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DISCLAIMER

The content (text, image, and graphics) used in this slide are
adopted from many sources for academic purposes. Broadly,
the sources have been given due credit appropriately. However,
there is a chance of missing out some original primary sources.
The authors of this material do not claim any copyright of such
material.



So far in this class: A Unifying View
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So far in this class: A Unifying View

Linear transformation of input features (I/x) followed by an activation function g(-)

Linear Regression Binary Classification Multi-Class Classification

w

outputy = g(Wx) outputy = g(Wx)
: where g(-) == : where g(*) = a(*) : _
input x input x inputx  outputy = g(Wx)

where g(*) = softmax(*)

W € R*D where D is the input dimension and C is the output dimension.



Perceptron

* Supervised learning of binary classifier

Input Bias
b

Weights

Output: sign(w-x + b)
>




A Unifying View: Single-Layer Neural Network

output layer
input layer

* Challenge: it needs “good” input features
* Most ML work before focused on hand designing features



The “Promise” of Deep Neural Networks

* Representation Learning: automatically learn
good features for tasks

* Deep Learning: learn multiple levels of
representation at increasing levels of complexity

(4) object models

(3) object parts
(combination
of edges)

(2) edges
input layer

hidden layers

(1) pixels
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Inspired by Simplified Models of Brain Neurons

* 1943: Perceptron model (McCulloch & Pitts)

* Intended as theoretical model of biological neurons

*Y\&()[



“Dark Ages”

* 1969: Perceptrons cannot learn XOR (Minsky & Papert)
* Highly controversial

* 1998: Convolutional neural networks for MNIST (Lecun)
* Human-level performance on handwritten digit recognition

* 1997: Long Short-term Memory Networks (Hochreiter

/ and Schmidhuber)

Extremely
Similar Today




2012 - NOW

* 2012: ImageNet breakthrough (Krizhevsky, Sutskever, & Hinton)
* Reduced error on image classification by 50%

» 2017: Transformer architecture (Vaswani et al.)

» 2018: Turing award (Bengio, Hinton, & Lecun)



The Nobel Prize in Physics 2024

THE NOBEL PRIZE
IN PHYSICS 2024

John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

THE ROYAL SWEDISH ACADEMY OF SCIENCES




The Nobel Prize in Chemistry 2024

THE NOBEL PRIZE
IN CHEMISTRY 2024

payawi|3 sepyIN suoijessn|||

Demis John M.
Baker Hassabis Jumper

“for computational “for protein structure prediction”
protein design”

THE ROYAL SWEDISH ACADEMY OF SCIENCES



2012 - NOW

* 2012: ImageNet breakthrough (Krizhevsky, Sutskever, & Hinton)
* Reduced error on image classification by 50%

» 2017: Transformer architecture (Vaswani et al.)

» 2018: Turing award (Bengio, Hinton, & Lecun)

* 2024: The Nobel Prize in Physics & Chemistry

* Generative Al & LLMs... To be continued?



Why Wasn’t it Working Before?

* Small Datasets & Less Capable Hardware
* Machine translation needs millions of sentences to see improvements

* Missing bag of tricks for optimization
* Regularization like Batch Normalization and Dropout

* Some domain specific tricks & architectures
 Word embedding for NLP



Simplified Brain Modeling: Loose Inspiration

Impulses carried toward cell body

\ dendrite
/ presynaptic

terminal

o wy

. J

axon from a neuron ol
woTo

Impulses carried a\;ay
from cell body

/" cell body
w1

g (Z wz; + b)

1. Takes scalar inputs ~output axon
¢ ? . activation
2. Multiply each input by a weight R

3.Sum all weighted input W22

4. Apply a non-linear activation

©



Feed-Forward Neural Networks

* Signals move in one direction — forward — with no cycles or loops.
e Also called Multi-Layer Perceptrons (MLP)

output layer output layer
input layer input layer
hidden layer hidden layer 1  hidden layer 2
“2-layer Neural Net”, or “3-layer Neural Net”, or
“1-hidden-layer Neural Net” “2-hidden-layer Neural Net”

