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Deep Feedforward Networks

o A deep feedforward network (DFN), also referred to as
Multi-layer Perceptron and Feedforward Neural Network,
is an artificial neural network wherein connections between the
units do not form a cycle. It is the first and also the simplest
type of ANN.

o When extended to include feedback connections, they are
called Recurrent Neural Networks (RNN).

Deep Forward Network (DFN) v.s. Recurrent Neural Network (RNN).
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Perceptron

in 1957, perceptron was first invented at the
Cornell Aeronautical Laboratory by Frank
Rosenblatt.

in 1940s, a similar neuron was actually described
by McCulloch and Pitts;

in 1958, Rosenblatt made statements that
Perceptron will grow up to be a computer that is
“able to walk, talk, see, write, reproduce itself
and be conscious of its existence.”;

in 1960s, people recognized that multilayer
perceptron had far greater processing power than
perceptrons with one layer (Minsky and Papert;
Grossberg);

in 1964, kernel perceptron (Aizerman);

in 1998, Margin bounds guarantees were given in
the general non-separable case first by Freund
and Schapire;

in 1999, voted percepton — giving comparable
generalization bounds to the kernel SVM.

Activation
function
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Single-layer Perceptron

3
y=f(WTx)=f(D_ Wix;i+1xb)
i=1

where f is the activation function:
o sigmoid function f(z) =

function

1
1+exp(—2z)

z

o hyperbolic tangent tanh(z) = £

e tez

o rectified linear function
f(z) = max(0, x)

remember, it is useful o

o sigmoid function f'(z) = f(z)(1 — f(2)) Iy

o hyperbolic tangent '(z) = 1 — (f(2))?

o rectified linear function
f'(z) =0, if z<0; and 1 otherwise
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Softmax Units for Multinomial Output Distributions

A softmax output unit is defined by:

Qo

Qo

softmax(z); = %

Softmax units naturally represent a probability distribution
over a discrete variable with k possible values.

A linear layer predicts unnormalized log probabilities
z=WTh+b. where z; = log P(y = i|z)

This can be seen as a generalization of the sigmoid function

which was used to represent a probability distribution over a
binary variable.

Softmax functions are most often used as the output of a
classifier.

The log in the log-likelihood can undo the exp of the softmax:
log softmax(z); = z; — log }_; exp(z;).
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Deep Feedforward Networks
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o bias units {+1}, input layer {x;}, hidden layer(s) h!, output

layer y;;

o Goal: approximate some map function *
— e.g., a classifier y = f*(x) to map an input x onto a

category y

— Feedforward Network defines a mapping

— and learns parameters # = (W’ b/) that result in the best

approximation.

y=1f"(x;0)
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Deep Feedforward Networks
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Extending Linear Models

o Linear functions ¢(x) = W Tx do not work in some cases:
need some nonlinearity ¢(x).

@
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@
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y=wlgp(x)
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Extending Linear Models

o To represent non-linear functions of x, by transforming x
using a non-linear function ¢(x)
o Similar “kernel” trick obtains a nonlinearity
o SVM: f(x) =w'x+b— f(x)=b+ >, aip(x)p(x')
o where ¢(x)o(x") = K(x, x")
Then how to choose the mapping ¢.

o Use a very generic ¢, such as infinite-dimensional ¢, but the
generalization is poor.

o Manually engineer ¢, but with little transfer between
domains.

o The strategy of deep learning is to learn ¢. We parametrize
the representation as ¢(x; /) and use the optimization
algorithm to find the 6.

o capture the benefit of the first approach by being highly
generic — by using a very broad family ¢(x; 6).

o the human designer only needs to find the right general
function family rather than precisely the right function.
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Example: Learning XOR

o We will not be concerned with statistical generalization.
o Perform correctly on the four points
o X ={[0,0]7,[0,1]7,[1,0]", [1,1]}
o The only challenge is to fit the training set.

