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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®

|



v=1 e R o I

- EEETENeEES
- Bl NES
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Model probability distribution over classes by softmax function

exp(f(x, wy))

pOYIX, W) = [exp(fix o) | / ) exp(/(x,w,) = s(E(x, W) = s
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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

p(y=1[xaW) p(y=2]|x, W) p(y=3|x. W)
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Which image is incorrectly classified?
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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 ) = 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
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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 _
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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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

11




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
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Why is it hard?

Huge within-class variability!

Due to:

e \iewpoint
e (Occlusion
e |[lumination
e Pose

e [ype

o Context
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Why is it hard?

Huge among-class similarity!
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Why is it hard?

Huge among-class similarity!
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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( f(x. Wz))] / 2 exp(f X, Wk> = s(f(x W))

Py [x, W) = [

p(y=0|x, W) p(y=1[x, W)

plane car
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exp(f(X, wy))
p(y|x, W) = [exp(f(x, Wz))] / Z exp(f X, Wk> = s(f(x W))
| exp(f(x, w)/2)
p(y|x,w) = [exp(—f(x, W)/2)] / (exp(f(x, W)/Z) —iexp(—f(x, w)/2)))8igmOid
( | e oo w)
p(y=0[x,w) p(y=1]x,w) | ! y /
L+ 550w v fxow

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(fix,w)) ] :
e

Py [x, W) = [

p(y|x, w) =
L - o(f(x,w))

( p(y=0|x,w) p(y=1[x,w)
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exp(f(x, W)
exp(fix, wZ»] /2, expdflx.w) = s(i(x W) €

Py [x, W) = [

G(f(Xa W)) Y = 1 e | 1
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polxan = { T8 L = oUW+ (=) (1 = olfix W)

L. oss function:
ZL(w) = —logp(y;|X;, W)

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

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

L. oss function:
ZL(w) = —logp(y;|X;, W)

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

py=0|x,w) p(y=1|x,w)

Learning:
arg min £ (w)
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polxan = { T8 L = oUW+ (=) (1 = olfix W)

L. oss function:
ZL(w) = —logp(y;|X;, W)

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

py=0|x,w) p(y=1|x,w)

Learning:
arg min £ (W)
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Draw training data that cannot be separated by linear classifier????

1D linear classifier 2D linear classifier
What is this threshold for linear class.? B
L (X, W) = 0 py=1]|x,w)> p(y=0]x, w)

plane
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car
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Equivalence of common binary losses

Binary cross-entropy loss:

POy IX, W) = {‘l’(f N oy g = oUW (1 =)o W)

Z(W) = Z —logp(y:|X,,w) = Z — log (Yi - o(f(x;, W) + (1 =) - o(f(X, W)))

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

+ (l-y)*(-torch.log(l-torch.sigmoid(wlx)))

Logistic loss:

G(f(X, W)) y = 1 {G(f(X, W)) Y = 1 — g(y.f(X. W))
1 o

PLyIx. W)= {1—0(f(x,W)) y=—1_|o(-fx,w)) y=—

Z(W) = Z — logp(y; | x;, W) = Z — IOg(U(yif(Xia W») = Z 10g<1 + exp(—y;f(X;, W)))

l l

-torch.log(torch.sigmoid(y* (w@x)))

torch.log(l+torch.exp(-y*(w@x)))



Equivalence of common binary losses

Softmax => Cross-entropy loss:

exp(f(x, wy)) -
p(y|x, W) = LXP( x| zk:eXp(f(x, w,) = sE(x, W)
exp(f(x,w)/2)
P(Y| X, W) LXP(_ e /2)] (exp(f(x, W)/2) + exp(~fx, )/2)) )
| p(&f( ;;)//22)) B [ 1+exp(1_f(x, W) ] _ l 6<f (X, W)) ]
B — 1 1 — ( ’ )
_ exp(=/(x, w)/2) : I+ exp(=f(X, w)) G(fX v )
eXp(f(X, W)/2)
o(f(X, W)) y=1 — v . 1 —v) -
p(yx, w {1 (W) v =0 yi - o(f(xX, W) + (I = y) - o(f(X, W))



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

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

Caffe: Multinomial Logistic Loss Layer Carfe: SoftmaxWithLoss Layer


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#bceloss
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

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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