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Results from Faster R-CNN, Ren et al 2015

Computer Vision Tasks

Classification
+ Localization




Classification + Localization: Task

Classification: C classes
Input: Image
Output: Class label
Evaluation metric: Accuracy

Localization:
Input: Image
Output: Box in the image (x, y, w, h)
Evaluation metric: Intersection over Union

Classification + Localization: Do both

Classification + Localization: ImageNet

1000 classes (same as classification)

Each image has 1 class, at least one
bounding box
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|dea #1: Localization as Regression

Input: image

Neural Net Output;
—_— Box coordinates
(4 numbers) \
Loss:
Correct output: L2 distance
box coordinates /

Only one object, (4 numbers)
simpler than detection

Simple Recipe for Classification + Localization
Step 1: Train (or download) a classification model (AlexNet, VGG, GooglLeNet)

Convolution

and Pooling Fully-connected

layers

, S D@+ H—> —» Softmax loss

Final conv Class scores
feature map




Simple Recipe for Classification + Localization

Step 2: Attach new fully-connected “regression head” to the network

Fully-connected
layers

“Classification head”
H+

Convolution Class scores

and Pooling

Fully-connected
layers

H H “Regression head”
I~

Box coordinates

Final conv
feature map

Simple Recipe for Classification + Localization
Step 3: Train the regression head only with SGD and L2 loss

Fully-connected
layers

|1y

Convolution Class scores
and Pooling

Fully-connected

layers
\b{ HH—»D - L2loss
Final conv

feature map Box coordinates




Simple Recipe for Classification + Localization
Step 4: At test time use both heads

Fully-connected
layers

In

Convolution Class scores

and Pooling

Fully-connected
layers

Final conv |:| H+H

feature map Box coordinates

Localization as Regression

Very simple




ImageNet Classification + Localization

Localization Error (Top 5) AlexNet: Localization method not published

a0

Overfeat: Multiscale convolutional regression

30 with box merging

@ VGG: Same as Overfeat, but fewer scales

and locations; simpler method, gains all due
to deeper features

ResNet: Different localization method (RPN)

AlexNet Overfeat VGG (2014) ResNet
(2012) (2013) (2015) and much deeper features

Computer Vision Tasks

Object Detection




Object Detection: Datasets

PASCAL ImageNet
VOC Detection MSz-g%CO
(2010) | (ILSVRC 2014) (2014)
Number of 20 200 80
classes
Number of
images (train + ~20k ~470k ~120k
val)
Mean objects per 24 11 7.2
image ' ’ ’
Detection as Regression?
DOG, (x, y, w, h)
CAT, (x,y,w, h)
CAT, (x,y,w, h)

DUCK (x, y, w, h)

= 16 numbers




Detection as Regression?

CAT, (x,y,w, h)
CAT, (x,y, w, h)

CAT (X, y,w, h)

= many numbers

Need variable sized outputs

Detection as Classification

Problem: Need to test many positions and scales

Solution: If your classifier is fast enough, just do it




Classical Approaches

Histogram of Oriented Gradients

score(l, p) S EWE ¢(l7 p)

® Compute HOG of the whole image at multiple resolutions

Image pyramid HOG feature pyramid

® Score every subwindow of the feature pyramid
® Apply non-maxima suppression

Dalal and Triggs, “Histograms of Oriented Gradients for Human Detection”, CVPR 2005
Slide credit: Ross Girshick

Detection as Classification - |R-CNN

Problem: Need to test many positions and scales,
and use a computationally demanding classifier (CNN)

Solution: Only look at a tiny subset of possible positions




Region Proposals : Blob-Like Regions

e Find “blobby” image regions that are likely to contain objects
e “Class-agnostic” object detector
e Look for “blob-like” regions

Region Proposals: Selective Search

Bottom-up segmentation, merging regions at multiple scales

(super-pixels)

Convert
regions
to boxes

Uijlings et al, “Selective Search for Object Recognition”, IJCV 2013




Putting it together: R-CNN

S I OW R_C N N Apply bounding-box regressors (4)

Bbox reg | SVMs Classify regions with SVMs
Bbox reg || SVMs ‘.‘ 7z
Forward each region
o (3)

ConvNet through ConvNet
ConvNet
ConvNet
Warped image regions (2)
‘!'

= 34 ,/V Regions of Interest (Rol) (1)

from a proposal method
(~2k) Girschick et al, “Rich feature hierarchies for
accurate object detection and semantic
7 Input image segmentation”, CVPR 2014
Girshick et al. CVPR14. | Post hoc component Slide credit: Ross Girschick

R-CNN Training

Step 1: Train (or download) a classification model for ImageNet (AlexNet)

Convolution

and Pooling Fully-connected

layers

o D@+ H—> —» Softmax loss

Final conv Class scores
feature ma
P 1000 classes




R-CNN Training

Step 2: Fine-tune model for detection
- Instead of 1000 ImageNet classes, want 20 object classes + background
- Throw away final fully-connected layer, reinitialize from scratch
- Keep training model using positive / negative regions from detection images

. Re-initialize this layer:
Convolution Eul q was 4096 x 1000,
and Pooling ully-connecte now will be 4096 x 21

layers

&S D@+ Y| P

Final conv Class scores:
feature map )
21 classes

R-CNN Training

Step 3: Extract features
- Extract region proposals for all images
- For each region: warp to CNN input size, run forward through CNN, save pool5
features to disk
- Have a big hard drive: features are ~200GB for PASCAL dataset!

