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L iInear classifier and neuron
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def classify( E):

# [ inear classifier

szec(E)

-
return w X

RGB images

Computational graph of linear classifier
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L iInear classifier and neuron

Labels RGB images
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| Computational graph of neuron
def classify( E):

wy=-1

# Neuron ~,
szec(E ) $1—+2/® A1=-2

- =0.27
p=oc(w'x) @ A

return p W=t \® \ \

ro=t+1.-"" logits probability
[-inf; +inf] [0; 1]
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Relation to biological neuron
wi=-1
0N
Z1 =-2
331—+2/
@ :O.27

W=+ \@ >\ \

ro=t+1."" logits probability
[-Inf; +Inf] [0; 1]
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Modeling dynamic neuron behaviour
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Learning in computation graph




Learning in computation graph
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Learning In computation grapn
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oG
\ g=-1 Y v=-1 p=0.2/
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@ 22:1 8p

L ocal gradient:
0L  O(—log(p))

dp  Op



Learning In computation grapn
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L ocal gradient:
Op  Oo(v)

2= = ()1 - o(v))



Learning in computation graph

Sigmoid Function Derivative of Sigmoid
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Local gradient:
Op Jdo(v)

2= = ()1 - o(v))




Learning In computation grapn
uq:41
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L ocal gradient:

dv _ 9(yq)

0g  Oq
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Learning In computation grapn
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L ocal gradient:
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Learning In computation grapn
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L ocal gradient:
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Learning In computation grapn

82% y=+1
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Learning In computation grapn

82% y=+1

0w <:> 21 =-2
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Learning In computation grapn

w1 =+0.48 1
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Learning In computation grapn
w1 =+0.48

821_2 Y=+
Owy @ 21 =+0.96
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Learning from multiple training samples means summing up
the partial derivative over all samples 17

=-3.770.271"1"2 =-1.48




Numpy implementation

1 (30):
u = w[0] * xX[: ] + wfl] * X[: ] + w[Z2]
p = sigmoid(u)
loss = (-np.log(p)*y + -np.log(l-p)*(1l-y)).sum()
grad -1/p * sigmoid(u) * (l-sigmoid(u)) *
* grad




Py lorch iImplementation

range(30):
u = w|[0] * X[: ] + wfl] * X[: ] + w[Z2]
p = torch.sigmoid(u)
loss = (-torch.log(p) * vy - torch.log(l - p) * (1 - y)).sum()
grad, = torch.autograd.grad(loss, w)
with torch.no grad():
W =W - * grad




Computational graph of the learning

Loss layer —log(o(yz))
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Backprop In vector representation

Loss layer —log(o(yz))

This Is the logistic loss!

L(y,z) = —log(o(yz)) = log(1 + exp(—yz))
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Backprop In vector representation
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Backprop In vector representation

—log(o(yz))

£ =0.13
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W:[-1 ,+1]

\
/

X=[+2 +1]

vectorized
INPUts

Backprop In vector representation
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Backprop In vector representation




Backprop In vector representation

0z
- 1X2
wW=|-1+1]
\ Z:—1
7 /_\—/T\
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Y =-1

0L
g 1x

—log(o(yz))
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Backprop In vector representation

0% 4o
OW of
w=[-1 +1] 5, X
WX > —log(a(y2))
/
X =[+2 +1]
oL B 0L 0z
§=-1 ow Oz Ow

O How does it work under the hood”
O Can | design my special layer with hand-design gradient”
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N-aim N-dim
vector vector
< 8%
".- . d ".-
dg(y) 2 . 0-2(z)
ov 07
d 2

scalar

Example
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Example

N-dim N-dim
vector vector scalar

NXN

02  0ZL(z) 0dg(y)
ox 0z 0y

29



Example

N-dim N-dim
vector vector scalar

NXN

0L  0ZL(z) dg(y)
ox 0z oy
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N-dim
Vector

