68
TR(16) = 68 x 16 = 1088
TC(16) = 10 + 4(16) + (16)? = 10 + 64 + 256 = 330
7 =TR(16) — TC(16) = 1088 — 330 = 758

Cost Minimization

oL af
L af
ok ok
oL

oL
—92_1)-9 L0.5 0.5y . . L70.5:
e (L%% 4+ K°5).0.5 0

oL 05 0.5 0.5 _
o = 8= A 2(L0 + K0%) . 05K 07 = 0
oL

= -1 o L0.5 0.5y2 _

o3 =100 (L°% + K?)? = 0



Consumer Optimization and Demand Functions

oc
0X
oL
oL

5y =1 PxX - PRY=0

=MUx —APx =0

oL
X
oL
a7 =1 A2)=0

oL

Zo10-X -2V =

5y = 10 0

=X -x1)=0

MUy = aX* 1y?
MUy = gX°yP1

Market Equilibrium

Qq = 200 — 4P
Qs = 20+ 2P

200 — 20 = 2P 4 4P
180 = 6P
P* =30

Py =100 - 0.5Q
P,=10+Q

100 — 10 = Q + 0.5Q
90 = 1.5Q

.90
Q_ _

= — =60
1.5

Qq = 500 — 10P
Qs =50 + 5P

500 — 10P = 50 + 5P
450 = 15P = P} =30
Qt =50 4 5(30) = 200

650 — 10P =50+ 5P
600 = 15P = Py =40
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AP* =40 —30=+10
AQ* = 250 — 200 = +50

Qu=120-P
Qs =20+ P
160 — 40 = 2P

120 = 2P = P} =60

AP* =60 —50 = +10
AQ* = 100 — 70 = +30

Qq = 300 — 3P?
Qs = 108 + P?

300 — 108 = P? + 3P?
192 = 4P?
P? =48

Market Interventions and Welfare Analysis

100 — 2P =3P
5P =100
P* =20

Qq = 100 — 2(15) = 100 — 30 = 70
Qs = 3(15) = 45

P, — P,=15
(120 - Q) — (2Q) = 15

120 — 30 = 15
30 = 105
Qt =35

P, =120 —35 =85
P, =2(35) = 70
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) P, — P~
Consumer Incidence =

P*— P,
t

Producer Incidence =

120 — Q = 2Q
3Q =120
Q* = 40

P* =120 —-40 =280

Consumer Burden = P, — P*=85—-80=5
Producer Burden = P* — P, =80 — 70 = 10

5
Consumer Incidence = — = = ~ 33.3%

~ 66.7%

Wl W]~

Producer Incidence = 1—2 =

Panax = 120 (from P = 120 — Q)
Ppin = 0 (from P = 2Q)

1
CSinitial = 5 X (120 — 80) x 40 = 800

1
PSinitial = 5 x (80— 0) x 40 = 1600
TWinitial = 800 + 1600 = 2400

CSpew = = X (120 — 85) x 35 = 612.5

PShew = = x (70 — 0) x 35 = 1225

N =N -

Tax Revenue = 15 x 35 = 525
TWhew = 612.5 + 1225 + 525 = 2362.5

Price Discrimination Strategies

P =100 — Q
Py = 300 — 2Q>

MRy = 100 — 20,
MRy = 300 — 4Q-

Game Theory Fundamentals
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2g—1=1-2q
4q =2
q=0.5
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CHAPTER 42

Market Research

Advertising Pre-Testing

0.045 — 0.070
J =

\/0.0575(1 — 0.0575) (TIOO + WIOO)
—0.025

~ /0.0575(0.9425)(0.002)

B —0.025

~ /0.05419375 x 0.002
—0.025

+/0.0001083875

&



CHAPTER 43

Mathematical Foundations Of Generative Ai

Divergence Minimization and Probability Foundations

flu) —uf'(u) = (u—1)% - u[2(u - 1)]
—u?—2u+1-2u%+2u

=1—u?

Generative Adversarial Networks (GAN) Fundamentals
minmax V(G, D) = Egnpgyy, [10g D(@)] + Bz, [log(1 — D(G(2)))]
V(G, D) = Eonpyora[108 D(2)] + Egnp, [log(1 — D(2))]
Erpyara 108 D(2)] = Pdata(1)10g D(1) + paata(2) 10g D(2) + pdata(3) log D(3)
= 0.510g(0.8) + 0.310g(0.5) 4+ 0.210g(0.2)

~ 0.5(—0.223) 4 0.3(—0.693) + 0.2(—1.609)
~ —0.1115 — 0.2079 — 0.3218 = —0.6412

Ernp, [l0g(1 — D(x))] = pg(1) log(1 — D(1)) + py(2) log(1 — D(2)) + pg(3) log(1 — D(3))
= 0.110g(0.2) + 0.410g(0.5) + 0.510g(0.8)
~ 0.1(—1.609) + 0.4(—0.693) + 0.5(—0.223)
~ —0.1609 — 0.2772 — 0.1115 = —0.5496

V(G,D) = —0.6412 — 0.5496 = —1.1908

V(G.D) = [ (pautal@) 05 D() + py @) log(1 ~ D(a))) da

f(y) = Alog(y) + Blog(1 —y)



4_A_ B _,

dy 'y 11—y

A B

y 1—y
A(l—-y) = By
A— Ay = By
y(A+B)=A

A

YT ATB

D*(m _ pdata(x)

DPdata (x) + Dy (‘T)

() 0.5 for z €0, 2]
xT =
Pdata 0 otherwise

() 0.5 for z €[1,3]
€T =
Py 0 otherwise

. 0.5
D) =570 =
D*(x) = 05 1
05405 2
0
D*(z) = =0

5

+ 0.
" pdata
VGuD :]EN ata ]'Og +EN log
(©.0°) =B, o (P ) o o ()|

V(G, D7) = Eonpygr llOg <( Piata(7)/2 >- + Eonp, log <
)

