
CS 343: Artificial Intelligence
Deep Learning II

Prof. Yuke Zhu — The University of Texas at Austin
[These slides based on those of Dan Klein, Pieter Abbeel, Anca Dragan for CS188 Intro to AI at UC Berkeley.  All CS188 materials are available at http://ai.berkeley.edu.]



Neural Net Demo!

https://playground.tensorflow.org/



Neural Networks



Multi-class Logistic Regression

§ = special case of neural network
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Deep Neural Network = Also learn the features!
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Common Activation Functions

[source: MIT 6.S191 introtodeeplearning.com] 



Deep Neural Network: Also Learn the Features!

§ Training the deep neural network is just like logistic regression:
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logP(y( i ) |x( i ) ; w)



Neural Networks Properties

§ Theorem (Universal Function Approximators).  A two-layer neural 
network with a sufficient number of neurons can approximate 
any continuous function to any desired accuracy.

§ Practical considerations
# ;,(%+'%#''(%,#%1',2(5(3%$/'%9',$"2'#%

# <,23'%("-+'2%*9%('"2*(#
! Danger for overfitting
! (hence early stopping!)



§ Derivatives tables:

How about computing all the derivatives?

[source:  http://hyperphysics.phy-astr.gsu.edu/hbase/Math/derfunc.html



How about computing all the derivatives?

! But neural net f is never one of those?
! !"#$%"&'()*#+,-.!#/012*

If 

Then

" !"#$%&'$%"()*&+),")*-./0'"1),2)3-44-5$+6)5"4471"3$+"1)/#-*"10#"(

f (x) = g(h(x))

f !(x) = g!(h(x))h!(x)



§ Automatic differentiation software 
# '=3=%>/',(*0%>'(#*2?1*&0%@A>*2./0%;/,5('2

# B(1A%('')%$*%72*32,-%$/'%9"(.$5*(%3CD0A0&E
# ;,(%,"$*-,$5.,11A%.*-7"$'%,11%)'254,$54'#%&=2=$=%,11%'($25'#%5(%&
# >/5#%5#%$A75.,11A%)*('%+A%.,./5(3%5(9*%)"25(3%9*2&,2)%.*-7"$,$5*(%7,##%

*9%90%,()%$/'(%)*5(3%,%+,.8&,2)%7,##%F%G+,.872*7,3,$5*(H
# I"$*)599J%K,.872*7,3,$5*(%.,(%*9$'(%+'%)*('%,$%.*-7"$,$5*(,1%.*#$%

.*-7,2,+1'%$*%$/'%9*2&,2)%7,##

§ Need to know this exists
§ How this is done?  -- outside of scope of CS343

Automatic Differentiation



Training a Network (setting weights)
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Training a Network
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Back Propagation: ! " # $ !
" $ # %&$ !

! Suppose we have ! " # $ !
" $ # %&$ ! and want the gradient at " # ' ( )&*

! Think of the function as a composition of many functions, use chain rule.
! Can use derivative chain rule to compute !" #! $ ! and !" #! $ " .
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Interpretation: A tiny increase in ' "
will result in an approximately (0 ' "
increase in g due to this cube function.
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How do we reconcile this seeming contradiction?
Top partial derivative means cube function 
contributes (0 ' " and bottom p.d. means product 
contributes ( ' " so add them.
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Gradient Ascent
! Punchline: If we can somehow compute our gradient, we can use gradient ascent.
! How do we compute the gradient?

! Purely analytically.
! Gives exact symbolic answer. Infeasible for functions of lots of parameters or input values.

! Finite difference approximation.
! Gives approximation, very easy to implement.
! Runtime for ll: , -. , where N is the number of parameters, and M is number of data points.

! Back propagation.
! Gives exact answer, difficult to implement.
! Runtime for ll: , / -. 0

ll (w) =
m!

i =1

logp(y = y( i ) |f (x( i ) ); w)



Summary of Key Ideas
! Optimize probability of label given input

! Continuous optimization
! Gradient ascent:

! !"#$%&'()&''$')&(%$*+,,(-+.'/&+"0(1(2.3-+'0&(41(5%)&(6'/&".("7($3.&+3,(-'.+63&+6')8
! 93:'()&'$(+0(&*'(2.3-+'0&(-+.'/&+"0
! ;'$'3&(4%0&+,(*',-<"%&(-3&3(3//%.3/=()&3.&)(&"(-."$(1(>'3.,=()&"$$+02?8

! Deep neural nets
! Last layer = still logistic regression
! Now also many more layers before this last layer

! 1(/"#$%&+02(&*'(7'3&%.')
! " &*'(7'3&%.')(3.'(,'3.0'-(.3&*'.(&*30(*30- <-')+20'-

! Universal function approximation theorem
! If 0'%.3,(0'&(+)(,3.2'('0"%2*(
! Then 0'%.3,(0'&(/30(.'$.')'0&(30=(/"0&+0%"%)(#3$$+02(7."#(+0$%&(&"("%&$%&(@+&*(3.A+&.3.=(3//%.3/=
! B%&(.'#'#A'.C(0''-(&"(36"+-("6'.7+&&+02((D(#'#".+E+02(&*'(&.3+0+02(-3&3(" '3.,=()&"$$+02F

! Automatic differentiation gives the derivatives efficiently (how? = outside of scope of 343)

max
w

ll (w) = max
w

!

i

logP(y( i ) |x( i ) ; w)



Exercises: Deep Learning



Computer Vision



Manual Feature Design



Features and Generalization

Image HoG



Performance
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Performance
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Speech Recognition

!"#$%&'"()*+&,#++&-(*.("/&0.#"*1#*



Machine Translation
3""4'(#!(5%6'#7689:;(#<%6;='6>:";#?:;#$%"@58>:";A


