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EX: 60
6D initial ©=0, constant LR 720, 3 iterations
30 [Plot A 6:0.00 — 2.10 — 2.70 — 2.91]
20 #G0 cepends on eack
= Srep's gradient!
~ steeper = larqer step
10
]
o%*: 3 .
0
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ii. (6 points) Suppose we run GD with initial parameter 6 = 2 and a constant learning rate
n > 0 for one iteration. Let’s call the initial parameter value fgq (50 fola = 2) and the
updated parameter value fpey. V the range of 7 such that J(fpew) < J(0p1a)? You can
use the fa at the optimal 6° is rceded. 8 hiix:©)= Ox
Diain = {@®, D), @, y?), @™, y®)} = {(1,3), 2,5), (3,7)}
MSE loss:T(0): & i(h(\\:)-g;)" = 3[(e-312+(20-5)2+(30-712]

i

radientuT(0)= 28 o - &E
2 3873 cpHmal B% =5
@ Botaz2: 9F(2)= -4 we are @ 2
20
Bnew=2-7N(-4)=2+4m Symm ot = 52
20 5 1 ‘_ﬁeneu z ﬁ’
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Ex: 60
5 T
given: T(0)= (29-4)?
af L0, Oinit=1
h(x:0)=6x
3| O feat. x=2,12bysH
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> Ll |
1} Find v, 1
o | | 1.96
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vUI(e)=4(20-4)
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feature
iv. (7 points) We run stochastic gradient descent (SGD) to minimize J(6) with initial parameter
= 2.5 and a constant learning rate 7 = 0.125. We run the algorithm for 3 iterations. Which
of the following could be a possible plot for this SGD run?
» Plot A 0:250 5270 138 5 170 » Plot B 0:250 250250 20

50)

Solution:
Plot B and Plot C are possible.

1)

For Plot B: We keep sampling the same second data point for 3 times.

For Plot C:
Setup:

We have training data

wain = {(1,3),(2,5),(3,7)},
and a single-parameter model hg(x) = 0. The squared loss on a point (z,y) is

«0;2,y) = (02 —y)%,

with gradient

Vol(0;2,y) = 2z(0z - y).
Thus the SGD update is

0 0-n-20(0x-y), n=0.125.
Step 1: 0= 2.5, sample (1,3): V =2.1(25-3) = -1, ¢'=2.5-0.125(-1) = 2.625
Step 2: 6 = 2.625, sample (2,5): V =2-2(5.25-5)=1, 6 =2.625-0.125(1)
Step 3: 0= 2.5, sample (1,3): V=2.1(25-3)= -1, ¢'=25-0.125(-1) =
Oscillation: 2.5 — 2.625 — 2.5 — 2.625 — ... by alternating between (1,3) and (2,5
DERIVATIVES:
fleY:  opf:

a’™® » UpgfF:zon bic aa.'"‘-

OTO =~ Uef =20 bic BTO:=Z O 8

OTAD s Vpf:2A0
OTx = UpfF=x
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Erest = 75— Z L(h(x;67),y) +0
[Diestl
(2,9)€Dreat

Step Goal | Opt. Variable | Dataset Predictor | R larization
Find 65 [R 0 Dtrain 0 Allel

Find A* A* A Dyar 03 none

Find 0* 0 [ Dirain U Dyar | 0 Alell

Evaluate 6* | &t | N/A Diest 0* none

vs. (cross vawdation] vsed wnen:

daraset Sman

“more valdatrion checks

$2Yr2ging Errov Lelps US rediuce neoise in our valdarion Mse
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EX: derivative
The ridge objective function is: J(8) = [ X0 — Y||* + A[|6]|*
Expanding: J(0) = $(X0 —Y)T(X0—Y) + X676
Taking the gradient: VJ(0) = 3 - 2X7(X6 —Y) + 2)0
Ex: T(@)= ©TO +IIX0-YII2+llOTXxTYI2
9 UeT:=20+2XT(X0-Y)+2(0TxTY)xTy
(60 NLL vS. SQUARED LOSS)

Based on these observations, briefly explain why we might prefer one of the loss
functions presented above over the other when training a linear logistic classifier.

Solution:

NLL typically has a larger gradient and leads to faster, more reliable convergence
to a low-error solution.

If you consider “these observations” from part (a) i. in a vacuum, you may be
tempted to conclude that the squared-error loss may be preferable because it
avoids the issue of have undefined gradients revolving around division by zero.
However, as observed in part we can never get to g = 1 (or g = 0), as the
sigmoid only approaches these values asymptotically.
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EX: 6D CALCULATION
First, John applies gradient descent to a piecewise-linear function f :
(partial) graph shown on the figure below:
s

R — R with the

®i=8-1(2)=3
X2:3-1(-0.8):3.§
%3535-10-0.5)=y

values of 1)

Slope:-0.5

2 3
values of x

4, John uses V£(2) = 0.5 and Vf(4) = 0.
i. Starting from the initial guess z(0) = 5, and using step size 7 = 1, what will be the
values of 2, 22, and z3)? I

At points z = 2 and z =

Solution: Answer: z() = 3, z(® = 3.5, 20 = 4. Reasoning: by inspection of
the graph, Vf(z(?)) = 2, hence 2(1) = 5—1-2 = 3. Next, V f(z(1)) = —0.5, hence
2 =3-1.(~0.5) = 3.5. Finally, V f(z®) = —0.5, hence z®) = 3.5—1-(~0.5) =
4.

60 OSCiILLATION

John discovers that, starting with z(®) = 1, there are many values of 7 > 0 for which
the gradient descent iterations produce oscillations of period 2 within the range (0,6)
(i.e., z:+2) = z(¥) € (0,6) for all k = 0,1,2,...). Find all such values of 7.

Solution: Answer: 7 € (1.5,2.5). Reasoning: equality **2 = z( requires

EX:linear logistic

(¢) Again, assume d = 3. Consider a data point with z = [10,~1,2]7 and y = +1. A linear
logistic classifier with 6 = [1,—1,2]7 and 8o = 0 correctly predicts the label for this point.
Recall that the negative log-likelihood (NLL) loss is:

L(g,y) = —[ylogg + (1 -y)log (1 - g)],
. g clese +o 1:Small loss
where g = o(67z + 6p). > g:tr(!] 8 9= +17L=-1099(3) g ciose +o O: large toss
Consider logistic classifiers defined by the following parameters. 43,0 1, Sm toSs

i. Which classifier achieves the lowest NLL loss on this data point?