o The XOR function provides the target function y = f*(x) that
we want to learn. Our model provides a function y = f(x; 0)
and our learning algorithm will adapt the parameters 6 to
make f as similar as possible to f*.
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Linear model doesn't fit

o Treat this problem as a regression problem and use a mean
squared error

o The MSE loss function is
1 *
J0) =, D (F(x) = F(x;0))
xeX
o Usually not used for binary data, but math is simple.
o We now choose the form of model, consider a linear model.
o f(x;w,b)=x"w+b
o Minimizing the J(#), we obtain w =0 and b = 3

2
o Then the linear model simply outputs % everywhere.
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Linear model doesn't fit

o Solving the XOR problem by learning a
representation.

o When x; = 0, output has to increase

with x, _ Original & Space

o When x; = 1, output has to decrease it o
with xo }

o Linear model )
f(x,w, b) = xywy + xowp + b has to of o -
assign a single weight to x, so it cannot 0 . i

solve the problem.

Learned h Space
T T T

o A better solution. i o
o We user a simple feedforward network.
o one hidden layer containing two
hidden units. T’ !
o the nonlinear features have mapped both h,
x=[1,0]" and x = [0,1]" to a single
point in feature space, h = [1,0]".
o A linear model can now solve the
problem.
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Feedforward Network for XOR

o Layer 1 (hidden layer):
h,' = f(XTW;’,' + C,')
o C are bias variables.
o g is typically chosen to be an a

rectified linear unit or ReLU defined by w
g(z) = max{0, z}

OO

element-wise activation function. w
o the default activation function is the 6

o The complete network:

f(x; W, c,w,b) =w' f(W'x+¢c)+ b
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Feedforward Network for XOR

11

w1 1] 0]

w= [ _12 } and b= 0. We get correct

answers on all points.

o Now walk through how models processes.

© 06 © 0 o

Design matrix X of all four points.
XW.

Adding c.

Applying RelLU.

Multipying by w.

00
01
X= 1 0
11
00
11
XW = 11
2 2
0 -1
1 0
XW+c = 1 0 s
2 1
00
10
g(XW+-c) = 10
2 1
0
1
wg(XW+c)+b= 1
0
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Feedforward Network for XOR

o We simply specified the solution by defining
o It achieves zero error.

11 0 1
W_[l 1},c—[_1],w—[_2],andb—0

o In real situations there might be billions of parameters and
billions of training examples.

o So one cannot simply guess the solution.

o Instead gradient descent optimization can find parameters
that produce very little error.
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Loss Function

o Support we are given a set of training data
{(xY y1), -+, (x",y™)} of n training examples. To learning
our parameters § = (W, b), we can define the following loss
function:

1.,
J(W, b;x,y) = Elly—yll2

where y is the value predicted by the learned neural network.

o Loss function measures the difference between the predicted
output and the ground truth.
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Loss Function

1.
j(Wa b; Xtraim)’train) = EHY - yrrainH2

Training Loss: Model predictions should match training data. It
can guide the model optimization’s direction.

| | A

Blue: training data. Training loss = 0.
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Loss Function

1.
T (W, b; Xvalid, Yvalid) = EH}’ — Yvatid|l?

Validation Loss: Test the generalization ability of the model on
unseen data.

O
[
[l

| | A )

Green: validation data. Validation loss is large. Over-fitting!
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Regularization Term
To avoid overfitting, we could add a regularization term

S| Si=1

L
I}

=1 i=1 j=1

1 =1, .
J(W,lv)—nlz2\|y—y\l2

i=1

Model should be "simple”, so it works on test data
* please note that we do not regularize b, as it makes little
difference.

| | I .

Green line: after regularization.
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Types of Loss Functions

o Regression Tasks: Mean Squared Error (L2 loss), Mean
Absolute Error (L1 loss)...

o Classification Tasks: Cross-Entropy ...
o Other: Hinge Loss (SVM) ...

Loss Function Formula
Mean Squared Error (MSE) | 377 . (y; — ;)2
Mean Absolute Error (MAE) | 137, |y — i

Categorical Cross-Entropy — Z?:l yilog(¥i)
Hinge Loss (for SVM) max(0,1 —y-y)

Common Loss Functions and Their Formulas
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Model Learning

Our goal is to minimize (W, b) as a loss function of W and
b.

