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What can(’t) we do we 
ConvNets?
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Outline

• Architectures of classification networks 
• Architectures of segmentation networks 
• Architectures of regression networks 
• Architectures of detection networks
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OpenPose [Cao, TPAMI, 2019] 
https://arxiv.org/pdf/1812.08008.pdf

VGG-19
<latexit sha1_base64="RxVd52bHaENgbHnvOk4c9TtSwhM=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiIC4r2Ae2pWTSO21oJjMkGaEM/Qs3LhRx69+482/MtLPQ1gOBwzn3knOPHwuujet+O4WV1bX1jeJmaWt7Z3evvH/Q1FGiGDZYJCLV9qlGwSU2DDcC27FCGvoCW/74JvNbT6g0j+SDmcTYC+lQ8oAzaqz02A2pGflBejvtlytu1Z2BLBMvJxXIUe+Xv7qDiCUhSsME1brjubHppVQZzgROS91EY0zZmA6xY6mkIepeOks8JSdWGZAgUvZJQ2bq742UhlpPQt9OZgn1opeJ/3mdxARXvZTLODEo2fyjIBHERCQ7nwy4QmbExBLKFLdZCRtRRZmxJZVsCd7iycukeVb1Lqrn9+eV2nVeRxGO4BhOwYNLqMEd1KEBDCQ8wyu8Odp5cd6dj/lowcl3DuEPnM8ftC2Q8w==</latexit>

F

“Complicated stuff inside”:
(1) detect joints

(2) estimate limbs directions

output
input
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<latexit sha1_base64="/8d0yxxiFQoWepP/B2hrGn6nwXI=">AAACDXicbZDLSgMxFIYz9VbrbdSlm2AVKmiZkaIui4K4cFHBXqA3MmnGhmYuJGeEMswLuPFV3LhQxK17d76NmbaCtv4Q+PjPOeSc3wkFV2BZX0Zmbn5hcSm7nFtZXVvfMDe3aiqIJGVVGohANhyimOA+qwIHwRqhZMRzBKs7g4u0Xr9nUvHAv4VhyNoeufO5yykBbXXNvValzztQaHkE+o4bXyaH+Ievk04MR3Zy0DXzVtEaCc+CPYE8mqjSNT9bvYBGHvOBCqJU07ZCaMdEAqeCJblWpFhI6IDcsaZGn3hMtePRNQne104Pu4HUzwc8cn9PxMRTaug5ujNdVE3XUvO/WjMC96wdcz+MgPl0/JEbCQwBTqPBPS4ZBTHUQKjkeldM+0QSCjrAnA7Bnj55FmrHRfukWLop5cvnkziyaAftogKy0SkqoytUQVVE0QN6Qi/o1Xg0no03433cmjEmM9voj4yPb6hYm04=</latexit>

�t(F,Lt�1)
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Out is two fold => how to find articulated structure?

shoulder

elbow1

elbow2
shoulder

elbow1

elbow2

PAFs joints



Out is two fold => how to find articulated structure?

shoulder

elbow1

elbow2
shoulder

elbow1

elbow2

PAFs joints
Greedy matching that is consistent with PAF
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OpenPose [Cao, TPAMI, 2019] 
https://arxiv.org/pdf/1812.08008.pdf

elbow2
shoulder

elbow1

elbow2

PAFs output



PoseTrack challenge (ICCV 2017/ECCV 2018)
https://posetrack.net
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Pose regression references
• PoseTrack benchmark a datasets 

 https://posetrack.net

• Realtime Multi-Person 2D Human Pose Estimation using Part Affinity Fields, CVPR 
2017 Oral 
https://www.youtube.com/watch?v=pW6nZXeWlGM

• Integral Human Pose Regression [Sun ECCV 2018] 
Microsoft Research  
https://arxiv.org/abs/1711.08229 
https://github.com/JimmySuen/integral-human-pose

• Guler et al. (Facebook Research), DensePose  
https://arxiv.org/abs/1802.00434 
https://github.com/facebookresearch/Densepose 
https://www.youtube.com/watch?v=EMjPqgLX14A&feature=youtu.be
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https://posetrack.net
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Outline

• Architectures of classification networks 
• Architectures of segmentation networks 
• Architectures of regression networks 
• Architectures of detection networks 
• Architectures of feature matching networks
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Czech Technical University in Prague
Faculty of Electrical Engineering, Department of Cybernetics

Pascal VOC object detection challenge
PASCAL VOC object detection
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Object detection
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Object detection

person

car car

car
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Object detection
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Object detection

CNN

0.7
0.1
0.2
0.0

class: person
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Object detection

CNN

0.7
0.1
0.2
0.0

21



Object detection

CNN

0.0
0.9
0.1
0.0

class: car
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Object detection

CNN

0.0
0.9
0.1
0.0
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Object detection

CNN

0.0
0.1
0.0
0.9

class: background
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Object detection

CNN

classify all rectangles
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Object detection

• Approach works but it takes extremely long to compute response on all rectangular 
sub-windows:  
H x W x Aspect_Ratio x Scales x 0.001 sec = months 
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Object detection

CNN

classify all rectangles
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Object detection

CNN

classify + align only 2k 
 region proposals

[Girschick ICCV 2015] Fast-RCNN 
https://arxiv.org/abs/1504.08083
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https://arxiv.org/abs/1504.08083


Object detection

• Approach works but it takes extremely long to compute response on all rectangular 
sub-windows:  
H x W x Aspect_Ratio x Scales x 0.001 sec = months 

• Instead we can use elementary signal processing method to extract only 2k viable 
candidates:  
[Girschick ICCV 2015], Fast-RCNN 
https://arxiv.org/abs/1504.08083 
(find 2k cand.) + (2k cand. x 0.001 sec) = 47+2 sec = 49 sec
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Object detection

CNN

The selective search for region 
proposals is 

 computational bottleneck !!![Girschick ICCV 2015] Fast-RCNN 
https://arxiv.org/abs/1504.08083
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https://arxiv.org/abs/1504.08083


