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CIFAR-10: classity 32x32 RGB images into 10 categories
https://www.cs.toronto.edu/~Kkriz/citar.ntml
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How does the |linear classifier work®
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exp(f(x, wy))
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Model probability distribution over classes by softmax function

exp(f(x, wy))
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Model probability distribution over classes by softmax function
exp(f(X, W})) 11 0.71
PO/ |x, W) = [exp(fix, wp) | / ) exp(f(x,w,) = s(f(x, W)) = s( [ 0 ] ) = [O.%]
exp(f(Xx, wz)) k -2 0.03
p(y=1|xaW) p(y=2[x, W)

plane car Which image is incorrectly classitied?
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Model probability distribution over classes by softmax function

exp(f(X, wy)) 41 0.71
PO |x, W) = |exp(fix, W) [ / ) exp(f(x,w,) = s(f(x, W)) = s( [ 0 ] ) = 1/0.26
exp(f(x, w3)) k -2 0.03

pOy=T1xaW) p(y=2[x, W) p(y=3[x. W) | Joc tnction:

lane car Dbirc _
j S| S S3 Z(W) = —logp(y = y;|x;, W) = —logs, (WX)
; = —1log(0.26) = 1.35




v=1 e R - I O R
- CEETEHeESS
S 1By ER A )

Model probability distribution over classes by softmax function
exp(f(X, W})) 11 0.71
PO |x, W) = |exp(fix, W) [ / ) exp(f(x,w,) = s(f(x, W)) = s( [ 0 ] ) = [O.26]
exp(f(Xx, ws)) k —2 0.03

pOy=T1xaW) p(y=2[x, W) p(y=3[x. W) | Joc tnction:

lane car Diro _
UsiT S, s, F(W) = —logp(y = y,|x, W) = — logs, (WX)

L earning:
arg min £ (W)
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Model probability distribution over classes by softmax function

exp(f(X, wy)) 41 071
PO |x, W) = |exp(fix, W) [ / ) exp(f(x,w,) = s(f(x, W)) = s( 0 ) = 10.26
exp(f(x, w3)) k -2 0.03

pOy=T1xaW) p(y=2[x, W) p(y=3[x. W) | Joc tnction:

lane car Diro _
HCGR F(W) = —logp(y = y,|x, W) = — logs, (WX)

L earning:
arg min £ (W)
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Various implementation and names

\oglts

Input: probabilities
(Multinomial) Logistic loss,
Cross-entropy |oss,

Z(W) = CE(y, p(y;|x, W)

Pytorch: BCELoss
Tensorklow: log_loss
Caffe: Multinomial Logistic L.oss Layer



https://pytorch.org/docs/master/nn.html#bceloss
http://caffe.berkeleyvision.org/tutorial/layers/multinomiallogisticloss.html
https://www.tensorflow.org/api_docs/python/tf/losses/log_loss

Various implementation and names
Yi

loQits

Input: probabilities Input: logits /

(Multinomial) Logistic loss, Softmax loss,

Cross-entropy loss, ... Categorical Cross-entropy loss, ...
F (W) = CE(y;, p(y;| x;, W)) Z(w) = CE(y, fix;,W))

Pytorch: NLLLoss Pytorch: CrossEntropyl.oss
TensorFlow: log loss TensorFlow: softmax_cross_entropy

Caffe: Multinomial Logistic Loss Layer Carfe: SoftmaxWithLoss Layer


https://pytorch.org/docs/master/nn.html#bceloss
http://caffe.berkeleyvision.org/tutorial/layers/multinomiallogisticloss.html
https://www.tensorflow.org/api_docs/python/tf/losses/log_loss
https://pytorch.org/docs/master/nn.html#crossentropyloss
https://www.tensorflow.org/api_docs/python/tf/losses/softmax_cross_entropy
http://caffe.berkeleyvision.org/tutorial/layers/softmaxwithloss.html

et train [N e 27 it ] i el I
1 1 1 2 2 2 3 3 3)
x; = vec( ,’sg\ )

W* = arg min (W) = arg min Z —logs, (WX;) ... gradient optimization
W W !

return W*

l
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reshape(w;) reshape(w,) reshape(ws) reshape(w,) reshape(ws) reshape(wg) reshape(w,) reshape(wg) reshape(wg) reshape(w,)

def train(..%!' 't
11 1 2 2
X; = vec( %)

W* = arg min (W) = arg min Z —logs, (WX;) ... gradient optimization
W W !

