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Å  .ƻǘƘ ǿ ŀƴŘ ˒όȄύ Ǉƭŀȅ ŀƴ ƛƳǇƻǊǘŀƴǘ ǊƻƭŜ ƛƴ ǇǊŜŘƛŎǘƛƻƴΦ {ƻ ŦŀǊΣ ǿŜ ƘŀǾŜ ŬȄŜŘ ˒όȄύ ŀƴŘ ǳǎŜŘ 
learning to set w. 

ÅbƻǿΣ ǿŜ ǿƛƭƭ ŜȄǇƭƻǊŜ Ƙƻǿ ˒όȄύ ŀũŜŎǘǎ ǘƘŜ ǇǊŜŘƛŎǘƛƻƴΦ



ÅIŜǊŜΣ ǿŜ ǳǎŜŘ ƻǳǊ ǇǊƛƻǊ ƪƴƻǿƭŜŘƎŜ ǘƻ ŘŜŬƴŜ ŎŜǊǘŀƛƴ ŦŜŀǘǳǊŜǎ όŎƻƴǘŀƛƴǎ Ϫύ ǿƘƛŎƘ ǿŜ ōŜƭƛŜǾŜ ŀǊŜ ƘŜƭǇŦǳƭ 
for detecting email addresses.

Å  But this is ad-hoc: which strings should we include? We need a more systematic way to go about this.





Å!ǊǊŀȅǎ ŀǎǎǳƳŜ ŀ ŬȄŜŘ ƻǊŘŜǊƛƴƎ ƻŦ ǘƘŜ ŦŜŀǘǳǊŜǎ ŀƴŘ ǊŜǇǊŜǎŜƴǘ ǘƘŜ ŦŜŀǘǳǊŜ ǾŀƭǳŜǎ ŀǎ ŀƴ 
ŀǊǊŀȅΦ ¢Ƙƛǎ ǊŜǇǊŜǎŜƴǘŀǘƛƻƴ ƛǎ ŀǇǇǊƻǇǊƛŀǘŜ ǿƘŜƴ ǘƘŜ ƴǳƳōŜǊ ƻŦ ƴƻƴ ȊŜǊƻǎ ƛǎ ǎƛƎƴƛŬŎŀƴǘ όǘƘŜ 
features are dense). 

Å!ǊǊŀȅǎ ŀǊŜ ŜǎǇŜŎƛŀƭƭȅ ŜŶŎƛŜƴǘ ƛƴ ǘŜǊƳǎ ƻŦ ǎǇŀŎŜ ŀƴŘ ǎǇŜŜŘ (and you can take advantage 
of GPUs). 

Å In computer vision applications, features (e.g., the pixel intensity features) are generally 
dense, so array representation is more common.

ÅIƻǿŜǾŜǊΣ ǿƘŜƴ ǿŜ ƘŀǾŜ ǎǇŀǊǎƛǘȅ όŦŜǿ ƴƻƴ ȊŜǊƻǎύΣ ƛǘ ƛǎ ǘȅǇƛŎŀƭƭȅ ƳƻǊŜ ŜŶŎƛŜƴǘ ǘƻ 
represent the feature vector as a map from strings to doubles ǊŀǘƘŜǊ ǘƘŀƴ ŀ ŬȄŜŘ-size 
array of doubles.

Å  The features not in the map implicitly have a default value of zero. This sparse 
representation is very useful in natural language processing, and is what allows us to 
ǿƻǊƪ ŜũŜŎǘƛǾŜƭȅ ƻǾŜǊ ǘǊƛƭƭƛƻƴǎ ƻŦ ŦŜŀǘǳǊŜǎΦ 

Å In Python, ƻƴŜ ǿƻǳƭŘ ŘŜŬƴŜ ŀ ǎǇŀǊǎŜ ŦŜŀǘǳǊŜ ǾŜŎǘƻǊ ˒όȄύ ŀǎ ǘƘŜ ŘƛŎǘƛƻƴŀǊȅ e.g 
{"endsWith .com": 1}. 

