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Plan

» Cover each section at a high level

« Deep dive into the models
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Loss Functions®

measure distance from ideal distribution/
measure how unlikely your data us

» Regression setting - Mean Squared Error <+— distance
. Classification setting - Cross Entropy <+— unlikelihood

LOWER IS BETTER

*Other loss functions covered in second half
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* Classification setting - Cross Entropy «—— unlikelihood



Cross Entropy

beyond the formula

« You've been introduced to it as a formula

Add a negative sign to turn it into a loss, i.e. something to minimize:
U(yi,yi) = —logp(yi|x:) = —|yilogyi + (1 — yi) log(1l — ¥:))]

- But think of it like data likelihood with a negative sign
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Cross Entropy

U(yi,yi) = —logp(yilxi) = —|yilogy: + (1 —y;) log(l —¥:))]

 But think of it like data likelihood with a negative sign

output expected
softmax data

What is the probability of
getting my expected data?
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Backpropagation

calculate derivatives of loss and update parameters

Problem 4: Mini Backpropagation [15 pts]

Suppose you are given the following network with input » and output z.

_, /X =2u + 3}

u K 3zexyext— 2

Using backpropagation, calculate the derivative of the output z with respect to the input u. You may leave
your answer in terms of u, x, and y. Please show your work, including the calculations of any intermediate
derivatives you use to derive your final answer.
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Optimization
backpropagate optimally
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Gradient Descent
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compute expensive

Optimization

backpropagate optimally

Stochastic
Gradient Descent

fast but noise ball
convergence

Mini-Batch
Stochastic
Gradient Descent

without momentum
cangetstuckina
saddle point s-

f(x)

0 4

-5 -

/.

/

\

addle point

-2

-1

0 1 2




Optimization
backpropagate optimally

SGD with Momentum




Optimization
backpropagate optimally

SGD with Momentum

Accumulate Gradients
moving average




Optimization
backpropagate optimally

SGD with Momentum

Accumulate Gradients
moving average

again stuckina
saddle if sparse
gradient



Optimization
backpropagate optimally

SGD with Momentum Adagrad




SGD with Momentum

again stuckina
saddle if sparse
gradient

Optimization

backpropagate optimally

Adagrad

Element wise control - sow_and
update at different rates

Wy




SGD with Momentum

again stuckina
saddle if sparse
gradient

Optimization

backpropagate optimally

Adagrad

But can end up
stopping early if
initial gradients high

Element wise control - sow_and
update at different rates

Wy




SGD with Momentum

againstuckina
saddle if sparse
gradient

Optimization
backpropagate optimally

Step-by-Step

Gradient Arrows
| Adjusted Gradient Arrows
| Momentum Arrows

Sum of Gradient Squared
Path

Gradient Descent

<>

Learning Rate: 1e -2

Adagrad

<>

Learning Rate: 1e -1

1 AMSprop

But can end up
stopping early if
itial gradients high

Element wise control -sow_and w

update at different rates

Y




Optimization
backpropagate optimally

SGD with Momentum Adagrad

again stuckina
saddle if sparse
gradient




Optimization
backpropagate optimally

SGD with Momentum Adagrad

Element wise

again stuckina
saddle if sparse

gradient Wy
update at different

rates
But can end up
stopping early if
initial gradients high

control - sow, and




Optimization
backpropagate optimally

SGD with Momentum Adagrad RMSProp

Element wise

againstuckina
saddle if sparse

gradient Wy
update at different

rates
But can end up
stopping early if
initial gradients high

control - sow, and




Optimization
backpropagate optimally

SGD with Momentum Adagrad RMSProp

Element wise

againstuckina
saddle if sparse

gradient Wy
update at different

rates
But can end up
stopping early if
initial gradients high

control - sow, and




Optimization
backpropagate optimally

SGD with Momentum Adagrad RMSProp

exponential decay
moving average
Element wise less weight to older gradients

again stuckina
saddle if sparse

gradient Wy
update at different

rates

control - sow, and

But can end up
stopping early if note that first moment

initial gradients high estimate is not tracked




Optimization
backpropagate optimally

SGD with Momentum Adagrad RMSProp

exponential decay
moving average
Element wise less weight to older gradients

again stuckina
saddle if sparse

gradient Wy
update at different

rates

control - sow, and

But can end up
stopping early if note that first moment

initial gradients high estimate is not tracked




Optimization
backpropagate optimally

SGD with Momentum Adagrad RMSProp
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SGD with Momentum

gradient

Optimization

backpropagate optimally

Adagrad

2
Vit = Vi + 8

@7
VVit1 T €

Wil = Wy — © g

update at different
rates

But can end up
stopping early if
initial gradients high

RMSProp

exponential decay
moving average

OV

— P)8¢

note that first moment
estimate is not tracked
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Optimization
backpropagate optimally