YOLO and Faster RCNN architectures

low resolution 
 feature map

• divide image into 3x3 sub images

F

31

p_object 
center_x 
center_y 
width 
height 
p_class1 
p_class2 
p_class3

CNN

• predict relative position, objectness, class for each sub-im

https://arxiv.org/abs/1506.01497

…

https://arxiv.org/abs/1506.01497


YOLO and Faster RCNN architectures

ground truth
low resolution 
 feature map

• divide image into 3x3 sub images

32

p_object 
center_x 
center_y 
width 
height 
p_class1 
p_class2 
p_class3

• learn from ground truth
• predict relative position, objectness, class for each sub-im

CNN

https://arxiv.org/abs/1506.01497

F

https://arxiv.org/abs/1506.01497


https://arxiv.org/abs/1506.01497

ground truth
low resolution 
 feature map

• divide image into 3x3 sub images
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p_object =1 
center_x=? 
center_y=? 
width   =? 
height =? 
p_class1=? 
p_class2=? 
p_class3=?

• predict relative position, objectness, class for each sub-im
• ground truth: bbs with IoU>0.7 are objects,  

                      bbs with IoU<0.3 not objects

CNN

YOLO and Faster RCNN architectures

F

https://arxiv.org/abs/1506.01497


https://arxiv.org/abs/1506.01497

ground truth
low resolution 
 feature map

• divide image into 3x3 sub images
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p_object =1 
center_x=.3 
center_y=.5 
width   =? 
height =? 
p_class1=? 
p_class2=? 
p_class3=?

• predict relative position, objectness, class for each sub-im
• ground truth: bbs with IoU>0.7 are objects,  

                      bbs with IoU<0.3 not objects

CNN

YOLO and Faster RCNN architectures

F

https://arxiv.org/abs/1506.01497
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ground truth
low resolution 
 feature map

• divide image into 3x3 sub images
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p_object =1 
center_x=.1 
center_y=.5 
width   =.7 
height =1.5 
p_class1=? 
p_class2=? 
p_class3=?

• predict relative position, objectness, class for each sub-im
• ground truth: bbs with IoU>0.7 are objects,  

                      bbs with IoU<0.3 not objects

CNN

YOLO and Faster RCNN architectures

F

https://arxiv.org/abs/1506.01497
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ground truth
low resolution 
 feature map

• divide image into 3x3 sub images
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p_object =1 
center_x=.1 
center_y=.5 
width   =.7 
height =1.5 
p_class1=1 
p_class2=0 
p_class3=0

• predict relative position, objectness, class for each sub-im
• ground truth: bbs with IoU>0.7 are objects,  

                      bbs with IoU<0.3 not objects

CNN

YOLO and Faster RCNN architectures

F

https://arxiv.org/abs/1506.01497


low resolution 
 feature map

• divide image into 3x3 sub images
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p_object 
center_x 
center_y 
width 
height 
p_class1 
p_class2 
p_class3

CNN

• predict relative position, objectness, class for each sub-im 
• each sub-image has its own output

https://arxiv.org/abs/1506.01497

Do you see any problem?

YOLO and Faster RCNN architectures

F

https://arxiv.org/abs/1506.01497
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ground truth
low resolution 
 feature map

• divide image into 3x3 sub images

38

• predict relative position, objectness, class for each sub-im
• ground truth: bbs with IoU>0.7 are objects,  

                      bbs with IoU<0.3 not objects
=> more obj in  
      one sub-im

p_object 
center_x 
center_y 
width 
height 
p_class1 
p_class2 
p_class3

CNN

YOLO and Faster RCNN architectures

F

https://arxiv.org/abs/1506.01497
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ground truth
low resolution 
 feature map
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p_object 
center_x 
center_y 
width 
height 
p_class1 
p_class2 
p_class3
p_object 
center_x 
center_y 
width 
height 
p_class1 
p_class2 
p_class3

Introduce anchor bounding boxes

CNN

YOLO and Faster RCNN architectures

F

https://arxiv.org/abs/1506.01497
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ground truth
low resolution 
 feature map
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p_object 
center_x 
center_y 
width 
height 
p_class1 
p_class2 
p_class3

CNN

p_object 
center_x 
center_y 
width 
height 
p_class1 
p_class2 
p_class3

Introduce anchor bounding boxes
• for each anchor bb CNN predicts:  

• its “alignment with gt” (regression loss) 
• its “objectness”+”class” (classification loss)

YOLO and Faster RCNN architectures

F

https://arxiv.org/abs/1506.01497
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ground truth
low resolution 
 feature map
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p_object 
center_x 
center_y 
width 
height 
p_class1 
p_class2 
p_class3
p_object 
center_x 
center_y 
width 
height 
p_class1 
p_class2 
p_class3

Introduce anchor bounding boxes

CNN

• for each anchor bb CNN predicts:  
• its “alignment with gt” (regression loss) 
• its “objectness”+”class” (classification loss)

YOLO and Faster RCNN architectures

F

https://arxiv.org/abs/1506.01497


Object detection

• Approach works but it takes extremely long to compute response on all rectangular 
sub-windows:  
H x W x Aspect_Ratio x Scales x 0.001 sec = months 

• Instead we can use elementary signal processing method to extract only 2k viable 
candidates:  [Girschick ICCV 2015], Fast-RCNN https://arxiv.org/abs/1504.08083 
(find 2k cand.) + (2k cand. x 0.001 sec) = 47+2 sec = 49 sec

• Perform region proposal by CNN => 0.05-0.2 sec

42

[Faster RCNN 2017] https://arxiv.org/abs/1506.01497 (slower, works for smaller objs)
[Redmont CVPR 2018], https://arxiv.org/abs/1804.02767 (faster, small obj. problems)

https://arxiv.org/abs/1504.08083
https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1804.02767


How to report classifier quality?