Solution:

0 6=1[1,-1,2]",6,=0 3 2=18
O 0=10%[1,-1,2]T,6) =10 32=10-1S+10= ISO
V 0=20%[1,-1,2]7,6, = 20> 2= 320

0 6=-30%[1,-1,2]",60= —30= 2 =-480

. Which classifier achieves the highest NLL loss on this data point?

Solution:
O 0=01,-1,2".60 =

O 6=10%[1,-1,2]7,60 = 10
O 6=20%[1,-1,2]",60 =20
v 0=-30x[1,-1,2]7,00 = —30

Vi@®) = —Vf@®D). Since Vf(z©®) =*-2, we need Vf(z(")) = 2, which
means z() = 20 — yVf(2©) =1+ 2 € (4,6). Hence n € (1.5,2.5).

oscillation: of (x%*) = - of(xk)

UF(RI=-9F(x0)=+2 &% in (4, &)

Hex':x2-Mof(xelcl

I.S¢mcas
After mastering one-dimensional optimization, Anh applies gradient descent to
smooth function f : R? — R, with n = 0.1, resulting in the sequence of points|
20 =4, z0 = B, 2@ = ¢, 28 = ¥ = D shown on the plot below:

6

o 1

2

i, Find Vf(z®), Vf(@®), V£(@?), and VF(z®).

[2160)

PELRIETY

BINARY 8 MULTI-CLASS CLASSIFICATION

This problem explores the relationship between binary and multi-class classification, and
shows how the multi-class formulation reduces to the binary one when K = 2.

Consider a one-hot-K classifier where the input is € R? and the parameters are
6 € R¥*X. Let 6}, denote the kth column. The logits are computed as
2k = 921,
and the softmax probabilities are
e
ZJI'{=1 e’
(a) How many independent values are needed to specify a probability distribution over

K classes? How many outputs does softmax actually produce? How do we reconcile
this difference? Does binary classification encounter the same issue?

P =

Solution: A probability distribution over K classes must sum to 1, so only
K — 1 values are required to fully specify it.

Softmax produces K outputs, which introduces one redundant degree of free-
dom.

In binary classification with K = 2, this issue does not typically arise because
we use a single logit instead of two. However, we could formulate binary clas-
sification with two logits, in which case the same redundancy would appear.
We use K outputs because: (1) it provides a symmetric representation across
all classes, and (2) it matches the K-dimensional one-hot encoding of class
labels, making the loss computation straightforward. We could eliminate the
redundancy by fixing one logit (e.g., zx = 0), but the symmetric formulation is
simpler in practice.

(b) Now consider K = 2. Suppose you train both a binary classifier (parameter § € R?)
and a 2-class softmax classifier (parameters 6,60, € R?) on the same dataset.
After training, the two classifiers produced the same decision boundary. Derive how
6 relates to 6, and 6,.

Note: Assume class 1 in the multi-class setting corresponds to class 1 (positive) in
binary.
Hint: Write p; in the multi-class setting and rewrite it to match p = o(z).

Solution: In the multi-class setting, the probability of class 1 is

e

P

Divide both the numerator and denominator by e*:

_ 1
= 14en—=a’

Define 2 = 2; — 25. Then

=o0(z),

n= 1+e z

which is exactly the binary logistic function.

This shows that both classifiers produce the same decision boundary: we
predict class 1 when p; > 0.5, i.e., when z > 0, which is equivalent to z; > 2.
The classification depends only on the relative score between classes.
Therefore, we have

2=z —2z=0z—0,z= 0, —
Comparing with the binary form z = 0"z, we get

0 =0, —0,.

EX:LINEAR LOGISTIC CLASSIFIER

T2
5
]
a4
P +
20
(soele)
e — 7
-4 -3 -2 -1 1 2.3 4
—- v

‘Which of the following could be possible 6, 6, values for the hyperplane described
by model B?

-2
no=[ wes

1
B. a:M,an:—s

2: OTx+ Oa
g PErAIZNES Sit @ O Sp1ting /-

0:[6 027 x + O

e %

xiz-2 X223

D, x2:2

plog mio equakion

Lvr(x‘)=7| (xk-x®ty
9 (xo) e tolxo-xey zro- [ [552

£91:0

SEty= o (maxsd e [35 ] 5 [32])

9F (%) T tolxlox2) s 10 |

0f(x3)=[3] « bic x3zxq4
Consider running gradient descent (GD) to learn 6. We initialize GD with
Oinitial = 4 and use a fixed learning rate of n = 0.02. After just one iteration
of the GD update, which of the following is a possible value for the resulting

updated parameter 6,7 Briefly justify your answer.
O trow=14
I'(e)= 148 - 28
QO Opeww = 3.76
init By
@ 6uev =344 ©Onew: 4-0.02(28) =[3. 44 vT4) 28
O Buewe = 2.56
O Bue = 0.88

(O Not enough information to determine any possible value of Ocy,.
Consider running stochastic gradient descent (SGD) to learn . We initialize
SGD with 6y = 4 and use a fixed learning rate of = 0.02. After just one
iteration of the GD update, which of the following is a possible value for the
resulting updated parameter 6,7 Briefly justify your answer.

s © bo =4
#* 8 vecror points in + olicettion
1 . e dreecr 3 Sa ecry LIOY: (y- ©x)? Lpz-2(y-6x)
@9 = [2] s O=—4 (cacefurtt) - verify dicection. @ Onew =3.76 9‘;‘.»:: Onew =:.‘.c-:es(:.:ns ° *
for (%, )z (2.5): 6w =u-0.02[-2(5-4-2).2]23.76
4 O bpew =3.44 (4): Ow s H-0.02[2(4-u-1)-1]z 4
D=, b=~ (4 Om zu-0.02[-2(7-4:u)- 41 = 2.56
§ . 5 . - @ Ouew =2.56
What value of z does model B assign to the point (2, 3)? What is the numerical
probability outputted by the classifier? QO byew =0.88
v (2 ll B N . ..
. [.. % - e genen O Not enough information to determine any possible value of ey
o)z Taew © 08 || EX: SOFTMAX

£X: SOFTMAX |
Suppose that we have a model defined by the following matrix:

100
=10 11

001
Consider the data point z = [1,=1,1]"
class will be assigned to z.

T

o ¢

. Compute z = 67z and determine which

" % wih be ssigned 4o class 1

(1] = o svmancor s o5

BIC Sofman 18 monotonics Wgnest #erm bEforE Fefimax il b Weigned mert (max 09/

2 (o.cesa, o0n athun)

)

Examine the classification problem represented by the graph below, where points
are labeled with their class: 1,2, or 3. Also given below is a model represented by

the matrix 6 (note that this is # and so the first column represents 6y, 6,, and 6,
for class 1).