“Fully-connected” layers @
4



SIZING NEURAL NETWORKS
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First network (left):
No. of neurons (not counting the inputs):
No. of learnable parameters:

http://cs231n.github.io
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Sizing Neural Networks

output layer
input layer input layer
hidden layer

First network (left):

No. of neurons (not counting the inputs): 4 + 2 =6

No. of learnable parameters:

{

7
(U

i/

:
)

%

1

@

‘\

\

"

)

D

\
{

()

4

)\

)

/

hidden layer 1

tput layer

hidden layer 2

Source: @
http://cs231n.github.io
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Sizing Neural Networks

output layer

input layer input layer

hidden layer
First network (left):

\

o}o
g
2O
0;0;0

[
oy

Va
®

tput layer

hidden layer 1 hidden layer 2

No. of neurons (not counting the inputs): 4 + 2 =6
No. of learnable parameters: [3 x 4] + [4 x 2] = 20 weights +

4 + 2 = 6 biases = 26.

Source: @

http://cs231n.github.io
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Sizing Neural Networks

output layer

input layer input layer

hidden layer
First network (left):

PRI

4
O
¢

output layer

)
(U

hidden layer 1 hidden layer 2

No. of neurons (not counting the inputs): 4 + 2 =6
No. of learnable parameters: [3 x 4] + [4 x 2] = 20 weights +
4 + 2 = 6 biases = 26.

Second network (right):
No. of neurons (not counting the inputs):
No. of learnable parameters:

Source: @

http://cs231n.github.io
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Sizing Neural Networks

X
w‘«{

4
\
X

output layer

)
(U

output layer
input layer input layer
hidden layer hidden layer 1 hidden layer 2

First network (left):

No. of neurons (not counting the inputs): 4 + 2 =6

No. of learnable parameters: [3 x 4] + [4 x 2] = 20 weights +
4 + 2 = 6 biases = 26.

Second network (right):

No. of neurons (not counting the inputs): 4 +4+1=9

No. of learnable parameters: [3x4]+[4x4]+[4x1] = 32 weights +
4+4+1=9biases=4], "o O

s231n.github.io
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Matrix Notation

1 layer Neural Net: y = Wy x g is a non-linear activation

2 layer Neural Net: y = W, g (W1 x) function for hidden layers
3 layer Neural Net: y = W3 g(W,g(W1x))

x € RP, W, € RH1XD |, € RH2XH1 /5 € RH3xHz

(In practice we will usually add a learnable bias at each layer as well)



Non-Linearity g

» Sigmoid activation function:
e Outputs values between 0 and 1
* Probability of neuron firing/activated

e RelLU (Rectified Linear Unit):
* Efficient computation
* Doesn’t saturate
* Most commonly used today

L] L
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sigmoid
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10

. R(z) =maxz(0, z).




Why Non-Linearity?

Q: What if we try to build a neural network without one?



Why Non-Linearity?

Q: What if we try to build a neural network without one?

2-layer Neural Net: y = W,g(W1x)

> Y = W2W1x
3-layer Neural Net: y = W3g(W,g(W1x))

> Yy = W3W2W1X



Why Non-Linearity?

Q: What if we try to build a neural network without one?

2-layer Neural Net: y = W,g(W1x) >y =W Wix

3-layer Neural Net: y = W3g(W,g(W1x))

> Yy = W3W2W1X
A: We would end up with linear classifier!

Non-Linearities are important for learning features/representations
with increasing levels of complexity




Model Capacity

* Capacity of a feed-forward neural network is affected by both:
e Depth: number of hidden layers
e Width: number of neurons in each hidden layer

* More neurons = more capacity



Model Capacity

3 hidden neurons 6 hidden neurons 20 hidden neurons

Source: http://cs231n.github.io
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Multi-Layer network demo

INPUT + — 1 HIDDEN LAYER OUTPUT
Which properties do T 1 Test loss 0.020
you want to feed in? Y- Training loss 0.013
4 neurons
P~
"\\.};}(’“"
-I.‘..- .
“ = =eRESIID -.....E“M |
i

et ‘h‘
X, = o~ M“------E.