43
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Binary classifier testing presence of potentially dangerous case: 

GT  
BKGD:

GT  
CARS

Positive class Negative class



45

Binary classifier testing presence of potentially dangerous case: 

GT  
BKGD:

GT  
CARS

CLS 
CARS

CLS  
BGGD:

Positive class Negative class
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Binary classifier testing presence of potentially dangerous case: 

GT  
BKGD:

GT  
CARS

CLS 
CARS

CLS  
BGGD:

Positive class Negative class
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… classifier falsely indicates positive class (e.g. car) 
     as a negative class => missed danger

Binary classifier testing presence of potentially dangerous case: 

GT  
BKGD:

GT  
CARS

CLS 
CARS

CLS  
BGGD:

false negative (FN)

Positive class Negative class
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… classifier falsely indicates negative class (e.g. background) 
     as a positive class => false alarm

… classifier falsely indicates positive class (e.g. car) 
     as a negative class => missed danger

Binary classifier testing presence of potentially dangerous case: 

GT  
BKGD:

GT  
CARS

CLS 
CARS

CLS  
BGGD:

false positive (FP)

false negative (FN)

Positive class Negative class
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… classifier falsely indicates negative class (e.g. background) 
     as a positive class => false alarm

… classifier falsely indicates positive class (e.g. car) 
     as a negative class => missed danger

Binary classifier testing presence of potentially dangerous case: 

… classifier correctly indicate ground truth positive class  
    (e.g. car) as a positive class => correctly found danger

GT  
BKGD:

GT  
CARS

CLS 
CARS

CLS  
BGGD:

false positive (FP)

false negative (FN)

true positive (TP)

Positive class Negative class
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… classifier falsely indicates negative class (e.g. background) 
     as a positive class => false alarm

… classifier falsely indicates positive class (e.g. car) 
     as a negative class => missed danger

Binary classifier testing presence of potentially dangerous case: 

… classifier correctly indicate ground truth positive class  
    (e.g. car) as a positive class => correctly found danger
… classifier correctly indicate ground truth negative class  
    (e.g. bckg) as a negative class => correctly found safety

GT  
BKGD:

GT  
CARS

CLS 
CARS

CLS  
BGGD:

false positive (FP)

false negative (FN)

true positive (TP)

true negative (TN)

Positive class Negative class
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Binary classifier testing presence of potentially dangerous case: 

=1

=2

=1

=2 Oracle: Precision = Recall = 1

GT  
BKGD:

GT  
CARS

CLS 
CARS

CLS  
BGGD:

false positive (FP)

false negative (FN)

true positive (TP)

true negative (TN)

Precision (P)

Recall (R)

Positive class Negative class

=1/3
1

1 + 2
=

=1/2
1

1 + 1
=

TP

TP + FP
=

TP

TP + FN
=
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Binary classifier testing presence of potentially dangerous case: 

0.9 0.5 0.1 -0.1 -0.4 -0.6

false positive (FP)

false negative (FN)

true positive (TP)

true negative (TN)

Precision (P)

Recall (R)

=1

=2

=1

=2

=1/3
1

1 + 2
=

=1/2
1

1 + 1
=

Oracle: Precision = Recall = 1

GT  
BKGD:

GT  
CARS

CLS 
CARS

CLS  
BGGD:

TP

TP + FP
=

TP

TP + FN
=

Positive class Negative class
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Binary classifier testing presence of potentially dangerous case: 

CLS  
BGGD:

0.9 0.5 0.1 -0.1 -0.4 -0.6
=0

=2

=2

=2

TP

TP + FP
=

TP

TP + FN
=

=1/2
2

2 + 2
=

=1
2

2 + 0
=

Oracle: Precision = Recall = 1

GT  
BKGD:

GT  
CARS

CLS 
CARS

false positive (FP)

false negative (FN)

true positive (TP)

true negative (TN)

Precision (P)

Recall (R)

Positive class Negative class
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Smoothed Precision-Recall curve

Recall (R)

Pr
ec

is
io

n 
(P

)
Oracle: Precision = Recall = 1
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Recall (R)

Pr
ec

is
io

n 
(P

)

Smoothed Precision-Recall curve

Oracle: Precision = Recall = 1
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Recall (R)

Pr
ec

is
io

n 
(P

)

AUC = ∫
1

0
P(R)dR

Smoothed Precision-Recall curve

Oracle: Precision = Recall = 1
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Recall (R)

Pr
ec

is
io

n 
(P

)

AUC ≈ AP =
1

∑
R=0

P(R)

Smoothed Precision-Recall curve

Oracle: Precision = Recall = 1



58



Deep convolutional - object detection

59

[Redmont CVPR 2018], https://arxiv.org/abs/1804.02767 
code: https://pjreddie.com/darknet/yolo/

https://arxiv.org/abs/1804.02767


YOLO and Faster RCNN architectures

low resolution 
 feature map

60

p_object 
center_x 
center_y 
width 
height 
p_class1 
p_class2 
p_class3 
segment. 
pose

CNN

https://arxiv.org/abs/1506.01497

[He et al CVPR 2017] Mask-RCNN  
https://arxiv.org/abs/1703.06870

F

https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1703.06870


Mask RCNN - results
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[He et al CVPR 2017] Mask-RCNN  
https://arxiv.org/abs/1703.06870

https://arxiv.org/abs/1703.06870


Mask RCNN - results

62



Outline

• Architectures of classification networks 
• Architectures of segmentation networks 
• Architectures of regression networks 
• Architectures of detection networks 
• Spatial Transformer networks 
• Architectures of feature matching networks
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64

theta

image

localization

Spatial Transformer networks [Jaderberg 2016]
https://arxiv.org/pdf/1506.02025.pdf

estimate parameters of 2D similarity transformation

https://arxiv.org/pdf/1506.02025.pdf
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theta affine_grid gridlocalization

torch.nn.functional.affine_grid(theta, size, align_corners=None) 