Does the provided model defined by @ perfectly separate the data as desired in the
graph above? Explain.

y Cass 1
e [ ] =» "s b= “xieE s iacqess when

5107

ciass 20

(based on grapm)
“xi-3204 Ki$-3

R “xi-3 > X (beve i® Xi23)
$37)

aass 3: wnen X0, EYLITE) perfect C1assiFixation accuracy!

T =—3

a .2 T2 3

111227133333

11122133333 ciass .

111224133333 ©. ©2 6,

11122133333 101

11122133333 =10 0o
T 300

11292133333

EREEREEE R S,

1112233333 I Cassianion

11:22 33333 9,00t 0 depends on X!

11122433333 20"

CNN DIMS:

Ex:32x32x3 RGB imput, Conv layr: Ei1@r Sus, 10 Bilters, Strde | pacl o

TOTAL PARAMS: @ach Filter SeSx3 5 7S +i (bids) welgnrs per filter,
10 Fi1ters= 7610 = 160 Par2mMS

FULLY Conm.: ParamSs (input dim . output olim)eourput olim

CNN Dims:
Layer Input Dimensions Output Dimension
3 X 3 X Jemuersize ne. [u%“-‘l]
convolutional layer 32x32x3 16x16x9
with 9 filters, stride 2ozt~ (31
2’ with zero padding = [—,_ ]: e Q Eiers=9 output channels
ReLU activation a2 aim, 16X16x9 16x16x9
4 x 4 max pooling, £aever
stride 4_nt, 2ok, e, 16X16%9 4x 4x 95
Flattening layer 4x4x9 144 x 1
Fully connected layer 8 neurens
with 8 neurons 144 x1 e el 81
Softmax activation Liles sim. 8 X 1 8x1

How many weight parameters are learned in the first convolutional layer?

| Solution: 9 filters of size 3 x 3 x 3, each with a bias, leads to 252 weight parameters. ‘

Given the size of the network output, how many image categories is this network designed
to classify?

| Solution: 8 neurons — 8 classes. ‘

EXIHYPOTHESIS (NN)
(f) Consider the following computation graph:

Balx)z(x, + x2)* hix)z O(BOa(x\+ Bo)
1

2
wy

i
Wy

= Jwi})

Write out the definition of the hypothesis visualized in the graph given above. Then,
determine activation functions f1, f* and weights such that ho(x) = o(f¢s(x) +6p).
where ¢,(z) is the same transformation from part (e).

D ok wh, wh,w?

9= £ (W E (%, + xawd + i)+ wi)

Gal)zxt +2xxa + xF = (x,4x2)?

fi:o
wi:e
wiro.

Flazx?
W

s 0

“
e \
coeff. For IS Feature in ISt layer



FEATURE ENLODING:

Feature

Age to predict salary

Blood type (ex: A+, B-, AB+, 0-)

Time of

y to predict elec

city den

Age to model likelinood of Alzheimer .

Encoding

Divide into age bins

mand e Sin(t242pi) an

(Age)"2 term for quadratic trends

One hot A, one hot B, and one hot +/
1/24*2pi)

FORWARD PASS:

651 Nota

n and Setup

o Textto measure semantic o Pre-trained text embedding model ;) T FoRy
) (compare o toss) 4 W Wl Vil forall ¢ & 122 params P
Aand Z have the same *not S"I"anbl!ﬂ +o be optimal awi T Wi
wk 1-9 NEURAL METIORK;  -hica ivas ear apdmension BAckPROP: reuSe of Computation
' N . via1 0L _ 07 9A1 0Z°
‘noniinear feature -}ransGormbNo-\]“"e“N. 2: AW w ™ awi = awn oz om
' ‘COMPOSIing SimpIR Neniin@arities = >
2yers || back +ion (ef 102 ¢ning) A=F(R) L(g,y)” parkial
12yer index A'ze(2) snaced —a77 less
Wsoource nevren [NELRON: 0z oAl 07 oA 07°0A° 07" g OL(9.y)
index, +arg et °';::’ pre- aekivarion W1 071 AT 377 9AP875 DALY 07E g
neurown indk@x |d-dim|n o Betivation WI‘" ph & e x P g
¥wno 1e3rnable w2 l kel @ e W W e W fE—
params: s A a=1E L(g.9)
~max pooling = - ) = f(w"z) v 97
- oz
-RELL d of Leramts “"“:::\:‘;;";;"-"s AETER: GO 7
- Sigmoid - 2 AL oL _ oz
S « z:dodi al input furex for 1in.r@e. /' new Wl Wiy -midwe) o o
3 d © 2 :
% « w: weights (i.e. parameters) 1: what the algorithm learns L answers: now mock :'-";“:;;“ weignt contribuie
o é % .z sfi?-hacTi\'ation output 2z: scalar Considerations:
4 & ¢ s - in SCalAr Out :
4 F s « f: actvation function 7: what we engineers choose ‘dead' RELU neurowns: iF aradientz o hen
. a: post-activation output ¥ scal ReLu stops learning
3 : post-activa P! a: scalar + Vanish/exploding qradients if muitiply
LAYER: Many Sm N /12rgL Facrors across 124ylrs
z 3
A A CAN: xploits:
14 §. gl ‘:‘:‘:\\ « (# of neurons) - layer's output dimension. "”‘"a|eh'?e'3"'“ﬁ
) omects “ ‘$pa+ia\ 10€D1iky (200om in & CompPare)
P § 3 3| Wevees « activations applied element-wise, e.g. =' won't +ransiakonal invar, (recognite despite diff.)
Z A affect a?. (softmax in the output layer is a CAN LAYER TYPES:
neksork: muttiple | @@‘ common xcpton) ‘CONVOLUTIONAL: detect low-1evel Feats.
B

Nneurons acwiéves
compiex behavior
by alrernating bi+
Param. lin. rans.
& Fixed nown-lin. \
trawns.

fully conn: 31l inputs

24

tonn@ctRd to very

Onid In > 1dYLr
{2\ xX-DFeecr 21-A)

widénz & neurons

n124er —

depin: # of layers,

incre 2Sing widih/
depth (w) non-lin.

