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First architecture

input hidden output



Computing activations

* In all examples, x = [x1 x2], plus include 1 for bias
e Assume sigmoid activation function

* Initialize all weights to 0.1

* First example: x =[1 0]

e Second example: x = [0 1]

* Third example: x =[1 1]



Computing activations (answers)

* First example:
* At hidden: z; =1/ [1 + exp(-(x, W o+x, *wit) , +x,*wl) )]
e =1/[1+exp(-(1*0.141*0.1+0*0.1))] = 0.5498
* Atoutput:y, =1/ [1+ exp(-(zo*w!?),+z,*w?,))]
o =1/[1+exp(-(1*0.1+0.5498%0.1))] = 0.5387 > y, o4 = 1
* Second example:
o At hidden: z; =1/ [1 + exp(-(x,*W g+x, *wWil) , +x,*wl) )]
e =1/[1+exp(-(1*0.140*0.1+1*0.1))] = 0.5498
e Atoutput:y, =1/ [1+ exp(-(z,*w?,, +z,*w2_,))]
o =1/[1+exp(-(1*0.1+0.5498%0.1))] = 0.5387 >y, oy = 1



Computing activations (answers)

* Third example:
* At hidden: z, =1/ [1 + exp(-(x,*W o+x, *wit), +x,*w(1),,))]
e =1/[1+exp(-(1*0.1+1*0.1+1%0.1))] = 0.5744
« Atoutput:y, =1/[1+ exp(-(z,*w?,,+z,¥*w?) )]
+ =1/[1+exp(-(1*0.1+0.5744%0.1))] = 0.5393 Dy, = 1



Second architecture
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input hidden output



Computing activations

* In all examples, x = [x1 x2], plus include 1 for bias
e Assume sigmoid activation function

* Initialize all weights to 0.05

* First example: x =[1 0]

e Second example: x = [0 1]

* Third example: x =[1 1]



Computing activations (answers)

* First example:
e At hidden:

e z,=1/[1+exp(-(x,*Wi o+x, *wl  +x,*wl ,))] =
1/[1+exp(-(1*0.05+1*0. 05+0*0. 05))] = 0.5249
* 2,=1/[1+exp(-(x,*Wt o+x ¥*will . +x,*wt), )] =
1/[1+exp(-(1*0.05+1*0.05+0*0.05))] = 0.5249
* At output:

ey, =1/[1+exp(-(zy*w? 5 +z,*W)  +z,*w)_)))]
=1/[1+ exp(-(1*0.05+0.5249*0.05+0.5249*0.05))] =
0.5256

e v, =1/[1+exp(-(z,*w?,,+z,*W2), +z,*w(),))]
=1/ [1 + exp(-(1*0.05+0.5249*0.05+0.5249*0.05))] =
0.5256 > Yy = [1 1]



Computing activations (answers)

* Second example:
* At hidden:

e z,=1/[1+exp(-(x,*Wi o+x, *wl  +x,*wl ,))] =
1/[1+exp(-(1*0.05+0*0. 05+1*0. 05))] = 0.5249
* 2,=1/[1+exp(-(x,*Wt o+x ¥*will . +x,*wt), )] =
1/[1+exp(-(1*0.05+0*0.05+1*0.05))] = 0.5249
* At output:

ey, =1/[1+exp(-(zy*w? 5 +z,*W)  +z,*w)_)))]
=1/[1+ exp(-(1*0.05+0.5249*0.05+0.5249*0.05))] =
0.5256

e v, =1/[1+exp(-(z,*w?,,+z,*W2), +z,*w(),))]
=1/ [1 + exp(-(1*0.05+0.5249*0.05+0.5249*0.05))] =
0.5256 > Yy = [1 1]



Computing activations (answers)

* Third example:
* At hidden:

« z,=1/[1+exp(-(x,*W +x, *wil)  +x,*wl )] =
1/[1 + exp(-(1*0.05+1*0. 05+1*0. 05))] = 0.5374

© z,=1/[1+exp(-(x,*W,g+x, *wil,, +x,*w.))] =
1/[1 + exp(-(1*0.05+1*0.05+1*0.05))] = 0.5374

* At output:

ey, =1/[1+exp(-(zy*w? 5 +z,*W)  +z,*w)_)))]
=1/[1+ exp(-(1*0.05+0.5374*0.05+0. 5374*0.05))] =
0.5259

e v, =1/[1+exp(-(z,*w?,,+z,*W2), +z,*w(),))]
=1/ [1 + exp(-(1*0.05+0. 5374*0.05+0. 5374*0.05))] =
0.5259 > vy = [11]



Training the first network

* Perform backpropagation using stochastic gradient
descent (one sample at a tlme§

* Weights are initially all 0.1

* Learning rate is 0.3

* Sigmoid activation function at hidden and output
e ds(x)/dx=s(x)(1-s(x)) dx

e Samples have the following labels:
* Firstexample:x=[10],y=1
* Second example: x=[01],y=0
* Third example: x=[11],y=1

* Preview: What do you expect final weights to be?