Spatial Transformer networks [Jaderberg 2016]
https://arxiv.org/pdf/1506.02025.pdf

image

estimate pixel-wise correspondences of  
the 2D similarity transformation

https://arxiv.org/pdf/1506.02025.pdf
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torch.nn.functional.affine_grid(theta, size, align_corners=None) 

theta affine_grid grid

image
grid_sample

torch.nn.functional.grid_sample(input, grid, mode='bilinear',  
                                                     padding_mode='zeros', align_corners=None)

localization

Spatial Transformer networks [Jaderberg 2016]
https://arxiv.org/pdf/1506.02025.pdf

image

https://arxiv.org/pdf/1506.02025.pdf
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torch.nn.functional.affine_grid(theta, size, align_corners=None) 

torch.nn.functional.grid_sample(input, grid, mode='bilinear',  
                                                     padding_mode='zeros', align_corners=None)

theta affine_grid grid

image
grid_sample

localization

Spatial Transformer networks [Jaderberg 2016]
https://arxiv.org/pdf/1506.02025.pdf

image
usually unknown ground truth

https://arxiv.org/pdf/1506.02025.pdf
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x

t aff g
x gri

loca

spatial transformer 
 net

CNN

classifier

Spatial Transformer networks [Jaderberg 2016]
https://arxiv.org/pdf/1506.02025.pdf

https://arxiv.org/pdf/1506.02025.pdf
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x
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x gri

loca

spatial transformer 
 net

CNN

classifier <latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

cross-entropy 
loss

L(w)
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Backpropagation learns also STN weights, which perform the most suitable 
transformation for the classification task

Spatial Transformer networks [Jaderberg 2016]
https://arxiv.org/pdf/1506.02025.pdf

https://arxiv.org/pdf/1506.02025.pdf


Spatial Transformer networks

70

https://pytorch.org/tutorials/intermediate/spatial_transformer_tutorial.html

https://pytorch.org/tutorials/intermediate/spatial_transformer_tutorial.html
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x

theta affine_grid grid

x
grid_sample

localization thetatheta

Spatial Transformer networks [Jaderberg 2016]
https://arxiv.org/pdf/1506.02025.pdf

How does the affine_grid works? 

https://arxiv.org/pdf/1506.02025.pdf
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x

theta affine_grid grid

x
grid_sample

localization thetatheta

Spatial Transformer networks [Jaderberg 2016]
https://arxiv.org/pdf/1506.02025.pdf

How does the affine_grid works? 

https://arxiv.org/pdf/1506.02025.pdf
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<latexit sha1_base64="NeqXbMnC2ykDjQ+B/kbm9CGNM4Q=">AAACFHicbVDLSgMxFM3UV62vqks3wSIIQplpi4+FUHTjsoJ9QGcYMmnahmYyQ3JHKKUf4cZfceNCEbcu3Pk3pu0g1nogcM6593JzTxALrsG2v6zM0vLK6lp2PbexubW9k9/da+goUZTVaSQi1QqIZoJLVgcOgrVixUgYCNYMBteTevOeKc0jeQfDmHkh6Une5ZSAsfz8iQt9BsR38CW2XTeXytK8LBvp5Px8wS7aU+BF4qSkgFLU/Pyn24loEjIJVBCt244dgzciCjgVbJxzE81iQgekx9qGShIy7Y2mR43xkXE6uBsp8yTgqft7YkRCrYdhYDpDAn39tzYx/6u1E+ieeyMu4wSYpLNF3URgiPAkIdzhilEQQ0MIVdz8FdM+UYSCyXEWwsUEpz8nL5JGqeiUi5XbSqF6lcaRRQfoEB0jB52hKrpBNVRHFD2gJ/SCXq1H69l6s95nrRkrndlHc7A+vgEWbZsw</latexit>

grid


x(m,n)
y(m,n)

�
=


cos(✓1) sin(✓1) ✓2
� sin(✓1) cos(✓1) ✓3

�2

4
m
n
1

3

5

<latexit sha1_base64="ahiwj86NSi6VConVG75r3iJ1Wgc="></latexit>

Can we translate image by 1 pixel up?

<latexit sha1_base64="AV9aJWW4ksQKVrrKAQbweHyzc1s=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cW7Ae0oWy2k3btbhJ2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSNsGm4EdhKFVAYC28H4bua3n1BpHkcPZpKgL+kw4iFn1FipIfvlilt15yCrxMtJBXLU++Wv3iBmqcTIMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtjahE7WfzQ6fkzCoDEsbKVmTIXP09kVGp9UQGtlNSM9LL3kz8z+umJrzxMx4lqcGILRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m5INwVt+eZW0LqreVdVtXFZqt3kcRTiBUzgHD66hBvdQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwB1t+M9Q==</latexit>m

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

1  2  3  4
1  2  3  4
1  2  3  4
1  2  3  4

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

2  2  2  2
3  3  3  3
4  4  4  4

1  1  1  1

<latexit sha1_base64="F1SstRATZTWwDwZvBN806C5UjPA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUkP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvquo2Liu12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A2GOM9g==</latexit>n

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

x(m,n) =
<latexit sha1_base64="sAHxASjnX3i9LofSBcAbkbSpI9c=">AAAB7nicbVDLSsNAFL2pr1pfVZdugkWoICXV4mMhFN24rGAf0IYymU7aoTOTMDMRS+hHuHGhiFu/x51/4yQNotYDFw7n3Mu993gho0o7zqeVW1hcWl7JrxbW1jc2t4rbOy0VRBKTJg5YIDseUoRRQZqaakY6oSSIe4y0vfF14rfviVQ0EHd6EhKXo6GgPsVIG6n9UOZH4vCyXyw5FSeFPU+qGSlBhka/+NEbBDjiRGjMkFLdqhNqN0ZSU8zItNCLFAkRHqMh6RoqECfKjdNzp/aBUQa2H0hTQtup+nMiRlypCfdMJ0d6pP56ifif1420f+7GVISRJgLPFvkRs3VgJ7/bAyoJ1mxiCMKSmlttPEISYW0SKqQhXCQ4/X55nrSOK9WTSu22VqpfZXHkYQ/2oQxVOIM63EADmoBhDI/wDC9WaD1Zr9bbrDVnZTO78AvW+xdJro8F</latexit>