Pdata(T) + pg(7))/2 ] | (Pdata(® +Pg ))/ZN
o3 ) e (22

V(G,D*) = Egpyora [108(1/2)] + Ezmpyora [log (W)]

+ Egnp, [10g(1/2)] + Eznp, [log (pg(m)ﬂ

Pm ()
= —210g(2) + K L(pdata || Pm) + KL(pg || Pim)

P+Q

ISD(P || Q) = 5 KL (P |

)+ 5Kz (e 552

V(Ga D*) =-2 IOg(Q) +2- JSD(pdata ” pg)

08 08 2
(1) = ——— =Zx~0.
W)= 08504~ 12~ 370667
02 02 1
“(2) = —— Z =02
@) =02v06 08 1020

V(G, D*) = paata(1) log D* (1) + paata(2) log D*(2) 4+ py(1) log(1 — D*(1)) + pg(2) log(1 — D*(2))
= 0.81og(2/3) + 0.21og(1/4) 4+ 0.41og(1/3) 4+ 0.61log(3/4)
~ 0.8(—0.405) + 0.2(—1.386) -+ 0.4(—1.099) + 0.6(—0.288)
~ —0.324 — 0.277 — 0.440 — 0.173 = —1.214
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0.84+0.4

pu(1) = =1 =06
0.2+ 0.6
pm(2) = + — 0.4

0.8 0.2
K L(pdata || pm) = 0.8log (0 6) +0.21og (0 4)
= 0.8log(4/3) + 0.21og(1/2)
~ 0.8(0.288) + 0.2(—0.693) = 0.230 — 0.139 = 0.091
0.4 0.6
KL(pg || pm) = 0.410g (0 6) + 0.6 log (O 4)

= 0.41og(2/3) + 0.61log(3/2)
~ 0.4(—0.405) + 0.6(0.405) = —0.162 + 0.243 = 0.081

1 1
JSD(paata || pg) = 5(0.091) + - (0.081) = 0.0455 + 0.0405 = 0.086

V(G,D*) = —21log(2) + 2 - JSD(pdata || Pg)
~ —1.386 + 2(0.086) = —1.386 + 0.172 = —1.214

Convolutional and Conditional GANs

D(z|y) = 0.8
D(G(zly)ly) = 0.3

P(S == rea1|Xfake) =04
P(C = 2| Xfake) = 0.7

Wasserstein GANs and Training Stability

w4 w— aVy,Lo

1 m
=5 ()
G mi:lf(GZ
0« 60— aVylag

20 = 020) 4 (1 = ()30)

Vi f(@®)

m

GP = %_Z (167G~ 1)

1 & 1
LC:%; EZf )) + AGP

-0
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v:f:f(_lv 1) =

-1
1
IVaf(~L,1)ll2 = \/(-1)2 + 12 = V2 ~ 1414
GP = (|[Vaflla— 1)% = (V2 — 1)2 ~ (1414 — 1)2 = (0.414)% ~ 0.171

AGP =10 x 0.171 = 1.71

GAN Inversion and Generative Evaluation

0.8 0.1 0.1
Drcr(p(lz1) || p(y)) = 0.81n (05> +0.11n (035> 4011 (015>

= 0.81n(1.6) + 0.11n (i) +0.1ln (;)

~ 0.8(0.4700) + 0.1(—1.2528) + 0.1(—0.4055)
~ 0.3760 — 0.1253 — 0.0406 = 0.2101

0.2

Drr(p(ylez2) || p(y)) = 0.2In (8:?) +0.61n ((3365> +02In (015>

12 4
= 0.2In(0.4) + 0.6 1n (7) +0.2In (3)

~ 0.2(—0.9163) + 0.6(0.5390) + 0.2(0.2877)
~ —0.1833 + 0.3234 + 0.0575 = 0.1976

V:L(20) = —2(V.G(20))" (z — G(20))

3
4
=-2(3x3+2x4)
= —2(9+8)=-34

=-2[3 2|

112 —=1/(1 0 1
+ _ Tu\—11i/T _ +
W =(Ww) W3[—1 2“011]

_ 1121 -10)  2(0)-1(1) 2(1)—1(1)
T3 -1(1) +2(0) —1(0) +2(1) —1(1) +2(1)

4—-3+4
—2+6+4

-

W
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Variational Autoencoders (VAEs)

) 1
Dg{)L §<1+1H(U1) M%_G%)
1
= 5 (1+(-01) = (05)° - 0.9048)
1
= 5 (1-0.1-0.25 - 0.9048)
1
= —5 (-0.2548) = 0.1274
@ _ _1 2 o2
Dy = 5 (1 +111((72) Mo — 02)
1 2
5(1+04 (—0.2) —1.4918)
1
= —5 (1404 - 0.04 - 1.4918)
1
= — (~0.1318) = 0.0659

—0.6
o =exp (;) = exp <2> = exp(—0.3) =~ 0.7408

z=p+0-€e=12+(0.7408)(0.5) = 1.2 + 0.3704 = 1.5704

(+mw%—ﬁ—ﬁ)

= 0.5 = (0.2)2 - 0.6065)

Lgr=—

[\D\)—*L\D\HM\HL\D\H
/-\

(1—0.5— 0.04 — 0.6065)

(—0.1465) = 0.07325
Advanced VAE Architectures

Leodebook = |[sg[ze(x)] — ek
= (2.1 —2.0)* + (—1.8 — (—1.5))?
= (0.1)* + (-0.3)?
=0.01 4 0.09 = 0.10

Lcommitment = /BHZe(x) - Sg[ek]”2
—0.25 x ((2.1 — 202+ (-1.8— (—1.5))2)

