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How do machines recognize our faces?

TMALL supermarket in Tsinghua campus



CV tasks

Image classification Object detection

person, sheep, dog
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Dimensions
372x372

Spatial
Info lost

Input
N= 138,384

MLP for Vision ?

Hidden Layer Output

k hidden layers
Layer |:ax 138,384  Output
Layer 2: Bx 138,384
Layer 3:yx 138,384

A villa

Not a villa

Result

Parameter
explosion

It is hard to adapt scenarios of viewpoint variation,
scale variation, illumination conditions and so forth.



Object detection

How many cats are in the picture?
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Object detection

Scan

How many cats are in the picture?




2D Convolution

Input

Kernel
a b C d

Edge detection by convolution

v Output

aw + bxr + bw + cx + cw + dxr +
ey + [z fy + gz gy + hz
ew + fr +| |fw + gz +| |gw + he + 1] -] Output
w + gz jy  +  kz ky + Iz . ; |
Kernel




Neuroscience on the Brain

Topographical mapping in the cortex:
nearby cells In cortex represent
nearby regions in the visual field

Simple cells:
response to light orientation

Complex cells:
response to light orientation

Retinal ganglion cell LGN and V1 and movement
‘ receptive fields simple cells

Hypercomplex cells:

response to movement with
and end point

No \ Response
Response (end point)

Slide credit: CS231n




Convolutional Neural Network: Overview

Layer 1

Layer 2

Layer 3

Layer 4

— savannah

—» field

—» |lake

— kitchen
Layer 5

FC6 FC7

Scan
the image

Generate

hierarchy of features

Recognize from
high level features




ldea 1: Local connectivity

patch  pixel level inputs |5t level features 2" level features

Local Connectivity Receptive field Local Connectivity
over low-level features over high-level features

 Locality Assumption: local information is enough for recognition
« Connect each neuron to only a local region of the input volume



ldea 2: Parameter Sharing

patch  pixel level inputs |5t level features 214 level features

& I j

B,.10,,] weights

Receptive field

« Shift Invariance Assumption: If a feature is useful at spatial position
(x, y), then it should also be useful for other positions (x’, y’)

« Share the weights of sliding window over different spatial locations



What is Convolution?

* In mathematics, convolution is an operation on two functions (f and g)

oo

(F * £)(t) = / F(N)g(t — 7)dr
s (1)
:f_ f(t—7)g(7)dr

« For functions f and g defined on the set Z of integers, we can define
the discrete convnhliitinne nf gognrl -
(Fxg)(n)= > _ flmlgln—m]
o (2)
= fln— mlg[m]



What is Convolution?

* Suppose we are estimating the location with a GPS. f[n] is the value
from GPS, but possibly with noise

* To obtain a less noisy estimation, we can use recent values of the GPS to
smooth estimation with a weighting function g[m], but of course recent
value should have a higher weight

(f+g)(n)= ) flmlg[n— m] (3)

m=—~0o0



What is Convolution?

* In ML, the input usually forms a multi-dimensional structure. For example,
convolution is used to transform a 2D input | with a 2D kernel K:

Z(i,j) = (I = K)(i,j) = ZZl(m n)K(i —m,j— n)
i In ML Iearnlng GIHUIILIIIII MNAOUU Vi \JUIIVUIULIUII VVILIT NCOIT1IUI] fllpplng WI”
learn a kernel that is flipped relative to the kernel learned without flipping.

« S0, many ML libraries implement cross-correlation but call it convolution:

Z(i,j) = (I * K)(i,j) =Y > 1(i+ m,j+ n)K(m, n)

Convolution Cross-correlation  Autocorrelation
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Convolution

32x32x3 Volume INpLt filter
— [a]b]cld

Wl X
32 5x5x%3 filter (kernel) w iﬂ" g|lh
il |[x]1
WTX + b output
bw+cx cw+dx

" aw+bx
+ey+fz

volume  filter | ew+f | fw+gx | gwhx
. \ \l/ +iy+jz || +jy+kz || +kytlz
32 - S(w,h)

+fy+gz +gy+hz

= (I xK)(w, h)
: i =) ) Iw+ih+DKG)
» The output of each neuron: i=1 j=1

- Dot product between filter and a small 5x5x3 chunk of the volume



Stride

* |[n some cases we want to reduce the spatial resolution (subsample the
output)

« Performed over the spatial dimensions for each channel

5 Ix7xD input 7 Ix7xD input
3x3xD filter 3x3xD filter
7 7
Stride | Stride | Stride 2 Stride 2
-B - Y B S >
— 5x5 — 3x3
7 7o 7 output 7 7o 7 output




Padding

* May not fit? E.g. cannot apply 3x3 filter on 7x7 input with stride 3.

« Multiple layers of convolutions reduce the spatial sizes W x H and the
information available at the boundary

0(0j0|O0O|O0O|0O]|O]|O
0 0 2
0 0
0 0 -
5 0 Stride 3 2
0 0 3x3 Filter
0 0
0(o0jojofojojojo
(Pad P) height,, =[ (height-filter+2*pad) / stride | +1

Add P circles of zeros
outside of the original map

width__ = (width-filter+2*pad)/stride | +1



Dilated Convolution

* Support exponential expansion of the receptive field without loss of
resolution or coverage

:

3x3 |-dilated conv 3x3 2-dilated conv 3x3 4-dilated conv




Convolution: Formulation

When working with images, we usually think of the input I and output Z of
convolution as being 3D tensors:

i / i,/ i
ZJ(I2 — Z IJ(-I—)m 1,k+n— 1K'$7,") + b1
I,m,n

— Z;"',z is the value of output unit within channel i at row j and column k

— kernel k is a 4D tensor with element K,SQ"L) giving the connection strength between

an output unit in channel i and an input unit in channel I, with an offset of m rows
and n columns between them.