ÅMaps do incur extra overhead compared to arrays, and therefore maps are much slower 
when the features are not sparse.







ÅStepping back, we can see the two stages more clearly. 
ÅFirst, we perform feature extraction (given domain knowledge) to specify 

a hypothesis class F. 
ÅSecond, we perform learning (given training data) to obtain a particular 

predictor fw ɴ  F.

ÅNote that ƛŦ ǘƘŜ ƘȅǇƻǘƘŜǎƛǎ Ŏƭŀǎǎ όǎǇŀŎŜύ ŘƻŜǎƴΩǘ Ŏƻƴǘŀƛƴ ŀƴȅ ƎƻƻŘ ǇǊŜŘƛŎǘƻǊǎ, 
then no amount of learning can help.

ÅSo the question when extracting features is really whether they are powerful 
enough to express predictors which are good. 

ÅLǘΩǎ ƻƪŀȅ ŀƴŘ ŜȄǇŜŎǘŜŘ ǘƘŀǘ C ǿƛƭƭ Ŏƻƴǘŀƛƴ ŀ ōǳƴŎƘ ƻŦ ōŀŘ ƻƴŜǎ ŀǎ ǿŜƭƭ όƛΦŜΦ 
irrelevant features).



Can we obtain decision boundaries which are circles by using 
ƭƛƴŜŀǊ ŎƭŀǎǎƛŬŜǊǎΚ





The answer is yes. 

Å¢Ƙƛǎ ƳƛƎƘǘ ǎŜŜƳ ǇŀǊŀŘƻȄƛŎŀƭ ǎƛƴŎŜ ǿŜ ŀǊŜ ƻƴƭȅ ǿƻǊƪƛƴƎ ǿƛǘƘ ƭƛƴŜŀǊ ŎƭŀǎǎƛŬŜǊǎΦ 

ÅNote that, linear refers to the relationship between the weight vector w and the 
prediction score (not the input x, which might not even be a real vector), 

Åwhereas the decision boundary refers to how the prediction varies as a function 
of x.

Å!ŘǾŀƴŎŜŘΥ {ƻƳŜǘƛƳŜǎ ǇŜƻǇƭŜ ƳƛƎƘǘ ǘƘƛƴƪ ǘƘŀǘ ƭƛƴŜŀǊ ŎƭŀǎǎƛŬŜǊǎ ŀǊŜ ƴƻǘ 
expressive, and that you need neural networks to get expressive and non-linear 
ŎƭŀǎǎƛŬŜǊǎΦ ¢Ƙƛǎ ƛǎ ŦŀƭǎŜΦ ¸ƻǳ Ŏŀƴ ōǳƛƭŘ ŀǊōƛǘǊŀǊƛƭȅ ŜȄǇǊŜǎǎƛǾŜ ƳƻŘŜƭǎ ǿƛǘƘ ǘƘŜ 
ƳŀŎƘƛƴŜǊȅ ƻŦ ƭƛƴŜŀǊ ŎƭŀǎǎƛŬŜǊǎ όǎŜŜ ƪŜǊƴŜƭ ƳŜǘƘƻŘǎύΦ 

Å¢ƘŜ ŀŘǾŀƴǘŀƎŜǎ ƻŦ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪǎ ŀǊŜ ǘƘŜ ŎƻƳǇǳǘŀǘƛƻƴŀƭ ōŜƴŜŬǘǎ όŀǳǘƻƳŀǘƛŎ 
feature detection)and the inductive bias that comes from the particular neural 
network architecture.





ω DƛǾŜƴ ŀ ŬȄŜŘ ŦŜŀǘǳǊŜ ŜȄǘǊŀŎǘƻǊ ˒Σ ƭŜǘ ǳǎ ŎƻƴǎƛŘŜǊ ǘƘŜ ǎǇŀŎŜ ƻŦ 
all predictors fw obtained by sweeping w over all possible values.