=0.25x0.10
=0.025
1 2 2
Lcodebook = 5 (Hsg[ze,l] - elH + Hsg[ze,Q] - eQH )
1
= 5(0.05+005) = 0.5

Lcommitment =

@Wm*%ﬁw+m%rﬁWM)
D

OI\D\H

(0.05+ 0.05) = 0.25 x 0.10 = 0.025

o
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M =AMF Y (1 - y)ym

20.0 40
=09 ll0.0 +01 2.4]
_[180] , [oa] _[1s4
=190l 024 = |0.24

Reinforcement Learning for Generative AI (RLHF)

log mg(yw | ©) = —1.5,  log Trer(yuw | ¥) = —2.0
logma(y | ©) = —2.5, logmret(yr | ) = —2.0

(2, Yw) = B (log To(Yuw | ) — log Tret(yuw | 7))
= 0.5 x (=1.5 = (—2.0))
= 0.5 x (0.5) =0.25

7z, 1) = B (logmg(y | ) — log meet(y1 | 2))
— 0.5 % (=25 — (—2.0))
—0.5x (~0.5) = —0.25

Lppo () = —loga(AF)

— T8 1050

= log(1 + e ")
~ log(1 + 0.6065)
~ log(1.6065)

~ 0.474

log mo(yw | ®) = —3.0,  log mret(yw | ) = —2.0
10g7T0(yl ‘ .’IJ) = _1'07 logﬂ—ref(yl | J)) =-2.0

Lppo(0) = —logo(—0.4)
= log(1 4 €%%)
~ log(1 + 1.4918)
~ log(2.4918)
~ 0.913

ro(6) = mo(as | st)
Told(at | s¢)

A

Lunclipped = rt(H)At
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A

Letippea = clip(r¢(0),1 —€,1 + €) A,

LCLIP(H) = min(Lunclippedy Lclipped)

Lunclipped = 1t(0) Ay = 1.4 x 2.0 = 2.8
LClipped =12x20= 2.4

LCUP(9) = min(2.8,2.4) = 2.4

0.3

— =0.375

) =33

Lunclipped = 7¢(0) Ay = 0.375 x (—1.5) = —0.5625
Letipped = 0.8 X (=1.5) = —1.2
LP(9) = min(—0.5625, —1.2) = —1.2
log o (Y | ), 10g Tret(Yuw | )
logmo(yr | ), logmet(y; | )

(@, yw) = B (log mg(yuw | ) — log Tret (Y | 2))
P, yi) = B (logmo(yi | x) — log mrer(yr | 2))

AP = 7z, yw) — (2, y1)

AP = Blog ( To(Yw | T) ) —Blog(m(yl | ) )

7I-ref(yw | .73) 7Tl”ef(yl | $)

LDpo(G) = — IOg O'(Af)

AP = Pz, y) — Pz, y) = 0.25 — (—0.25) = 0.50

Ar=-02-02=-04
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CHAPTER 44

Modern Application Development I

No prominent formulae extracted for this course.



CHAPTER 45

Modern Application Development Ii

No prominent formulae extracted for this course.



CHAPTER 46

Operating Systems Prof Chester

Storage Systems and Hard Disks

Total Capacity = 8 surfaces x 10000 tracks x 500 sectors x 512 bytes
= 8 x 10000 x 500 x 512
= 8 x 5000000 x 512
= 40000000 x 512
= 20480000000 bytes

Seek Time = Startup Time + (C' x Track Crossing Time)
=2 ms + (100 x 0.05 ms)
=2 ms+ 5 ms

=7 ms

. . . 4
Transfer Time = Time for one rotation x —

200
1 1
= — X —
90 5
1
= 150 seconds ~ 0.00222 seconds = 2.22 ms

Taccess = Lgeek + Trotation + ﬂransfer + Tcontroller
=5bms+3ms—+0.12 ms+ 1 ms
=9.12 ms

Disk Scheduling Algorithms

Distance = |0 — 53| + 183 — 0|
=53+ 183
= 236 cylinders

Distance = [199 — 53| + |0 — 199| + |37 — 0|
= 146 + 199 4 37
= 382 cylinders

Distance = |14 — 53| 4 |183 — 14|
=39 + 169
= 208 cylinders



Distance = |183 — 53| + |14 — 183| + [37 — 14|
=130+ 169 + 23
= 322 cylinders
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CHAPTER 47

Privacy And Security In Online Social Media

Analyzing Misinformation and Fake News

S+ 1) = S(t) - ﬁS(t)ﬂ(\f)
I(t+1)=I(t)+ ﬁS(t)I](Vt) A I(1)

R(t+1)=R(t) +~I(¢)

1
S(1) =99 — (0.5 x 99 x 100) =99 — 0.495 = 98.505

1+0.495 — (0.2 x 1) = 1.495 — 0.2 = 1.295
R(1) =0+ (0.2x1) =102

Analyzing Cybercrime on Social Media

Aty =180 — 120 = 60
Aty = 240 — 180 = 60
Atz = 305 — 240 = 65
Aty = 365 — 305 = 60

5 (60 —61.25)% + (60 — 61.25)% + (65 — 61.25)% + (60 — 61.25)?
7= 1
(—1.25)% + (—1.25)% 4 (3.75)? + (—1.25)?
4
~ 1.5625 4 1.5625 + 14.0625 + 1.5625

4

= 184j = 4.6875



CHAPTER 48

Programming Concepts Using Java

No prominent formulae extracted for this course.