N-dim
VEeCctor

scalar

NXN

0L _ 0ZL@) 0g(y)

9).¢

0z

ay

111, ... 1
1xN

Example
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N-dim N-dim
vector vector

scalar

NXN

0  0L(z) dgly)
ox o0z Jdy

Example

111, ... 1
1xN

def Vjpo(v,z):

return Vv-

0Z(Z)

0z

32



N-dim N-dim
vector vector

scalar

NXN

0  0L(z) dgly)
ox o0z Jdy

Example

111, ... 1
1xN

def Vjpo(v,z):

return Vv-

def Vjpg(v, X):

return v-

0Z(Z)

0z

0g(y)

ay
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Example
N-dim N-dim Multiplications?

vector vector o scalar N def vjp(v,z):

W, W, N*N def vjp,(v,X): 5
%8y _< A ;
Jy _ 2 07 S return v- 2
2 1xN
2 2 B
2 (2) V = VJPQ(Va Z)
07 0Z(z) 0g(y) (3) V=vjp,(V,X)
= = 1,1, 1, ... 1 N —
0X 0z 0y 2 0L
1xN NN (4) =V

8).¢

— L@i» return v- 1,1, 1, ...
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Example

N-dim N-dim Multiplications?
vector vector scalar N def Vipy(v,z)
<« 8X) Z(z)
— ﬁ@i, return tile(v,1,N)
‘t. . ““’ ‘0.. ““‘ N*N def Vjpg(v9 X) . 2
%8y _< A ;
Jy _ 2 07 S return v- 2
2 1xN
2 2 1 B
5 (2) Vv =VjpuV,z)
0Z  0ZL(z) dgly) o 1 - (3) V=v)pe(v,x)
OX oz ody T > 0F
1xN NXN (4) =V

9).¢



Example
N-dim N-dim Multiplicatin?

vector vector scalar M def Vjpy(v,2z):

return tile(v,1,N)

def Vvjp,(V,X):

dg(y) _2 0Z () _ 1 N
dy T2 0z S return v-Z2
2 1xN
2 2 B
NXN 5 (1) v= 1.

2 (2) V = VJPSZ(Va Z)
0Z _ 0L (z) dg(y) Ca 1 ~(3) v =vjpy(v,x)
0X 07 0y N 2 0F

1xN NN (4) =V

9).¢



class DoublelLayer (torch.autograd.Function):

@staticmethod
N-dim N-d] def forward(ctx, x):
vector VeCcto - * x

ctx.save for backward(x)
return z
Doublelayer
o’ @staticmethod
def backward(ctx, v):

...“

Vjpg(V9 X) =V-2
,EE%KEQ_::V- 0-2 (x,) = ctx.saved tensors
0z C

return * v

X = torch.tensor (| , - |
z = DoublelLayer.apply(x)

Vip is automatically =t

added to tensors I, = z.sum()
during the construction SRkt

. print(x.grad)
of computational graph

=True)



N-dim N-dim Example: HardStep Function

vector vector scalar
Z(z)

X Z
— — Z
n n

HardStepWithSigmoidGrad class HardStepWithSigmoidGrad(torch.autograd.Function):

. @staticmethod
VJpg(V’ X)= O'(V)(l — G(V)) def forward(ctx, X):
ctx.save for backward(x)

return (x > 0).float()
@staticmethod

def backward(ctx, v):
(x,) = ctx.saved tensors

sigma = torch.sigmoid(Xx)
VvV =V * sigma * (1 - sigma)
return v

X = torch.tensor([1l., ’ 1,

y = HardStepWithSigmoidGrad.apply (x)
loss = y.sum()

loss.backward()




Chain-rule in computational graph and Jacobians

K-dim M-dim N-dim
vector vector vector scalar Layer: f(x): R* - RM
of (X
0X
® . 63 oh(x) o) ;
aiﬂ(z) 0F ox T oxg V£(x)
oz / — | 2 ‘
4 scalar WX I Vix)'
(_IXN) Seed 0X 0).9% /
matrix gradient’s
1XK 1x1 1xXN transpose
0Z 0L

