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Recall from last time: Linear Classifier

1. Define a loss function
that quantifies our

unhappiness with the

\ sirpians -0.51 3.42 scores across the training
automobile 6.04 4.64
bird 5.31 2.65 data.
cat -4.22 5.1 T
door 4 ~4.19 2.64 Come up with a way of
dog 2 3.58 5.55 efficiently finding the
"~ e L e parameters that minimize
ship -0.36 —2 .09 _4.79 the loss function.
truck -0.72 -2.93 6.14 (Optimization)
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Softmax vs. SVM
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No

matrix multiply + bias offset

hinge loss (SVM)

0.01 -0.05 0.1 0.05 -15 0.0
0.7 0.2 0.05 0.16 22 0.2
0.0 -045 | -0.2 0.03 44 -0.3

%4 56 b
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-2.85
max(0, -2.85-0.28 + 1) +
0.86 max(0, 0.86 - 0.28 + 1)
0.28 1.58
cross-entropy loss (Softmax)
-2.85 0.058 0.016
ex normalize

0.86 _p. 236 | — 5. | 0.631 | -109(0.353)

(to sum =

to one) 0.452
0.28 1.32 0.353
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Plan for Today

* Regularization

~—"

 Neural Networks g

— Modular Design

« Computing Gradients

~
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Data loss: Model predictions
should match training data

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Data loss: Model predictions
should match training data

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Data loss: Model predictions
should match training data
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Data loss: Model predictions
should match training data

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n




Data loss: Model predictions gularization: Model
should match training data should be “simple”, so it
works on test data

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Data loss: Model predictions Regularization: Model
should match training data should be “simple”, so it

works on test data

Occam’s Razor:

“Among competing hypotheses,
the simplest is the best”

William of Ockham, 1285 - 1347

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Regularization

A= regularization strength
(hyperparameter)

L=+l 3, ., max(0, f(zi; W); — f(zs; W)y, + 1) +AR(W)

In common use:

L2 regularization F(") - ro b |

L1 regularization RW) =2 4 25 Wi
Elastic net (L1 + L2) R(W) =X, 22, 8W;,; + [Wil

‘\—

[Qropout

Fancier: Batch normalization, stochastic depth
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



L2 Regularization (Weight Decay)

z=[1,1,1,1] RW) =325, W,

w; = [1,0,0,0]
wsy = [0.25,0.25,0.25,0.25]

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



L2 Regularization (Weight Decay)

z=[1,1,1,1] RW) =325, W,

W1 = _]-a 0,0, O] (If you are a Bayesian: L2

Wy = [025, 025, 025, 025] regularization also corresponds

MAP inference using a
Gaussian prior on W)
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Recap

- We have some dataset of (x,y)

- We have a score function: s = f(x; W)

- We have a loss function:

Softmax

Bigsts — 1
Og(zef) SVM

Li = 4, max(O Sj — 8y, + 1)
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’Lﬁ Z,lL’+|R( )]Fullloss
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‘] score function data loss
> g f(fl:z ’ W)-—N

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n




Recap

/,How do we find the best W?J

- We have some dataset of (x,y)

e.g.
- We have a score function: s = f(z; W) =Wz

- We have a loss function:

~ Softmax

L; = —log(<=
g D ) SVM

Li =}, max(0,s; — sy, +1)

L==%Y", L+ RW) Fullloss

-] '
regularization loss
WH R —
score function ] data loss
> f(:z:, ’ W) L
— A
:BZ

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Error Decomposition

horse “pPerso

otfass Logistic Regression
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Next: Neural Networks

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Neural networks: without the brain stuff

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Neural networks: without the brain stuff

(Before) Linear score function: f :_W:c

£

(Now) 2-layer Neural Network  f = Wy max(0, lec)(
LTS - LS‘_\_,

%@@& LT 3 (T Cﬁ, (Q»