y(m,n) =
<latexit sha1_base64="8Hs5uTFxuQ1vMhvOP4AI2uMHqVY=">AAAB7nicbVDLSsNAFL3xWeur6tJNsAgVpCRafCyEohuXFewD2lAm00k7dGYSZiZCCf0INy4Ucev3uPNvnKRB1HrgwuGce7n3Hj9iVGnH+bQWFpeWV1YLa8X1jc2t7dLObkuFscSkiUMWyo6PFGFUkKammpFOJAniPiNtf3yT+u0HIhUNxb2eRMTjaChoQDHSRmpPKvxYHF31S2Wn6mSw54mbkzLkaPRLH71BiGNOhMYMKdV1nUh7CZKaYkamxV6sSITwGA1J11CBOFFekp07tQ+NMrCDUJoS2s7UnxMJ4kpNuG86OdIj9ddLxf+8bqyDCy+hIoo1EXi2KIiZrUM7/d0eUEmwZhNDEJbU3GrjEZIIa5NQMQvhMsXZ98vzpHVSdU+rtbtauX6dx1GAfTiACrhwDnW4hQY0AcMYHuEZXqzIerJerbdZ64KVz+zBL1jvX0s4jwY=</latexit>

Output arrays x(m,n) and y(m,n) say:  
where should we read the output (m,n)-pixel from the original image
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<latexit sha1_base64="NeqXbMnC2ykDjQ+B/kbm9CGNM4Q=">AAACFHicbVDLSgMxFM3UV62vqks3wSIIQplpi4+FUHTjsoJ9QGcYMmnahmYyQ3JHKKUf4cZfceNCEbcu3Pk3pu0g1nogcM6593JzTxALrsG2v6zM0vLK6lp2PbexubW9k9/da+goUZTVaSQi1QqIZoJLVgcOgrVixUgYCNYMBteTevOeKc0jeQfDmHkh6Une5ZSAsfz8iQt9BsR38CW2XTeXytK8LBvp5Px8wS7aU+BF4qSkgFLU/Pyn24loEjIJVBCt244dgzciCjgVbJxzE81iQgekx9qGShIy7Y2mR43xkXE6uBsp8yTgqft7YkRCrYdhYDpDAn39tzYx/6u1E+ieeyMu4wSYpLNF3URgiPAkIdzhilEQQ0MIVdz8FdM+UYSCyXEWwsUEpz8nL5JGqeiUi5XbSqF6lcaRRQfoEB0jB52hKrpBNVRHFD2gJ/SCXq1H69l6s95nrRkrndlHc7A+vgEWbZsw</latexit>

grid


x(m,n)
y(m,n)

�
=


cos(✓1) sin(✓1) ✓2
� sin(✓1) cos(✓1) ✓3

�2

4
m
n
1

3

5

<latexit sha1_base64="ahiwj86NSi6VConVG75r3iJ1Wgc="></latexit>

<latexit sha1_base64="AV9aJWW4ksQKVrrKAQbweHyzc1s=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cW7Ae0oWy2k3btbhJ2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSNsGm4EdhKFVAYC28H4bua3n1BpHkcPZpKgL+kw4iFn1FipIfvlilt15yCrxMtJBXLU++Wv3iBmqcTIMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtjahE7WfzQ6fkzCoDEsbKVmTIXP09kVGp9UQGtlNSM9LL3kz8z+umJrzxMx4lqcGILRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m5INwVt+eZW0LqreVdVtXFZqt3kcRTiBUzgHD66hBvdQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwB1t+M9Q==</latexit>m

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

1  2  3  4
1  2  3  4
1  2  3  4
1  2  3  4

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

2  2  2  2
3  3  3  3
4  4  4  4

1  1  1  1

<latexit sha1_base64="F1SstRATZTWwDwZvBN806C5UjPA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUkP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvquo2Liu12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A2GOM9g==</latexit>n

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

x(m,n) =
<latexit sha1_base64="sAHxASjnX3i9LofSBcAbkbSpI9c=">AAAB7nicbVDLSsNAFL2pr1pfVZdugkWoICXV4mMhFN24rGAf0IYymU7aoTOTMDMRS+hHuHGhiFu/x51/4yQNotYDFw7n3Mu993gho0o7zqeVW1hcWl7JrxbW1jc2t4rbOy0VRBKTJg5YIDseUoRRQZqaakY6oSSIe4y0vfF14rfviVQ0EHd6EhKXo6GgPsVIG6n9UOZH4vCyXyw5FSeFPU+qGSlBhka/+NEbBDjiRGjMkFLdqhNqN0ZSU8zItNCLFAkRHqMh6RoqECfKjdNzp/aBUQa2H0hTQtup+nMiRlypCfdMJ0d6pP56ifif1420f+7GVISRJgLPFvkRs3VgJ7/bAyoJ1mxiCMKSmlttPEISYW0SKqQhXCQ4/X55nrSOK9WTSu22VqpfZXHkYQ/2oQxVOIM63EADmoBhDI/wDC9WaD1Zr9bbrDVnZTO78AvW+xdJro8F</latexit>

y(m,n) =
<latexit sha1_base64="8Hs5uTFxuQ1vMhvOP4AI2uMHqVY=">AAAB7nicbVDLSsNAFL3xWeur6tJNsAgVpCRafCyEohuXFewD2lAm00k7dGYSZiZCCf0INy4Ucev3uPNvnKRB1HrgwuGce7n3Hj9iVGnH+bQWFpeWV1YLa8X1jc2t7dLObkuFscSkiUMWyo6PFGFUkKammpFOJAniPiNtf3yT+u0HIhUNxb2eRMTjaChoQDHSRmpPKvxYHF31S2Wn6mSw54mbkzLkaPRLH71BiGNOhMYMKdV1nUh7CZKaYkamxV6sSITwGA1J11CBOFFekp07tQ+NMrCDUJoS2s7UnxMJ4kpNuG86OdIj9ddLxf+8bqyDCy+hIoo1EXi2KIiZrUM7/d0eUEmwZhNDEJbU3GrjEZIIa5NQMQvhMsXZ98vzpHVSdU+rtbtauX6dx1GAfTiACrhwDnW4hQY0AcMYHuEZXqzIerJerbdZ64KVz+zBL1jvX0s4jwY=</latexit>

Can we translate image by 1 pixel up?