ω LŦ ǿŜ ǳǎŜ ˒όȄύ Ґ ȄΣ ǘƘŜƴ ǿŜ ƎŜǘ ƭƛƴŜŀǊ ŦǳƴŎǘƛƻƴǎ ǘƘŀǘ Ǝƻ ǘƘǊƻǳƎƘ 
the origin.

ω IƻǿŜǾŜǊΣ ǿŜ ǿŀƴǘ ǘƻ ƘŀǾŜ ŦǳƴŎǘƛƻƴǎ ǘƘŀǘ έōŜƴŘέ όƻǊ ŀǊŜ ƴƻǘ 
monotonic). For example,
ÅƛŦ ǿŜ ǿŀƴǘ ǘƻ ǇǊŜŘƛŎǘ ǎƻƳŜƻƴŜΩǎ ƘŜŀƭǘƘ ƎƛǾŜƴ Ƙƛǎ ƻǊ ƘŜǊ 

body temperature,
Å  there is a sweet spot temperature (37 C) where the health is 

optimal; both higher and lower values should cause the 
health to decline.

ω LŦ ǿŜ ǳǎŜ ˒όȄύ Ґ ώȄΣ Ȅ2], then we get quadratic functions that go 
through the origin, which are a strict superset of the linear 
functions, and therefore are strictly more expressive.





Å It is important to remember that for linear predictors, it is the score 

 ǿϊ ˒όȄύ 

Å that is ƭƛƴŜŀǊ ƛƴ ǿŀƴŘ ˒όȄύ όǊŜŀŘ ƛǘ ƻũ ŘƛǊŜŎǘƭȅ ŦǊƻƳ ǘƘŜ ŦƻǊƳǳƭŀύΦ Lƴ ǇŀǊǘƛŎǳƭŀǊΣ 
the score is not linear in x όƛǘ ǎƻƳŜǘƛƳŜǎ ŘƻŜǎƴΩǘ ŜǾŜƴ ƳŀƪŜ ǎŜƴǎŜ ōŜŎŀǳǎŜ Ȅ 
need not be a vector at all τ ƛǘ ŎƻǳƭŘ ōŜ ŀ ǎǘǊƛƴƎ ƻǊ ŀ t5C ŬƭŜΦ 

ÅAlso, neither the predictor fw όǳƴƭŜǎǎ ǿŜΩǊŜ ŘƻƛƴƎ ƭƛƴŜŀǊ ǊŜƎǊŜǎǎƛƻƴύ ƴƻǊ ǘƘŜ 
loss function TrainLoss(w) are linear in anything.

Å¢ƘŜ ǎƛƎƴƛŬŎŀƴŎŜ ƛǎ ŀǎ Ŧƻƭƭƻǿǎ: From the feature extraction viewpoint, we can 
ŘŜŬƴŜ ŀǊōƛǘǊŀǊȅ ŦŜŀǘǳǊŜǎ ǘƘŀǘ ȅƛŜƭŘ ǾŜǊȅ ƴƻƴ-linear functions in x. 











Å²Ƙŀǘ ǿŜΩǾŜ ǎƘƻǿƴ ǎƻ ŦŀǊ ƛǎ ǘƘŀǘ 
Åōȅ ōŜƛƴƎ ƳƛƭŘƭȅ ŎƭŜǾŜǊ ǿƛǘƘ ŎƘƻƻǎƛƴƎ ǘƘŜ ŦŜŀǘǳǊŜ ŜȄǘǊŀŎǘƻǊ ˒Σ ǿŜ Ŏŀƴ 

actually get quite a bit of mileage out of our so-called linear predictors.
ÅHowever, ǎƻƳŜǘƛƳŜǎ ǿŜ ŘƻƴΩǘ ƪƴƻǿ ǿƘŀǘ ŦŜŀǘǳǊŜǎ ŀǊŜ ƎƻƻŘ ǘƻ ǳǎŜ, 
Åeither because the prediction task is non-intuitive or 
Åwe ŘƻƴΩǘ ƘŀǾŜ ǘƛƳŜ ǘƻ ŬƎǳǊŜ ƻǳǘ ǿƘƛŎƘ ŦŜŀǘǳǊŜǎ ŀǊŜ ǎǳƛǘŀōƭŜΦ 
ÅSometimes, we think we might know what features are good, but then it 
ǘǳǊƴǎ ƻǳǘ ǘƘŀǘ ǘƘŜȅ ŀǊŜƴΩǘ όǘƘƛǎ ƘŀǇǇŜƴǎ ŀ ƭƻǘΗύΦ