1 (mixed f is possible but complicates the

math).

; influences every o/

A (fully-connected, feed-forward) neural network:

a passthrough an

post-activation
W A=z, 1

+ all neurons in a layer typically share the same

.+ layers are typically fully connected, each input

TRAWING LOO

Initialize all weights W', W,...., W randomly

Repeat until stopping eriterion:

1. Forward pass: for each data point, compute 2, A', 72, 4%, ... .¢") evatuake
2 for each data point, compute £(g, )
L 3 1 via the chain rule

pick a data point, compute Viy:£(g",y") forall € = L, L1

4o ger vals cg, U

Query Key  Vae  Output LINEAR ALGEBRA TIPS
o) N o [ + 0 [ o N
* Matrix Derivatives:
o] V(A = AT
] cion | - Vu(vVTA)=A

- Vy(vTAv) = (A+AT)v
* Dot Product & Similarity:

oftmas (“’""* I °""5"I L I ) = o1 0108 - a-b=|la]| - |b|| cos(6). Measures alignment.
d 4 — Used in attention (QK7) to find "relevant” tokens.

s 0. [ o [ - os [ AREPRESENTATION

WORD EMBEODING: Embed 1ords » vectors (Words closer Semantically
-Scrape internet For plain ext Wil be closer +ogethen)
ccremeonnt 1apels (prediction +2rgets) Erom HweSE +exts

‘@x: ‘cat” & dog Close +ogeHer in vecter Space (1Rarned) post train
-Convert ‘unsupervised” probiem into “supervised ” serup
‘lquery, key, value) wi sensibie dot prod. Simildriry

cCosine Simildrity: the 12rglv, the more SimiI1ar 2 words are
CONTRASTIVE LEARNING: Similar d2+d Points brought close +togeiner
<Crop iMmDQR S.t. PBIWES From SIME iMmD Qe are encoded close togeiher
“SimiIar to wordl embedding but for images

. predict sound of se> based on image of sea

o, compare query and key for

b.then output mixed va

MULTI-MOOALITY: i

TAANSFORMER:

.input Embedding: n SMaIl Chunks, Bach of Whith W/ 2 MBPPMY

. p2sS through aHention |24er (Values changl internaily) then
Muttri-1a4yer perception

cword EmbRd 0 2 Sof+mMmax dist. Over votdb - Wwadnt Lorrlet word
+o be 2Ssigned high Probabilities

(edges. cotor, conirast). later, For mid-
1evel fears. (ears, eyes) (Fii+ers)

* FULLY LONNIELTED: 2110w tombining Feats.
from entire image 8 Provide final
network out

« MAX POOLING: downSampling t@€chnique.
detect Strongest reSPOnSe Within given
window 3 allows nerwork o be 18SS
sensitive +o featr. locations Wb
N0 weights/Params. nt:
DERer s28 k > Srride $o not Skip 2nytining
Viypicdity Stride 1 S.b. out imgcinput

3 *l

i€ Strid@ >, Out MRy not BE +raNs. invar,

Convolution dimension (cnn)
kemel size #input channels

add 2p'

*what i am looking For ™

transform troken X/ +o query vec. Where
QueRy VECTORS: iz WeTx; ¢ iy o

Qi3 mhat (S tokewn i (coking For

Szt § contain’ -
KEY vEcTORS: Kki= Wk %X;
how Similar queries 3 keys are

b 4 . 4 T T
ATTENTION: a:=sofimax [Tk, aTka,..., 4TkW] [Jax 1)
weights We . Wk.Wv 2re Fixed in+in. lager
Sunat i eruadlly §ive oubicontribl -
VALLVE VECTORS: We X eextracks meaningfol info From token X.
€ 2i= Xi's @nrichecl embeodlding
weighted 2avg- of
preceding fokens by
2rrention

- o
e e 1 3
ATTENTION ouTPLT: ;= 55“" vi eR
Ex: Xid harry, W) context of hoguarts, 2i charry porier

Qiji how much Btin, token 1
Pays toxen 2

Xz=nxd, ith row isS X; (tokens)
Q:znxdK, ith row iS q; (query) O =Xwg,

K.V 2al1so nxdke K=%XWk, Vi XWe

Az softmax [ QKT werght matrcces: ol xole
di prevents dov prod. Jaw

Frowm growing too 12rge (ox"‘ )
2z Av: Artention (@, kK, V) :softmax | Tae |V

N vnagq.
each nead has oifferent ‘perspectives’” on senience
MULTI-HEADED: many atientHon heads @ach wi independentiy
1earned $0,k,.v3 set. H heads, run in paranel

QYR xwWl, K z Xk, VR = X, 2h: artention (@R, kh, vh) .
Mottihead (%) = Concat( @', ..., BH) WO ? /3 j82rmed, condenses reso

3 each row iS ouek +okewn 2° but W) perspective of many heads

Hhrough #r2ining

POSITIONAL EMBEODING: Xi= i +pP; [Plug X into atrention)
9 atention Was wo Sense of Word order - just Sees Fokens

