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A1 A2 A3 A4 A5

y = A5(H5(A4(H4(A3(H3(A2(H2(A1(H1(x))))))))))

Al(xi) = σ(xi)

= L(A5, t)
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A	  lot	  more	  iteraNon	  



MulN	  Layer	  Neural	  Networks	  
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Error	  BackpropagaNon	  
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Training	  

A1 A2 A3 A4 A5

•  Loop	  unNl	  no	  change	  in	  loss	  
Ø  Y=Forward(X)	  
Ø  L	  =	  Compute	  Loss(Y,T)	  
Ø  G	  =	  Backprop	  (L)	  
Ø  Update	  Parameters	  
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•  Loop	  unNl	  no	  change	  in	  loss	  
Ø  Y=Forward(X)	  
Ø  L	  =	  Compute	  Loss(Y,T)	  
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Torch	  

•  Torch	  7.0	  	  
– Facebook	  and	  Google	  DeepMind	  

•  Based	  on	  LUA	  
•  Very	  easy	  to	  design	  Neural	  Network	  	  
•  Very	  convenient	  to	  use	  GPU	  	  	  



LUA	  

•  Interpreter	  
•  Variables	  are	  global	  by	  default	  
•  Universal	  data	  structure	  	  :	  the	  table	  



Torch	  Tensor	  



Simple	  Neural	  Network	  Training	  in	  
Torch	  
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Simple	  Neural	  Network	  Training	  in	  
Torch	  





Universal	  ApproximaNon	  Theorem	  

.

.

.

A	   network	   with	   a	   single	   hidden	   layer	   containing	   a	   finite	   number	   of	   neurons	   (i.e.,	   a	  
mulNlayer	  perceptron),	  can	  approximate	  conNnuous	  funcNons.	  



Why	  Deep	  Network?	  

. . .

•  Feature	  hierarchy	  (We	  will	  see	  later)	  	  



MulN-‐Class	  ClassificaNon	  

y

t ∈ {−1,+1}

t ∈ {1, 2, 3, . . . , c}

Binary	  Class	  :	  	  
MulN	  Class	  :	  	   Unbalanced	  penalizaNon	  	  



MulN-‐Class	  ClassificaNon	  
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Sog	  Max	  

MulN	  Class	  :	  	  
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Cross	  Entropy	  Loss	  

MulN	  Class	  :	  	  

.

.

.

p1

p2

pc

SogMax	  

t ∈ {1, 2, 3, . . . , c}
L(P, t) = − log pt



Auto	  Encoder	  
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CNNs	  are	  expensive:	  Memory	  

•  60	  M	  
•  140	  M	  

Number	  of	  parameters	  to	  learn:	  

•  475	  M	  
•  1.1	  GB	  

Memory	  :	  



CNNs	  are	  expensive:	  ComputaNon	  
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-‐0.25	  0.61	  ...	  	  0.52	  

Real-‐Value	  Weights	  
Real-‐Value	  Inputs	  

•  AlexNet	  	  à1.5B	  FLOPs	  
•  VGG	  	  	  	  	  	  	  	  à	  19.6B	  FLOPs	  

Number	  of	  Opera4ons	  :	  

8 Rastegari et al.
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(3) Binarizing Input 

Fig. 2: This figure illustrates the procedure explained in section 3.2 for approximating a convo-
lution using binary operations.

where 1 is an n-dimensional vector where all of its enteries are 1. 1T can be factored
out from the optimization and the optimal solutions can be achieved from equation 2 as
follow

C⇤
= sign(Y) = sign(XT

) sign(W) = H⇤TB⇤ (9)

Since |Xi|, |Wi| are independent, knowing that Yi = XiWi then,
E [|Yi|] = E [|Xi||Wi|] = E [|Xi|]E [|Wi|] therefore,

�⇤
=

P
|Yi|
n

=

P
|Xi||Wi|

n
⇡

✓
1

n
kXk`1

◆✓
1

n
kWk`1

◆
= �⇤↵⇤ (10)