ÅIn the spirit of machine learning, ǿŜΩŘ ƭƛƪŜ ǘƻ ŀǳǘƻƳŀǘŜ ǘƘƛƴƎǎ ŀǎ ƳǳŎƘ ŀǎ 
possibleΣ ǘƘŜǊŜōȅ ǎƘƛŦǘƛƴƎ ǘƘŜ ōǳǊŘŜƴ ƻũ ŦŜŀǘǳǊŜ ŜȄǘǊŀŎǘƛƻƴ ŀƴŘ ƳƻǾƛƴƎ ƛǘ ǘƻ 
learning.

ÅIn a sense, neural networks allow one to automatically learn the features of a 
ƭƛƴŜŀǊ ŎƭŀǎǎƛŬŜǊ ǿƘƛŎƘ ŀǊŜ ƎŜŀǊŜŘ ǘƻǿŀǊŘǎ ǘƘŜ ŘŜǎƛǊŜŘ ǘŀǎƪΣ ǊŀǘƘŜǊ ǘƘŀƴ 
specifying them all by hand.



Å As a motivating example, consider the problem of predicting whether two cars at positions x1 and x2 
are going to collide. 

Å Suppose the true output is 1 (safe) whenever the cars are separated by a distance of at least 1. 



ω ¢ƘŜ ƛƴǘǳƛǘƛƻƴ ƛǎ ǘƻ ōǊŜŀƪ ǳǇ ǘƘŜ ǇǊƻōƭŜƳ ƛƴǘƻ ǘǿƻ ǎǳōǇǊƻōƭŜƳǎΣ ǿƘƛŎƘ ǘŜǎǘ ƛŦ ŎŀǊ м όŎŀǊ нύ ƛǎ ǘƻ ǘƘŜ ŦŀǊ ǊƛƎƘǘΦ
ω DƛǾŜƴ ǘƘŜǎŜ ǘǿƻ ōƛƴŀǊȅ ǾŀƭǳŜǎ ƘмΣ ƘнΣ ǿŜ Ŏŀƴ ŘŜŎƭŀǊŜ ǎŀŦŜǘȅ ƛŦ ŀǘ ƭŜŀǎǘ ƻƴŜ ƻŦ ǘƘŜƳ ƛǎ ǘǊǳŜΦ





Å²Ŝ Ŏŀƴ ŘŜŬƴŜ Ǿм Ґ ώҍмΣ мΣ ҍмϐ ŀƴŘ Ǿн Ґ ώҍмΣ ҍмΣ мϐ ŀƴŘ ǿм Ґ ǿн Ґ м to 
accomplish this.

ÅAt a high-ƭŜǾŜƭΣ ǿŜ ƘŀǾŜ ŘŜŬƴŜŘ two intermediate subproblems, that of 
predicting h1 and h2. 

ÅThese two values are hidden 
Å in the sense that ǘƘŜȅ ŀǊŜ ƴƻǘ ǎǇŜŎƛŬŜŘ ǘƻ ōŜ ŀƴȅǘƘƛƴƎ.
Å  They just need to be set in a way such that y is linearly predictable 

from them.



¢ƘŜǊŜŦƻǊŜΣ ǿŜ ŘŜŬƴŜ ŀ ŦǳƴŎǘƛƻƴ ƭƻƎƛǎǘƛŎ ŦǳƴŎǘƛƻƴ ˋόȊύΣ ǿƘƛŎƘ ƭƻƻƪǎ ǊƻǳƎƘƭȅ ƭƛƪŜ ǘƘŜ ǎǘŜǇ ŦǳƴŎǘƛƻƴ мώȊ җ 
0], but has non-zero gradients everywhere.