Algorithm 2 Adam with Lo regularization and Adam with decoupled weight decay (AdamW) ADAMW
1: givena = 0.001,31 =0.9,8, =0.999.e =107, A € R
2: initialize time step ¢ <— 0, parameter vector 8:—o € IR", first moment vector m:—o < 0, second moment

vector vi—g < 0, schedule multiplier n:=o € IR

3: repeat
4. t+t+1
5:  Vfi(0:—1) < SelectBatch(0:_1) > select batch and return the corresponding gradient Add L2
6: 8; < Vft (Ht_l) +AO0:_1 . .
7. my <+ Bimi—1 + (1 — B1)g, > here and below all operations are element-wise I’GQUIaI’IZGtIOn
8: Vi < ﬁQVt_l -+ (]. — 52)g?
9:  my < my/(1— 7)) > (31 is taken to the power of ¢

10: b < v /(1 — B335) > (2 is taken to the power of ¢

11:  n: < SetScheduleMultiplier(t) > can be fixed, decay, or also be used for warm restarts

12: O, — 0;_1 — T+ (Oéﬁlt/(\/f’_t + 6) MO )

13: until stopping criterion is met
14: return optimized parameters 0




Optimization

backpropagate optimally

m:y = fimy + (1 — 51)g:

Vi1l = Bove + (1 — ,[)’Q)gf

( mt+1

mMi+1 1 — gitl
1
~ Vit+1
Vi+1 ] _ gitl
2
o

— G myy
\V/Vi+1 + €

= W; —

combine first
momentum tracking
from “SGD with
momentum” with
“exponential decay
of RMSProp”

ADAMW

Add L2
regularization

Algorithm 2 Adam with L, regularization and Adam with decoupled weight decay (AdamW)

[\ I

12:

13:
14:

3
4
5
6:
7:
8
9
10

given o = 0.001, 81 = 0.9, 82 = 0.999,e =108, A € R

initialize time step ¢ <— 0, parameter vector 8;—¢ € R", first moment vector m:—o < 0, second moment

vector v¢—o < 0, schedule multiplier n:—0 € R

: repeat

t+—t+1

V ft(0¢—1) < SelectBatch(6:—1) > select batch and return the corresponding gradient

8t < Vft(ot—l) +)\0t—1

m; < fimi_1 + (1 — B1 )gt > here and below all operations are element-wise

vi < Bovi—1 + (1 — Bz)gf
iy < mq/(1— i)
ff't < vt/(l — 5;)

0 < 01—y (Oéﬁlt/(\/f’_t-l- €) +A0;_1 )

until stopping criterion is met
return optimized parameters 0

> (1 is taken to the power of ¢
> (2 is taken to the power of ¢
Nt < SetScheduleMultiplier(t) > can be fixed, decay, or also be used for warm restarts
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OVERFIT
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Needs to Error Regime #2
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Acceptable test error € N d t
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Regularization

ensures model doesn’t overfit

Regularization
tackles this
OVERFIT
Testerror
Needsto S
generalize more \
""""""""""""""""""""""""""""""""""""""""""""""" UNDERFIT
Acceptable test error €
Needs to
Training error SPQCiaIize more

# Training instances
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Why does overfitting happen (naive)

/ﬁ color sensitivity
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so ideally we would like more evenly distributed weights
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So what are some techniques to tackle
this

» Early Stopping - before it has the time to become uneven

» L1/L2 regularization
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Regularization - ensures model doesn’t overfit

. L1/L2 regularization Naive Visualization of Weights

L, Ly

A

. argmin £(w, D) + = ||w||3 argrainﬁ(w,D)+A\w\
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So what are some techniques to tackle
this

» Early Stopping - before it has the time to become uneven
» L1/L2 regularization

« Dropout
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Regularization - ensures model doesn’t overfit

« Dropout

Input Layer

/

@ 2\

Ensures no over-dependence
on specific neurons

X
:
X

00000




Regularization - ensures model doesn’t overfit

if self.training:
HUHAAG G W
# Generate a binary mask where each element has a value of True
# if it is retained (not dropped out) and False if it is dropped out.

® D rO pOut mask = torch.rand(x.size()) > self.p

# Scale the input tensor 'x' to compensate for the dropped out elements.
# This scaling ensures that the expected value remains the same.
scaled_x = x / (1 - self.p)

# Apply the dropout mask to the input tensor by zeroing out the elements
Input Layer :

# based on the mask.

x = scaled_x * mask.float()
return X

Ensures no over-dependence
on specific neurons



Regularization - ensures model doesn’t overfit

if self.training:
RURRBBHHH
# Generate a binary mask where each element has a value of True
# if it is retained (not dropped out) and False if it is dropped out.