Loss jac wrt X

|l
ek

9).¢ 07
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Chain-rule in computational graph and Jacobians

K-dim M-dim N-dim
vector vector vector scalar Layer: f(x): R* - RM
of (X
0X
K (33 of,(%) of,(%) )
agf(z) 0L ox, T oxg VA (X)
oz / — | 2 ‘
r scalar ofu(X) o ofu(X) V fM(X)T
(_IXN) Seed 0X 0).9% /
matrix gradient’s
XK 1x1 1XN transpose

0L - 0Z N-dim

Loss jJac wrt X _
8).¢ 0z VECIOr
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Chain-rule in computational graph and Jacobians

K- d'm M-dim N-dim
vecto vector vector scalar
“.‘ aQCZ ‘ R ag

ag(y) 97 &SZ(Z) 0L

ay f 0Z
4 N-dim 0 scalar

(NxM)vector (1xN) seed

matrix matrix
1xK 1x 1 1xN
Loss jac wrt X 0L = 02
0X 07

Layer: f(x): R* - RM
of(X)

Jacobian: . RE — RMXK
0X
of,(x) of,(x) .
0x, T oxg Vfl(X)
I u(X) N I (X) Vi x)"
0X 0).9% /
gradient’s
NXxM franspose
0g(y)
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K-dim
VecCtor

Chain-rule in computational graph and Jacobians

M-adim
Vector

N-dim

vector scalar

BOY= . .fag

Loss jac wrt X

1xK

0L

o 0L \
ag(y) 0z agf(z) 0F

oy f 07
N-dim 0 scalar

(NXM)Vector (1xN) seeo
matri matrix

1xN
0F

11X

8).¢

|l
ek

0z

Layer: f(x): R* - RM
of(X)

Jacobian: . RE — RMXK
0X
of,(x) of,(x)
0x, T oxg Vfl (X)T
I u(X) N I (X) Vi x)"
0X 0).9% /f
gradient’s
NXIV] franspose
0g(y) 0Z  M-dim
ay ~ 9dy vector
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K-dim
Vector

BORC

Loss jac wrt X

Chain-rule in computational graph and Jacobians

M-dim N-dim
vector vector scalar
“.0 aQCZ ‘ ot ag
; ag(y) 0z &fZ(z) 0L
| ay f 0Z
M-adim N-dim 4 scalar
VecCtor (Nxmyvector (1xN) seed
matrix matrix
1xK 1x1 1XN
0F B 0F
. |
0X 0z

Layer: f(x): R* - RM
of(X)

Jacobian: . RE — RMXK
0X
of,(x) of,(x) .
0x, T oxg Vfl(X)
I u(X) N I (X) Vi x)"
0X 0).9% /
gradient’s
NXxM franspose
0g(y)
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Chain-rule in computational graph and Jacobians

K-dim M-adim N-dim
vector vector vector scalar
X y -
0L ®, . asz ag % . &SZ
X of(x) (3; ﬁg(y) oz &SZ(Z) 0F
f ). , oy f 0z
K-dim M-dim N-dim 4 scalar
VECTION MxK) VGCTOF(NXM)Vector (1xN) seed
matrix matrix matrix
1xK 1x1 1XN
Loss jac wrt X 0L R | 0L
0X 0z

Layer: f(x): R* - RM
of(X)

Jacobian: . RE - RMxK
0X
of,(x) of,(X) .
0x, T oxg Vfl(X)
I u(X) N I (X) Vi x)"
0X 0).9% /
gradient’s
NXxM MXK franspose
0g(y) 0f(X)

oy ).