Convolution
and Pooling

pool5 features

Crop + Warp Forward pass Save to disk




R-CNN Training

Step 4: Train one binary SVM per class to classify region features

Training image regions

Cached region features

|

(cat)

N o R

Positive samples for cat SVM Negative samples for cat SVM

R-CNN Training

Step 4: Train one binary SVM per class to classify region features

Training image regions

Cached region features

(dog)

Negative samples for dog SVM Positive samples for dog SVM




R-CNN Training

Step 5 (bbox regression): For each class, train a linear regression model to map from
cached features to offsets to GT boxes to make up for “slightly wrong” proposals

Training image regions

Cached region features

Regression targets (0,0,0,0) (.25,0,0,0) (0, 0,-0.125, 0)
(dx, dy, dw, dh) Proposal is good Proposal too Proposal too
Normalized coordinates far to left wide

Object Detection: Evaluation

We use a metric called “mean average precision” (mAP)

Compute average precision (AP) separately for each class, then
average over classes

A detection is a true positive if it has loU with a ground-truth box
greater than some threshold (usually 0.5) (mMAP@0.5)

Combine all detections from all test images to draw a precision /
recall curve for each class; AP is area under the curve

TL;DR mAP is a number from 0 to 100; high is good




R_C N N Resu ItS Features from a deeper

network help a lot

80 I VOC 2007

I VOC 2010

60

40

20

Mean Average Precision (mAP)

DFM (2011) Regionlets R-CNN R-CNN + R-CNN
(2013) (2014, bbox reg (VGG-16)
AlexNet) (AlexNet)

R-CNN Problems

1. Slow at test-time: need to run full forward pass of
CNN for each region proposal

2. SVMs and regressors are post-hoc: CNN features
not updated in response to SVMs and regressors

3. Complex multistage training pipeline




Extensions

* Fast R-CNN
More on That Later
» Faster R-CNN

Transfer Learning

from Li, Johnson and Youn




One more thing: Transfer Learning

&
“You need a lot '&

ta if you want to
traj CNNs’

Donahue et al, “DeCAF: A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014

Transfer Learning with CNNs prmr b Lkt
2014
1. Train on Imagenet

FC-1000
FC-4096
FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128 |
Conv-128

MaxPool
Conv-64
Conv-64




Transfer Learning with CNNs

1. Train on Imagenet 2. Small Dataset (C classes)

FC-1000 FC-C
FC-4096 [ FC-405 | (b
ﬁ: m Reinitialize
;i i
— this and train
MaxPool MaxPool
Conv-512 | Conv-512 |
Conv-512 Conv-512
MaxPool |
Conv-512 |
| conv512 |
[CWaxPool ] WaxPool Freeze these
[conv-256_| Conv-256
[__conv-256_| Conv-256
MaxPool MaxPool |
| Conv-2s | [ cConv-128|
Conv-128 | Conv-128 |
MaxPool MaxPool
Conv-64 Conv-64
Conv-64

Conv-64 j

Donahue et al, “DeCAF: A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014
Razavian et al, “CNN Features Off-the-Shelf: An
Astounding Baseline for Recognition”, CVPR Workshops

2014

Transfer Learning with CNNs

1. Train on Imagenet 2. Small Dataset (C classes)

|__Fc-000 | FC-C
[Feos ] _FC-A05 | T
e \ Reinitialize
FC-4096 FC-4096 F §
this and train
MaxPool MaxPool
|__Conv-512 | Conv-512 |
| conv512 | Conv-512 |
MaxPool | MaxPool _ |
Conv512 |
Conv-512
| CEniped] | Freeze these
| |__Conv-256 |
|_Conv-256_| Conv-256 |
MaxPool MaxPool
Conv-128 Conv-128
Conv-128 Conv-128
|__MaxPool | |__MaxPool |
Conv-64 | Conv-64 |
Conv-64 Conv-64 j

Donahue et al, “DeCAF: A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014
Razavian et al, “CNN Features Off-the-Shelf: An
Astounding Baseline for Recognition”, CVPR Workshops