We first initialize each parameter W,-J(-I) and each b,(’) to a

small random value near zero (say according to a
Normal(0, €) distribution for some small ¢).

o all-zero initialization will be very bad;
o WU’ will be the same for all h and z, — A" = hbt = ... for
any input.
We then apply an optimization algorithm such as batch
gradient descent.

Since J(W, b) is a non-convex function, gradient descent is

susceptible to local optima; however, in practice gradient
descent usually works fairly well.
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Backpropagation

o One iteration of gradient descent updates the parameters
W, b as follows:

0

n _ g0
|/Vij - |/Vij 8W-(-I) J( W7 b) (2)
17
0 _ 0 9
b = b ab(l)J(W ,b) (3)

o where « is the learning rate.
o The key step is computing the partial derivatives above.

o We next describe the backpropagation algorithm, which
gives an efficient way to compute these partial derivatives.
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Backpropagation

Forward propagation
The inputs x provide the initial information that then propagates
up to the hidden units at each layer and finally produces y.

Backward propagation

simply called backprop, allows the information from the cost to
then flow backwards through the network, in order to compute the
gradient.
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Training
o One iteration of gradient descent updates the parameters
W, b as follows:

n _ (N
Wi = W; -« 0

i

J(W,b) (5)

J (W, b) (4)

0

n _ 40 _
bt = b 8b(l)

i i

o where « is the learning rate.

0 1. 9

P J(W,b) = ZaW,J(W, bix,y)| + AW}
: ©)
0

252373;7(l4/,b) = ;é; E§B?J7(bWQ b; x,y)

i

o Now, our problem becomes how to compute
%Z;’:l 634§J(W, b; x, y) with backpropagation.
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Backpropagation: Intuition

Given a training example (x,y), we will first run a “forward
pass” to compute all the activations throughout the network,
including the output value of the hypothesis y.

Then, for each node i in layer /, we would like to compute an

“error term” 65” that measures how much that node was

“responsible” for any errors in our output.

For an output node, we can directly measure the difference
between the network's activation and the true target value,

and use that to define (55”.
(N

For hidden units, we will compute J;’ based on a weighted

O]

average of the error terms of the nodes that uses z;” as an
input.
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Backpropagation: forward

o Given a training example (x,y), we will first run a “forward
pass” to compute all the activations throughout the network,

including the output value of the hypothesis y.

Wit + W)
Wixi + Wi + Wil xs + b5)
FIWAx1 + W xo + Wi xs + b{Y)

A0 = 12 + W2 + W2 - b0

f(
f(

Xp + Wl(é)X3 + bgl))
)
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Backpropagation: error in the output layer

o Then, for each node i in layer /, we would like to compute an
“error term” (5,@ that measures how much that node was
“responsible” for any errors in our output.

o For an output node, we can directly measure the difference
between the network's activation and the true target value,

and use that to define 55“.
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Backpropagation: error backpropagation
o For an output node, we can directly measure the difference
between the network's activation and the true target value,
and use that to define 5§L).
o For hidden units, we will compute 5,0) based on a
weighted average of the error terms of the nodes that
uses z,.(l) as an input.

For I =L—-1,L—2,---,2 and each node i in layer /, set

Si+1
/ 1) ¢(1+1 /
5 = QoW e (") (12)

j=1
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Backpropagation: error backpropagation (2)

o For hidden units, we will compute 6,(/) based on a weighted average

O]

of the error terms of the nodes that uses z;” as an input.

For/=L—1,L—2,---,2 and each node / in layer /, set
+1
5(/) - Z I+1 z_(/))

Recall chain rule: if y = g(x) and z = f(y), then

0z 8yj
8x, Z dy;j 0x;
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Backpropagation: derivations

o Compute the desired partial derivatives, which are given as:

dWbixy) = 500 (1
U
W bixy) = 6 (14)

o Plug it back into:

9 IS 0 /
(I)j(Wvb)* ; - 8VVUI"7(W7bX7y) +>‘VVU

; oy o
aT’(I)j(Wvb): ; a ab]lj(W?b Xay)
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Backpropagation: summary (pseudo-code)

o repeat
o AW':=0, Ab' := 0 for all I:
o fori=1ton,

o perform forward propagation;

o use backpropagation to computer errors at each layer;

o compute partial derivatives V' J (W, b; x, y) and
Vo T (W, b; x,y)

o AW := AW + Vw I (W, b; x,y);

o Ab':= Ab' + v, T (W, b; x,y);

o update the parameters
1
w=w—q [(AW') + Aw’]
n

b'=b -« [(iAb’)}

o until convergence.
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Question: What are general limitations of back
propagation rule?

