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Deep Neural Networks

* Fully connected layers Pecd Fosward Re"‘i‘"e"‘ Fully-Connected ~ Sparsely-Connected
* Usually used as the last few layers \‘ \ j
* Recurrent/feedback
* Sparsely-connected
output layer output layer
* E.g. Conv. layer input layer input layer
hidden layer hidden layer
* Fewer parameters (a) Feedforward versus feedback (re- (b) Fully connected versus sparse

current) networks

V.Sze, Y. -H. Chen, T. -J. Yang and J. S. Emer, "Efficient Processing of Deep Neural Networks: A Tutorial and Survey," in Proceedings of the IEEE, vol. 105, no. 12, pp. 2295-2329, Dec. 2017.



Deep Neural Network Example

Modern Deep CNN' 5-1000 Layers 1 -3 Layers

Low-Level Mid-Level High- Lev&l Class

Faaturas > ’m Features ’m‘ Features »

Scures
Non-linearity Normalization Pooling - Fully Non-linearity .
Connected
—= —
B W | = [|l-L
1 ]
Optional

V.Sze, Y. -H. Chen, T. -]. Yang and J. S. Emer, "Efficient Processing of Deep Neural Networks: A Tutorial and Survey,” in Proceedings of the IEEE, vol. 105, no. 12, pp. 2295-2329, Dec. 2017.



Convolution

torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=1, padding=0, dilation=1, groups=1,

bias=True, padding_mode="zeros", device=None, dtype=None)

* Conv. (sparsely-connected
layers with shared weights)
* Feature maps
* Channels
* Filters/kernels (weights)

filter (weights)

!

R

|

input fmap

- 8§ —»

Element-wise
Multiplication

Partial Sum (psum)
Accumulation

output fmap

an output

| activation

(a) 2-D convolution in traditional image processing



Basic 2D Convolution

* Recognize objects by computing the similarity between the feature map and the
filter

Input fmap Output fmap
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Yuji Chen, Ling Li, Wei Li, et al. "E8EITERZG—REZ>]" 2020 Spring.



Convolution with 3D Inputs

torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=1, padding=0, dilation=1, groups=1,
bias=True, padding_mode="zeros’, device=None, dtype=None)
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Convolution with Biases

torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=1, padding=0, dilation=1, groups=1,
, padding_mode="zeros", device=None, dtype=None)
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Batched Convolution

torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=1, padding=0, dilation=1, groups=1,
bias=True, padding_mode="zeros’, device=None, dtype=None)
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Convolution with Strides

torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=2, padding=0, dilation=1, groups=1,
bias=True, padding_mode="zeros’, device=None, dtype=None)
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Convolution with Padding

torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=2, padding=1('same’), dilation=1, groups=1,
bias=True, padding_mode="'zeros", device=None, dtype=None)

padding=1

or padding_mode="zeros'

Vincent Dumoulin, Francesco Visin. A guide to convolution arithmetic for deep learning



Convolution with Padding (Cont'd)

torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=2, , dilation=1, groups=1,
bias=True, device=None, dtype=None)
padding_mode=" padding_mode=" padding_mode=" padding_mode="
Zeros' reflect’ replicate’ circular’
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Convolution with Dilation

torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=2, padding=0, dilation=2, groups=1,
bias=True, padding_mode="zeros’, device=None, dtype=None)

Vincent Dumoulin, Francesco Visin. A guide to convolution arithmetic for deep learning



Grouped Convolution

torch.nn.Conv2d(in_channels, out_channels, kernel_size, stride=2, padding=0, dilation=2,
bias=True, padding_mode="zeros’, device=None, dtype=None)

groups=2 C/2 groups=C
i C/2

I
OSSN S S
S

W Depthwise seperable layer,
widely used in light/efficient CNNs




3D Convolution

« Conv3d
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Convolution Backprop.

