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Assignment
D ={x1,Y1...XN,yyn } ——>»PES = np.load( pts.npy )
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Assignment
D ={x1,Y1...XN,yyn } ——>»PES = np.load( pts.npy )

f(X- w) B 1 for 1 in range(30):
(% o 1_|_6—(w0>l<xi—|—W1) T—>f = # use np.exp()
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Assignment
D ={x1,Y1...XN,yyn } ——>»PES = np.load( pts.npy )

f(X- w) B 1 for 1 in range(30):
(% o 1_|_6—(w0>l<xi—|—W1) T—>f = # use np.exp()

1 = . 7 .
Fw)y= Y (Fexw) — ) R
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Assignment
D= {X1,y1...XN, YN } ——>PLS = np.load('pts.npy')

1 for i in range(30):

f(xi W) = 1 + e~ (Worxitwi) = —bf = _ # use np.exp()
loss = .. # use np.sum()
FW) = > (Flxiw) —yi) "
’ grad = .. # compute analytically

w* = arg min Z(w) /w -= learning rate * grad

W
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Assignment
D ={x1,Y1...XN,yyn } ——>»PES = np.load( pts.npy )

1 for i in range(30):

f(xi W) = 1 + e~ (Worxitwy) T = f = # use np.exp()
loss = .. # use np.sum()
Fw) = Y (flxiw) — )"
v grad = .. # compute analytically
w* = arg min Z(w) /w -= learning rate * grad
W
) 3 # visualize result
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Assignment

Derive grad of sigmoid
Download the template a fill the stuff in
* Try different learning rates in order to get best convergence

* Try different initializations of w



 What is the reasonable learning rate?

loss(w0,w1)

loss(w0,w1)

LSQ

LSQ
Too small learning rate in wO-dim Too big learning rate in w1-dim

Should not we use different learning rate along different axis wO,w1?



 What is the reasonable learning rate?

loss(w0,w1)



Discussion

* |s it linear least squares?
* |s the loss quadratic?
» How many steps required for full Newton method for quadratic loss?

* Non-linear least squares, GD, SGD
* mean/sum
* landscape wO/w1

 Computational graph + backprop (is it DAG?)
» Jacobian and Vector-dacobian-Product (whiteboard examples + discussion)
* PyTorch framework for now prohibited ;-)



Pytorch
I):“bﬁjy1~-XAuyN}-———-*'pts = np.load( 'pts.npy')

1 for i in range(30):

f(Xi’W) - 1 + e~ (Wosxi+wy) = P f = | # use torch.exp()
loss = .. # use torch.sum()
Fw) = > (flxiw) —y) "
’ grad = torch.autograd.grad(loss, w)
w* = arg min Z(w) — w —-= learning rate * grad
W
vo] 3 # visualize result
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Discussion

* Why the hell should | use the L2-norm???"
* The simplest justification is MLE approach.



p(y‘X7 W) ~ Ny(/LU1fIJ —|_ wo, 0'2)
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Derive on blackboard !!!!

w* = argmax | | [ plyilsi.w) | = argmin " (wyz; + wo — 1)



Maxi

0.6 ' 0.2
08 .4 0.0

W = arg max Hp(yi‘xia w) | = arg m“ifnZ(wlxi + Wo _.)2






Assignment classification

D={x1,Y1...XN, YN } ——>FX = np.load(‘data x.npy )
y = np.load(’‘data y.npy )

p = o(xgwy + X;w; + w,) for 1 in range(30):

T ——p =.  # fill in

1 = .. ' '
L(W) = Z — y1og(p) + (1 = y)log(l — p) —* oSS # £ill in

grad = .. # compute analytically
w —-= learning rate * grad
w* = arg min £ (w) —

# visualize result

1.0




Discussion

What is the classification error?

Can | directly optimize the classification error?

Are there multiple decision boundaries that minimize classification error?
How does the error correspond to the loss?



Discussion

* |s dkt model anyhow better than
» a fully connected neural network?
e or linear function?



Summary

Multi-dimensional non-linear regression tackled by pure gradient descent
Convergence issues of pure gradient approach

Vector-dacobian-Product
Maximum likelihood justification of L2 norm

Appropriate choice of architecture (linear, dkt, convNet,...)