}{.){2 This is the output
from one neuron.
Hover o sea it
inX,) o
sin(X,
Colors shows
) data, neuron and !
sin{X,) A [1] 1

weight values.

[ showtestdata [] Discretize output

http://playground.tensorflow.org/
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Loss Functions

* Same as single-layer models (i.e., linear and logistic regression)

* Regression:
* MSEloss:  Lyse(y,y*) = (y — y*)?
* Classification:
* Binary cross entropy for binary classification:

L(y,y")=—-y logy — (1 —y*)log (1 —y)

 Cross entropy for multi-class classification:

C
Ly, y*)=—) yilogy

=1



Optimization

Solvefor  @* = argmin L(9,y)
6

Q: Don’t | have to optimize differently for different L(-)?

A: No, just use gradient descent. It is the most general optimization approach
we know.

Q: But what if L(:) is non-convex in W?

A: It almost surely is. Do gradient descent anyway. Just make sure everything
is differentiable.

@



Computing Gradients

* You could write down the full function and calculate the gradients for all the
weights manually.

* It takes a lot of time and paper

* Change loss function (e.g., add L2/L1) = Need to compute from scratch
again

* Better Idea:
* Use computational graph and chain rule of gradient calculation



Backpropagation

* It’s taking derivatives and applying chain rule! OF(G(x)) _ OF(G(x)) , 0G(x)
ox G ox

* We will re-use derivatives computed for higher
layers in computing derivates for lower layers so as

to minimize computation N
KEEP
* Good news is that modern automatic CALM
differentiation tools did all for you! AND

* Implementing backprop by hand is like USE
programming in assembly languages. CHAIN RULE




Computational Graph np—

* Break down function computation:
 Data (input, output, and intermediate)
* Operators (e.g., addition, multiplication)

* Consider the following function:

w = log(x1x;)sin(x;)

©

https://pytorch.org/blog/computational-graphs-constructed-in-pytorch/
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Full Graph

Requirement for each operator:

Forward: compute their output
function given input.

Backward: compute the gradient
of their output w.rt. each input.

If all operators can do forward &
backward computation, we can
compute the derivative of the output
with respect to any input, procedurally.

4

- forward

. MultBackward

0
ﬂ

LogBackward SinBackward

o

- MultBackward

Grads from different paths are added together

https://pytorch.org/blog/computational-graphs-constructed-in-pytorch/

backward |
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Interpretation of the Gradient

Interpretation. Derivatives indicate the rate of change of a function with respect to that
variable surrounding an infinitesimally small region near a particular point:

df@) _ . f@+h) — f()

dx h —0 h

Source:
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Interpretation of the Gradient

Interpretation. Derivatives indicate the rate of change of a function with respect to that
variable surrounding an infinitesimally small region near a particular point:

df@) _ . f@+h) — f()

dx h —0 h
_ of _ of _
flz,y) =z +y - %—1 8—y_1
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Interpretation of the Gradient

Interpretation. Derivatives indicate the rate of change of a function with respect to that
variable surrounding an infinitesimally small region near a particular point:

df(@) . f@+h) — f(@)
dz Koo h
flag)=a+y - g1 Lo
fay) =z - Py FP-a
f(z,y) = max(z,y) — % =1(z >=y) % =1(y >= )

Source:
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Compound Expressions with Chain Rule

f(z,y,2) = (z +y)z

L)

Source: http://cs231n.github.io
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Compound Expressions with Chain Rule
f(@,y,2) = (z +y)z

g=x+yand f=gqz

L)