Binary Convolution: Convolving weight filter W 2 Rc⇥w⇥h (where win � w, hin �
h) with the input tensor I 2 Rc⇥win⇥hin requires computing the scaling factor � for all
possible sub-tensors in I with same size as W. Two of these sub-tensors are illustrated
in figure 2 (second row) by X1 and X2. Due to overlaps between subtensors, comput-
ing � for all possible sub-tensors leads to a large number of redundant computations.
To overcome this redundancy, first, we compute a matrix A =

P
|I:,:,i|
c , which is the

average over absolute values of the elements in the input I across the channel. Then
we convolve A with a 2D filter k 2 Rw⇥h, K = A ⇤ k, where 8ij kij =

1
w⇥h . K

contains scaling factors � for all sub-tensors in the input I. Kij corresponds to � for
a sub-tensor centered at the location ij (across width and height). This procedure is
shown in the third row of figure 2. Once we obtained the scaling factor ↵ for the weight
and � for all sub-tensors in I (denoted by K), we can approximate the convolution
between input I and weight filter W mainly using binary operations:

I ⇤W ⇡ (sign(I)~ sign(W))�K↵ (11)

•  AlexNet	  	  à~3	  fps	  
•  VGG	  	  	  	  	  	  	  	  à	  ~0.25	  fps	  

Inference	  4me	  on	  CPU	  :	  

GPU	  !	  



ConvoluNon	  

c1	  

c2	   c3	  

c4	  

•  CPU	  

•  GPU	  





Max	  Pooling	  
•  Adds	  more	  non-‐linearity	  
•  Robust	  against	  small	  spaNal	  variaNons	  



RecNfied	  Linear	  Unit	  
ReLU	  

f(x) = max(0, x)

gf =

{

gx = 1 if x > 0

gx = 0 if x ≤ 0



GeneralizaNon	  by	  Dropout	  
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dense 

Revolution of Depth
11x11 conv, 96, /4, pool/2

5x5 conv, 256, pool/2

3x3 conv, 384

3x3 conv, 384

3x3 conv, 256, pool/2

fc, 4096

fc, 4096

fc, 1000

AlexNet, 8 layers
(ILSVRC 2012)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

[Alex	  Krizhevsky,	  	  NIPS	  2012]	   AlexNet	  

•  1000	  Category	  
•  1.2M	  Training	  Images	  
•  150K	  Test	  Images	  

Top	  –	  5	  Error	  



AlexNet	  2012	  Revolution of Depth
11x11 conv, 96, /4, pool/2

5x5 conv, 256, pool/2

3x3 conv, 384

3x3 conv, 384

3x3 conv, 256, pool/2

fc, 4096

fc, 4096

fc, 1000

AlexNet, 8 layers
(ILSVRC 2012)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.

Revolution of Depth
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Alex	  Net	  in	  Torch	  Revolution of Depth
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AlexNet, 8 layers
(ILSVRC 2012)

Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.



Going	  on	  GPU	  is	  easy	  in	  Torch	  

model	  =	  model:cuda()	  	  



RevoluNon	  of	  Depth	  Revolution of Depth
11x11 conv, 96, /4, pool/2

5x5 conv, 256, pool/2

3x3 conv, 384

3x3 conv, 384

3x3 conv, 256, pool/2

fc, 4096

fc, 4096

fc, 1000

AlexNet, 8 layers
(ILSVRC 2012)
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VGG, 19 layers
(ILSVRC 2014)
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GoogleNet, 22 layers
(ILSVRC 2014)
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Vanishing	  Gradients	  
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Bach	  NormalizaNon:	  
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(ILSVRC 2012)

Revolution of Depth
ResNet, 152 layers

(ILSVRC 2015)
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VGG, 19 layers
(ILSVRC 2014)
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Next:	  
Object	  DetecNon	  with	  CNNs	  