‘LEARAIED: P: iS row in l1e2rned lookup +261L, Einds best vaive

SINUSOIDAL: P; Found MBINEMBECDI\Y, Plug in i & cdlc. vector

2cHivation) makeS Engineers choose: For some layer [ o Start with n'~ from the last layer
H
Model more e @ « activation £ in each layer ~ Size of one filf D kb x mi=1 o Padding added on both side:
e e « # of layers wWeigwis per N
%PressSive but ’ § i1 11 1-1 e Filter receptive field take away k' — 1
iner. risk of activations « # of neuronsin eachlayer  Input tensor: n'~' x 0~ xm
OVG"F"H'"\ ' . Output tensor: n! x n' x mt o Stride skip pixels, thus dividing by s'
. .
9 Number of filters: m' | =#output channels
ACTIVATION FUMNETIONS: it -1 ) !
row-wise ELT- WSE: Padding: p' ! n~t+2p' — (k' -1)
step(z) = {:‘ = All activation functions except softmax are output only rn T e
i 8 1+. S. fune. Size of 12yer L's outpv
?'u“‘. ldoesnt cnamge applied glement-wise & every & ame Func. ‘Cnm on i 3
s <0 defaolt in it's own
—max(0) € By R ) ) 'S Own inp,
valzney. lauers R .
"":“’“5!"‘:;:;*#"‘-“40‘— F:VI:NU\“S‘:’ To date, the cleverest thinker of all time wa:
aot  monok.iner. p— . appled to vt
Clny pamenioe . uheie row edfeidUatd
(0= s S e range 25 2 whoe e
Subi (1) Comtvanish. araal. N
exp(en)/ Tz RELLV OERW:
softmax(s) = £'z1 x>0
exp(zn)/ T exp(z), 5 . 3 "0 %8O
T et "y
Tuhmoh=1 a'3us toa | ety ann £2x% x>0 Pl =Lt et |
denems Fout $z0 %SO BN AL L BN A
. L g \! L
Loss .| task _ ATTEN a kgl ks a'k .g:“g;,.‘mg)
squared  linear  regression ATremon) I SO o syttt A rives the weights to _
NLL  sigmoid binary classification A = softmax | —— %7 : softm: .\( 22 her probability to the correct next token
NLLM  softmax multi-class classification ?.f-\éfa: A . YU RreR: (tonv. kernel1s) +a3keS in window &
ok gk - alk
N 2vs | | 4 derects Presence of patiern in Hhat data
SELF-ATTENTION: Drd@r ignovant; in SRIF-24Hention Lrake dot prod. of window & Fiieer

MASKS: limit Pokens

+o looking a+ ineir
© 00 .00 -00

preceding tokens
v

ax
me[3T % 2 h (5 4 )
s,,g. .S Aszsof+max( G M
TRAINING METHOO: (*have +he kRy'’) TRAINING:
SUPERVISED LEARN: input X & covret 2ns. Y -paranglizabie

#raining 100 (Fuwd
£28S, backprop, vpd.
weights)

-masks 8 dropout

«1abtiCd ol2ta, predict new, unseen data
-often ustd fer c12SSTEcation
UNSUPERWVISED: S@IF discovery

cuni>beled data, describ/group daty
- 0fFen used for clustering, dutotnc, 2550,

I124er, every Path looks @ Every oner patch to higner dot prod = more likely pat+iern . finding Parrerns INFERENCE:
c2\C. Score of rRIBVAWCEE (look @ own sequence) REPRESENTATION LEARANAG: IB2fn USERUl LSELF.SUPERVISED: Subser of unsupPervised "qu:'\:ﬂl
L anab Feats./ patrerns from ola+a (goa1) Hat b. ‘generatre Yyour own I3bLIS from d2ta +jUSt Fwd pass, no
-ofenn For ima r@coq/ CIDSS IR CAFON  iransh. use O HA
o 9 Suplunsup- Can de ‘create predichon Fask (next word, patcn) | DBCEProp.
n num tokens 2 query proj dxdy | ax3 2utroencoder (unsup): 1earn compressed rep. AUTO-ENCODER: ‘“info squeeeer ™ - dropout off (see
d input token dim 4 1 key proj dxd | 4x3 lv:ﬁf‘ e:ubed. lonsup):lRarn vect. t;:p of uof‘!‘ Lix. 8) = ™Minlix- N2 Lz Nm(x, W) predictions)
. . . CNNS (Superv.): I8arn visuval re els e — y
dy. (gkv)embedding dim 3 weigne value proj D3N ARCHITECTO “:' £ (edge/snape X -9 @ncoder -» decodler- reonsStruck
H num heads 5 output proj Haoxd | 15x4  redotrere lbotHeneck) gix)>25 £(2)
okz Fult embedloling olim. X input axd | 2xa R A7 RESIDUAL CONNECTION: o —
olkz SmalIer olim. project down ko " . -2dds L +erm +o Tacobian, TTranstumer  Architecture LAl
t{’ query nxds | 2x3 ! N €n3bling US to +rdin models — gias: 1 per output
attention head K key nxd | 2x3 *"“"'f””““ P 2 ) rav - slaz—poi— - fixes dead neuron issue WEILHT: | per ;..n;uwe:'d T
vh value nxdy 2x3 e et Inembsctdiry
. r . — 2. roo.ad e
3 A" attn matrix nxn typical CNN structure for image classification armul
‘:;"‘"" the z" attn head out nxde HiearnawLle  Cout-(Cin-H.L+1) weignis per (onv2d s | |
tention P e Binpot Tozen \ b b Operation Input Shape Output Shape wacimg | |
mechanism concay(z"... 2") multi-head out | n < sta T can” TR fens .::ef:.‘r ::,n,:::: Token Embedding  tokens nxd ko v
Zow attn layer out nxd | 2x4 channel inorout Add Positional Encoding n x nx dy Aenron (S4) L
L Transformer Block nxd nx dy - :,,,,W(NE)V~ Nuti-Hom el Aenon
SPATIAL LOCALITN: knowing which pixels - Layer Norm nxd nxd ~ }anm«iw
N = 48 Unembedding nxd nxV ) Gt ( 2, 20
2re CloSe in SPICE W/ Cacwh otner P EC=" Softmax nxV nxV - 2™ e
TRANSLATION INVARIANCE: $reatr paHierns ] | o
2S Same Even i fransiate them in space @ O il V = vocab size = # %Xeﬂi
isozn: txrl;b;:’ n:"s. , |:lc .-;:‘ when obj- Shifis), O vt e oo cssncanon possible output
vt oSS o X d
TRANSFORMER: | hWidden |2yer AN MooEL: tfﬂ.AN:Foamce: W Wi W, d
. J %= quitk %= broun fy= Fox Sz jampel /
Probab:iity model T U 3 Xy Xg= Jump Input
o 23 2 1 ) O 2 N 5 X A 1[0 [oST0]0.1[0] 0. 510 ( ) = 4 i
3sSigns +o +he ‘;,‘! \,.F.. ] qud b o B¢ el (Jnmn IR 1.( St P ¥ — Layer Norm /—\ Q=XxW, .
nex+ word T i [} ek within | Input Embedding | Tinear . K = XW; d
. T - Singie toktn . J - Hoac N Each row is a query ;
in: the, out:quick Wask ] ] ] [TTI] “ep (Positonal) Y. PR B S - Each colis a key V= XW, d
T nal Ly | 3
everu word (token eay \ \ wacks on | Encoding |7 e 2 |22 Lz  Matwiul | el
o) 90 00 90 90 ia:h el L] Transformer Block e g2 | g2 ) s — QK™
fooks > @very other) NN 7N 7NNy 7NN 7 7 Il Wi | 88| | 28| | %8 Mask}>(+) gyee| A = softmaxsoy (mask + = —)
word 3 decides (sharel) N ] ST - R Stmots. catc | ‘ﬁ'*"_,” Vi
. [P A L oftmax
how important S [ 1‘]‘. X2 5"‘ [[] In Attention Transformer Block‘ 2 —— ‘ s
' opers | ape J i _
ey 2re. Tomyx.  Tx.gna Tavs 2T e - O aon \ L§ ) o B —
s tokens talk to (Transformer Block 4 e Toxot e Db Blone
4ransforme T 0L T each other to & Layert ‘ [ LayerNorm ] mewuin: o Hend nxd nxdy
— determine the ™atmul 8 maskS boMa  Attention Head Concatenation H x (nx di) nx Hdy
output at each ] - Linear "have no 1earnable Attention Output Projection  n x Hx
LAYER NO‘.M'- Stabil ’ T T position (_LeyerNorm ] MLP = params o LyerNom2 = nxd
training 8 accer copy, Y . = — L Cmeeten n
by Scating e ¥ < [III1J o[0T [ 4O erere Soinei) Cinear A'g 2t gways
SUb-124ers (attn/Pd . Same dims! Due to the residual
+o hav neM:O.idw The wick brown fox ’C::::g)a”m'eg Output comecions.
D 24¢CNEON 2cHS on @VEry TOKEBn Simult; MLP 2cron AL R 2 time N