Source: http://cs231n.github.io
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Compound Expressions with Chain Rule
f(@,y,2) = (z +y)z

g=x+yand f=gqz

4N

©

Source: http://cs231n.github.io
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Compound Expressions with Chain Rule

f(z,y,2) = (z +y)z

g=x+yand f=gqz

oq . 0q 97
or 1, % =1 aq “ 0z
Chain rule: 8f — 3f 3q

Source: http://cs231n.github.io

)
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f(z,y,2) = (z +y)2

g=x+yand f=gqz

Compound Expressions with Chain Rule

Source: http://cs231n.github.io
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Compound Expressions with Chain Rule

f(z,y,2) = (z +y)z o _, % _ g
dq 0z
dq . O0qg

g=xz+yand f=qz %—lja—l

X of _ 9f dq
dr ~ dq Oz
+ 1\
y
f
Z

Source: http://cs231n.github.io
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Compound Expressions with Chain Rule

f(z,y,2) = (z +y)z o _, % _ g
dq 0z
dq . O0qg
g=xz+yand f=qz %—lja—l
X -2 of  f dg
dr ~ dq Oz
)\
y O
f
z -4

Source: http://cs231n.github.io
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Compound Expressions with Chain Rule

f(z,y,2) = (z +y)z o _, % _ g
dq 0z
3q_ 3q_

g=xz+yand f=qz %—lja—l

X 2 f _ of &g
dr ~ dq Oz
+ )2
y O
f
Z -4

Source: http://cs231n.github.io
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Compound Expressions with Chain Rule

f(z,y,2) = (z +y)z o _, % _ g
dq 0z
dq . O0qg
g=xz+yand f=qz %—lja—l
X -2 of  f dg
dr ~ dq Oz
+ )2

y O
f -12

z -4
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Compound Expressions with Chain Rule
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1
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Compound Expressions with Chain Rule

f(z,y,2) = (z +y)z o _, % _ g
dq 0z
3q_ 3q_

g=xz+yand f=qz %—lja—l

X 2 f _ of &g
dr ~ dq Oz
+ )42

y O

f -12
1
z -4
3
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Compound Expressions with Chain Rule
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4
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Compound Expressions with Chain Rule
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Compound Expressions with Chain Rule

f(z,y,2) = (z +y)z o _, % _ g
dq 0z
dq . O0qg
g=xz+yand f=qz %—lja—l
X 2 of _ of g
4 dr ~ dq Oz
+ )2
4
y O
4
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Forward and Backward Pass

x 3.00
-*- -
y -4.00
e (0}
z 2.00 P
max—
w -1.00

©

Source: http://cs231n.github.io



http://cs231n.github.io/neural-networks-1/

Forward and Backward Pass

x 3.00
-12.00
* -
y -4.00
(72 )
z 2.00 v
2.00
Maxy—
w -1.00

(o)

Source: http://cs231n.github.io
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Forward and Backward Pass

x 3.00
-12.00
-+ -
y -4.00
) -10.00 @ ;
z 2.00
2.00
Max—
w -1.00

©

Source: http://cs231n.github.io
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Forward and Backward Pass

x 3.00
-12.00
-+ -
y -4.00
) __-10.00 @ _-20.00
z 2.00
- _2.00
w -1.00

(o)

Source: http://cs231n.github.io
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Forward and Backward Pass

x 3.00
-12.00
* -
y -4.00
) __-10.00 @ _-20.00
o0 \__/ 100
2.00
max—
w -1.00

L)

Source: http://cs231n.github.io
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Forward and Backward Pass

x 3.00
-12.00
* -
y -4.00
D)t (72t
z 2.00 ' '
2.00
Maxy—
w -1.00

L2)

Source: http://cs231n.github.io
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Forward and Backward Pass

x 3.00

-12.00

* -

2.00

y -4.00
D)t (72t
z 2.00 ' '
AR 2.00

2.00

w -1.00

(o)

Source: http://cs231n.github.io
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Forward and Backward Pass

x 3.00
~-12.00
2.00
Dasron ey
z 2.00 | |
. 2:00
2.00
w -1.00

©

Source: http://cs231n.github.io
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Forward and Backward Pass

x 3.00
~-12.00
2.00
6.00
Dasron ey
z 2.00 | |
. 2:00
2.00
w -1.00

©

Source: http://cs231n.github.io
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Forward and Backward Pass

x 3.00
~-12.00
2.00
6.00
Dasron ey
z 2.00 | |
2.00
2.00

(o))