Output arrays x(m,n) and y(m,n) say:  
where should we read the output (m,n)-pixel from the original image
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<latexit sha1_base64="NeqXbMnC2ykDjQ+B/kbm9CGNM4Q=">AAACFHicbVDLSgMxFM3UV62vqks3wSIIQplpi4+FUHTjsoJ9QGcYMmnahmYyQ3JHKKUf4cZfceNCEbcu3Pk3pu0g1nogcM6593JzTxALrsG2v6zM0vLK6lp2PbexubW9k9/da+goUZTVaSQi1QqIZoJLVgcOgrVixUgYCNYMBteTevOeKc0jeQfDmHkh6Une5ZSAsfz8iQt9BsR38CW2XTeXytK8LBvp5Px8wS7aU+BF4qSkgFLU/Pyn24loEjIJVBCt244dgzciCjgVbJxzE81iQgekx9qGShIy7Y2mR43xkXE6uBsp8yTgqft7YkRCrYdhYDpDAn39tzYx/6u1E+ieeyMu4wSYpLNF3URgiPAkIdzhilEQQ0MIVdz8FdM+UYSCyXEWwsUEpz8nL5JGqeiUi5XbSqF6lcaRRQfoEB0jB52hKrpBNVRHFD2gJ/SCXq1H69l6s95nrRkrndlHc7A+vgEWbZsw</latexit>

grid

<latexit sha1_base64="6aHCv8gxdTnNtBsH/dUC0lq6Qyc="></latexit>
x(m,n)
y(m,n)

�
=


1 0 0
0 1 1

�2

4
m
n
1

3

5

<latexit sha1_base64="AV9aJWW4ksQKVrrKAQbweHyzc1s=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cW7Ae0oWy2k3btbhJ2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSNsGm4EdhKFVAYC28H4bua3n1BpHkcPZpKgL+kw4iFn1FipIfvlilt15yCrxMtJBXLU++Wv3iBmqcTIMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtjahE7WfzQ6fkzCoDEsbKVmTIXP09kVGp9UQGtlNSM9LL3kz8z+umJrzxMx4lqcGILRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m5INwVt+eZW0LqreVdVtXFZqt3kcRTiBUzgHD66hBvdQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwB1t+M9Q==</latexit>m

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

1  2  3  4
1  2  3  4
1  2  3  4
1  2  3  4

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

2  2  2  2
3  3  3  3
4  4  4  4

1  1  1  1

<latexit sha1_base64="F1SstRATZTWwDwZvBN806C5UjPA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUkP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvquo2Liu12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A2GOM9g==</latexit>n

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

?
x(m,n) =

<latexit sha1_base64="sAHxASjnX3i9LofSBcAbkbSpI9c=">AAAB7nicbVDLSsNAFL2pr1pfVZdugkWoICXV4mMhFN24rGAf0IYymU7aoTOTMDMRS+hHuHGhiFu/x51/4yQNotYDFw7n3Mu993gho0o7zqeVW1hcWl7JrxbW1jc2t4rbOy0VRBKTJg5YIDseUoRRQZqaakY6oSSIe4y0vfF14rfviVQ0EHd6EhKXo6GgPsVIG6n9UOZH4vCyXyw5FSeFPU+qGSlBhka/+NEbBDjiRGjMkFLdqhNqN0ZSU8zItNCLFAkRHqMh6RoqECfKjdNzp/aBUQa2H0hTQtup+nMiRlypCfdMJ0d6pP56ifif1420f+7GVISRJgLPFvkRs3VgJ7/bAyoJ1mxiCMKSmlttPEISYW0SKqQhXCQ4/X55nrSOK9WTSu22VqpfZXHkYQ/2oQxVOIM63EADmoBhDI/wDC9WaD1Zr9bbrDVnZTO78AvW+xdJro8F</latexit>

y(m,n) =
<latexit sha1_base64="8Hs5uTFxuQ1vMhvOP4AI2uMHqVY=">AAAB7nicbVDLSsNAFL3xWeur6tJNsAgVpCRafCyEohuXFewD2lAm00k7dGYSZiZCCf0INy4Ucev3uPNvnKRB1HrgwuGce7n3Hj9iVGnH+bQWFpeWV1YLa8X1jc2t7dLObkuFscSkiUMWyo6PFGFUkKammpFOJAniPiNtf3yT+u0HIhUNxb2eRMTjaChoQDHSRmpPKvxYHF31S2Wn6mSw54mbkzLkaPRLH71BiGNOhMYMKdV1nUh7CZKaYkamxV6sSITwGA1J11CBOFFekp07tQ+NMrCDUJoS2s7UnxMJ4kpNuG86OdIj9ddLxf+8bqyDCy+hIoo1EXi2KIiZrUM7/d0eUEmwZhNDEJbU3GrjEZIIa5NQMQvhMsXZ98vzpHVSdU+rtbtauX6dx1GAfTiACrhwDnW4hQY0AcMYHuEZXqzIerJerbdZ64KVz+zBL1jvX0s4jwY=</latexit>

?

Can we translate image by 1 pixel up?