ﬁ} W
“’*”}Zi g@ W@R@

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n I




Neural networks: without the brain stuff

(Before) Linear score function: f Wax
(Now) 2-layer Neu@eﬂMQ\f Wy % % Wlaz

xw1hwzs

3072 100 10
W

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Neural networks: without the brain stuff

(Before) Linear score function: f = Wzx

(Now) 2-layer f = Wamax(0, Wix)
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Neural networks: without the brain stuff

(Before) Linear score function: f = Wz

(Now) 2-layer Neural Network  f = Wy max(0, Wix)
or 3-layer Neural Network

= Wsmax(0, Wy max(0, Wia)
- N B

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Full implementation of training a 2-layer Neural Network needs ~20 lines:

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1000, 100, 10
X, y = randn(N, D_in), randn(N, D_out)
wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2000):
h=1/ (1+ np.exp(-x.dot(wl)))
y_pred = h.dot(w2)
loss = np.square(y_pred - y).sum()
print(t, loss)

grad_y_pred = 2.0 x (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)

grad_h = grad_y_pred.dot(w2.T)

grad_wl = x.T.dot(grad_h *x h *x (1 - h))

wl —= le-4 x grad_wl
w2 —= le-4 *x grad_w2

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



In Assignment 2: Writing a 2-layer

# receive W1,W2,bl,b2 (weights/biases), X (data)

# forward pass:

hl = #... function of X,W1,bl

scores = #... function of hl,W2,b2

loss = #... (several lines of code to evaluate Softmax loss)

# backward pass:

dscores = #....

dhl,dw2,db2 = #...

dwl,dbl = #...

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n




This image by Fotis Bobolas is
licensed under CC-BY 2.0

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Impulses carried toward cell body
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Impulses carried away
from cell body

This image by Felipe Perusho
is licensed under CC-BY 3.0

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Impulses carried toward cell body
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Impulses carried toward cell body
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Impulses carried toward cell body
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class Neuron:

def neuron_tick(inputs):
""" assume inputs and weights are 1-D numpy arrays and bias is a number
cell body sum = np.sum(inputs * .weights) + Lf.bias ’LU2.’.U2
firing rate = 1.0 / (1.0 + math.exp(-cell body sum)) # sig tivation fur
return firing rate

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Be very careful with your brain analogies!

Biological Neurons:

e Many different types
e Dendrites can perform complex non-linear computations
e Synapses are not a single weight but a complex non-linear dynamical

system
e Rate code may not be adequate

[Dendritic Computation. London and Hausser]

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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Activation functions
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Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Negrfl networks: Architectures

d
%

N
N,
X
X
N4
P
L

output layer
output layer
input layer input layer

— hidden layer hidden layer 1 hidden layer 2

N

“3-layer Neural Net”, or

TV w -
2-layer Neural Net”\ “2-hidden-layer Neural Net’

“1-hidden-layer Neural Net” “Fully-connected” layers

Fnnes P/\oDe,

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n




Example feed-forward computation of a neural network

class Neuron:

def neuron_tick(inputs):

assume inputs and weights are 1-D numpy arrays and bias is a number """
cell body sum = np.sum(inputs * .weights) +

firing rate = 1.0 / (1.0 + math.exp(-cell body sum))
return firing rate

.bias

We can efficiently evaluate an entire layer of neurons.

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Example feed-forward computation of a neural network

%
SIS
e £X

/‘W'

input layer

hidden layer 1

W

i

b

X

<7

{

" output layer

hidden layer 2

f = lambda x: 1.0/(1.0 + np.exp(-x)) # activation function

X = np.random.randn(3, 1) # random input vectoi
hl = f(np.dot(Wl, x) + bl) # calculate first hidden layer activations (4xl)
h2 = f(np.dot(W2, hl) + b2) # calculate second hidden layer acti ‘

out = np.dot(W3, h2) + b3 # output neuron (1xI

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n




Optimization



This image is CCO 1.0 public domain

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Strategy: Follow the slope

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Strategy: Follow the slope

In 1-dimension, the derivative of a function:

df(z) _ . fl@+h) - f(z)

dx h —0 h

In multiple dimensions, the gradient is the vector of (partial derivatives) along
each dimension