Å The logistic function is an instance of an activation function, 
and is the classic one that was used in the past. 
Å¢ƘŜǎŜ ŘŀȅǎΣ Ƴƻǎǘ ǇŜƻǇƭŜ ǳǎŜ ŀ ǊŜŎǘƛŬŜǊ ŦǳƴŎǘƛƻƴΣ ŎƻƳƳƻƴƭȅ 

known as a ǊŜŎǘƛŬŜŘ ƭƛƴŜŀǊ ǳƴƛǘ όReLU)Σ ǿƘƛŎƘ ƛǎ ŘŜŬƴŜŘ ŀǎ 
ReLU(z) = max(z, 0). 

ÅThe ReLU has two advantages:
Å (iύ ƛǘǎ ƎǊŀŘƛŜƴǘ ŘƻŜǎƴΩǘ ǾŀƴƛǎƘ ŀǎ Ȋ ƎǊƻǿǎΣ ǿƘƛŎƘ ƳŀƪŜǎ ƛǘ 

empirically easier to train; and 
Å(ii) it only involves a max operation, which is 

computationally easier to compute than the exponential 
function.









Motivation

ÅThe Best learner is you

ÅGreat data miner

ÅBut the data needs to be presented in special form (visual+ sound)

ÅNot thousands of records (we do not work for that).



ÅSo how does the brain learns

ÅCan we make use of such knowledge

ÅReversed engineering

ÅTry to implement similar programs

ÅExample: recognizing patterns (e.g. letters)













ÅPopular in late 1950s and 1960s

ÅThe XOR problem

ÅNot serious research for 17 years 1969 - 1986





In TensorFlow or PyTorch, you can write down the expressions symbolically and the gradient is 
computed for you. 
This is done essentially using the computational procedure that we will see.



Let Out =2in1+in2*in3

How much does Out change if we increase in1 by ?
2(in1+ )+in2*in3)=Out+2        (the answer is 2 which is the amount of amplification) 



ÅHow much does Out change is we changed in2 by ?

Å 2in1+(in2+  )*in3=Out+  n3

ÅThe answer is in3



ÅHere are 5 examples of simple functions and their partial derivatives. 

ÅThese should be familiar from basic calculus. 

Å!ƭƭ ǿŜΩǾŜ ŘƻƴŜ ƛǎ ǇǊŜǎŜƴǘ ǘƘŜƳ ƛƴ ŀ Ǿƛǎǳŀƭƭȅ ƳƻǊŜ ƛƴǘǳƛǘƛǾŜ ǿŀȅΦ

ÅBut it turns out that these simple functions are all we need to build 
up many of the more complex and potentially scarier-looking 
ŦǳƴŎǘƛƻƴǎ ǘƘŀǘ ǿŜΩƭƭ ŜƴŎƻǳƴǘŜǊ ƛƴ ƳŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎΦ





ÅSuppose that
Åd=a+b
Ὡ=ὦҍὧ
ὣ=ὨzὩ





For example, if a change in input amplifies mid by 2 and a change in mid 2 amplifies out by 5, 
then a change in input amplifies out by 10. 









Here we are assuming that k=2.





ÅRecall that to train any sort of model using (stochastic) gradient descent, we need to 
compute the gradient of the loss (top output node) with respect to the weights (leaf 
nodes highlighted in red).

ÅWe also saw that these gradients (partial derivatives) are just the product of the local 
ŘŜǊƛǾŀǘƛǾŜǎ όƎǊŜŜƴ ǎǘǳũύ ŀƭƻƴƎ ǘƘŜ ǇŀǘƘ ŦǊƻƳ ŀ ƭŜŀŦ ǘƻ ŀ ǊƻƻǘΦ 

ÅSo we can just go ahead and compute these gradients: for each red node, multiply the 
quantities on the edges. 