A. Local minima problem
B. Slow convergence

C. Sensitive to noisy data
D. All of the mentioned
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Why do we need activation functions?

Impulses carried toward cell body
\ dendrite

\ vy presynaptic

(;'Enﬂmm

y Impulses carried away
71 Ty from cell body

by Feipe Pencna

T Wy

- ~®@ synapse
= axon from a neuron
wpTg

cell body

Zu:‘:l‘, +b P

f (\l_:w,:, 4 J»)

output axon
activation
function

We use activation functions to simulate the two states of
activation and non-activation of animal neurons.

On the other hand, we also need nonlinear layers to enhance the
expressiveness of the network.
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Activation functions

The design of activation functions for hidden units is an extremely
active area of research.

o Logistic Sigmoid

©

Hyperbolic Tangent
Rectified Linear Units

©

Generalized Rectified Linear Units
Gated Linear Units
Maxout Units

©

©

©
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Logistic Sigmoid

o g(z) = o(z). It's also used in output units.

o Logistic sigmoid activation function, sigmoidal units saturate
across most of their domain and can make gradient-based

The logistic sigmoid function

learning very difficult. ™~ ¢ o

o Recurrent networks, many probabilistic models, and some
autoencoders have additional requirements that rule out the
use of piecewise linear activation functions and make sigmoidal
units more appealing despite the drawbacks of saturation.

41/63



Hyperbolic Tangent

o g(z) = tanh(z) = 20(2z)-1.

o The hyperbolic tangent activation function typically performs

1 ]
— Sigmoid /
05 Tanh |7 |

0]

f(x)

0.5

-1
-3 -2 -1 0 1 2 3

better than the logistic sigmoid. *

o Because tanh is similar to the identity function near 0,
§ = w' tanh(UT tanh(V 7z)) resembles training a linear
model j = w' UT VT so long as the activations of the
network can be kept small. This makes training the tanh
network easier.
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Rectified Linear Units

Rectified linear units are an excellent default choice of hidden
unit (Nair&Hinton, 2010).

« Activation function RelLU (rectified linear unit)

* ReLU(2) = max{z, 0} Gradient 1
Gradient 0 The Rectified Linear Activation Function /

max{0, 2

9(2)

o The second derivative of the rectifying is 0 almost everywhere
and the derivative is 1.

o So the gradient direction is far more useful for learning than it
would be with activation functions that introduce
second-order effects. Rectified linear units and its
generalizations are based on the principle that models are

easier to optimize if their behavior is closer to linear. 63



Generalized Rectified Linear Units

o One drawback to RLU is that they cannot learn via
gradient-based methods on examples for which their
activation is zero.

* Generalizations of ReLU gReLU(z) = max{z, 0} + @ min{z, 0}
* Leaky-ReLU(z) = max{z, 0} + 0.01 min{z, 0}
* Parametric-ReLU(2): a learnable

gReLU(2)

o It is used for object recognition from images, where it makes
sense to seek features that are invariant under a polarity
reversal of the input illumination.
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Gated Linear Units(GLU)

Input is split into two parts: one goes through a linear
transformation, and the other is passed through a gating
mechanism.

GLU(x, W, V,b,c) = o(xW + b) @ (xV + c)

allowing the model to regulate the flow of information
dynamically.
Sigmoid can be replaced by GELU or Swish function

GeGLU(x, W, V,b,c) = GELU(xW + b) ® (xV + ¢)
SwiGLU(x, W, Vb, c) = Swish(xW + b) @ (xV + ¢)
T
LLM
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Maxout Units

o Maxout units generalizes rectified linear units further.
Instead of applying an element-wise function g(z), maxout
units divide z into groups of k values. One of these groups:

g(z)i = max z; (16)
jec()

where G() is the set of indices into the inputs for group i,
{(i—1)k+1,...,ik}.