® D rO pOut mask = torch.rand(x.size()) > self.p

# Scale the input tensor 'x' to compensate for the dropped out elements.
# This scaling ensures that the expected value remains the same.
scaled_x = x / (1 - self.p)

# Apply the gdropout mask to the input tensor by zeroing out the elements
# based on the mask.
x = scaled_x * mask.float()

return X

Input Layer

/

either
divide by 1-p in training time

BN

Ensures no over-dependence you can multiply by 1-p in test time
on specific neurons

X
:
X

00000
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So what are some techniques to tackle
this

Early Stopping - before it has the time to become uneven
L1/L2 regularization

Dropout

Increased Learning Rate

Skip Connections
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Regularization - ensures model doesn’t overfit

 |Increased Learning Rate - Skip Connections
Noisier updates v = F() + x
~D

Stochastically, more of the loss T
. Conv Layer

landscape accounted for in (ideﬁmy) "

gradient descent
X
Improves generalization
Residual Blocks




 |Increased Learning Rate

Noisier updates

Stochastically, more of the loss
landscape accounted for in
gradient descent

Improves generalization

Regularization - ensures model doesn’t overfit

» Skip Connections

X
(identity)

y = F(x) + X

D
T

Conv Layer
4

X

Residual Blocks

6L O6L d&y oL
—_— T — K —_— T —
éx Oy oOx Oy

Plain

SL 8L &8y 6L
_oL oy _

5_5)/ 5x_@

ResNet

(F'(x))

(1+F'(x))




Regularization - ensures model doesn’t overfit

 |Increased Learning Rate - Skip Connections
Noisier updates v = F(X) + X oL _OL 8y 8l
éx Oy oOx Oy
@ Plain
Stochastically, more of the loss T SL 8L Sy 6L ,
. Conv Layer 5x 8y *g:@(lﬂLF (x))
landscape accounted for in (ide)ritity) .
. ResNet
gradient descent
Gradient that
.. X would’ve otherwise
Improves generalization .
Residual Blocks vanished
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So what are some techniques to tackle
this

Early Stopping - before it has the time to become uneven
L1/L2 regularization

Dropout

Learning Rate

Batch Norm

Layer Norm
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« Batch Norm

Can'tdo at test -
time

Maintain
running average

Batch Normalization for
fully-connected networks

X: N x D
Normalize *

M,0: 1 x D

Y,p: 1 x D

y = Y(x-M) /0+B

Regularization - ensures model doesn’t overfit

Batch Normalization for
convolutional networks
(Spatial Batchnorm, BatchNorm2D)

X: NXCXHXW

Normalize * * *

M,0: 1xCx1lxl
Y,B: 1xCx1lxl

y = Y(x-M) /0+B
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Layer Normalization

Batch Normalization for
fully-connected networks

Layer Normalization for

fully-connected networks
Same behavior at train and test!
Can be used in recurrent networks

X: N x D X: N x D
Normalize ‘ Normalize ‘
MH,0: 1 x D M,0: N x 1
Y,B: 1 x D Y,B: 1 x D

y = Y(x-M) /0o+B y = Y(x-M)/0+B
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Layer Normalization

Batch Normalization for
fully-connected networks

Layer Normalization for

fully-connected networks
Same behavior at train and test!
Can be used in recurrent networks

X: NxD x: N XD will be useful in Transformers
Normalize ‘ Normalize ‘ /
MH,0: 1 x D M,0: N x 1
Y,B: 1 x D Y,B: 1 x D

y = Y(x-M) /0o+B y = Y(x-M)/0+B



Regularization - ensures model doesn’t overfit

Instance Normalization

Batch Normalization for Instance Normalization for
convolutional networks convolutional networks
Same behavior at train / test!

X: NXCXHXW X: NXCXHXW

Normalize ¢ * ¢ Normalize * *

M,0: 1xCx1lxl M,0: NxCx1lxl
Y,B: 1xCx1lx1l Y,B: 1xCx1lx1

y = Y(x-M) /0o+B y = Y(x-M)/0+B



Regularization - ensures model doesn’t overfit

Batch Norm Layer Norm Instance Norm

H,W
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Few-Shot Principles

they prime you to understand deep-learning

A. Inputs need encoding

B. Training/Learning — weight/parameter updates —
Backpropagation — Loss function

. Loss ~ distance from ideal distribution
Purpose of training is to maximize the likelihood of training data
Optimization algorithms help backprop reach low loss optimally

1m0

Regularization ensures you don’t overfit



Convolution

HIDDEN LAYERS ~ MODEL