VIi,j] = x[i + a,j + b] X w[a, b]
* 2D convolution with forward a=0b=0
e stride=1 >
* padding=0 — . °.. .
* Given dL/0V to compute [6,]] * W IR = [£.]

* JL/OW, i.e.,0L/0VxdV/OW
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Convolution Backprop. (Cont'd)
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The Other Components in Convolution Layers

* Pooling
* Usually used to reduce data
* torch.nn.functional.max_pool2d(input, kernel_size, stride=None, padding=0, dilation=1, ceil_mode=False,
return_indices=False)
* torch.ao.nn.quantized.functional.avg_pool2d(input, kernel_size, stride=None, padding=0, ceil_mode=False,
count_include_pad=True, divisor_override=None)

916|0]| 4 2*2 maxpool 8|16|0|4 2*2 avgpool
64|71 stride = 2 9|7 5 lal7]1 stride = 2 _
110|810 2|8 2|10]81|0 114
0|l2|1]6 0|l2]2]6




Pooling Backprop.

60 2*2 maxpool
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The Evolution of CNN Models

* LeNetb S ca.v.miﬁ@lm1so‘ ' 0088
. : feature maps ; s 1
ez Sp28:28 | - Accuracy over 99Y%
2T FG:layer  OUTPUT
B4 10 for MNIST
. ; Full cmnoc»on Gaussnm connections
Convolutions Subsampling Convolutions Subsampling Full connection
2*2 average
_ poo“ng with Table 1  Each Column Indicates Which Feature Map in S2 Are
6 5*5 filters : dal f Combined by the Units in a Particular Feature Map of C3
S'ng' a_ unc. 012345356789 101112131415
156 trainable (with a trainable 0 X X X X XX XX XX
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h parameters factor and blaS) 9l % X x X X X X XXX
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A connections 5880 Y. Lecun, L. Bottou, Y. Bengio and P. Haffner, "Gradient-based learning applied to
A A ’ i document recognition,” in Proceedings of the IEEE, vol. 86, no. 11, pp. 2278-2324,
A connections Nov. 1998, doi: 10.1109/5.726791. - , -~
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AlexNet

The first CNN to win the ImageNet Challenge in 2012

——| : .
T g* ________ %l v 3
5 N
rlll o 197 192 2048 2048
o7 128 . — —
> \ \ i,
224 | 3l - X \
. — - 3 dense dense
.‘55 |
' 192 192 128 Max o ]
l<trig Max 128 Max pooling 2948 2048
Unf 4 ponlmg poﬂlmg \ J
; = 3*3 5 Conv. layers |
RelLU . - 1ay Dropout with
overlapping

e 2 GTX 580 GPUs, each with 3GB memory,
training 5~6 days for roughly 90 cycles with
1.2 million images

61 million weights and 724
million MACs for one image
Around 85% top-5 accuracy on
ImageNet

0.5 probability

3 FC layers

dense

Dropout
downside
converge

slower

Krizhevsky, Alex, llya Sutskever, and Geoffrey E. Hinton. "Imagenet classification with deep convolutional neural networks.” Advances in neural information

processing systems 25 (2012).



AlexNet (Cont'd)

* The first CNN to win the ImageNet Challenge in 2012
ReLU, improve training convergence speed
LRN (obselete)

min(N—1,i+n/2)
i i \2
byy = a3,/ | k+a g (axiy)

j=max(0,2—n/2)

Dropout (useful technigue preventing overfitting)
Manually randomly (with probability of 0.5 in AlexNet) set the outputs of neurons to 0
Mini-batch backprop/training without updating the weights connected to the selected neurons
Restore the original NN structure and take another mini-batch
Repeat 1~3 until convergence
For fully-connected (FC) layers

Top 1. 37.5% Top 5: 17.0% error rate ImageNet

Krizhevsky, Alex, llya Sutskever, and Geoffrey E. Hinton. "Imagenet classification with deep convolutional neural networks.” Advances in neural information
processing systems 25 (2012).