CHAPTER 49

Programming Data Structures And Algorithms
Using Pythonprof Madhavan Mukund

Divide and Conquer Applications

Total Inversions = Inv(L) + Inv(R) + Split Inv
=14+14+4=6

Graph Representations and Traversal

0110
1 010
A=l 1 0 1
0010
Advanced Dynamic Programming
MI1][2] = 0+ 0 + (10 x 20 x 30) = 6000, S[[2] = 1
M][2][3] = 0+ 0+ (20 x 30 x 40) = 24000, S[2][3] = 2

MI3][4] = 0+ 0 + (30 x 40 x 30) = 36000, S[3][4] = 3



CHAPTER 50

Programming In Python

No prominent formulae extracted for this course.



CHAPTER 51

Software Engineering

Project Size and Effort Estimation

EI = 50 x 4 = 200
EO =40 x 5 = 200
EQ = 35 x 4 = 140
ILF = 6 x 10 = 60
EIF =4 x 7 = 28

E =24 x (32)+0
E~2.4x38.38
E ~ 92.12 Person-Months (PM)

D = 2.5 x (92.12)%-38
D =~ 2.5 x 548
D =~ 13.7 Months

Agile Project Tracking

80
1% 4) = — = 4
'Ldeal( ) 80 (10) X
Widear(4) = 80 — (8 x 4)

Widear(4) = 80 — 32 = 48 hours



CHAPTER 52

Software Testing

No prominent formulae extracted for this course.



CHAPTER 53

Special Topics In Ml Reinforcement Learning

Multi-Armed Bandits and Exploration Strategies

2.398
UCB11(1) =7.5+2 X

= 7.5+ 2v/0.5995
~ 7.5 + 2(0.774)
— 7.5+ 1.548 = 9.048

2.398
UCBn@):8O+2M—E—

= 8.0 + 21/0.4796
~ 8.0 + 2(0.692)
— 8.0+ 1.384 = 9.384

/2.
UCB11(3) =5.0+2 ﬁ

= 5.0+ 2v/2.398
~ 5.0 + 2(1.548)
= 5.0 + 3.096 = 8.096

Markov Decision Processes

P=103 00 0.7

0.0 1.0 0.0

0.5 0.5 01

Up = voP"

vp=v,_1P fork=1...n

P=103 00 0.7

0.0 1.0 0.0

0.5 0.5 01

m:kw &01@

05 05 0.0
mz%PzOOOOLﬂOBOOQ?zPGlﬂOﬂ
0.0 1.0 0.0



0.5 0.5 0.0

v2=v1P2[0.0 1.0 o.o] 0.3 0.0 0.7 =[0.3 0.0 0.7}
0.0 1.0 0.0
- foo 10 - o
Pt = [0.5 05| = l—J
V™ = RT 4 APV
VW:(I—”yPﬂ)_lRF
- fos 02 . 5
R
s [1 0]
~_[os 02 04 0.1
—Y2104 06 0.2 0.3
" 0.4 0.1 0.6 —0.1
(I =P") _l ] loz 03] l—oz 0.7]
1 [07 01 75 0.25
— my—1 —_
(I =7P7) 0.4 lo.z 0.6] [0 50 150]

. [175 025] [ 5
Vi= [0.50 1.50] [

_[a7s)5) + (0.25)(-1)] _ [8.75—0.25]
~ [(0.50)(5) + (1.50)(— 1) ~ (250 —1.50| —

Temporal Difference (TD) Learning Prediction

Target = Ryy1 + vV (Si41)
=1040.9 x 6.0
=104+54=154

0¢ = Target — V' (Sy)
=154-40=114

V(A) « V(A) + ad,
=4040.1x114
=40+1.14=5.14

0= Rep1 +9V(S2)

—V(S1)=1+405x0-0=1

V(S1) «V(S1))+ad=0+10x1=1

0= R +V(T)

—V(SQ):2+O.5><O—

0=2

V(S2) «V(S2)+ad=0+10x2=2

§ = Riy1 +9V(T)

— V(52)

=4405x0—2=2
V(SQ)(-V(SQ)+Q5:2+1.0X2:4

8.5
1.0

|
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Off-Policy TD Control: Q-Learning

Q(S1, Right) + Q(S1, Right) + o | R+ ymax Q(Sp,a’) — Q(51, Right)
—2.140.1[—1+0.9(3.0) — 2.1]
—2140.1[-1+27—2.1]

—2.140.1[—0.4]
~21-0.04
+~ 2.06

QX,a1) + Q(X,a1) + « [R—l—'yméiXQ(Y, a) — Q(X,al)}

< 0+0.5[10 4 0.8(0) — 0]
« 0.5[10] =5

QY a3) = QY a2) + o [R + ymax Q(Z, a) — Q(Y, a2)]
<~ 0+0.5[-5+0.8(0) — 0]
— 0.5[—5] = 2.5
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CHAPTER 54

Speech Technologyprof Umesh

Gaussian Mixture Models (GMM)

N,
new __ ~ 'R
’ﬂ'k, = N
1N
pr = Ny z_: TnkXn
n=1
1 Y -
S = e 2 ke — ) e — )
n=1

M2
Nalpn,of) = < exp (—“2 ) )

1
05 %~ 0.3989 x 0.6065 ~ 0.2420

= Vo
1 (1—3)?
2\ _ _
N (x| pg, 03) = 27r_0.5exp< 2'0‘5)

1
= e 4~ 0.5642 x 0.0183 ~ 0.0103
Nz

wy = mN(1p1,0%) = 0.4 x 0.2420 = 0.0968
wy = TN (1|2, 05) = 0.6 x 0.0103 = 0.0062

w 0.0968
- - ~ 0.940
M= b =1)  0.1030
ws 0.0062
- - ~ 0.060
2Tz =1)  0.1030
0.5 % ——e=0 ~ 0.5 x 0.3989 = 0.19945
w = U. e ~ U. . = U.
11 TS
0.5 x —— 225 & 0.5 % 0.0540 = 0.0270
w = U.0 X e 2 ~ U.0o X U. = 0.
12 \/ﬁ
pla1) = 0.19945 + 0.0270 = 0.22645
0.19945 0.0270
M= Gogeas < OSBL M2 = gogags & 0119

_(2-1)?

