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- use step functions as
features, with their

own parameters




New features: step functions!
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New features: step functions!
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Let's get some new notatio

* 1st layer, constructing the features:
» Input = (a data point): size m'" x I\#"
 Output AW (vector of features): size n® %1
» The ith feature: A" = fM (w4 w(()lz))

e All the features at once:
e A1) — f(l)(W(l)Tx+W(1) ‘Q W
o W) . (1) n(l) W( ) (D) 1

* 2nd layer, assigning a label (or abels): iy

* Input (the features): size m® x 1 \

« Qutput A® (vector of labels): size (2> x 1

+ The th label: A = @ (wPTA® )y | S

e y‘AII A(2) f(2)(W(2)TA(1) 4 W(§2)) T2 \* ﬂ:ﬂ""
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Function graph representation.

e 1stlayer: AM = fOyOT 4 4w i) NNz Wl o)
. ond layer: A®) — O AT A0 4 )
* Whole thing: A® = NN(z; W, W,)
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e Circle: function
evaluation

e Forward vs. backwarad

e A feed-forward neural
network



YSohsentation
NN W, Wo)

e 1stlayer: / &
e 2nd TR . § @
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e Circle: function 25
evaluation Z

i outpu ;
o Fortwara~vs—oackward

e A feed-forward neural
network
* Fully connected
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Problem setup

1. Choose a hypothesis class. E.g.,
h(z; W, Wo) = NN(z; W, Wp) number of 1
» Istlayer: AW = Oy 4 data points_|
» 2nd layer: A?) = AW ET A= =
2. Choose a loss. (E.g. for classification: 0-1 loss,
asymmetric, NLL.) Set up an objective.
3. Learn the parameters. E.g. gradient descent or SGD
4. Predict on new data using these parameters




o i ()
Problem setup #layer £inputs s

e # layer ¢ outputs n'¥

1. Choose a hypothesis class. E.g.,
h(x; W, Wy) = NN(z; W, Wp)

e 1stlayer: AM = fOWOTx 4 W)

» 2nd layer: A® = fFA AT 40 4 i)
2. Choose a loss. (E.g. for classification: 0-1 loss,

asymmetric, NLL.) Set up an objective.

3. Learn the parameters. E.g. gradient descent or SGD
4. Predict on new data using these parameters

|Ssues:
 What if | want to do regression or use NLL loss”

e Derivatives (of loss with respect to parameters) are
zero (or undefined) it we use step function activation

S0 (S)GD won't do what we want
> ¢ How to compute the derivatives in (S)GD?




Different activation functions

1. Hypotheses h(x; W, Wy) = NN(x; W, W)
» 1stlayer: AW = Oy OT 4 4w
+ 2nd layer: A® = f@w@T A0 4 )

 What if | want to do regression? f?(z) =z
Lloss? fP(z2)=o(z)

e What if | wan

' to use N

e Need non-ze

0 derivatives for (S)GD: Above & £ (z) =

1.5 4
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Choices of activation function
e 1stlayer: A = fW (g 4wl

e Choose

F(z) = 1{z 2 0)

+ 2nd layer: A% = @) (w (2>TA(1) +w?)

e Choose

@) =1{z >0} < L




Choices of activation function
1st layer: A = fMW (VT g 4 wi)

e Choose

f(2) = o(2)

+ 2nd layer: A = Probability that |

won't run today

* Choose * Choose NN(a: WW(()))
f2(z) = f(Q)( ) =o(z)"
How much W
will | dislike s &
running % /@/77 2
today? D@fsf‘
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Derivatives: Notation loss;
« Objective: J(W, Wy) = —— S "=t [(NN(2\D; W, W), y)

Ndata

e For SGD, we'll want derivatives of loss; w.r.t. parameters
 Convention: forvofsizel x1 andwuofsizel x 1
O0v/0u is the (scalar) partial derivative of v w.r.t. u

« Example; Oloss;/ @Wf )

e Convention:forvofsizel x1 anduofsizeb x 1
Ov/0u is a vector of size b X 1 with jth entry dv/du;
o Examp|e 810882/8W — VW(l)lOSSrL

e Convention: forvofsizeex 1 anduofsizeb x 1
Ov/0u is a matrix of size b x ¢ with (J, k) entry Ouvg/Ou;
e« Example: 04 /9ZzW)

e Convention: forvofsizel x1 and uof size b x c
Ov/0u is a matrix of size b x ¢ with (j,k) entry dv/0u;
» Example: dloss; /OW L)
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Taking derivatives for SGD