We may skip over some positions of the kernel in order to reduce the
' - (i ) (1) (i,1)
computational cost: Z Z s (i 1) s b (ke 1)xs+nKm" 4+ pli)

I,m,n

— s is the stride of this downsampled convolution

Suppose we want to minimize some loss function J(K, b)



Pooling

A convolutional layer consists of several Next layer

(stages)
— Convolution layer (stage)

Pooling layer

(i) _ (1) il
Zjak o Z IJ+m_19k+n_1Kr(n?n)

I,m,n +

— Nonlinerity laye

~—

Detector layer: Nonlinearity
e.g., rectified linear

i

Affine transform

— Pooling layer (Stago B f(z XiKi + b) Convolution layer:

f

Input to layers




Pooling

* A pooling function replaces the output of the layer at a certain location with a
summary statistic of the nearby outputs.
— Max pooling
— Average pooling
— L2-norm pooling
— Probability weighted pooling

Max pool with 2*2
filters and stride 2 6 8
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Pooling

* Properties of pooling:

ojoyoJol

— invariance to small translations of the e
nput Rotototol

DETECTOR STAGE

— improve statistical efficiency and reduce
POOLING STAGE

memory requirements () () Q“

— reduce the input of next layer handle ‘ o °

inputs of variable size

Max pooling introduces invariance



Convolution and pooling as an infinite strong prior

A convolutional layer can be viewed as a fully-
connected layer with an infinitely strong prior over its
weights.

This prior is that the weights for one hidden neuron
must be identical to the weights of its neighbor, but
shifted in space.

In other words, the weights must be zero, except for
in the small field assigned to that hidden neuron.

Likewise, the use of pooling is an infinitely strong
prior that each unit should be invariant to small
translations.




Feature detected by CNNs

Low-Level| [Mid-Level| |High-Level Trainable
Feature Feature Feature Classifier




AlexNet 2012

* The earliest representative “deep learning” model is the AlexNet

* AlexNet is the first deep CNN method that achieves significant
improvement in image classification.

N NP —% " N AN « AlexNet uses a deep CNN
Rit= e =) ></>] with 7 layers, ReLU, and
N « This great success innovates

the development of CNN.
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Deeper CNNs — ResNet

« MSRA uses the ensemble of ResNet, and
wins most of the competitions ILSVRC
2015.

* Right illustrates ResNet-34 architecture
compared with VGG-19 and CNN-34

« ResNet uses residual connection, therefore
the network can reach as much as 1,202
layers while still gaining performance.
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Residual Neural Networks

* Residual Neural Networks (He et al. 2015) sums up low level hidden
representation and high level hidden representation in a neural network.

* The high level representation tries to learn the residual between the low
level representations and the targeted labeling manifold.

it
weight layer
Fix) l relu

weight layer

J(x)4 x
relu

A Residual block in ResNet.

X
identity




Residual Neural Networks
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Error rate for plain CNN and Resnet.

Residual Neural Networks performs slightly better than normal CNNs with the same depth.

Residual Neural Network structure learns the residual while keeping lower level representations,
thus more stable to be expanded very deeply.

o HATEX



U-Net 2015
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It was first introduced by Olaf Ronneberger et al. , primarily for biomedical image segmentation. It
can also be used in any network that needs to generate 2d information, such as image generation,

style transfer, depth estimation, etc.
U-shaped Structure: Symmetrical encoder (contracting path) and decoder (expanding path).

Skip Connections: Connects symmetrical layers between the encoder and decoder to preserve
detailed information and improve feature transfer.



Densely Connected Neural Networks 2017

« Every layer is connected with all lower level layers, instead of only the previous one.

* ltis also able to be expanded very deeply, since it also keeps the low level
representations.



Densely Connected Neural Networks
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—&— ResNets —&— ResNets
ResNet-34 —a&— DenseNets-BC ResNet-34 —&— DenseNets-BC
26.5 26.5 :
5 25.5 5 2656
5 DenseNet-121 = DenseNet-121
S 245 S 245
_g ResNet-50 ,8
g 235 DenseNet-169 g 235
25 225 ResNet-101ResNet-152]
ResNet-15
DenseNet-161(k=48) DenseNet-161(k=48)
21.5 ' : 21'8 i i i
0 1 2 3 4 5 6 7 8 5 075 1 126 185 175 2 226 256

#parameters x 10 #flops x10™

Figure 3. Comparison of the DenseNet and ResNet Top-1 (single model and single-crop) error rates on the ImageNet classification dataset
as a function of learned parameters (left) and flops during test-time (right).

¢ DenseNet performs better than ResNet using same number of parameters/
same amount of flops.
e However, the densely connected property leads to less parallel computational
efficiency.
A Tradeoff!



Thank you!

Jie Tang, KEG, Tsinghua U

http://keqg.cs.tsinghua.edu.cn/jietang

https://github.com/THUDM

KEG, Tsinghua 32


http://keg.cs.tsinghua.edu.cn/jietang
https://github.com/THUDM/CogQA