1
wo = 0.5 X —=e~ 2 ~0.5x0.2420 = 0.1210

V2T
0.5 % =% L 0.5 % 0.2420 = 0.1210
woo = U.o X e 2 ~ U.0o X U. = 0.
22 /7271_
p(2) = 0.1210 + 0.1210 = 0.2420
0.1210 0.1210
721 = Ggggp — 00V0 722 = ey = 0500



(a-1)2

1
w3p = 0.5 % e” 2 =0.5x0.0044 = 0.0022

V2T
0.5 % 9T L 0.5 % 0.2420 — 0.1210
w. = U.0 X e 2 ~ U.o X U. = 0.
32 /7271_
p(a3) = 0.0022 4 0.1210 = 0.1232
0.0022 0.1210
= — =x~0.01 = ~ 0.982
731 = g ogp 0018, 732 = Gaoes ~ 0.98

N1 =0.88140.500 + 0.018 = 1.399
Ny = 0.119 4 0.500 + 0.982 = 1.601

1.
Ry

1.601
Ty = T A 0.534

) 1.953
new — (0881 x 1+ 0.500 x 2+ 0.018 x 4) = —->° ~ 1.396
1 1399 XL X e “4) = 1309
1 5.047
new _ _© (0119 x 1+ 0.500 x 2+ 0.982 x 4) = 2= ~ 3152
M2 601 x xat <4) = 1601

1
(o)™ = — = (0.881(1 — 1.396) + 0.500(2 — 1.396)? + 0.018(4 — 1.396)?)

1.399
1
= 399 (0-881(0.1568) + 0.500(0.3648) + 0.018(6.7808))
1 0.4426
= ———(0.1381 + 0.1824 4 0.1221) = ~0.31
309 (0-1381 +0.1824 +0.1221) = ——o0" ~ 0.316

1
yrew — (0.119(1 — 3.152)2 + 0.500(2 — 3.152)% + 0.982(4 — 3.152)2)

NN

(o

1.601
1
= Tgo7 (0-119(4.6311) + 0.500(1.3271) 4 0.982(0.7191))
! 1.9209
Tgop (0-9511 +0.6636 +0.7062) = - 00
1 (1_0)2 1 (2_0)2
N > :< _21>x( —m)
(X|l"1 1) me \/me
1 1
23 P )= a2

~ 0.1125 x 0.2231 ~ 0.0251

1 (1-2)?2 1 (2-2)2
M B2) = (s ) (e 2)
1 1
= — exp(—=025—-0)= —— 02
2mV/2 p )

27mv/2
~ 0.1125 x 0.7788 ~ 0.0876

wy = MmN (x|, 1) = 0.3 x 0.0251 = 0.00753
wa = TN (X| g, B2) = 0.7 x 0.0876 = 0.06132

0.00753

= 0.06385
0.06132

= 0.06385

~ 0.109

Ba!

~ 0.891

72
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Markov Chains and Hidden Markov Models (HMM) Basics

P(Q)=m-a11- a2 axn
=06-0.8-0.2-0.3
= 0.0288

P(O,Q | A\) =m1-bi(v1) - a11 - bi(v2) - a12 - ba(v2)
=05-08-0.7-0.2-0.3-0.7
=0.4-0.14-0.21
= 0.056 - 0.21
= 0.01176

HMM Algorithms: Forward and Viterbi

a1(H) = mgbu(1) = 0.8 x 0.7 = 0.56
o1(C) = mebe(1) = 0.2 x 0.1 = 0.02

az(H) = (oa(H)agg + o1 (Clacm )b (2)
= (0.56 x 0.2 +0.02 x 0.6) x 0.2
= (0.11240.012) x 0.2 = 0.124 x 0.2 = 0.0248

a2(C) = (a1(H)anc + a1(C)acc)be(2)
= (0.56 x 0.8 +0.02 x 0.4) x 0.4
— (0.448 + 0.008) x 0.4 = 0.456 x 0.4 = 0.1824

as(H) = (ae(H)agg + a2(Cacm)br(3)
— (0.0248 x 0.2 + 0.1824 x 0.6) x 0.1
= (0.00496 + 0.10944) x 0.1 =0.1144 x 0.1 = 0.01144

043(0) = (Ozg(H)(lHC + a2(C>acc)bc(3)
= (0.0248 x 0.8 +0.1824 x 0.4) x 0.5
= (0.01984 + 0.07296) x 0.5 = 0.0928 x 0.5 = 0.0464

ve(j) = lglgﬁv(vt—l(i)aij) -bj(ot)

bpe(j) = arg 1232](\7(”1571(2)(11’]')

P* = ]
max, vr(j)

ko .
g7 = arg max vr (4)
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v1(H) = mgb(1) = 0.8 x 0.7 =0.56, bpy(H) =0
01(C) = mebo(1) =0.2 x 0.1 =0.02, bpy(C) =0

v2(H) = max(vi(H)apm,v1(C)acu) - bu(2)

max(0.56 x 0.2,0.02 x 0.6) x 0.2

=max(0.112,0.012) x 0.2 = 0.112 x 0.2 = 0.0224
(

bp2(H) = H

since 0.112 came from H)

(vi(H)anc,v1(Clacc) - be(2)
= max(0.56 x 0.8,0.02 x 0.4) x 0.4
— max(0.448,0.008) x 0.4 = 0.448 x 0.4 = 0.1792
bp2(C) =H (

v2(C) = max
since 0.448 came from H)

v3(H) = max(ve(H)agm,ve(Clacy) - b (3)

= max(0.0224 x 0.2,0.1792 x 0.6) x 0.1

= max(0.00448,0.10752) x 0.1 = 0.10752 x 0.1 = 0.010752
bps(H) = C (since 0.10752 came from C)

ve(H)amc, v2(Clacc) - be(3)

0.0224 x 0.8,0.1792 x 0.4) x 0.5

0.01792,0.07168) x 0.5 = 0.07168 x 0.5 = 0.03584
since 0.07168 came from C')

v3(C') = max
= max
= max

bp3(C) =C

~—~~ —~

—

P* = max(vs(H),v3(C)) = max(0.010752, 0.03584) = 0.03584

= (since maximum probability is at C)
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CHAPTER 55

Statistical Computingprof Dootika

Discrete Inverse Transform Method

F(z1)=m
F(x2) = p1 +p2 = F(x1) +p2
F(x3) =p1 +p2+ ps = F(x2) + p3

k

F(xg) = sz'

i=1

!