Source: http://cs231n.github.io
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Forward and Backward Pass

x 3.00
~-12.00
2.00
6.00
Dasron ey
z 2.00 | |
2.00
2.00

0.00

L)

Source: http://cs231n.github.io
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Sigmoid Example

1 e Y
flw,x) = 1 fl2)=3 7 @
1 + e—(’wU:Bo—i—wlim—l"wQ) fc(m) — e+t N ﬁ —1
dx
N df _ .
w0 2.00 fla)=e 7 e "
fo(z) = ax — % -4

0.20
oo

Modified from: http://cs231n.github.io
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Backpropagation in General Computational Graph

e Forward propagation: visit nodes in topological sort order
e Compute value of node given predecessors

e Backward propagagation:
e Initialize output gradient as 1

e Visit nodes in reverse order and compute gradient wrt each
node using gradient wrt successors

oL 0y;
o Z < Oy; Oz

{y1,...,yn} = successors of x




Forward Computation
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Forward Computation
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Forward Computation
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Forward Computation
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Backward Computation
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Backward Computation

T

W1 Wz W3 W4 W5 W6 W;




Backward Computation
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W1 Wz W3 W4 Ws W6 W;




Recall: Multi-layer Neural Networks

« The function computed by the network is a composition of the functions
computed by individual layers (e.g., linear layers and nonlinearities):
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hidden
representation

hy
X

input first layer
transformation



Recall: Multi-layer Neural Networks

The function computed by the network is a composition of the functions
computed by individual layers (e.g., linear layers and nonlinearities):

« More precisely:

hidden
representation
h
hq 2
X
input first layer second layer
transformation transformation



Recall: Multi-layer Neural Networks

The function computed by the network is a composition of the functions
computed by individual layers (e.g., linear layers and nonlinearities):

« More precisely:

hidden
representation
X hK
input first layer second layer output layer output
transformation transformation



Training a Multi-layer Network

hidden output
representation

hy h, hyg—1 hg
be

input first layer second layer output layer
transformation transformation
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-  What is the SGD update for the parameters w,, of the kth layer?



Training a Multi-layer Network

hidden output
representation

hy h, hyg—1 hg
be e

input first layer second layer output layer loss function error
transformation transformation

-  What is the SGD update for the parameters w,, of the kth layer?
de

Wi < Wi —U—aw
k



Training a Multi-layer Network

hidden output
representation

hy h, hyg—1 hg
be e

input first layer second layer output layer loss function error
transformation transformation

What is the SGD update for the parameters w;, of the kth layer?
de

Wy <& Wi — nf)‘_wk

To train the network, we need to find the

. 0
gradient of the error w.r.t. the parameters of each layer, —6;
k



Computation Graph



Chain Rule

w1

v
hy
Let's start with k = 1 x @ @ e

e = l(fl(x' Wl);y)



Chain Rule

Let's start with k = 1

e = l(fl(X, Wl);y)

oh,
an

hy
(109 )+ ¢
de

oy



Chain Rule

Let's start with k

e = l(fl(xr Wl);y)

aiwll(fl(xl Wl)i y) -

=1

2e oy
6h1 an

oh,
6W1

hy
(109 )+ ¢
de

oy



Chain Rule

Let's start with k = 1

e = l(fl(xr Wl);y)

0 _ de ony
aW1 l(fl(xl Wl)ly) - ahl 6W1

Example: e = (y — wi x)?

oh,
6W1

hy
(109 )+ ¢
de

oy



Chain Rule

Let's start with k = 1

€ = l(fl(xr Wl);y)

o _ Oe oy
ow, l(fl(xl Wl); J’) - dh, Ow,

Example: e = (y — wi x)?
hy = f1(x,wy) = W’1Tx
e=1(h,y) =y —h)?