« Example 1-layer NN
» data dimension m' =4 : # outputs n'") =
AWM — WO T4 4 D)

loss = L(AW) y) = sz_l(Al(:) — Y )?
* Part of SGD step f: randomly choose (x,y) and update:

Oloss
Wo(lj) — Wo(? —n(t)—
oW,
e Use the scalar chain rule from calculus:

3

Oloss B Z Oloss 814,(:) B i 8A,(€1) Oloss
1) 1 1) 1 1
oWy DoAY awgY i owg) aAYY

Oloss 0AML) Ploss Oloss 0O AD) Hloss
8W(§}j) 8W0(71j) 0AM) é)Wé” c’?Wél) HAM)
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Taking derivatives for SGD

« Example 1-layer NN
» data dimension m' =4 : # outputs n'") =
AWM — WO T4 4 D)

loss = L(AW) y) = ;:2—1(141(:) — Y )?
* Part of SGD step f: randomly choose (x,y) and update:

1 1
W()<,j) < W()(,j) —n(?)

e Use the scalar ¢

Oloss
ow !

2
nain rule from calculus:

Xercise: |

Oloss i Oloss 8A,(€1) i 814,({1) Oloss ', E o |
(1) OPEON (1) 5 41+ COMPUIS

Mo 4= 04O 0g = 9oy O30 s matix

Oloss 0AM) dloss Oloss dAM) dloss

owsy  awgh 0AW owyt  awgt 0AW
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Taking derivatives for SGD

« Example 1-layer NN
» data dimension m") =4 ; # outputs n'? =
AWM — WO T4 4 D)

loss = L(A(l), ) = S:i_l(A,(:) — Y )?
e Part of SGD step t: randomly Chgcl)se (x,y) and update:
Wil Wl 2
0,7
e Use the scalar chain rule from calculus:
| Exercise: |

3 :
Oloss _ Oloss 814,({1) 23: 8A,(€1) Oloss | ,
D) leteoill)onnald) | compute |

| Notice: We can't just k=1 aWO(J) 047 | this matrix |
substitute the weight -
. matrix in the final |
|_formula. (Why not?) |

Oloss B 0A1) Hloss
owh  aw i 0AW




Taking derivatives for SGD

« Example 1-layer NN
» data dimension m' =4 : # outputs n'") =
AWM — WO T4 4 D)

loss = L(AW, y) = S35, (AL — )3
e Qur last derivation doesn’t work for a full weight matrix.
(Exercise: why not”?) So what about the full matrix case”
Oloss i 8A1(91) Oloss 8A,(€1) Oloss N Oloss
ow')  ewl oAl awl)aald oAl
» Observe: ifuisacx 1vectorandv isa b x 1vector, vu '
is a matrix of size b x ¢ with (J, k) entry v,ug

+ By our convention, Oloss/OW) is a matrix with (4, k)
entry 5’1088/8Wj(,k) . 5o Oloss Iloss \
@ T\ 5Am




Taking derivatives for SGD

* (General case: NN with L layers

e Layer ¢ has m'Y inputs and nY = m*Y outputs
AD Z 20y 70 ZwOT 40 L@ ity 40 —
* To find dloss/OW ¥, break off the “final” weight derivative
Oloss 027 dloss ¢—1) Oloss Oloss B Oloss \

_ k :A(- ) — A(f 1)

14 14 I J 12 14 14

ow'y  ow') oz YA oW ) 07

e |t remains to find dloss/9ZY
Oloss OAW gzU+1) §AE+1) OAL=1) 57z(L) HAL) Hloss
0Z0) — 970 gAO) gz T 9z(EL-1) gAL-1) z(L) §A(L)

* |Lots of this computation will be shared across layers
* More efficient to compute the shared parts only once

* Can similarly show: ﬁloss/f)’Wée) — c?loss/é?Z(e)
8



Exercise: use these brs 1 Exercise: Ctat you

| formulas to show that the ' ° | - |
| final derivatives w.rt. W¢ared {29ree With these formulas;

, Othc a?y layer above ¢ has | 'A Cwith 4@ —
= Z[ICTon activations_ff the “final” weight derivative
Oloss 8Z,i£) Oloss A1) Oloss Oloss = (5’IOSS>T

ow @ ow@oaz0 0 970 owe 07"

e |t remains to find dloss/9ZY
Oloss OAW gzE+1) § AL+ DAL= Hz(L) HAL) Hloss
0720 — 920 gAML gz T gz(L—1) gAT-1) 9Z(L) 9A(L)

* |Lots of this computation will be shared across layers
* More efficient to compute the shared parts only once

* Can similarly show: ﬁloss/f)’Wée) — aloss/(?Z(e)
8