(1) =02
F(2)=0.240.15=0.35
(3) = 0.35+0.4 = 0.75
(4)=0.

754+ 0.25=1.0

F(3
F(4

F(0)=0.7
F(1)=0.7+03=1.0

U<1-(1-ph*
1-pf<1-U
kln(l —p) <In(1-70)
In(1-0)
= In(1—p)

5 _ (- 0.85)"

(1 — 0.4)
"In(0.15)
In(0.6) -‘
Y —1.8971—‘
—0.5108
X =[3.714] =4

X =

Box-Muller Method and Transformations

\/—21In(U) cos(2mUs

Z =
Zy =/ —21In(Uy) sin(27Us

)
)



R=/-2n(U1) = \/~21n(0.5) = /~2(~0.6931) = \/1.3863 ~ 1.1774
0 = 2nUy = 2mw(0.75) = 1.5

Zy = Rcos(#) = 1.1774 x cos(1.5m) = 1.1774 x 0 =0
Zs = Rsin(0) = 1.1774 x sin(1.57) = 1.1774 x (—1) = —1.1774

Z1 =4/—21n(0.2) cos(2m x 0.1) = v/3.2189 cos(0.27) ~ 1.7941 x 0.8090 ~ 1.4514
Zy = \/—21n(0.2) sin(27 x 0.1) = 1.7941 sin(0.27) ~ 1.7941 x 0.5878 ~ 1.0546

X1 =p+0Z; =10+ 2(1.4514) = 10 + 2.9028 = 12.9028
Xo=p+0Zy =10+ 2(1.0546) = 10 + 2.1092 = 12.1092

Z1 =ViM = 0.5 x 1.6651 = 0.8326
Zy = VoM = —0.5 x 1.6651 = —0.8326

X1 =pu +o141

Xo = pg + 02 (pZ1 +14/1 - pQZz)

ol =4 = 01 =2
O’%Zg = 09 =23
poioa =3 = p(2)(3)=3 = 6p=3 = p=0.>5

Xo = p2 + 02 (le +y1- PZZ2>
X5 =10+3(0.5(1.2) + V1 - 05%(~0.5))
X, =10+ 3 (0.6 + V0.75(-0.5))

Xy =10+ 3(0.6 4 0.8660(—0.5))
Xo =10+ 3 (0.6 — 0.4330)
Xo =104 3(0.167) = 10 + 0.501 = 10.501

Ratio-of-Uniforms Method
a = sup \/h(z)

b = igfx\/%
by = sgpx\/%

U ~ Uniform(0, a)
V' ~ Uniform(b_, by )

by = sup(z — pu)y/h(z)
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Multidimensional and Miscellaneous Sampling

xV = 4 Lz

1 1 0o]fo5
=121 T o8 0.6] [—1.2]

B 1'+ 0.5
-1l T jo4a—072

B 1'+'0.5 | 15
-1 T |-0.32] T |—1.32
1] " 0.8 0.6

0.3
1.0
1 [ 03
1 ~0.24 + 0.6
]y —0.3] [ 07
~ -1 0.36| — |—0.64
My = Mg + 1935, (a— py)
0.6 0.2] ([1 9
=0+ [1 0} [0.2 0.4] (M - l—1D
1
- [0.6 0.2} 11

= (0.6)(~1) + (0.2)(1) = —0.6 + 0.2 = —0.4

1 (1 0

=211 — 219305 oy
0.6 0.2][1
=2- [1 0] [0.2 0.4] M
1
—2_ [0.6 0.2} M

=2-06=14

Advanced Optimization: MM and EM Algorithms

g(016®) > £(6) for all 6
g(0@ 16 = f(6)

~
—
s
b
N—
[
—
()
>
o
2
SN—
oo
~—~
—_
|
(wa)
>
o
2
N—
[\
[

(0.6)%(0.4)* = 0.0168 x 0.16 = 0.002687
P(Xy | B) = (0081 — 012 = (0.5)3(0.5)2 = 0.003906 x 0.25 = 0.000976

P(X5| A) = (0.6)°(0.4)° = 0.07776 x 0.01024 = 0.000796
P(X; | B) = (0.5)°(0.5)° = 0.03125 x 0.03125 = 0.000976

Expected Heads 4 = 71,4(8) + 72,4(5) = 0.733(8) + 0.449(5) = 5.864 + 2.245 = 8.109
Expected Tails 4 = 71,4(2) + 72,4(5) = 0.733(2) + 0.449(5) = 1.466 + 2.245 = 3.711
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Expected Headsg = 71,5(8) + 72,8(5) = 0.267(8) 4+ 0.551(5) = 2.136 + 2.755 = 4.891
Expected Tailsg = v1.5(2) + 72.5(5) = 0.267(2) + 0.551(5) = 0.534 + 2.755 = 3.289

N(1.0] 1.0,1.0) = 0.3989 exp(0) = 0.3989
N (1.0 4.0,1.0) = 0. 3989exp( 5) = 0.0044
0.5(0.3989) ~0.1995