44



Efficient implementation of autodiff”

K-dim M-adim N-dim

vector vector vector scalar
D BN &
0L w, . &EZ ag %, . (33

0X af(x) a; 6g(y) 0z &SZ(z) 0L

f ). , oy f 0z
K-dim 4 M-dim ¢ N-dim 4 scalar
VECTION MxK) vector(NXM)vec-;Qr (1xN) seed

matrix matrix matrix
1xK 1x1 1xN NxM Mx K
Loss jac wrt X i = 02 0g(y) of(X)

0X 0z dy 0X



Efficient implementation of autodiff”

K-dim M-adim N-dim
vector vector vector scalar
X y -
0L ®, . asz ag % . &SZ
X of(x) (3; ﬁg(y) oz &SZ(Z) 0F
f ). , oy f 0z
K-dim M-dim N-dim 4 scalar
VECTION MxK) VeCtOr(NXM)VeC'ZOI’ (1xN) seed
matrix matrix matrix
1xK 1x1 1XN
Loss jac wrt X 0L R | 0L
0X 0z

def Vjpo(v,z):

0Z(Z)
return V-
0z
def Vjp,(v,y}
° dg(y)
return V:
ay
def vip«(Vv,X):
! of(x)
return V-
9),4
NxM MxK
0g(y) If(x)

0y 0X
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Efficient implementation of autodiff”

K-dim M-adim N-dim
vector vector vector scalar
X y -
0L ®, . asz ag % . &SZ
X of(x) (3; ﬁg(y) oz &SZ(Z) 0F
f ). , oy f 0z
K-dim M-dim N-dim 4 scalar
VECTION MxK) VeCtOr(NXM)VeC'ZOI’ (1xN) seed
matrix matrix matrix
1xK 1x1 1XN
Loss jac wrt X 0L - 1 0L
0X 0z

vVip»(1,z)

def Vjpo(v,z):

0Z(Z)
return V-
0z
def Vjp,(v,y}
° dg(y)
return V:
ay
def vip«(Vv,X):
! of(x)
return V-
9),4
NxM MxK
0g(y) If(x)
0y 0X
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Efficient implementation of autodiff”

K-dim M-adim N-dim
vector vector vector scalar

EREC) BE: &
0F ®, .. aSZ ag % . &SZ

X of(x) a; ag(y) P

\Y (1 z)

f . ~ . Jy f JPz /
K-dim M-dim N-dim scalar
VGC'ZOI’(MXK) VeCtOr(NXM)VeC'ZOI’ seed

matrix matrix
1xK
Loss jac wrt X aag = VIp(1,2)
X

def Vjpo(v,z):

0Z(Z)
return V-
0z
def Vjp,(v,y}
° dg(y)
return V:
ay
def vip«(Vv,X):
! of(x)
return V-
9),4
NxM MxK
0g(y) If(x)
0y 0X
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Efficient implementation of autodiff”

K-dim M-adim N-dim
vector vector vector scalar

EREC) BE: &
0F ®, .. aSZ ag % . &SZ

X of(x) a; ag(y) P

\Y (1 z)

f . ~ . Jy f JPz /
K-dim M-dim N-dim scalar
VGC'ZOI’(MXK) VeCtOr(NXM)VeC'ZOI’ seed

matrix matrix
1xK
Loss jac wrt X aag = VIp(1,2)
X

def Vjpo(v,z):

0Z(Z)
return V-
0z
def Vjp,(v,y}
° dg(y)
return V:
ay
def vip«(Vv,X):
! of(x)
return V-
9),4
NxM MxK
0g(y) If(x)
0y 0X
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Efficient implementation of autodiff”

K-dim M-dim N-dim
vector vector vector scalar
X y -
0F ®, .. &EZ ag % . ag
0x af(x) 0; afz‘f
, \Y (1 z)

f o VIP,( ~ Y)f P /
K-dim 4 M-dim N-dim scalar
VeC':OI’(MXK) VECTOr vector seed

maitrix
1xK
. 0F
Loss jac wrt X . = vip,(Vip£(1,2),y)
X

def Vjpo(v,z):