VGG (from Google)

* VGG from Google (receptive field)
* Pretrain the first and last few layers, the optimized parameters
are used as the initialization value of a deeper DNN
* Smaller convolution filter but deeper structure
* topl: 24.7%, top5: 7.5% error rate

Receptive field 7% higher accuracy

N
/

\ 4

ul

* Trained with Titan GPU for multiple weeks
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Output size: 56x56
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Output size: 7x7

Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for large-scale image recognition.” arXiv preprint arXiv:1409.1556

(2014).



Inception (from Google)

* AKA GoogleNet

Filter
concatenation
---—_//.- \—_\_;::_—-_‘—-___‘_ R
1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling

(a) Inception module, naive version

Filter
concatenation

/-’
_/
o 3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions - - 4
l\ 1x1 convolutions 1x1 convolutions 3x3 max pooling
\\_-_‘-‘- \ ———— e ——

Previous layer

(b) Inception module with dimension reductions

Inception-v1(GooglLeNet): Szegedy C, Liu W, Jia Y, et al. Going deeper with convolutions, CVPR 2015:1-9.

BN-Inception: loffe S, Szegedy C. Batch normalization: accelerating deep network training by reducing internal covariate shift. ICML, 2015:448-456.
Inception-v2,Inception-v3: Szegedy C, Vanhoucke V, loffe S, et al. Rethinking the Inception Architecture for Computer Vision[C]// CVPR, 2016:2818-2826.

Inception-v4: Szegedy C, loffe S, Vanhoucke V, et al. Inception-v4, Inception-ResNet and the Impact of Residual Connections on Learning, AAAI'2017.



1*1 Convolution

* AKA GoogleNet

# MAC

Memory

output

A

5x5 conv

A

input

output

T

5x5 conv

?

1x1 conv

A

input

28 X 28 X 96

96 X 5 X5 X 256

28 X 28 X 256

28 X 28 X 96

96 Xx 5 x5x 32

28 X 28 x 32

32X 1X%X1X256

28 X 28 x 256



Batch Normalization

Batch Normalization

Before activation function and after conv.

For mini-batch containing /m samples
=Lt

S

During training

1
U = EZVL:
i
8g = - 2
2= et ) Vimw)
i

Meanwhile
Wrunning = ®Hrunning (1-a)pp
8running = asrunning +(1-a)dp
During inference
Using running params.

Input: Values of x over a mini-batch: B = {x1._,, };
Parameters to be learned: v, 3
Output: {y; = BN, g(z;)}

1 ™
— — T // mini-batch mean

m

1 . :
cr% — — (z; — pug)? // mini-batch variance
i=1
~ i — HUB .
T; — % // normalize
V0 T €

y; < vx; + B = BN, g(z;) // scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.

For Conv. layers, it is normalized w.r.t. each
channel of the feature maps to maintain spatial
property (A.K.A. spatial batch normalization).

https://arxiv.org/abs/1502.03167




BN Backprop.

Input: Values of x over a mini-batch: B = {z1_ . };
Parameters to be learned: -, (3
Output: {y; = BN, z(z;)}

// mini-batch mean

i=1
1 m
op — (z; — pug)? // mini-batch variance
i=1
~ r; — HB .
T; — — f // normalize

N R

y; < vx; + B = BN, g(z;) // scale and shift

Algorithm 1: Batch Normalizing Transform, applied to
activation x over a mini-batch.

Gi oL t " oL 0L OL
iven 7=, to compute 2, =2, 5=

oL oL 9y, oL _

N _— — — X

dy Ludy oy Ludy;

0L~ 0L dy; ~C oL

0F ~ Li3yi 0F ~ Lu9y,

oL

axi B



Inception V3

3x3 conv

Filter

concatenation

3x3 conv

A

1x1 conv

Break 3*3 convs. into 1*3 & 3*1 convs.