= = = 0.989
T 0.5(0.3989) 10.5(0.0044) ~ 0.2017
Y2 =1-0.989 = 0.011
N(1.5] 1.0,1.0) = 0.3989 exp(—0.125) = 0.3521
N(1.5]4.0,1.0) = 0. 3989exp( 3.125) = 0.0175
0.5(0.3521) 0.1761
= = = 0.953
121 = 5 5(0.3521) 1 05(0.0175)  0.1848
Yo =1 —0.953 = 0.047
N (4.5 1.0,1.0) = 0.3989 exp(—6.125) = 0.0009
N(4.5]4.0,1.0) = 0.3989 eXp( 0.125) = 0.3521
0.5(0.0009) 0.0005
- = = 0.003
781 0.5(0.0009) +0.5(0.3521)  0.1765
v32 = 1—0.003 = 0.997
Ny = 0.989 + 0.953 + 0.003 = 1.945
Ny = 0.011 + 0.047 + 0.997 = 1.055
(new) — 1.945/3 = 0.648
s = 1.055/3 = 0.352
new 1 2.432
plrew) — T4 [0:989(1.0) +0.953(1.5) + 0.003(4.5)] = T = = 1.250
new 1 4.568
plrew) = To55 [0011(L0) +0.047(15) + 0.997(4.5)] = == = 4.330
g2(mew) - 945 ——[0.989(1.0 — 1.250)2 + 0.953(1.5 — 1.250) + 0.003(4.5 — 1.250)?]

2,(new) .

09

_0.0618 + 0.0596 + 0.0317 _ 0.1531

= 0.0787

~0.1220 + 0.3760 + 0.0288  0.5268

1.945 ©1.945

To5 ———[0.011(1.0 — 4.330)% + 0.047(1.5 — 4.330)% 4 0.997(4.5 — 4.330)?]

= = 0.4993
1.055 1.055

0(t+1) = arg mein 9(9 ‘ H(t))
P(E[X]) < E[¢(X)]

$(E[X]) > E[p(X)]
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9(0]69) = F(6©) + T £ (6~ 60 + 0 — 01|

VZ <Vt \F(Z*Zt)
4(0199) i(mﬂ U <yi-9<”>2)
i N

n 2
| 9(“ Z (yi —0)
=1 2 — 9( ))

i Yi RS 1 _0
i=1 (y —H(t))Q—FE i=1 ( —9( ))
n (®)
g(t+1) Q=1 Wy (t?)Jz where wl( ) _ 1
1 W; (y; — 6®)

9+ = arg max Q] 6M)

B TAP(X1 | A) B 0.5(0.002687) .
AT P(X1 | A) + 7pP(X1 | B)  0.5(0.002687) + 0.5(0.000976)

v, =1-0.733 = 0.267

0.5(0.000796)

= = 0.449
7247 05(0.000796) + 0.5(0.000976)

’YQ’B =1-0.449 = 0.551

(1) 8.109
- —0.686

A 78109 + 3.711

L 181 508

B~ 4891 + 3.289

= TN (4 | gy )
k2
K miN (i | 1, %5)

N = Z Yik
i=1

t+1) _ Nk

7Tk = W

(t+1 N Z YikTq

t+1 Z - (Hl))(gcZ B Ml(€t+1))T
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CHAPTER 56

Statistics For Data Science 2

Foundations of Probability

P(AuB)=P(A)+ P(B)—- P(ANB)
P(AUB)=0.5+0.4-0.2
P(AUuB)=0.7

P((AUB)®) =1— P(AUB)
P((AUB)°) =1-0.7
P((AUB)°) = 0.3

P(MUP)=1-P((MU P))
P(MUP)=1-10.10 = 0.90

P(M N P)=P(M)+ P(P)— P(MUP)
P(M N P) = 0.60 + 0.50 — 0.90
P(M N P)=1.10 — 0.90 = 0.20

P(AUBUC)= P(A)+P(B)+ P(C)
—P(ANnB)—-P(ANC)—P(BNC)
+P(ANnBNCQO)

P(SUTUL)= 0.50 + 0.40 + 0.30
—0.20 — 0.15 — 0.10
+0.05

P(SUTUL)=120-0.45+0.05
=0.75+0.05
= 0.80

P(None) =1—-P(SUTUL)
P(None) =1—0.80 = 0.20



P(AUB) = P(A) + P(B) — P(AN B)
P(AUB)=03+0.6—01=08

P(A°N B°) = P((AU B)°)
=1-P(AUB)
=1-0.8=0.2

P(A°UB®) = P((AN B)°)
=1-P(ANB)
=1-01=09

Conditional Probability and Bayes’ Theorem

P(D) = P(D | B1)P(B1) + P(D | B2)P(Bs) + P(D | Bs)P(Bs3)
= (0.02)(0.50) + (0.03)(0.30) + (0.05)(0.20)
= 0.010 + 0.009 4 0.010
= 0.029

P(T*) = P(T* | D)P(D) + P(T* | D°)P(D°)
= (0.95)(0.01) + (0.10)(0.99)
= 0.0095 + 0.0990
= 0.1085

Multiple Discrete Random Variables

EXY] = (1)(1)(0:2) + (1)(2)(0.1) + (2)(1)(0-3) + (2)(2)(0.4)
=02+02+0.6+1.6=26

EIX +Y] = (1+1)(0.2) + (1 +2)(0.1) + (2 + 1)(0.3) + (2 + 2)(0.4)
= 2(0.2) + 3(0.1) + 3(0.3) + 4(0.4)
=04+03+09+16=32

Expectations Variance and Moments
E[X]=(0x0.1) + (1 x 0.3) 4+ (2 x 0.4) + (3 x 0.2)