0Z(Z)
return V-
0z
def Vjp,(v,y}
° dg(y)
return V:
ay
def vip«(Vv,X):
! of(x)
return V-
9),4
MxK
of(x)

8).¢
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Efficient implementation of autodiff”

K-dim M-dim N-dim
vector vector vector scalar
X y
0L W &EZ o0 ‘-. 0L _
X ¢ (X) 0 65/”
t 4 ; Vip,( ,y) Vjpo(1 Z) /
| 0X 07 f
K-dim 4 M-dim N-dim scalar
VeC':OI’(MXK) VECTOr vector seed
maitrix
1xK
. 0L . .
| 0SS jac wrt X = Vjp,(vipo(L,2),y)
0X

def Vjpo(v,z):

0Z(Z)
return V-
0z
def Vjp,(V,y}
0g(y)
return V:
ay
def Vjpf(v, X) s
of(x)
return V-
9),4
MXxK
of(x)

8).¢
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Efficient implementation of autodiff”

vector vector vector scalar 07 (z)
return V-
X 0z
. . def Vvjp,(V,y}
2 \ 07 .. o 0L w, 0L ° 08(y)
OxX P return V: 8y
iy 7 vin S Vb (12) 5
K-dim M-dim N-dim scalar def VIpAV,X): ;
veClor vector vector seeqd return V- f(x)
9).¢
1xK
Loss jac wrt X G;Z = Vjpf<vjpg(vjp3(1,z),y),x)
X




Efficient implementation of autodiff”

K-dim M-dim N-dim
vector vector vector scalar
X
.*&
asz ®, .. asz %, . 0L w - &SZ
0X afz‘f -
iy 7 vin S ips12) 7
K-dim M-adim N-dim scalar
VECTOr VECIOor vector seeq

Reverse autodift algorithm

input: forward pass: backward pass:
X y = f(X) vV =V]py(l,z)
z = g(y) V = V]p,(V,y)
L = Z£(z) V = VJpAV, X)

def Vjpo(v,z):

0Z(Z)
return V-
0z
def Vvjp,(V,y}
° dg(y)
return V:
ay
def VIpAV,X):
of(x)
return V-
9).¢
output:
0L
V =
ay

53



Example: Implementation
When you should define your own backward pass?

» Inefficient autodifferentiation (e.g. forward: y = x @ x. T, backward: vjp =V + V.T)

< y
_|_

* Discontinuous forward pass (define your own backward pass)

< y
—> Y = 0(X) —

 Custom forward operation (e.g. forward: physics simulation, ODE/PDE solver,
convex program solver, graph operations, backward: implicit gradient)

* X*

0, : X 0,
—> argminf(X,w) ~—» —> ODE(x =f(x)) —>

X

* Unreliable gradient (unstable or not pointing towards desired global optimum)

54



| @ p=0.27
\® 21\ \

robabilit
Lo = 1 logits P y
Output of Output of
linear classifier neuron
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Neuron
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Neuron

neuron o

WlTi

)
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Fully-connected neural network

neuron o(w; X)
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Fully-connected neural network

L1
@D —
L2

Colwy X ——
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Fully-connected neural network
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Fully-connected neural network
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—

Co(wi ) Coviy)>

Fully-connected neural network

Y2

Y3
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Fully-connected neural network

/

03



Fully-connected neural network

_.@_.

oz



Fully-connected neural network

layer 1

DN TR

4’ \ .
QDK DR
sy



Fully-connected neural network




Fully-connected neural network
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Fully-connected neural network

-
e

\og|ts
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Fully-connected neural network

D ﬁ\ i
N
/

l0ss layer
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Fully-connected neural network

f(xi

-\

X3

[elo]is

\
% -7@ G
/
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Fully-connected neural network

D =D
Yo \ y
XD e DD ot
A e /

layer o (Wx)



Fully-connected neural network

/2



Fully-connected neural network

layer o(Vy)