return W*

l




e SURNEED  EENEE S
wromrte I I
i SN BB
X =\ .
| -y \
cat | o 25N / g 2
O e TR e

y |

w  EESn B
oo I R O
e IS RS
o B E e .

week o R e 1 5 o A 8

airplane

automobile

horse

ship

15

truck



airplane ﬂ..% y...=‘!
automobile E-'.E‘h..‘
o mal WSS W
cat IIQIII
A% SRy [«

deer
dog
frog
horse
ship

truck

QY LXLWN—D
\OOQQC\U\““:wN"'Q
IS4 IND
NN SNANALNDRD
LN RN~y —=0

LR~ NARPINND
D g\ G DWWyt~
O~ AOAHYL O

I~
g
i
i3
e
e
‘@
-
g
e




big number

2

pixels W zeros L positive [ negative

X Wa
I
—____ small number

pixels 17




Dataset Label Images Learned weights of linear classifier  Error

MNIST
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Dataset Label Images Learned weights of linear classifier  Error
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Why is it hard?

Huge within-class variability!

Due to:
2799

e Viewpoint
e Occlusion
e [[lumination
e Pose

e [ype

e Context
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Why is it hard?

Huge among-class similarity!

4
_ .
-~ - s

Facebook / Gau Meo Bac My |




Why is it hard?

Huge among-class similarity!

#,J' /g..

N

: "‘?uz “{s-.rx.




Why is it hard?

Huge among-class similarity!




Recognition problem
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CIFAR-10: classity 32x32 RGB images into 10 categories

https://www.cs.toronto.edu/~kriz/citar.ntml
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exp(f(x, W)
exp(fix, wZ»] /2, expdflx.w) = s(i(x W) €

Py [x, W) = [

p(y=0[x, W) p(y=1][x, W)
olane car
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exp(f(X, Wl))]
X, W / ex x,w,) =s(f(x, W
p(y|x, W) = LXP( A% W) Z p(f(x, w,) = s(f(x, W)) €
| exp(f(x, w)/2)
p(y|x,w) = [exp(—f(x, W)/2)] /(exp(f(x, W)/2) + exp(—f(X, W)/2))) | |
1 ‘sigmoid
( | 1 Rwmee *ﬂ ﬂ@ix W)
pOy=0[x,w) p(y=1]|x,w) ] | y /
plane car prrexEl I anre

1 -5 -J -1 1 J 9
[ + exp(—f(x, W)) B l o(f(x, w)) ]

X 1 — 1
1 + exp(—f(x,w))
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exp(f(X, W)))
exp( f(x. Wz))] / Z exp(f X, Wk> = s(f(x W))

o(f(x, w)) ] :
€ |
1 —o(f(x,w))

Py [x, W) = [

pQy|x,w) = l

( p(y=0|x,w) p(y=1[x,w)
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exp(f(x, wy))

p(y|x, W) = [
exp(f(x, W,))

G(f(Xa W)) Y = 1 e | 1
I —o(f(x,w)) y=0

p(y\x,W)={

( p(y=0|x,w) p(y=1[x,w)
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_ Jo(f(x, w)) y=1
p(y|x,w) = {1 Cs(fxw) v=0 o(f(x, w)) + (1 =) - (1 = o(f(x, W)))

py=0|x,w) p(y=1|x,w)
plane car
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polxan = { T8 L = oUW+ (=) (1 = olfix W)

L 0ss function (subst. car x):
Z(w) = —logp(y;|x;, W)

= — log (yl- -o(f(x,w)) + (1 —y) - o(f(X, W)))

pO=01x,w) p(y=1]x,w) = —1log(1-0.21+(1 —1)-0.21) = 1.56
plane car
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M= =R

polxan = { T8 etk W)+ (=) (= et w)

L 0ss function (subst. car x):
Z(w) = —logp(y;|x;, W)

= — log (yl- -o(f(x,w)) + (1 —y) - o(f(X, W)))

pO=01x,w) p(y=1]x,w) = —1log(1-0.21+(1 —1)-0.21) = 1.56
plane car

Learning:
arg min £ (w)




- R - MBI
M= =R

polxan = { T8 etk W)+ (=) (= et w)

L 0ss function (subst. car x):
Z(w) = —logp(y;|x;, W)

= — log (yl- -o(f(x,w)) + (1 —y) - o(f(X, W)))

pO=01x,w) p(y=1]x,w) = —1log(1-0.21+(1 —1)-0.21) = 1.56
plane car

Learning:
arg min £ (w)
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1D linear classifier