The slope in any direction is the dot product of the direction with the gradient
The direction of steepest descent is the negative gradient

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Gradient Descent E\
o

# Vanilla Gradient Descent W &
\fbile True:
/
weights grad = evaluate gradient(loss_fun, data, welghts_l7

! weights += - step size * weights grad # pe rm parameter update ‘

|

|
©
R
7
s
=
)
P Y

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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negative gradient direction

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n



| Stochastic GradientDescent (SGD)

Full sum expensive
when N is large!

Approximate sum

| using a minibatch of
Vw L(W)[= Z Vw Li (i, yi, W) + AV R(W) oxamplos

L,W 32 /64 / 128 common

while |
data batch = sample training data(data, 256) # sample 256 fv,';;;’,::B
weights grad = evaluate gradient (U055 IC:-‘UOLO batTh, weights)
weights += - step size * weights grad # | ter updat

F|SL]=

Slide Credit: Fei-Fei Li, Justin Johnson, Serena Yeung, CS 231n
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How do we compute gradients?

-Wfferentiation) /F(/\ﬁt /7\28 - A Z{L

G

~

I- Symbolic Differentiation

\
T- Numerical Differentiation

—

« Automatic Differentiation \
= Forward mode AD
~

Reverse mode AD
- aka “backprop’

(C) Dhruv Batra 46
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lnss = 4ln(1 —
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e

IS — ——

— 1282(1 — 7)(—8 + 162)(1 — 2r)%(1 —
SFT822) +64(1 —)(1 —22)%(1 — 8z + 822%)% —

Manual 64x(1 — 27)%(1 — 8z + 8x%)% — 256x(1 — )(1 —
Differentiation

N
7/

Coding

/

) 4
f(x):

v=1X
fori=1to3
/\ v=4v(i-vwv)
v
Ya

or, in closed-form,

—1
f(x):

[ S—

f'(x):

12 =x)(-8+16x)(1 -2

x)"2 (1-8x+8x"2)+64 (4

N

1 64x (1-x) (1-2x)"2 (1-8x+8x"2)"2

-x)(1-2x)"2(1-8x+8
x"2)"2-64x(1-2x)"2(1-8

~

x+8x"2)"2-256x(1 -x)(1 -
2x)(1-8x+8x"2)"2

Symbolic
Differentiation
of the Closed-form

—_— -
_~
Automatic Numerical
Differentiation Differentiation
—
£'(x): —
(v,v?) = (x,1) BT
fori=1to3 h = 0.000001
(v,v?) = (4v(1-v), 4v’-8vv’) (fl -f(x))/h
| (v’v)) L] p—
L— T7(xp) = f'(xp)
f?(x0) = f'(xg) Approximate
Exact
__ — 47




- 0000000000
How do we compute gradients?

. \I\/I_M;)jﬁerentiation

« Symbolic Differentiation

 Numerical Differentiation

 Automatic Differentiation
— Forward mode AD

— Reverse mode AD
» aka “backprop”
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Matrix/VVector Derivatives Notation
r\ < VM 36/{

571% {Xj xeﬁ'i




Matrix/Vector Derivatives Notation

ERNE 99 |
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Vector Derivative Example
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Extension to Tensors f“7
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Chain Rule: Composi
/0= 419 )] =({ 3} @L\ \
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Chain Rule: Scalar Case
r = 3

y 2 6 /\Cﬁ?(’["@}&\
g= 10
oL o=
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Chain Rule: Vector Case
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Chain Rule: Jacobian view

&S X
% :
@@/,E\ odi | J=
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Chain Rule: Tensors
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