/3



e preserves dimensionality of inputs in backward pass

oL 0L Jq 0z Oy
Ow  Oq 0z Oy Ow

W oW (1x1)(1x3)(3x3)(3x12)

12x?\12:1 % %‘ \
Z
1 1 3x1
= - < -4@‘@

aZ 0L aq INA

3W 0y oy oz 0z 0q aq
3x12 33X 3x3 3x1 1x3 1x1 1x 1

Py Jacobian wrt w:

74



e preserves dimensionality of inputs in backward pass

oL 0L Jq 0z Oy
Ow  Oq 0z Oy Ow

W oW (1x1)(1x3)(3x3)(3x12)

12x?\12:1 % & \
Z
1 1 3x1
= - < -4@‘@

aZ 0L aq INA }‘

Py Jacobian wrt w:

BW Oy oy oz Oz 0q ‘\‘ .
3X12 3Xx1 3x3 3x1 1x3 1x1 %

. 0F

VJPQ?( 9(Q9 Y))

l4S



e preserves dimensionality of inputs in backward pass

0L 0L 0q 0z Jy
Ow  Oq 0z Oy Ow

W oW (1x1)(1x3)(3x3)(3x12)

12x?\12:1 % & \
Z
1 1 3x1
D <, -4@4@

0z 0% A 63 h:

Py Jacobian wrt w:

aw ay dy ozt iog
3x12  3x1 3x3  3x1 i Iix1 %
_,0F 0
Vipu(— (. W) vips(—.(q.y))

0q 0Z

/0



e preserves dimensionality of inputs in backward pass

oL 0L Jq 0z Oy
Ow  Oq 0z Oy Ow

W oW (1x1)(1x3)(3x3)(3x12)

12x?\12:1 % & \
Z
3><1 - 3><1

Py Jacobian wrt w:

0L A
8W ay
3x12 3x1
., 0L . ., 0L | 0.F
VJpg( 97 9(y9 V)) VJph( aq 9(Z9 u)) Vjpg<ag
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e preserves dimensionality of inputs in backward pass

0L 0L 0q 0z Jy
Ow  Oq 0z Oy Ow

W oW (1x1)(1x3)(3x3)(3x12)

12x?\12:1 % & \

<A 3 1 3x 5
3x71 %
= A -‘@-ﬁ log(a(yg) D™

Py Jacobian wrt w:

g :.: ay . .:: aZ :. aq ““‘ ::
“‘ .: 3 X 1 “‘ :. 3 X1 . 1 X 1 ““ ::
| ag ap® | ag . +® | o' 4 ‘ag
VJPf( ay ’(W’ X)) VJpg( 97 9(y9 V)) VJph( aq ’ (Zv u)) VJPS/P( aga(Q9y))

/8



e preserves dimensionality of inputs in backward pass

. 0L . (. .
Jacoblan wrt w p = Vjpf(V_]pg(Vjph(Vjpg(l,(q,y)), (z,u)), (y, V)),(W, X))
0L W
W oW

12x?\12:1 % & \
X1é 3 | 'q G
3X1 =

S8 G b GO D oo

g :.: ay . .:: aZ .: aq ““‘ ::
“‘ .: 3 X 1 “‘ :. 3 X 1 . 1 X 1 ““ ::
g " "o

There are no more jacobians
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e preserves dimensionality of inputs in backward pass

. A A
Jacobian wrtw : w VJPf(VJPg(VJPh(VJPg(L(Qa)’))a (z, w)), (y,V)), (W, X))

12X 4X
3x1 * 3x1\ ; \ §x1
13 G e

g :.: ay . .:: aZ :. aq ““‘ ::
“‘ .: 3 X 1 “‘ :. 3 X1 . 1 X 1 ““ ::
e " "o

We can (re-)implement vjp in order to preserve inputs resolution
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e preserves dimensionality of inputs in backward pass

0L
Gradient wrtW : pr Vjpf(vjpg(vjph(vjp #(1,(q,y), (z,w)), (y,V)), (W, x))
0L

W oW

.
3x4\, 3x4 % & \
X . Yy £
: X |

0L
0L

Resulting matrix is reshaped jacobian/gradient of &£ wrt W
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e preserves dimensionality of inputs in backward pass

A%
‘\\45M1
X y

def Vij<V, (Xa W)> .

ay
return v.-—— = V- X! — = [v X! 1% 54
W 1 2

1Xx3 3x12 1x12
def Vij(V’ (Xa W)) .