Which value of f corresponds to this threshold?
- [(X, W) =

car
pOy=1]x,w)

plane
p(y=0|x, W|

: Probability is sigmoid of f

W EEEE VYV s —

V .p(y T1x,w) > p(y= O\X W)
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Let’s implement it !!!
1D linear classifier 2D linear classifier

: f(x, W) = 0 __ po=lxw > p(y=0]x, W)
car )
p(y=1|x,w)

plane
p(y=0]x, w|

' Probability is sigmoid of f
L e X

W EEEE VYV s —

V .p(y 11x.,w)> p(y=0|x,w) pPO=0[x,w)>pQH=1|x,Ww) X




Numpy implementation

| +wll] * X[: ] + w[Z]

(-np.log(p)*y + -np.log(l-p)*(1l-y)).sum()
-1/p * sigmoid(f) * (l-sigmoid(f)) * ..
* grad

Z(W) = —log(y - o(f(x,w)) + (1 —y) - (I = o(f(x, W)))



Numpy implementation

1 (30):
f = w[0] * X[: ] + w[l] * X[: ] + w[2]
p = sigmoid(u)
loss = (-np.log(p)*y + -np.log(l-p)*(l-y)).sum()
grad -1/p * sigmoid(f) * (l-sigmoid(f)) *
* grad




Numpy implementation

1 (30):
f = w[0] * X[ ] + w[l] * X[ ] + w[2]
p = sigmoid(u)
loss = (-np.log(p)*y + -np.log(l-p)*(1l-y)).sum()
grad -1/p * sigmoid(f) * (l-sigmoid(f)) *
* grad
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POy 1%, W) = {‘l’(f ) Ty = e W+ (=) (1 = (W)

Draw training data that cannot be separated by linear classifier????
2D linear classifier 2D linear classifier

p(y=1|x,w) > p(y=0]x, w)

pOy=0]|x,w)> p(y=1[x,w) X



L abel Images Learned weights crror - 2D linear classifier
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2D linear classifier 2D non-linear classifier
f[xy, %], W) = wixy + wox, + w fx, %], W) =

— Wl.xl -+ W2X2 -+ W3x12 -+ W4x22 -+ stle -+ WO




2D linear classifier 2D non-linear classifier
f[xy, %], W) = wixy + wox, + w fx, %], W) =

oA, x — Is there a linear classifier . /-\\
that separates this data? [« *




5D linear classifier 2D non-linear classifier
J(xy, %, x129 xzza X1X%], W) = @ JUxp, %], w) =

_ 2 0
= WiX| + WoXy + WiXT 4+ WXy + WX X, + W, = WX T Woky T WaX{ T We Xy T WsXi X + Wy

Is there a linear classifier
that separates this data?
e [aylor polynoma

e Fourier transform
e Hilbert or Banach space




5D linear classifier 2D non-linear classifier
J(xy, %, x129 xzza X1X%], W) = @ JUxp, %], w) =

_ 2 0
= WiX| + WoXy + WiXT 4+ WXy + WX X, + W, = WX T Woky T WaX{ T We Xy T WsXi X + Wy

Is there a linear classifier
that separates this data?
e [aylor polynoma

e Fourier transform
* Hilbert or Banach space

There are two ways you can understand deep learning:
* | earn non-linear classifier that separates complicated areas in pixel space

* | earn non-linear features that makes classes linearly separable
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Equivalence of common binary losses
Binary cross-entropy loss:

p(yIx,W) = {‘l’(f M R ORI ER R

LW) =)~ logp(yi|x, w) = 2, = log(y;+ o0 W) + (1 = 3) - o fix;, )

loss = y*(-torch.log(torch.sigmoid(w@x)))
+ (l-y)*(-torch.log(l-torch.sigmoid(w@x)))

tensor(3.9876, requires grad=True)

Logistic loss:

o(f(x,w))  y=1 {a(f(x, W) oy=1 s xw)
1 l 1’

pYIX, W) = {l—a(f(x,w)) y=—1_|o(-fx,w)) y=-

LW) =Y ~logp(y;|x, ) = Y, = log(o(3,fix, W) ) = ¥ log( 1+ exp(=y,fx, w)

loss = -torch.log(torch.sigmoid(y*(w@x)))
tensor(3.9876, requires grad=True)

loss = torch.log(l+torch.exp(-y*(w@x)))
tensor(3.9876, requires grad=True)



Competencies required for the test T1

Classitication loss for two-class and K-class classification problem.
Equivalence of common binary classification losses

Meaning of weights in linear classifier

2D visualization, decision boundary, features

Drawback of linear classifier (too simple for some problems)
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