o A maxout unit can learn a piecewise linear, convex function
with up to k pieces. Maxout units can thus be seen as
learning the activation function itself rather than just the
relationship between units.
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Maxout Units

o In a convolutional network, a maxout feature map can be
constructed by taking the maximum across k affine feature
maps (i.e., pool across channels).

o A single maxout unit can approximate arbitrary convex
functions. The figure shows how maxout behaves with a 1D

Rectifier Absolute value uadratic
— T T L L T q_!_
—~" N —~ 1
8 )
Nt - —4 3t .
<| pa 1 <0 RN ]
s s N
- . - "
! ! ! ! L !
[ T

input.
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Question: What is the relationship between DNN and
Logistic Regression?

o Hint: consider Sigmoid activation function.
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Question: What is the relationship between DNN and
Logistic Regression?

o Logistic Regression is a special case of a Neural Network. A
DNN is equivalent to Logistic Regression when the following
conditions satisfy:

Feed-forward only

No hidden layer

Sigmoid /Softmax activation

Cross entropy loss

© 06 0 o
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Architectural Considerations

96.5 ) Effect gf Depth

96.0f

© © ©
e = ad
& > &

©
2
>}

Test accuracy (%)

93.5]

3 4 5 6 7 8 9 10 11
Number of hidden layers

Figure 6.6: Empirical results showing that deeper networks generalize better when used
to transcribe multi-digit numbers from photographs of addresses. Data from

). The test set accuracy consistently increases with increasing depth. See
Fig. 6.7 for a control experiment demonstrating that other increases to the model size do
not yield the same effect.

50/63



96 - 1
® 0 +—+ 3, fully connected
§= 51 V¥ 11, convolutional []

94 -

Architectural Considerations

or Effect of Number of Parameters
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o Shallow models overfit at around 20 million parameters while
deep ones can benefit from having over 60 million.

o It expresses a belief that the function should consist of many
simpler functions composed together.

o It could results in learning a representation that is composed in
turn of simpler representations (e.g., corners defined in terms
of edges)

o or learning a program with sequentially dependent steps (e.g.,
first locate a set of objects, then segment them from each
other, then recognize them).
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Training Instability
As the model’s layers deepen, the gradients may grow

exponentially during back-propagation, which can lead to
instability in training and cause the model to crash.

Step
0

Grad Norm Loss
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Stable hidden state: Normalization

o Normalization is the process of adjusting the values of input
data or the intermediate activations in a neural network to a
standard range.

o It helps stabilize and accelerate the training process by
reducing internal covariate shift.

o Formula:
o X—UB
X =
2
oyt €
Batch Norm Layer Norm Instance Norm

H,W

Normalization Methods
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Advanced Architecture
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Today's neural network structure

Typically, a deep neural network is composed of many layers of
modules stacked together.

Basic modules: MLP block, CNN block, Attention block, RNN
block ...

Scaled Dot-Product
Attention

MLP block

CNN block

Attention block
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Today's neural network structure

Attention block

CNN block

MLP block

—
Scaled Dot-Product
Attention

Input Hidden Layer Output

o Simple and flexible, capable of approximating any function

o Inefficient for input with large dimension, prone to overfitting.
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Today's neural network structure

Attention block
CNN block

MLP block

—
Scaled Dot-Product
Attention

o Excellent for capturing local spatial patterns with fewer
parameters. Used in Image task.

o Struggles with long-range dependencies and is less suited for
unstructured data.
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Today's neural network structure

Attention block

CNN block

MLP block

o Efficient at capturing long-range dependencies and adaptable
to various data types.

o Computationally expensive.
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Today's neural network structure

o Example: UNet(stable diffusion version)

o In each resolution: N * CNN block + M * (Attetnion block +
MLP block)

o And some trick for generation task: long residual connection
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Summary

Our first deep neural network—deep forward network.
Model learning with forward and backpropagation algorithm.

We also discuss the most popular non-linear activation
functions used in hidden units.

Finally, we discuss two most commonly-used neural network
architectures.
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Thanks.

HP: http://keg.cs.tsinghua.edu.cn/jietang/
Email: jietang@tsinghua.edu.cn
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