W
_Vl y XT— VXZI-
return : y

82



e preserves dimensionality of inputs in backward pass

0
o if g1 R™M — R™" what is its jacobian? 8Y) ;R

oy
* v|jp avoids multiplications of high-dimensional jacobian tensors

nxXnXmxXm

— |

* v|jp avoids explicit vectorization of higher-dimensional data structures (images)

u = torch.tensor([[1,2], [3, 4]], dtype=torch.float32, requires grad=True)
loss = torch.sigmoid(u) .sum()
grad = torch.autograd.grad(loss, u)[0]

(grad)
tensor([[0.1966, 0.1050],
[0.0452, 0.01777]1])

* edges of comp. graph are populated by gradients of loss wrt edge-variables
X y

—_— —————> —————>
—

07 W . afz g v asz

'. st aans?

0X 0% 0y 07 | oz
Vpr( o ,Y)  VIP,( =~ Y) o VIpe(l, z)
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Example: Jacobian vs vector-jacobian-product function

Z € |

X € [ NXAT Z €l
R —
diag(x)) :
N y € |

‘...“‘0’ vV el ‘...“‘0’

Vjpdiag(xv V) =7 Vjp$<za Y9V) =7




Example: Jacobian vs vector-jacobian-product function

y = SEE(X) = Select Even Element from input vector X

& oy
0L
= 777

9).¢
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Example: Jacobian vs vector-jacobian-product function

0L

=177

9).¢
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Neural nets summary
Neural net is a function created as concatenation of simplier functions
(e.g. neurons or layers of neurons)
Fully connected neural net is neural network created from neurons, where all
outputs from previous layer are connected to all inputs of the following layer
Learning is gradient optimization of a neural net concatenated with a loss-layer
on a training set.
Gradient evaluation is implemented as backward pass through vector-jacobian
functions (neither symbolic differentiation nor numeric differentiation)
VJP allows to evaluate gradient of scalar output in one backward pass, however
the full jacobian of M-dim output requires M passes of vjp! => inefticient LM
Reverse differentiation (VJP): computes Jacobian of the loss one row at a time
Forward differentiation (JVP): computes Jacobian one column at a time
Deep learning frameworks (Pytorch, Tensorflow, Caffe) has many predefined
layers and takes care about the efficient implementation of autodiff on GPU.
Deep learning = GPU + data + autodiff
Spoiler alert: Fully connected NN does not work on structural data (images,
sound) well. 87




Dataset
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Dataset Error

Linear FCNN
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Dataset Error
Linear FCNN  ConvNet
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&9/ 00bé4
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VMINIST EXda; b b 2 8% 2% ?7?
29 3 98902¢
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Dataset Error
Linear FCNN  ConvNet
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&9 / Jd O
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o e
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Error

Dataset
Linear FCNN  ConvNet
3972 5 6
§9 / 7Xe,
b7 0O 2 6
MINIST EXR& b L 8% 2% 0.2%
2 q 3 g
) eag3ic 'CVPR 2013]
2 | 5 & - - e
1203453 underfit overfit good fit ;-)
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71 9 & D U s | | |
simple complex  Inspired
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CIFAR-10 ™
r 63% 55% 1%
[EfficientNet,
- EECEd=EEDe 2018]

o e
https://benchmarks.ai

92



Competencies required for the test T1

e Ability to draw a computational graph.
o Compute vector-jacobian-product of a given mapping
o Compute backpropagation in computational graph
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