WK 1-12
REINFOR. LEARAY. | -S: State Space (current Stuaiion)
*2Q@WE intRrACES | . A: action Space (posSibIe actowns)

i environment
- +akes actions,
9et rewards
cmanimite | -
+erm rgua:?s
ctrangitions & rew.
3re VAR NOWAL

MDP:

*T(S.a.5°): proba

wash paint

@ ) /‘

- ‘ @ @

Value Iteration(S, A T,R,7,¢)
2SSUMes Yyou know:
‘krdnsit'on probabilities T(s.a
s reward func. R(S.0)

+$°)

LforseS,acA:
2 Quals

3. while True:

3. Qui(s,a) =0

455

Beliman:
4. forscS,acA: COmPure Future vaive

5. Quew (8,0) <= R(s,0) + ¥ 1, T (5,0, 8') maxy Qua (5',a')

6. ifmax,, | Qo (s,0)

ctonverge

| maRKoOV DECISION PROCESS: (S.A. T, R, T)

t4 of S9S’ +aking o
*R(S.0): reward For S taking a
1T €[0.1]: discount Factor. how muth you
care for future remards
(7= 0 4 immed:ate, vzidlong-+erm)
T (S): policy (Siratlay). deterministie « (a)
or probabilistic w(sia)

Q Learning (S, A, 7, , s9, max-iter)

0 NOT know T or REWards
(m.de' free), oniy needs

Li—oSxperience (s,o,v,57)
2forseSacA: 'La:\ converge +o rue

*T,X,E 21l /¥ OB

5. while i < max-iter :

_| 6. [+ select_action(s, Qui(s,0)) | €= €. qreedy

7. 1. < execute(a)

VALUE FUNC: how good IS 2 stare
i€ { Gouow 2 policy?
# 1ong t&rm Sum Calc. Bxpectation

R(Mr(«')) +WEsrT(8 m(s),s') Vi 1(8’)

corvens e eu-o.d eq{..ae
revard {4 v
the immediate reward for - 1 ) horizon future
taking the policy-prescribed value at a next state s'
RGO G2 sum of future values weighted by the

probability of reaching that next state s

eject

@ C
\

discounted by v
Q-VALUES: expectred discoonted reward
St2rting From S+¥L S Lith dekiown o thew
following policy ™  Geiiman Recursion:

Vi (s) = R(s,ma(s)) +v > T(s,mn(s), s") Vi_1(s')

do what x Shys
¢ dction o i n, +hen bacy +o R for future
Q7 (s,a) = R(s,a +7ZT s,a,8 ) V', (s).

Ris)=Q% (s,m.(s)\

OPTIMAL POLILY m%: policy that yitlds
highest valve V{ trom every State
""‘.‘.1 not be unique)
Vi(s) = max, [R(s,a) + 75, T(s,a,8)Vi1()]
e
Qi(s,a)

F7

Quew (s,0) < € ]

eweck 8 s,a) (L

7. return Quew

@)Qua(s, ) + alr -+ max,

) |

8 Qui ¢ Quw S e
i e i+ 1)

Qut © Quew
12. return Qu

"calculating"

Old ES+Himare + Calculdtion

"learning" (estimating)

Q-Learning Algorithm for Finding Optimal Policy

Define the optimal state-action value functions Q} (s, a) :

R=09 never 1earn the expected sum of discounted rewards, obtained by
x| consider most
recent info

« starting in state s
« take action a, for one step

} for the

+ act optimally (h—1) steps

(- -4
GEOMETRIC SERIES: t° o)™ =

Az0: @-table never vpdares

TABULAR G-LEARNING: Store Vvalves in +able
FITTED O-LEARMING: 2pprox. BL(S.a) wl Funt. Qe(s.a) #some