ÅHowever, notice that many of the paths share subpaths in common, so sometimes 
ǘƘŜǊŜΩǎ ŀƴ ƻǇǇƻǊǘǳƴƛǘȅ ǘƻ ǎŀǾŜ ŎƻƳǇǳǘŀǘƛƻƴ όǘƘƛƴƪ ŘȅƴŀƳƛŎ ǇǊƻƎǊŀƳƳƛƴƎύΦ

ÅTo make this sharing more explicit, for each node i ƛƴ ǘƘŜ ǘǊŜŜΣ ŘŜŬƴŜ ǘƘŜ ŦƻǊǿŀǊŘ ǾŀƭǳŜ Ŧi 
to be the value of the subexpression rooted at that tree, which depends on the inputs 
underneath that subtree. For example, the parent node of w1 corresponds to the 
expression w1ˋόǾ1ϊ˒όȄύύΦ ¢ƘŜ fiΩǎ are the intermediate computations required to even 
evaluate the function at the root.

ÅNext, for each node i ƛƴ ǘƘŜ ǘǊŜŜΣ ŘŜŬƴŜ ǘƘŜ ōŀŎƪǿŀǊŘ ǾŀƭǳŜ gi to be the gradient of the 
output with respect to fi, the forward value of node i. This measures the change that 
would happen in the output (root node) induced by changes to fi.

ÅNote that both fi and gi can either be scalars, vectors, or matrices, but have the same 
dimensionality.



Backpropagation





Notes on the activation function

ÅIn the hidden layer we must use a nonlinear function, such as the 
sigmoid function, or the Relu function. Why? 

ÅBecause if we do not, the hidden layer would not be useful.

ÅMultilayer neural networks with a linear activation function e.g, 
o(x)=x  (instead of the sigmoid function)

ÅAre equivalent to a single layer neural net 

ÅCannot learn linearly inseparable problems



proof



Linearly Inseparable Problems

ÅE.g the XOR problem

X1 X2 XOR

1 1 -1

1 -1 1

-1 1 1

-1 -1 -1



A little History

ÅDonald Hebb (1904ς1985) was a psychologist who sought a new 
picture of psychological life by looking at what might be going on in 
the nervous systems of humans and animals as they acted and 
learned.

CSC 563, KSU,  Prof. Khalil El Hindi



Rosenblatt (1928-1972)

ÅWas the first to build a computer that modelled neural networks 
called mark-1

ÅWas based on the ideas of Hebb

Č the perceptron

Perceptrons are used as classifier systems

 an image/pattern   Č category to which the pattern belongs

CSC 563, KSU,  Prof. Khalil El Hindi



Marvin Minsky

Å5ƛǎƭƛƪŜŘ wƻǎŜƴōƭŀǘǘΩǎ ƛŘŜŀǎ

ÅCoauthored a book (1969) that showed that the 
are simple mathematical patterns that perceptrons 
cannot do.

ÅThe effect on neural network research was 
devastating. 

ÅThe field did not really revive until the 
psychologists Dave Rumelhart and Jay McClelland 
ŦƻǳƴŘ ŀƴǎǿŜǊǎ ǘƻ aƛƴǎƪȅ ŀƴŘ tŀǇŜǊǘΩǎ ƻōƧŜŎǘƛƻƴǎ 
in 1986

CSC 563, KSU,  Prof. Khalil El Hindi



Activation function for the output layer

ÅHowever for the output layer, the choice of the activation function 
depends on the nature of the problem (the range of the function, we 
are trying to optimize)

ÅSigmoid is suitable if the range is [0, 1] and for binary classification 
problems.

ÅA linear function is suitable if not (for the house price for example).



Different Activation Function



A better function





A better function



ÅAnother alternative

ÅLeaky Relu = max(0.01x,x)

ÅGood if by chance the initial weights give net=0 













Notice that the sum squared error for each unit decreases as the gradient descent 

procedure proceeds, more quickly for some output units and less quickly for others. 



Notice that the network passes through different 

encodings before converging to the final encoding. 



Notice the significant changes in weights as 

learning progresses. 