Output arrays x(m,n) and y(m,n) say:  
where should we read the output (m,n)-pixel from the original image



<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>
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affine_grid

th
et

a

✓1 = 0

✓2 = 0

✓3 = 1
<latexit sha1_base64="NeqXbMnC2ykDjQ+B/kbm9CGNM4Q=">AAACFHicbVDLSgMxFM3UV62vqks3wSIIQplpi4+FUHTjsoJ9QGcYMmnahmYyQ3JHKKUf4cZfceNCEbcu3Pk3pu0g1nogcM6593JzTxALrsG2v6zM0vLK6lp2PbexubW9k9/da+goUZTVaSQi1QqIZoJLVgcOgrVixUgYCNYMBteTevOeKc0jeQfDmHkh6Une5ZSAsfz8iQt9BsR38CW2XTeXytK8LBvp5Px8wS7aU+BF4qSkgFLU/Pyn24loEjIJVBCt244dgzciCjgVbJxzE81iQgekx9qGShIy7Y2mR43xkXE6uBsp8yTgqft7YkRCrYdhYDpDAn39tzYx/6u1E+ieeyMu4wSYpLNF3URgiPAkIdzhilEQQ0MIVdz8FdM+UYSCyXEWwsUEpz8nL5JGqeiUi5XbSqF6lcaRRQfoEB0jB52hKrpBNVRHFD2gJ/SCXq1H69l6s95nrRkrndlHc7A+vgEWbZsw</latexit>

grid

x(m,n) =
<latexit sha1_base64="sAHxASjnX3i9LofSBcAbkbSpI9c=">AAAB7nicbVDLSsNAFL2pr1pfVZdugkWoICXV4mMhFN24rGAf0IYymU7aoTOTMDMRS+hHuHGhiFu/x51/4yQNotYDFw7n3Mu993gho0o7zqeVW1hcWl7JrxbW1jc2t4rbOy0VRBKTJg5YIDseUoRRQZqaakY6oSSIe4y0vfF14rfviVQ0EHd6EhKXo6GgPsVIG6n9UOZH4vCyXyw5FSeFPU+qGSlBhka/+NEbBDjiRGjMkFLdqhNqN0ZSU8zItNCLFAkRHqMh6RoqECfKjdNzp/aBUQa2H0hTQtup+nMiRlypCfdMJ0d6pP56ifif1420f+7GVISRJgLPFvkRs3VgJ7/bAyoJ1mxiCMKSmlttPEISYW0SKqQhXCQ4/X55nrSOK9WTSu22VqpfZXHkYQ/2oQxVOIM63EADmoBhDI/wDC9WaD1Zr9bbrDVnZTO78AvW+xdJro8F</latexit>

y(m,n) =
<latexit sha1_base64="8Hs5uTFxuQ1vMhvOP4AI2uMHqVY=">AAAB7nicbVDLSsNAFL3xWeur6tJNsAgVpCRafCyEohuXFewD2lAm00k7dGYSZiZCCf0INy4Ucev3uPNvnKRB1HrgwuGce7n3Hj9iVGnH+bQWFpeWV1YLa8X1jc2t7dLObkuFscSkiUMWyo6PFGFUkKammpFOJAniPiNtf3yT+u0HIhUNxb2eRMTjaChoQDHSRmpPKvxYHF31S2Wn6mSw54mbkzLkaPRLH71BiGNOhMYMKdV1nUh7CZKaYkamxV6sSITwGA1J11CBOFFekp07tQ+NMrCDUJoS2s7UnxMJ4kpNuG86OdIj9ddLxf+8bqyDCy+hIoo1EXi2KIiZrUM7/d0eUEmwZhNDEJbU3GrjEZIIa5NQMQvhMsXZ98vzpHVSdU+rtbtauX6dx1GAfTiACrhwDnW4hQY0AcMYHuEZXqzIerJerbdZ64KVz+zBL1jvX0s4jwY=</latexit>

<latexit sha1_base64="6aHCv8gxdTnNtBsH/dUC0lq6Qyc="></latexit>
x(m,n)
y(m,n)

�
=


1 0 0
0 1 1

�2

4
m
n
1

3

5

<latexit sha1_base64="AV9aJWW4ksQKVrrKAQbweHyzc1s=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cW7Ae0oWy2k3btbhJ2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSNsGm4EdhKFVAYC28H4bua3n1BpHkcPZpKgL+kw4iFn1FipIfvlilt15yCrxMtJBXLU++Wv3iBmqcTIMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtjahE7WfzQ6fkzCoDEsbKVmTIXP09kVGp9UQGtlNSM9LL3kz8z+umJrzxMx4lqcGILRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m5INwVt+eZW0LqreVdVtXFZqt3kcRTiBUzgHD66hBvdQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwB1t+M9Q==</latexit>m

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

1  2  3  4
1  2  3  4
1  2  3  4
1  2  3  4

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

2  2  2  2
3  3  3  3
4  4  4  4

1  1  1  1

<latexit sha1_base64="F1SstRATZTWwDwZvBN806C5UjPA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUkP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvquo2Liu12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A2GOM9g==</latexit>n

Can we translate image by 1 pixel up?

Output arrays x(m,n) and y(m,n) say:  
where should we read the output (m,n)-pixel from the original image

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

1 2



<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

1  2  3  4
1  2  3  4
1  2  3  4
1  2  3  4

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

2  2  2  2
3  3  3  3
4  4  4  4
5  5  5  5
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affine_grid
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a

✓1 = 0

✓2 = 0

✓3 = 1
<latexit sha1_base64="NeqXbMnC2ykDjQ+B/kbm9CGNM4Q=">AAACFHicbVDLSgMxFM3UV62vqks3wSIIQplpi4+FUHTjsoJ9QGcYMmnahmYyQ3JHKKUf4cZfceNCEbcu3Pk3pu0g1nogcM6593JzTxALrsG2v6zM0vLK6lp2PbexubW9k9/da+goUZTVaSQi1QqIZoJLVgcOgrVixUgYCNYMBteTevOeKc0jeQfDmHkh6Une5ZSAsfz8iQt9BsR38CW2XTeXytK8LBvp5Px8wS7aU+BF4qSkgFLU/Pyn24loEjIJVBCt244dgzciCjgVbJxzE81iQgekx9qGShIy7Y2mR43xkXE6uBsp8yTgqft7YkRCrYdhYDpDAn39tzYx/6u1E+ieeyMu4wSYpLNF3URgiPAkIdzhilEQQ0MIVdz8FdM+UYSCyXEWwsUEpz8nL5JGqeiUi5XbSqF6lcaRRQfoEB0jB52hKrpBNVRHFD2gJ/SCXq1H69l6s95nrRkrndlHc7A+vgEWbZsw</latexit>