Quew(s.al: (1) QoalS.a0) + & (rsvrmax, . Qoials’, o)) :5';,'.;3
C—
RKREL0.17 3 hyperparam. +rading OFF how muth we +rust ) descent

new vS. 0lol bEICIF (o= | P irust new Bxplrience)
if A2):does notr converge § det- Soiey by most recent|exp.
G 1eavn Conveages When v~ci, it decays r.er'eah;. (s.aj)vis ted
— (tiee o=
man of e new
Sta+ VIS,
(S0, fovrw. =10, STV
=10+ T max§@(si, back),
Q(s, ,forw)

1. Sample experience
interact: observe (s, a,, &)

2. Build target
y=r+ymaxy Qs a')

i |

_{

€-GREEDY ACTION SELECTION STRATEGY: € = Exploration rate [o.]
*With Probability €, ChooSe acton €A LN Formiy R random
cWith Probability (1-€),Cho0se Bramax,Qoid(S.a) (Cxploit)
TS4art: € (more Exproratrory), but 12¢er U € (move greeoy)
‘#rades off Exploration vS. Bxploitation
POLILY GRACIENTS: p2ram. ® with O, run T, update O S.+
0o Q-+3bie needed ‘good” trajeLtovi@S 2re more likely o happen
P1e2rns poticy dirtetly
feps g Detions Hhat 122d to
high rewavd should
become more probapie

Brony 225 Vologm(as | s1) - R(7)] |
~max @xp- A ¢
reward

4. Gradient step
0 60-nVeL

3. Compute loss
= (v~ Qils,a)?

trajectory drawn under the current policy sum over times

VeJ(6) =
expected total
reward

(w2nt to maX)  pow st peticy Pref.

push 0 to make the taken action more likely

$otal rEward Of #ray.

weight by how good the trajectory was

Q' satisfies:

Q-learning: Begin in state s and then repeat: Qji(s,0) = R(s,a) +7ZT(3’“~5')'":,‘XQ;-—:(5"“’)
1. :’ike action a, selected random with probability ¢ and greedy with probability viis) =m:x Qtis.o) v (s)= M:mQ; e
2. Observe the reward r and next state s’. QL (s.0)=R(S.a)+TZ T(s5.0.5) V3 (s")
3. Update Q(s, a) with learning rate « to merge old belief and new target. - s
. RR(S)z argmaxQAR(s.a)
Qs.0) ¢ (1-0)Q(s.0) +alr + TmxQ'0)) ¢ Bgowning o
S . ZT(s.a.S):Zp(s'IS) 2| €+rans. prob.
=Q(s,0) + a[(r + ymaxQ(s',a") = Q(s,a)] o horigow| s 8 ULsioch.
) . K-MEANS(k, 7, {z}} )
4. Build the policy k-Means Clustering

mh(s) = arg max Qr(s,a)

NON- PARAMETRIL MODELS: no Fixed Funecriond) form For .
CoMpIexity §rows withh da+a
» int@reretbilthy, inSignt. SPERd, adaptivity

K-NEAREST NEIGHBOR: (supervised )
Training: none. Just memorize the training set.
SMal Kz 4 var (overfit)

13rge k=t bias (underei+)

Predicting: for a new ., take the majority (class) or mean (regression) label of its

»sensiHve to Feat. scale bic uses
dist. calc. €\arger dominates

k nearest neighbors.

Parameters learned: the entire trainins set (its features and labels).
beComEes params > Cauton Khen:

-\2rge nord (dimensiondity)
circRIRvant/noisy Features
- eatures ow ol:fe. scales

Hyperparameters:

+ k: number of neighbors considered.
« distance metric (typically Euclidean or Manhattan).

« tie-breaking scheme (typically at random).

Consider a one-dimensional dataset with only one feature z. The points are in two classes given

by the value of (.

= random initialization

K-MEANS CLUSTERING: (unsupervised)
Structura\ oiscovery wio 12beIS

I. cwoose k

2. iAIEDIILE Kk Closter centers

3. 3ssign @2ch P+ Fo nearest center

Y. rLomputl Centers ¢ based on ptsS in i+S clustlr

§. recear
minimizes T lIx;-Mei 12 (tora) Sq. dist. bls pts 3 cluseers)

DSENS:tive to initidlitarion and k \2rger vals.dominate
@ reiative Sca\e of Features matrers bic use distance
D return 9roupings (NRither rEgresSsSon nor LIBSSIPitation)

good clusrer:
+pts inside Same
Clus+er:zsimiar

*COmpactk Clusters

s CAN EX:
terete ”"“'mi‘l".z?fgfgﬁe orsome  ==-2 fart=1tor Layer Input Dimensions Output Dimension
3wy 3x3x3
Assign each data point to the cluster 4 fori=1ton :
of its closest centroid convolutlonal layel' 9 .
0 i, (|2 x32x 16x16x
— 5 ¥ = axgminy 2 9 |* with 9 filters, stride 32x32x3 Bx16x9 @
pdate each centroid to be the. o . X
average of the data points assigned 6 foriziek v 2, with zero padding
toit 4 #= 4 N1 =)="" | "ReLU activation 16x16x9 16x16x9 A’
. 8 ify==yu 4 x 4 max poolin,
Stop when converged or we've P g,
reached max iteration 9 break stride 4 16x16x9 4x4x9 A’l
ENTROPY: 10_retum i,y Flattening layer 4x4x9 144x1 a3
11; It
F\} y connected layer 144 x 1 8x1 a4
. with 8 neurons
Weighted Average Entropy (WAE) Softmax activation Sx1 Sx1 o
A A
A A A | #weignt params:
9 filters of size 3 x 3 x 3, each with a bias, leads to 252 weight parameters.