1x1 conv

—

previous
layer

1x1 conv

Filter

concatenation

1x3 conv 3x1 conv
3x3 conv 1x3 conv| |3x1 conv 1x1 conv
A
N —
1x1 conv 1x1 conv Pool

1x1 conv

g

e —— =

previous

layer




ResNet

* ImageNet, top5: 3. 57% (ResNet-152)

ResNets @ ILSVRC & COCO 2015 Competitions

» 1st places in all five main tracks
* ImageNet Classification: “Ultra-deep” 152-layer nets
* ImageNet Detection: 16% better than 2nd
* ImageNet Localization: 27% better than 2nd
* COCO Detection: 11% better than 2nd
* COCO Segmentation: 12% better than 2nd

A He, Kaiming, et al. "Deep residual learning for image recognition.”
A recognition. 2016.

Revolutlon of Depth

_ 152 Iavers
A
L1
L
%
%
\
A
\
| 22 layers 19 Ja!,,-ers |
Y
V6.7

3.57 Lla\r‘erﬂ 8 Iaw,rers [ Shallow

ILSVRC'1IS  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10
ResNet GoogleNet VGG AlexNet

Proceedings of the IEEE conference on computer vision and pattern




Residual Connection

X X
l \,
Weight layer Weight layer

(BN)

y RelU v RelU
Weight layer Weight layer

(BN)

ReLU v
l <

y=FXxW)+x

Y RelLU

Plain net. Residual learning block.

He, Kaiming, et al. "Deep residual learning for image recognition." Proceedings of the IEEE conference on computer vision and pattern
recognition. 2016.



Residual Connection (Cont'd)

* Add shortcut connections
* |dentity shortcuts added directly when input and output are of the same dimensions (solid lines)
* When dimensions change (dotted lines)
* Extra zero padding (no extra params.)
* Linear transformation (1*1 conv. with extra params.)
* BN after each convolution and before activation
* Comparison with VGG-16
* 11.3 billion FLOPs vs. 15.3/19.6 billion FLOPs (VGG16/19)
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From CNN to Real Applications

* Object detection
* Autonomous driving
* Survelllance

location: country road |
~ weather: clear
period: daytime

location: highway
weather: overcast

| peri

% location: city street
' weather: clear
period: daytime |

Han, Jianhua, et al. "SODA10M: A Large-Scale 2D Self/Semi-Supervised Object
Detection Dataset for Autonomous Driving." Thirty-fifth Conference on Neural
Information Processing Systems Datasets and Benchmarks Track. 2021.




Industrial

* Foreign * Domestic
* NXP * Horizon Robotics (Journey series)
* Intel/Mobileye * Huawei
* Tl « Ambarella (%5 CV series)
* ARM .

Black sesame (invested by Xiaomi)

* Infineon * SemiDrive

. Qualcomm * Westwell

* Maxim _

 NVIDIA Xavier/Orin Leapmotor (F )
s etc.

* Renesas

* Xlinix (AMD)

 Tesla FSD

 Alsin

* OmniVision
* etc.



Classification vs. localization

Target Label
Input single and big object Cat CE Loss
Outout label & bounding box /
P (Cat) & (x, y, w, h) Class Scores
Cat: 0.9
_ Dog: 0.05
4036-1000 /" bog Total
| ayer Loss
@ INAN, Target Box
e AT (X, y, w, h) eighted
se dense x Sum)
.y L2/MSE Loss
ooling 4096_4 7\

FC layer ™ Box Coordinates
(X, y', w', )



Object Detection

e o * R-CNN: region-based CNN
Input | it t] ject : . .
b 1ages WIth MHILPIe ObJECEs * Selective search gives 2000 regions
Output Labels & bounding boxes (Conve.ntlonal Cv) _

* Bounding box regression

\ 4

* Start with selective search result
Class label (px: py: ph: pw)
* One possible solution: define transform

(e, Ty, Tho Tw)
* Qutput box
(bXI by: bh: bw)

Regions of Interest (ROI)

Use formula:
= + = +
Girshick, Ross, et al. "Rich feature hierarchies for bx px pw-rx by py phTy
accurate object detection and semantic bW: pw exp('rw) bh: ph exp(fh)

segmentation.” Proceedings of the IEEE
conference on computer vision and pattern
recognition. 2014.

