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Introduction



Visual Perception Problems

Object Detection Semantic Segmentation Instance Segmentation

/ / ?



A Challenging Problem...

# entries on COCO # entries on Cityscapes
leaderboard leaderboard
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Object Det. Instance Seg. Semantic Seg. Instance Seg.



Object Detection

* Fast/Faster R-CNN
v'Good speed

v'Good accuracy
v'Intuitive
v'Easy to use

7

RolPool

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



Semantic Segmentation

* Fully Convolutional Net (FCN)
v'Good speed

v'Good accuracy
v'Intuitive
v'Easy to use

forward /inference
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backward /learning
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Figure credit: Long et al

Jonathan Long, Evan Shelhamer, & Trevor Darrell. “Fully Convolutional Networks for Semantic Segmentation”. CVPR 2015.



Instance Segmentation

* Goals of Mask R-CNN
v'Good speed

v'Good accuracy
v'Intuitive
v'Easy to use
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Instance Segmentation Methods
R-CNN driven | FCN driven




Instance Segmentation Methods

e SDS [Hariharan et al, ECCV’14]

e HyperCol [Hariharan et al, CVPR’15]

- — —— —— —— ——— — — — — T Sy

RCNN-driven

® PFN [Liang et al, arXiv’15] FCN-driven
e CFM [Dai et al, CVPR’15]
, ¢ |[nstanceCut [Kirillov et al, CVPR’17]
e MINC [Dai et al, CVPR’16]

e \Watershed [Bai & Urtasun, CVPR’17]

e FCIS [Lietal, CVPR'17]

‘e DIN [Arnab & Torr, CVPR’17]
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Mask R-CNN

e Mask R-CNN = Faster R-CNN with FCN on Rols

Faster R-CNN
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FCN on Rol



Parallel Heads

* Easy, fast to implement and train

Feat.

cls

bbox
reg

Feat.

(slow) R-CNN

Fast/er R-CNN

cls

cls

bbox
reg

Feat.

bbox
reg

mask

Mask R-CNN




A Perspective on Equivariance



How can we draw the Apple logo?



How can we draw the App/e Iogo?
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figure source: http://mymodernmet.com/famous-company-logos-memory/
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ground truth

How can we draw the App/e logo?

figure source: http://mymodernmet.com/famous-company-logos-memory/



What is given? What can be drawn?
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Invariance vs. Equivariance

g s
6 O o c

Ilapplell

€ o
s _ _ translation-equivariant
‘ “apple, bite on right”

“apple, bite on right” " [>

scale-equivariant

see also “What is wrong with convolutional neural nets?”, Geoffrey Hinton, 2017



Invariance vs. Equivariance

* Equivariance: changes in input lead to corresponding changes in output

desires invariant representations: output a label

desires equivariant representations:
* Translated object => translated mask
e Scaled object => scaled mask
* Big and small objects are equally important (due to AP metric)
* unlike semantic seg. (counting pixels)



Invariance vs. Equivariance

* Convolutions are translation-equivariant
* Fully-ConvNet (FCN) is translation-equivariant

* ConvNet becomes translation-invariant due to fully-connected or global
pool layers



Equivariance in Mask R-CNN
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1. Fully-Conv Features:
equivariant to global (image) translation



Equivariance in Mask R-CNN
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2. Fully-Conv on Rol:
equivariant to translation within Rol



Fully-Conv on Rol

target masks on Rols

Translation of object in Rol => Same translation of mask in Rol
* Equivariant to small translation of Rols
 More robust to Rol’s localization imperfection



Equivariance in Mask R-CNN
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3. RolAlign:
3a. maintain translation-equivariance before/after Rol



RolAlign

FAQs: how to sample grid points within a cell?

