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Parametric Models

(Noisy) observations (z;,y;), try to infer y = f(z).

Y
e N Y= f(z)
(5, ¥s)
> T
Regression (z,y) € R" x R?

T
f(z) =
Classification (z,y) € R™ x {—1,1}



Parametric Models

(Noisy) observations (z;,y;), try to infer y = f(z).

o o Y= f(x)
(ﬂﬁi,yi)
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X
flz) =0
Regression  (x,y) € R" x R? Classification (z,y) € R™ x {—1,1}

Yyt y=f(z) 1. oo
Parametric model: y = f(«x,#), find 6. - ° ° o
() o ®¢/, :
Linear model: f(z,0) = (x, 0). e o Y4 o




Parametric Models

(Noisy) observations (z;,y;), try to infer y = f(z).

o o Y= f(z)
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Regression  (x,y) € R" x R? Classification (z,y) € R™ x {—1,1}

Parametric model: y = f(x,#), find 6.

Linear model: f(x,0) = (x, 0).

Deep network:




Empirical Loss Minimization

Regression: (y,y') € R? x RY, L(y,y") = |y — ?/HQ
Classification:  (y,y) € R x {—1,1}, L(y,y’) = log(exp(—y'y) + 1)

Loss minimization:

mm ZL (2,0 mein Ex vy (L(f(X,0),Y))



Empirical Loss Minimization

Regression: (y,y') € R? x RY, L(y,y") = |y — Z//HQ
Classification:  (y,y) € R x {—1,1}, L(y,y’) = log(exp(—y'y) + 1)

Loss minimization:

mm ZL (2,0 mein Ex vy (L(f(X,0),Y))

Stochastic gradient descent:

— Sample: (x,y) € {(x;,9:) }i (x,y) ~ (X,Y)

— Update: %) <=9 _ 1,v,0, .,(6)
where £, (0) = L(f(x,0),y)



Gradient Computation

How to compute V4, ,(6)? ey (0) = L(f(z,0),y)

Chain rule: V&U,y(e) — [8f(:1:, 9)]T (VL(f(in, 9)7 y))

Linear f(x,0) =0 x x: 0f(xz,0) = 6.
Non-linear f(x,#): painful ... but £, , it is just a computer program.



Gradient Computation

How to compute V4, ,(6)? ey (0) = L(f(z,0),y)

Chain rule: Vi, ,(0) = [0f(x,0)]" (VL(f(z,0),y))
Linear f(x,0) =0 x x: 0f(xz,0) = 6.

Non-linear f(x,#): painful ... but £, , it is just a computer program.

Computer program <> directed acyclic graph < linear ordering of nodes (6,.),.

computing /¢

forward

_—
function 4(61,...,0)
forr=M+1,..., R (\94
‘ Vi :gr(eParents('r)) Input g3 »

return Op




Example

0(61,05) = 02¢%11/0; + Boet

05 = 01 + 64 T g = \/@

output /




Example

0(01,02) = 02e711/6, + €0

05 = 01 + 0, BT O = \/@

output /

9; (92)2<] _Q’E\“gk — gk(eﬁ)ﬁék — - Oy

Chain rules:

“Classical” evaluation: forward.
Complexity ~ #inputs.



Example

0(01,02) = e V01 + Oye%

05 = 01 + 64 BT fg = \/@

output /

9; (ez)zéj —Q’E\‘Hk — gk(eﬁ)ﬁgk — - Oy

Chain rules:

66 % B Z (9(9] 0 29 “%_N B Z 06 n (96’]3’
00, 00; 004 00, N ~ 00y 00,
i€Parent(j) \ / kGChlld(])l \
0;q:(0 L6 0:qr (6
“Classical” evaluation: forward. Backward evaluation.

Complexity ~ #inputs. Complexity ~ #outputs (1 for grad).



Backward Automatic Differentiation

0001, 05) = 02e%1 /0,1 + 05e01

computing ¢

05 = 01 + 0, — 0| %6 = /05

€

output /

computing V/

function V/A(01,...,0n)
_ function £(61,...,0) < Vel =1
S forr=M-+1,...,R < forr =R — , 1
2| O = 9 (Oparents(r) S V.l = Z 0,.9+(0) Vo
return Op - Ol
return (V/4,...,Vy/l)




What’s Next

Alexandre Allauzen: deep neural networks training.
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Guillaume Charpiat: architecture eep neural networks.