grid

x(m,n) =
<latexit sha1_base64="sAHxASjnX3i9LofSBcAbkbSpI9c=">AAAB7nicbVDLSsNAFL2pr1pfVZdugkWoICXV4mMhFN24rGAf0IYymU7aoTOTMDMRS+hHuHGhiFu/x51/4yQNotYDFw7n3Mu993gho0o7zqeVW1hcWl7JrxbW1jc2t4rbOy0VRBKTJg5YIDseUoRRQZqaakY6oSSIe4y0vfF14rfviVQ0EHd6EhKXo6GgPsVIG6n9UOZH4vCyXyw5FSeFPU+qGSlBhka/+NEbBDjiRGjMkFLdqhNqN0ZSU8zItNCLFAkRHqMh6RoqECfKjdNzp/aBUQa2H0hTQtup+nMiRlypCfdMJ0d6pP56ifif1420f+7GVISRJgLPFvkRs3VgJ7/bAyoJ1mxiCMKSmlttPEISYW0SKqQhXCQ4/X55nrSOK9WTSu22VqpfZXHkYQ/2oQxVOIM63EADmoBhDI/wDC9WaD1Zr9bbrDVnZTO78AvW+xdJro8F</latexit>

y(m,n) =
<latexit sha1_base64="8Hs5uTFxuQ1vMhvOP4AI2uMHqVY=">AAAB7nicbVDLSsNAFL3xWeur6tJNsAgVpCRafCyEohuXFewD2lAm00k7dGYSZiZCCf0INy4Ucev3uPNvnKRB1HrgwuGce7n3Hj9iVGnH+bQWFpeWV1YLa8X1jc2t7dLObkuFscSkiUMWyo6PFGFUkKammpFOJAniPiNtf3yT+u0HIhUNxb2eRMTjaChoQDHSRmpPKvxYHF31S2Wn6mSw54mbkzLkaPRLH71BiGNOhMYMKdV1nUh7CZKaYkamxV6sSITwGA1J11CBOFFekp07tQ+NMrCDUJoS2s7UnxMJ4kpNuG86OdIj9ddLxf+8bqyDCy+hIoo1EXi2KIiZrUM7/d0eUEmwZhNDEJbU3GrjEZIIa5NQMQvhMsXZ98vzpHVSdU+rtbtauX6dx1GAfTiACrhwDnW4hQY0AcMYHuEZXqzIerJerbdZ64KVz+zBL1jvX0s4jwY=</latexit>

<latexit sha1_base64="6aHCv8gxdTnNtBsH/dUC0lq6Qyc="></latexit>
x(m,n)
y(m,n)

�
=


1 0 0
0 1 1

�2

4
m
n
1

3

5

<latexit sha1_base64="AV9aJWW4ksQKVrrKAQbweHyzc1s=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cW7Ae0oWy2k3btbhJ2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSNsGm4EdhKFVAYC28H4bua3n1BpHkcPZpKgL+kw4iFn1FipIfvlilt15yCrxMtJBXLU++Wv3iBmqcTIMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtjahE7WfzQ6fkzCoDEsbKVmTIXP09kVGp9UQGtlNSM9LL3kz8z+umJrzxMx4lqcGILRaFqSAmJrOvyYArZEZMLKFMcXsrYSOqKDM2m5INwVt+eZW0LqreVdVtXFZqt3kcRTiBUzgHD66hBvdQhyYwQHiGV3hzHp0X5935WLQWnHzmGP7A+fwB1t+M9Q==</latexit>m

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

1  2  3  4
1  2  3  4
1  2  3  4
1  2  3  4

<latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit><latexit sha1_base64="PmkD25wcnZi/Sqfuudx2gy1tEA0="></latexit>

2  2  2  2
3  3  3  3
4  4  4  4

1  1  1  1

<latexit sha1_base64="F1SstRATZTWwDwZvBN806C5UjPA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4bua3n1BpHssHM0nQj+hQ8pAzaqzUkP1yxa26c5BV4uWkAjnq/fJXbxCzNEJpmKBadz03MX5GleFM4LTUSzUmlI3pELuWShqh9rP5oVNyZpUBCWNlSxoyV39PZDTSehIFtjOiZqSXvZn4n9dNTXjjZ1wmqUHJFovCVBATk9nXZMAVMiMmllCmuL2VsBFVlBmbTcmG4C2/vEpaF1Xvquo2Liu12zyOIpzAKZyDB9dQg3uoQxMYIDzDK7w5j86L8+58LFoLTj5zDH/gfP4A2GOM9g==</latexit>n

Can we translate image by 1 pixel up?

Output arrays x(m,n) and y(m,n) say:  
where should we read the output (m,n)-pixel from the original image
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image

theta affine_grid grid

grid_sample

localization thetatheta

Spatial Transformer networks [Jaderberg 2016]
https://arxiv.org/pdf/1506.02025.pdf

How does the affine_grid works? image

https://arxiv.org/pdf/1506.02025.pdf
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Trajectory optimization

costmap

robot’s trajectory

grid_sample

backprop

LOSS



82sparse trajectory (11 samples)dense trajectory (21 samples)

Trajectory optimization



Summary architectures

• Deeper architectures, with small kernels, skip-connections and batch-norms 
(e.g. ResNet, DenseNet) seems reasonable. 

• Reception field of pixels in a feature map determine their ability to infer from spatial 
context.  

• Atrous spatial pyramid seems to be viable replacement for max-pooling 
• Spatial Transform Layer allows to end-to-end differentiable spatial transformation  

(e.g. interpolation, cropping, projective/euclidean transformation of rigid bodies) 
• A lot of dark-magic needed for successful training
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