E[X]=0+0.3+0.8+0.6
E[X] =17

1
E[X] = / 222 dx
0

3 0

_2(1)°
== —0



https://milav.in

E[3X —2Y +5] = 3(4) — 2(10) 4+ 5
=12-20+5
=3

E[X] = (—1)(0.2) + (0)(0.5) + (1)(0.3)
= —0240+03=0.1

E[X? = (-1)%(0.2) + (0)%(0.5) + (1)*(0.3)
=1(0.2) + 0+ 1(0.3) = 0.5

Var(X) = B[X?] — (B[X])?
=0.5—(0.1)?
=0.5—0.01 = 0.49

Var(3X —2Y) = (3)?Var(X) + (—2)?Var(Y)
= 9Var(X) + 4Var(Y)

Var(3X — 2Y) = 9(4) + 4(9)
= 36 4 36 = 72

MS{ (t) _ % (e2t+8t2)

= 28 . (2 + 161)

d
My (1) = 2 [(2+ 160+
=16 €28 4 (24 16t) - €248 (2 1 16¢)

= 25116 + (24 16t)7]

E[X? = M%(0)
=" [16+ (2 +0)?]
=1-(16+4) =20

Var(X) = E[X?] — (E[X])?
=20 — (2)?
—20-4=16
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Functions and Expectations of Continuous Random Variables

:1:2+y2:<

1 2,2 1 2,2 1
— = @y 2 g = = (wH?) /4 —
fov(u,v) 2776 |J] 27r€ ( )

u—+v\? u—ov\2 w4 2uv+0?  u?—2uv+ 0v? 2u2 + 202
> ) T - - N

Fy(y) = P(Y <y) = P(—2In(X) < y)
y
P (m(X) > —2>

P (X > e—y/Q)

P (X > 6*9/2) =1-P (X < e*y/Q) 1 — Fx(e™¥/?)

Fy(y)=1—e¥/?

fr(y) dC; (1—e?) = <_;e—y/z> _ Ly

2
1 dz
Iy (y) = fx(g~(y)) a
dzx d 1
=Yg
1

fr () = Fx(Vy)

1
|2 (335) =
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Bayesian Estimation and Confidence Intervals
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CHAPTER 57

Statistics For Data Science Ii

Independence and Functions of Discrete Random Variables

Px(0) = 0.140.2+0.1 =04

Px(1) = 0.15+ 0.3+ 0.15 = 0.6
Py(0) =0.1+0.15 = 0.25
Py(1) =0.24 0.3 = 0.50
Py(2) =0.1+0.15=0.25

Px(0)Py (0) = (0.4)(0.25) = 0.10 = Px.y(0,0)
Px(0)Py (1) = (0.4)(0.50) = 0.20 = Py (0, 1)
Px(0)Py(2) = (0.4)(0.25) = 0.10 = Py y(0,2)
Px(1)Py (0) = (0.6)(0.25) = 0.15 = Py y(1,0)
Px(1)Py(1) = (0.6)(0.50) = 0.30 = Px y(1,1)
Px(1)Py(2) = (0.6)(0.25) = 0.15 = Px.y(1,2)
(-2 =4
(12 =1
(0)*=0
(1)*=1
(2)* =4
(1,1) = max(1,1) =1
(1,2) = max(1,2) =2
(2,1) = max(2,1) =2
(2,2) = max(2,2) =2



P(X >5)=¢ 02
—e 1 ~0.3679

P(60 < X < 85) =0.9332 — 0.1587
=0.7745

Point Estimation and Properties of Estimators

MSE(6?%) = Var(6?) + [Bias(62))?

2(n —1)o* o2\
= 72 + N
n n

m-2, 1 ,
T2 U+ﬁ0
2n—1 4
= o

n2

Fundamentals of Hypothesis Testing and Z-Tests

X —50
12//36

X —50

> 1.645

> 1.645
X —-50>329 — X >53.29

Power = P(Reject Hy | pt = pta)

~53.29-55 —1.71

A = = —0.855
2 2

P(Z > —0.855) =1 — P(Z < —0.855) ~ 1 — 0.1963 = 0.8037

Hy : o = 500
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H, : pu < 500

_498-500 -2 -2 .,
©5/V/40  5/6.325  0.7906
X — Xo)— A
7 (X1 — Xa) — Ag
0'2 0'2
Jid+2
Ho:pa—pup=0
Hy:pa—pp#0
,_(25-118 -0 07
1.22 52 /144 | 2.5
B+ iF B
0.7 0.7 0.7
= = S ~ 2.49
1/0.0288 + 0.05 v/0.0788 0.2807
7 — b —Po
po(1—po)
n
Hy:p=10.60
H,:p>0.60
_ 064060 _ 004 _ 004 004
/0.6%8.40 /% 1/0.0006  0.0245
_ T1+ @2
p ni + ng
P1 — P2

7 =

\/p<1 -5 (E+ %)

Hy:pp—pa=0

H,:pp—pa>0

45

pA = 500 0.09
72
pp = —— = 0.12
PB = 500 0
12 -0,
7 0.12 — 0.09
\/0.1064(1 —0.1064) (585 + 585
7 - 0.03
1/0.1064(0.8936) (0.001667 + 0.002)
0.03 003 _ 0.03

7 = = ~ ~ 1.61
v/0.0951 x 0.003667  +/0.0003487  0.01867
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Likelihood Ratio Tests and Goodness of Fit

o (15—20)2  (25—-20)2  (18—20)% = (17-20)* (27—20)* (18 —20)?
20 20 20 20 2 T
20 20 20 20 20 20
116
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CHAPTER 58

Strategies For Professional Growth Spg Iit
Madras Bs Degree

Mid-Course Correction and Feedback Loops



CHAPTER 59

System Commands

No prominent formulae extracted for this course.



CHAPTER 60

Tools In Data Science

Correlation Analysis and Outlier Detection
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