oh,

an

hy
(109 )+ ¢
de

oy



Chain Rule

Let's start with k = 1

e = 1(fi(x,w1),y)

0 de dh
a_wll(fl(xl Wl);y) = = 2L

6h1 an
Example: e = (y — wi x)?

hy = fi(x,wq) = W’1Tx

e =1h,y) = (- h)’

on,  Ohy
an
dh,
—=777277
ow,
de
— =772227?
dhy



Chain Rule

@D
v
hy
Let's startwithk =1 =« @ 6 @ e
on, Oy
e = l(f1(x, wy1),y) ow;
0 — Oe ohy
a_wll(fl(xl Wl);y) — dhy, Ow,
Example: e = (y — wi x)?
ohy
hy = fi 0, wy) = wix a—W1_x
0
e =1(hy,y) = (v = hy)? 3= 20— h) = =20~ w]®)



Chain Rule

hy
Let's start with k = 1 x @ a @ e

oh,  Ohy
e = I(f1(x,w1),y) aw,
0 _ Oe oy
a_wll(fl(xl Wl);y) - 6h1 awl
Example: e = (y — wi x)?
oh,
h1:f1(x;W1):W’1Tx (9—W1_x
0
e =1(hy,y) = (y — hy)? 3= 20— h) = =20~ w]®)

ae_aeahl_z( T
dw,  0Oh ow, Wt ©




Chain Rule

e = I(f2(f1(x, w1), W), y)




Chain Rule

.
hy
dh,
e = l(fz(fl(X,Wl),Wz),Y) a_Wz
de B de ahz
aWZ N ahz aWZ

ha

de
dh,

@ e



Chain Rule

e = I(f2(f1(x, w1), W), y)

de de dh,

ow, dh, ow,



Chain Rule

D, w2
v
hq h,
k=2 Dt D )~
e
e = 1(f2(f1(x,wy), w3),y) oha
de de 0h, de de

ow, 0h, 0w, ow, 0h,



Chain Rule

@D W,
v
hq h,
=2 o —Caom D—Catum D X0)
e = I(f(fi(x,w1),w5),9) = "
de  de 0Oh, de  0de dh,
aWZ B ahz aWZ awl N ahz ahl



Chain Rule
D) Wy

hq ' h,

2 GG @D
de ﬁ
e = l(f2(f1(x,w1), w3),y) ohy Z—:i oha
de de 0h, de de dh,

ow, dh, ow, ow, |oh, Oh,




Chain Rule
D) w

v

hy h,
e = l(f,(f1(x,w1),w3),y) g—v}z Ohy Z—Zj oh,
de _ e dhy de [de Ohy)oh,
Ow,  dhy Ow, dw; |0h, Oh,|0w,




Chain Rule
D) w

v

hy h,
e = l(f2(fi(x,w1),w3),y) g—v}z Ohy Z—:j oh,
de _ e dhy de [de Ohy)oh,
Ow,  dhy Ow, dw; |0h, Oh,|0w,

Example: e = —log (a(wlT x)) (assume y = 1)



Chain Rule
D) Wy

hy L h,

e = l(f,(f1(x,w1),w3),y) g—v}z Ohy Z—:j oh,
de _ e dhy de [de Ohy)oh,
Ow,  dhy Ow, dw; |0h, Oh,|0w,

Example: e = —log (a(wlT x)) (assume y = 1)

hy = filx,wy) = W1Tx

h, = f,(hy) = a(hy)
e = 1(hy, 1) = —log(hy,)



Chain Rule
D) Wy

v

hy h,
e = l(f,(f1(x,w1),w3),y) g—v}z Ohy Z—:j oh,
de _ e dhy de [de Ohy)oh,
Ow,  dhy Ow, dw; |0h, Oh,|0w,