Set of points in leaf m: T = {il:iz E R}

i€ Ln:
Il

=K

Fraction of points in leaf m with 7=

label k

P
Entropy of leaf m: H(In) =~ ; Pylog, i,

i |1 23456 7 8
D02 3 4 5 78 12 WAE of the split: EGis)= ‘{”‘ml y+ilma
yD 10 11 0 1 1 1
entropy H := — 3., Pe(log, P.) empirical probability
i. (2 points) In the figure below, draw the output of a 1-Nearest-Neighbor classifier. Your <
drawing should show the predicted class (0 or 1) over the entire visible range of z. If there's” ¥CBAC. L. & R H, thewn
a tie, class 1 is favored .
a 2VQ S/AeS (o cxample: c iterates over 3 classes L]
ass
1 aass | wass |
s O aass |
c2s! o o |99 ° wsssO| o T T2 L2
%<6
0 e °
M:n | E
0 2 tys 6 S a5 10 wsi2 14
ii. (2 points) In the Ilunu below, draw the output of a 5-Nearest-Neighbor classifier. Your
drawing should show the predicted class (0 or 1) over the visible range of . If there’s u
a tie, ;‘l.\» 1 is favored. ALL 4s T s e Y
Jass
Y 2 4 1 1 5 3 3 5 6
1 1 1 1 1 P.: 5 6lE P.: 5 6.[J P.: B 0 mo
11 ° o ° o °
1 1 1 H = ~[§logz (1) + i 1oz (3) + §logz (3)] H = ~[}log, (7) + § logs (§) + 0 H=—[3log; (3) +0+0]
01 o ° .
(about1252) (about 1.1) 0
0 2 1 6 N 10 12 14 EX: For SPpUt %<6:

CLASSIFICATION TREE: regression
BuildTree(1, k, D) hyperparam ik: largess 102¢ si28
Lif|]] > k » Stop SPI+ting region it has

< 242 p+S
2. foreach split dim j and split value s
nPick SPIES by

3 Set I, = {z er|al)> s}
WhaAr minim:zes
4 set I, {iel|zl <5} WAE
. © -cd@eisiown vees
5. Set gj, =average ;. ¥ @xéend wclly to
6. Set §;, = average .y, Y@ Molki-cIDSS
7. Set Bjs =Y, (v~ 45, +Em— v -3,)°
8. Set (j*,5") = argmin;, E;, * WO accecred by
9. else dife. mt-swn.
Standavd:tation
10. Set g =average ;1 y ShiFtsiscales but

no effect on
Stroct/poreds,
12. return Node (j*, s, BuildTree (I;. ,., k) , BuildTree (I ., k))

11 return Leaf(leave_value=3)

.- l_ & . - .
Hexcoz-Siog, (L) -Fleg,(E) #min wae= 211 1 c12ss in 102§
MR X562 -11eg, (1)

WAE: - (He)+ & (HR)
, indicate whether it can reduce structural error, estimation error, neither, or

both. ERROR:
(a) Penalize ||6]|? during training
structural error  / estimation error

For each one

P
QO

O both neither

(b) Penalize |62 during testing

O structural error () estimation error () both / neither

(c) Increase the amount of training data
O structural error |/ estimation error (O both (O neither
(d) Increase the order of a fixed polynomial basis
O o)

/ structural error () estimation error (O both () neither

(¢) Decrease the order of a fixed polynomial basis

O structural error |/ estimation error 0]

o b
O both O neither

Add more layers with linear activation functions to your neural network *
O structural error () estimation error () both  / neither

(g

Add more layers with non-linear activation functions to your neural nety
V/ structural error O both O neither

©: Element-wise muliplication.

(O estimation error

(h)

Slup training before training error reaches 0
structural error |/ estimation error o)

o) pithes
O both neither

0]

During training, you are running stochastic gradient descent to update the weights of
the network using backpropagation. Suppose that you are using NLL Multiclass Loss £.
Derive the backpropagation rule for the weight parameters W' of the convolutional layer.
Explicitly write the partial derivative factors according to the chain rule using variable
names from problem (a).

Solution:

oc 62‘ A 9A* aA" 9Z* dg oL

[¢9]

EX: Q-VALS: +abular
All Q-values are initialized to 0. Assume a learning rate a = 1 and discount factor 5 = 0.5.

i. (4 points) We collect the follox\ ing experience sequence:
pass 2:

1. (so, Forward, —10, s1) g o ietluor: 1o
2. (s1, Forward, —10, s3) -0 -\0+0§(100) z uo
3. (s2.Forward, 100, s3) 100 loo+ot (108) = ISQ
4. (s1,Forward, =10, s2) | -10s0.5000): uo

-lo+0.5(1s0) = &S

5. (so, Forward, —10,51) |-1040-5(40)= 1o “loaosles)z 228

Then, we replay this sequence once more (process all 5 experiences again in the same order).
Compute the Q-values after processing all experiences in order. Fill in the updated Q-values

(3 points) The optimal values at some current horizon h are given:

pP=0.8 .

rz0.q Vilso) =
EX: Vh“ US-'\Q @s Compute V},,(s1), and identify which action is optimal at s, for horizon h + 1.

—10,  Vji(s1)=-10,  Vj(sz) = 100.

120

O(s., fForward)z R(S1, forward) + ¥[p. V¥ (521 + (1-p) - Vil (soV]
£-1040.4(0.8.100+ 0.2.-10) = 0.2
Q(s., back)z R(S., back)+ T[P- VT (Se) + (1-p)- VA (SaV]
2-1040.9(0.8--10¢0.2.100) = 0.8
VEn(S) :max(60.2,0.8) 2 60.2. <. OpHM2! action: Forward

For a given hidden representation vector x, LayerNorm applies the following
transformation for each token: LANER NORM FORMULA

* u: The mean of the vector across the embedding dimensions.

& The variance of the vector across the embedding dimensions.

« yand B: Learnable parameters for scaling and shifting, which allow the model
regain representational capacity.  Machine Learning Mastery +2

Consider a tabular MDP with given state space, action space, transition probabilities,
and discount factor (S,4,T, R,7). Assume that this MDP has no
i.c., a policy can be ran without termination.

reward function,

(a) Assume that for a given policy 7 the infinite horizon value functions are V. Now
suppose all rewards are increased by 10, i.e., the new reward function Rye(s, a) =
R(s,a) +10.¥seSac A pDP, R +I1Q

Would the infinite-horizon value functions of following 7 change? If yes, write out
an expression for the new value functions in terms of V' (you do not need to worry
about, simplifying the expression). If no, explain why there will be no change.

+ & Asmall constant (e.g. 10~*) added to prevent division by zero. w

NES! Using definition of infinite horiien vaes, V():ELResTR.+riRas.i5]
ince Each Ri by 10 reSuibs in Visaie)s EL(Re210) s 7 (R1s10) 4 (R2sim) 13D
DV(5e (190710 + THowL) T VIS + 35 Fer au svabes €