2014

3. Bigger dataset

FC-C

[Fcaose |
[ Fc-aos |

MaxPool

Conv-512 |
[ Conv512 |

MaxPc

Conv-

Conv-256 |

MaxPool
Conv-128
Conv-128

[ MaxPool |
Conv-64 |

MaxPool |
[ conv256 |

Conv-64

J

— Train these

With bigger
dataset, train
more layers

> Freeze these

Lower learning rate
when finetuning;
1/10 of original LR
is good starting
point




|__Fc-1000 |
[__Fc0s6 ]
| Fcaoss |

MaxPool
Conv-512
Conv-512
MaxPool

Conv-512
Conv-512

More specific

MaxPool
Conv-256

cony.256 More generic

MaxPool
Conv-128
Conv-128
MaxPool

Conv-64
Conv-64

very similar
dataset

very different
dataset

very little data

quite a lot of
data

FC-1000

MaxPool
Conv-512
Conv-512
MaxPool
Conv-512
Conv-512

More specific

MaxPool
Conv-256

et More generic

MaxPool

Conv-128
Conv-128
MaxPool

Conv-64
Conv-64

very similar
dataset

very different
dataset

very little data

Use Linear
Classifier on
top layer

quite a lot of
data

Finetune a
few layers




. very similar very different
[Fcaoss | dataset dataset
MaxPool
Conv-512
S— B very little data | Use Linear You're in
Conv-512 More specific Classifier on trouble... Try
<onv-12 top layer linear classifier
MaxPool o
Conv-256 from different
s More generic stages
MaxPool
Conv-128
Conv-128 quite a lot of Finetune a Finetune a
e data few layers larger number
Conv-b4 of layers

Transfer learning with CNNs is pervasive...
(it's the norm, not an exception)

Object Detection
(Fast R-CNN) (Gt o L |
2 ¢

Proposal r ] Bounding box
classifier ‘ ‘
| softma L regressors

L T TR

y 4 - & Rol pooling
External proposal —-&i 1; ﬁ7/
algorithm ﬂ =

e.g. selective search

ConvNet
(applied to entire
image)

Girshick, “Fast R-CNN", ICCV 2015
Figure copyright Ross Girshick, 2015. Reproduced with permission.




Transfer learning with CNNs is pervasive...
(it's the norm, not an exception)

Object Detection .
(Fast R-CNN) - i CNN pretrained
p on ImageNet

CCCCCCC
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A Framework for Applications

“Features matter”




General Architecture

detection
network
(e.g. R-CNN)

segmentation
network
(e.g. FCN)

ImageNet
data

target
data

3

backbone ll classification |

structure network
pre-train features

—

human pose )
fine-tune

estimation
network

depth
estimation
network

Example: Object Detection (Review)

boat : 0.853

Image Classification Object Detection
(what?) (what + where?)




Object Detection: R-CNN

figure credit: R. Girshick et al.

warped region ﬂ| aeroplane? no. |
A Ny :
;5;{. '_‘. > person? yes. |
B e N R CNN;
I | tvmonitor? no. |
inputimage region proposals 1 CNN for each region classify regions
~2,000
R CNN pipeline

Girshick, Donahue, Darrell, Malik. Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation. CVPR 2014

Object Detection: R-CNN

* R-CNN o
feature
feature
feature
feature
End-to-End
training
NN CNN
CNN CNN
pre-computed : B
Regions-of-Interest mp | - 7=
(Rols) . 4

Girshick, Donahue, Darrell, Malik. Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation. CVPR 2014




Object Detection: Fast R-CNN

* Fast R-CNN
pre-computed - .
Regions-of-Interest mp Mpoolmg
(Rols) End-to-End
training
shared conv CNN
layers 1
Y
LT T 77
Girshick. Fast R-CNN. ICCV 2015
Object Detection: Faster R-CNN
features
* Faster R-CNN
Rol pooling

* Solely based on CNN
* No external modules
* Each step is end-to-end

proposals

Region Proposal Net End-to-End

eature map

CNN =

Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.




Object Detection

ImageNet detection
data data
backbone | classification N detection l N
structure network network
pre-train features fine-tune
* R-CNN
AlexNet + FastR-CNN
¢ VGG-16
¢ FasterR-CNN
* GoogleNet .
. ResNet-101 ¢ MultiBox
: esNe . sSD
y . independently
plug-in”
developed

features () detectors

classifier

Object Detection

Rol pooling

* Simply “Faster R-CNN + ResNet”

Faster R-CNN mAP@.5:.95 Region Proposal Net
baseline

VGG-16 41.5 21.5
ResNet-101 48.4 27.2

proposals

feature map

Coco detection results
ResNet-101 has 28% relative gain
vs VGG-16

1”4

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.
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ResNet’s object detection result on COCO

*the original image is from the COCO dataset
Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.

person : 0.989
refrigerator : 0.979

knife : 0.739

-

gb w1 0.969 cumo d

’:the original image is fromthe COCO dataset
Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.




< person : 0.910 “s person : 0.998

person 0.998 = umbrella: 0.910

handbag : 0.665 . - ’ —
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1.

*the original image is from the COCO dataset
Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.

car -

thisvideo is available online: https://youtu.be/WZmSMkK9VuA

Results on real video. Models trained on MS COCO (80 categories).
(frame-by-frame; no temporal processing)

Kaiming He, Xiangyu Zhang, Shaoging Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. arXiv 2015.
Shaoging Ren, Kaiming He, Ross Girshick, & Jian Sun. “Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks”. NIPS 2015.