* 4 regular points in 2x2 sub-cells
other implementation could work

conv feat. map

S

Grid points of
bilinear interpolation
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(Variable size Rol)

(Fixed dimensional
representation)




see also “What is wrong with convolutional neural nets?”, Geoffrey Hinton, 2017

RolAlign vs. RolPool
s

* RolPool breaks pixel-to-pixel translation-equivariance

ity /

RolPool coordinate
guantization




Equivariance in Mask R-CNN
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3. RolAlign:
3b. Scale-equivariant (and aspect-ratio-equivariant)



RolAlign: Scale-Equivariance

normalized w.r.t Rol,

invariant representations

’ [

Rol

output

Rol
& RolAlign
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image

* RolAlign creates scale-invariant representations
* RolAlign + “output pasted back” provides scale-equivariance



More about Scale-Equivariance: FPN

* RolAlign is scale-invariant if on raw pixels: %
e =(slow) R-CNN: crops and warps Rols /

F
* RolAlign is scale-invariant if on scale-invariant X
feature maps
e Feature Pyramid Network (FPN) [Lin et al. cvPR'17] i aaa e EEEELS
creates approx. scale-invariant features | A Faser RCNN
I class
e X72><576 |1024ﬂ \1024ﬁ box
\ET 256 |4

________________________________________



Equivariance in Mask R-CNN: Summary

* Translation-equivariant
* FCN features
* FCN mask head
* RolAlign (pixel-to-pixel behavior)

* Scale-equivariant (and aspect-ratio-equivariant)
* RolAlign (warping and normalization behavior) + paste-back
* FPN features



Instance Seg: When we don’t want equivariance?

* A pixel x could have a different label w.r.t.
different Rols

e zero-padding in Rol boundary breaks equivariance
e outside objects are suppressed

* only equivariant to small changes of Rols
(which is desired)
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Result Analysis



Ablation: RolPool vs. RolAlign

baseline: ResNet-50-Conv5 backbone, stride=32
mask AP box AP

AP AP59 AP75 | AP®®  APY® AP

RolPool | 23.6 46.5 21.6 28.2 52.7 26.9
RolAlign | 30.9 51.8 32.1 34.0 55.3 36.4

+7.3 + 5.3 |+10.5 +35.8 +2.6 +9.5

* huge gain at high loU,
in case of big stride (32)



Ablation: RolPool vs. RolAlign

baseline: ResNet-50-Conv5 backbone, stride=32
mask AP box AP

AP AP59 AP75 | AP®®  APY® AP

RoIPool | 23.6 465 216 | 282 527 269
RolAlign | 309 518 321 | 340] 553 364
+7.3 + 53 +10.5 +5.8 +2.6 +9.5

* nice box AP without dilation/upsampling



Ablation: Multinomial vs. Binary Masks

baseline: ResNet-50-Conv4 backbone, stride=16

AP APs5q AP7xy
softmax 24.8 44.1 25.1
sigmoid | 30.3 51.2 31.5
+5.5 +7.1 +6.4

Feat.

cls

bbox
reg

mask

* cls head: did recognition

4
' E> Ilapple”

* mask head: no need to recognize again

¢ °



Ablation: MLP vs. FCN mask

* MLP: lose “place-coded” info,
too abstract

baseline: ResNet-50-FPN backbone

¢

mask branch AP AP5sg AP73y
MLP fc: 1024—1024—80-282 31.5 53.7 32.8
MLP fc: 1024—1024—1024—80-282 31.5 54.0 32.6
FCN | conv: 256—256—256—256—256—80 || 33.6 55.2 35.3

* FCN: translation-equivariant

¢ °

* +2.1 point




Instance Segmentation Results on COCO

backbone AP APso AP75 | APg APp AP
MNC [7] ResNet-101-C4 24.6 443 24.8 4.7 25.9 43.6
FCIS [20] +OHEM ResNet-101-C5-dilated | 29.2 49.5 - 7.1 31.3 50.0
FCIS+++ [20] +OHEM | ResNet-101-C5-dilated | 33.6 54.5 - - - -
Mask R-CNN ResNet-101-C4 33.1 54.9 34.8 12.1 35.6 51.1
Mask R-CNN ResNet-101-FPN 35.7 58.0 37.8 15.5 38.1 52.4
Mask R-CNN ResNeXt-101-FPN 37.1 60.0 39.4 16.9 39.9 53.5

e 2 AP better than SOTA w/ R101, without bells and whistles

 200ms / img




Instance Segmentation Results on COCO

backbone AP APso AP75 | APg APp AP
MNC [7] ResNet-101-C4 24.6 443 24.8 4.7 25.9 43.6
FCIS [20] +OHEM ResNet-101-C5-dilated | 29.2 49.5 - 7.1 31.3 50.0
FCIS+++ [20] +OHEM | ResNet-101-C5-dilated | 33.6 54.5 - - - -
Mask R-CNN ResNet-101-C4 33.1 54.9 34.8 12.1 35.6 51.1
Mask R-CNN ResNet-101-FPN 35.7 58.0 37.8 15.5 38.1 52.4
Mask R-CNN ResNeXt-101-FPN 37.1 60.0 39.4 16.9 39.9 53.5

e benefit from better features (ResNeXt [xic et al. cvpPrR'17])