CAT, DE@EnDUEK



Fast & Faster R-CNN

 Fast R-CNN

Backbone NNs

Deep

‘ConvNetx

Outputs:

bbox
softmax regressor

1 [

Rol

pooling
layer [T

Selective
search

&\ = _projection\

Conv X
feature map

Rol feature
vector

For each Rol

Anchor box:

Three different
sizes with three
different shape.

Girshick, Ross. “Fast R-CNN.” Proceedings of the IEEE International Conference on Computer Vision. 2015.
Ren, Shaoging, et al. “Faster R-CNN: Towards real-time object detection with region proposal networks." Advances in neural information processing systems 28 (2015).

* Faster R-CNN

\/

image

ZF/VGG
conv layers

- 3x3conv
region |"¢81ver g~ Sycls layer |
roposal Ix1 conv ~ 1x1 conv Decide whether
prop " foreground or
networ ?tmax - background
proposals
Bounding box ‘ v
cordinates ‘ ROI pooling ‘
| FC
: v
classifier FC
and
=] regressor FC FC
| softmax | | bbox regressor |




You Look Only Once (YOLO)

* One-stage object detection (YOLO)

* Split into S#S cells, for each cell, assign B bounding boxes.

VOC dataset, plus 1 class for background)

For test:;

......
e

Final detections

iy =
g0 - i I
Y T IR e
& S A |
Al . i
| o e 5 T O O
N | Bounding boxes + confidence
- %

Class probability map
YOLO(v1): Redmon J, Divvala S, Girshick R, et al. You Only Look Once: Unified, Real-Time Object Detection. 2015.

For training: confidence = Pr(Object) x IOU

Pr(Class; |Object) * Pr(Object) * IOU
{0, 1}

* Input: image

truth
pred

truth
pred —

Pr(Class;) * [OU

For each bounding box, predict position {x, y, w, h}, confidence and class (20 classes for PASCAL

truth
pred

* Qutput: S* S * (B (4 + Confidence) + # Class))

vector/tensor



YOLO

a8 B | eaky RelLU as activation function
B Based on V66/GoogleNet w/o inception

7
7
12
T |«
3 )
3 ]43 \ 7 \" ‘_ 7 7
12 56 3 ><: ><:
7

28 14

7 7
3 192 256 512 1024 1024 1024 4096 30
Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers Conn. Layer Conn. Layer
7x7x64-s-2 3x3x192 1x1x128 1x1x256 1,4,  1x1x512 1,5, 3x3x1024
Maxpool Layer ~ Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-5-2 2x2-s-2 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-s-2
Maxpool Layer Maxpool Layer
2x2-s-2 2x2-s-2

YOLO(v1): Redmon J, Divvala S, Girshick R, et al. You Only Look Once: Unified, Real-Time Object Detection. 2015.



Evaluation of Object Detection

* Mean average precision (MAP)

* Run object detection for all the (test) images

Result ——Label | Posiive | Negatve

Positive True Positive False Positive

Negative False Negative True Negative

* Recall = TP/(TP+FN)
* Precision = TP/(TP+FP)

* For each category compute AP area under Precision vs. Recall Curve as mAP
A * Change loU threshold to compute mAP for COCO dataset




MAP

* AP for one class: Change the confidence (loU*Prob(class)) of threshold,
compute recall & precision

* True number of samples in this class: 10
* Average over n classes to compute mAP

Thres.

0.98
0.94
0.85
0.77
0.59
0.43
0.25
0.11

, O B P O kB

3/4
4/5
5/6
5/7
6/8

0.1
0.2
0.3
0.3
0.4
0.5
0.5
0.6

Precision

1

5/6
4/5
3/4
5/7

01 02 03 04 05 06 07 08 09
Recall