Learning from first example

* Firstexample: x=[10],y=1

* Weights are wi) j=w  =wll , =wl) =wl =0.1
* Activations are z, = 0.5498, y, = 0.5387

* Compute errors:

8,1 = V1*(1-Y1)*(Vi~Virue) = 0.5387%(1-0.5387)*(0.5387-1) = -0.1146

. 5 = 7,%(1~2,)*(W@ *8 ;) = 0.5498*(1-0.5498)*[0.1*-0.1146]

="10.0028

* Update weights:

* W= widy —~03%6,, 2, =01 +0.3%0.1146*1 = 0.1343
W) = w2, ~0.3*%5 11*2,=0.1 +0.3%0.1146*0.5498 = 0.1189
Wil = wit), —0.3%8. *x_ = 0.1 + 0.3%0.0028*1 = 0.1008
Wil = witl, —0.3%8.,*x, = 0.1 + 0.3*0.0028*1 = 0.1008
Wil = witl, —0.3%8.,*x, = 0.1 + 0.3%0.0028*0 = 0.1



Learning from second example

Second example: x=[01],y=0

Weights are wt) = w{l) , =0.1008, wt) , = 0.1, w2}, ; = 0.1343, wl?) ,

0.1189
Actlvatlons are (recompute with new weights):

/[1+exp *will o+ *w@ )] =1/ [1 + exp(-
i*o 1008+0*0. 1088 1*3) 1)} =055 % Y

= 2) )] = ]
Yi*011{34%1-0e)é5*0 %.189)}? (J) 5\A£/19é1))] 1/[1+ exp(

Compute errors:

8,1 = Y1 *(1-Y1)*(Y1~Vyrue) = 0.5498%(1-0.5498)*(0.5498-0) = 0.1361
5 =2, %(1-2,)* (W, %6, ,) = 0.55%(1-0.55)*[0.1189*0.1361] = 0.004

Update weights:

w ) = w2, - 0.3%8, ,*z; = 0.1343 - 0.3*0.1361*1 = 0.0935

W) = W) —0.3%5] ,1*2, =0.1189 - 0.3*0.1361*0.55 = 0.0964
Wil = Wil _0.3%5" *x, = 0.1008 - 0.3*0.004*1 = 0.0996
Wil = wii).) —0.3%5..%x, = 0.1008 - 0.3*0.004*0 = 0.1008
witl, =wl,, —0.3*8_*x, = 0.1-0.3*0.004*1 = 0.0988



Learning from third example

Third example: x=[11],y=1

Welghts are w(t),

w

= 0.0996, w'V,, = 0.1008, w(l),, = 0.0988,
='0.0935, qz) - 0.0964

Actlvations are (recompute with new weights):

/[1 (1) (1) -1/ i
(170.00b6+ 150, 1088+1*b°09]8§A)/)] 1070y 2 =/ 1T e

- 2 ) = _
Yi*010{931510e)é73(5>90 09612)-3?1_ ‘(")’5§]7))] 1/[1 + exp(

Compute errors:

8,1 = Y1* (1Y) *(Y1~Yerue) = O. 5371*(1 0.5371)*(0.5371-1) = -0.1151

6 = 2,%(1-2,)*(Wl?);*6, ;) = 0.5742%(1-0.5742)*[0.0964*-0.1151] = -0.0027

Update weights:

w? g = w) - 0.3%8 ,*2, = 0.0935 + 0.3*0.1151*1 = 0.1280

<2> = w<2> —0.3*5, ,1*2, = 0.0964 + 0.3*0.1151*0.5735 = 0.1162
w<1) = wit ) —0.3*5.,*x, = 0.0996 + 0.3*0.0027*1 = 0.1004
w<1)11 = wit >11 ~0.3*5,*x, = 0.1008 + 0.3*0.0027*1 = 0.1016
will ) = wl ) —0.3*%8_,*x, = 0.0988 + 0.3*0.0027*1 = 0.0996



Recap

* Do the w!l) weights we obtained make sense?