Example: e = —log (a(wlT x)) (assume y = 1)

hy = f1(x,wy) = wix de oh, oh,
h, = f,(hy) = a(hy) oh, ow, ahy
e = l(hy, 1) = —log(h,)

de  de dhy, dh,

dw, 0h, 0h, 0w, ®




Chain Rule

D, W
v
hq h,
=2 o —Catm Dt D)~
de ﬁ
e = l(h(itw),wy)y) |g= o 22
de  de 0Oh, de | de dhy[0hy
aWz ahz aWZ awl B ahz ahl (3W1
Example: e = —log (a(wlT x)) (assume y = 1)
hy = fi(c, wy) = wix de 1 dhy oh, )
h, = f,(hy) = o(hy) on,  h, o, =x oh, =o0'(hy) = a(h))(1 —a(hy))

e = l(hy, 1) = —log(h;)
de de dh, dh,4

dw, 0h, 0h, 0w, ®




Chain Rule
D) Wy

hq ' h,
k=2 s e D Catm > K )e
de ﬁ
e = l(f(fi(x,w1),w5),y) g—v}z Ohy Z—:i ohe
de  de 0Oh, de | de dhy[0hy
aWz ahz aWZ awl B ahz ahl (3W1
Example: e = —log (a(wlT x)) (assume y = 1)
hy = fi(c, wy) = wix de 1 dhy oh, )
h, = f,(hy) = o(hy) on,  h, o, =x oh, =o0'(hy) = a(h))(1 —a(hy))
e = l(hy, 1) = —log(h,)
de  de dhyoh, 1

A TR T ) o(w!x) (1 o(wy x)) X o(—wi x)x @



Chain Rule
e WD

General case:

de de Odhyg

ow;  dhg Ohg_,

Ohjyy O

oh



Chain Rule
f%i(::) Wk

e
de oh de
Ohg_q K dhg
Ohg_4

General case:

de  de Odhg Ohj,, Oh;
ow;  O0hg Ohg_y T Oh; Ow;




Chain Rule

General case:
de
OW] N ahK ahK_l

Upstream gradient
de

ahj



Chain Rule

General case:

de

Upstream gradient
de

ahj

Local
gradient



Backpropagation Summary

—— Forward pass

<«— Backward pass @



Backpropagation Summary

w
k Upstream
gradient:
de
dhy
hy,
-1

—— Forward pass

<«— Backward pass @



Backpropagation Summary

w
k Upstream
gradient:
de
k
. - oh
an Local gradient k
f k hy
M| ocal gradient
OcCal gradien
Oy "
Rje—1

—— Forward pass
<«— Backward pass



Backpropagation Summary

Parameter update:
de  de dhy
Wi ow,  Ohy Owy,

Upstream
gradient:
de

ARy

—

k :
—— Local gradient
aWk

f k hy
M| ocal gradient
OcCal gradien
Ohiy
hk—l Downstream gradient:
de _ de Ohyg —» Forward pass
Ohj_1 Ohy Ohj_4 <«—— Backward pass



ResNet ResNeXt

256-din

256-din

256, 1x1, 64 256, 1x1, 4 256, 1x1, 4 total 32 256, 1x1, 4
- - 2 paths -
64, 3x3, 64 4,3x3,4 4,3x3,4 sese 4,3x3,4
- - L -
64, 1x1, 256 4,1x1, 256 4,1x1, 256 4, 1x1, 256

256-d out

256-d out

Figure source

What about more general computation graphs?


https://towardsdatascience.com/an-overview-of-resnet-and-its-variants-5281e2f56035

What about more general computation graphs?

Parameter update:

Upstream
de — de Ohy gradient:
Wk dwy,  Ohy dwy de

(1)
oe

+ Gradients add
at branches

RV

k .
—— Local gradient

owy,
fk

dhy |
Local gradient

ONy—1

de k

hk—1 Downstream gradient: on®
de de ahk

Ohg_y  Ohy dhj_q )




Common Frameworks Do this Automatically

All you have to do is define the forward pass, in terms of known operators.

1 TensorFlow O PyTO rch

https:/www.tensorflow.org/

https:/pytorch.org/
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