Object Detection Results on COCO

backbone AP®  AP2  APSY | AP® AP APY
Faster R-CNN+++ [15] ResNet-101-C4 34.9 55.7 37.4 15.6 38.7 50.9
Faster R-CNN w FPN [22] | ResNet-101-FPN 36.2 | 59.1 39.0 | 182 39.0 482

Faster R-CNN by G-RMI [17] | Inception-ResNet-v2 [32] 34.7 55.5 36.7 13.5 38.1 52.0
Faster R-CNN w TDM [31] Inception-ResNet-v2-TDM | 36.8 57.7 39.2 16.2 39.8 52.1

Faster R-CNN, RoIAlign ResNet-101-FPN 37.3 59.6 40.3 19.8 40.2 48.8
Mask R-CNN ResNet-101-FPN 38.2 60.3 41.7 20.1 41.1 50.2
Mask R-CNN ResNeXt-101-FPN 39.8 62.3 43.4 22.1 43.2 51.2

bbox detection improved by:
* RolAlign



Object Detection Results on COCO

backbone AP®  AP2  APSY | AP® AP APY
Faster R-CNN+++ [15] ResNet-101-C4 34.9 55.7 37.4 15.6 38.7 50.9
Faster R-CNN w FPN [22] | ResNet-101-FPN 3.2 59.1 39.0 | 182 39.0 482

Faster R-CNN by G-RMI [17] | Inception-ResNet-v2 [32] 34.7 55.5 36.7 13.5 38.1 52.0
Faster R-CNN w TDM [31] Inception-ResNet-v2-TDM | 36.8 57.7 39.2 16.2 39.8 52.1

Faster R-CNN, RolAlign ResNet-101-EPN 373 | 596 403 | 198 402 488
Mask R-CNN ResNet-101-FPN 603 417 | 201 411 502
Mask R-CNN ResNeXt-101-FPN 398 623 434 | 221 432 512

bbox detection improved by:
* RolAlign
e Multi-task training w/ mask
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Mask R-CNN results on COCO



small
objects

Mask R-CNN results on COCO



person:1.00

person:1.00
person:1.00 person:1.00
\ \
/ | person:1.00 A

* /
person: 1.00 person: 0.96/

person:1.00

person:1.00 " [ ’ ’ y person:1.00 |

P \ person:0.50

bicycle:0.98

-

y

Mask R-CNN results on CityScapes
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Failure case: recognition
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Mask R-CNN results on COCO



28x28 soft prediction from Mask R-CNN
(enlarged)

Soft prediction resampled to image coordinates

(bilinear and bicubic interpolation work equally well)

Final prediction (threshold at 0.5)

Validation image with box detection shown in red



28x28 soft prediction

Resized Soft prediction

Final mask

o\

Validation image with box detection shown in red



Mask R-CNN: for Human Keypoint Detection

* 1 keypoint = 1-hot “mask”
* Human pose = 17 masks

* Softmax over spatial locations
* e.g. 562-way softmax on 56x56

* Desire the same equivariances
 translation, scale, aspect ratio

0.94 nose 1.00 left_eye 1.00  right_eye 0.98 left_ear 0.98

Lgligigligt

right_ear 0.93 left_shoulder 0.97right_shoulder 1.00 left_elbow 0.41 right_elbow 0.99

SO

left_wrist 0.91  right_wrist 0.97 left_hip 0.96 right_hip 0.97 left_knee 0.99

AR R R X

right knee 0.99 left_ankle 0.91 right_ankle 0.98
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Conclusion

Mask R-CNN
v'Good speed Code will be open-sourced as
v'Good accuracy Facebook Al Research’s Detectron platform
v'Intuitive

v'Easy to use
v'Equivariance matters

More about Mask R-CNN in this ICCV
* |CCV oral presentation, 10/26, 9am
* COCO workshop talk, 10/29, 9am



