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Computer Vision and Machine Learning
Success

Models which analyze work very well
* Image classification

* Object detection

* Semantic segmentation
* Human pose estimation




Our guest to personalize life

Observation (1) Revealing Priors (3) Anticipating the Future

Combine the vision of David Marr:
“2D to 3D reasoning”
and Rodolfo Llinas, Kenneth Craik:

“a creature must anticipate outcome of movement to navigate safely”



Major Ingredients to Anticipate

* Interaction reasoning

e Revealing priors

e Holistic object understanding

e Capturing ambiguity




Major Ingredients to Anticipate

* Interaction reasoning

* Revealing priors

* Holistic object understanding
* Modeling ambiguity



Instance Level Video Object Segmentation




Weakly Supervised Setting

* Given objects outlined in first frame

* Predict object contours in subsequent
frames

Classical Deep-Net Approaches:

* Train a classifier using first frame data
* Run on remaining frames

Concern: training at runtime is slow



VideoMatch: Matching based Video Object
Segmentation

Goals:
e Efficient algorithm that does not require fine-tuning

 Combination of detection and tracking

* Implicit extraction of temporal information

See also: Voigtlaender et al. 2019, Vondrick et al. 2018
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VideoMatch Approach

ldea: Learning to match feature representations
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VideoMatch Softmatching

ldea: Learning to match feature representations

Template features
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VideoMatch Extensions

* Online Update: augment foreground and background sets

e Qutlier Removal

e R

(a) FG pred. y; init (b) FG pred. y;_ (c) Extruded pred. y;_;  (d) Output pred. y;
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Results (DAVIS-16 Validation)
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VideoMatch Results

Results (DAVIS-16 Validation)
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VideoMatch Results

ECCV 2018

Results (DAVIS-16 Validation)
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VideoMatch Results

Qualitative Results (Davis 2016)
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VideoMatch Results

Qualitative Results (Davis 2017)

loU=0.728
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VideoMatch Results

Qualitative Results (Jumpcut - Trained on Davis 17)
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VideoMatch Results

Qualitative Results (YouTube-Objects — Trained on Davis 2017)
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Amodal Segmentation

* Recognizing the full extent of the object




Amodal Segmentation

* Recognizing the full extent of the object




Difficulties

* Humans are capable of amodal segmentation

* A challenging task for Al systems
* Occlusion reasoning
* Predicting the invisible part
* Expensive to get the groundtruth



Current Amodal Segmentation Datasets

e« COCOA * DYCE

Real data Real data Synthetic data

A subset of MS-COCO dataset Groceries on the table Indoor static scene



Current Amodal Segmentation Datasets

e« COCOA * DYCE

Real data Real data Synthetic data

A subset of MS-COCO dataset Groceries on the table Indoor static scene

All of them are image datasets



Temporal Information is Missing!

* Temporal context helps to predict amodal segmentation
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A Dataset for Amodal Video Segmentation

* A synthetic dataset using Grand Theft Auto V (GTA-V)
* Realistic rendering
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A Dataset for Amodal Video Segmentation

* A synthetic dataset using Grand Theft Auto V (GTA-V)

e \arious scenarios
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A Dataset for Amodal Video Segmentation

* A synthetic dataset using Grand Theft Auto V (GTA-V)

 Different weather/lighting conditions
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A Dataset for Amodal Video Segmentation

* A synthetic dataset using Grand Theft Auto V (GTA-V)

e Groundtruth annotations from the game
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Example Video




Joint with
Yuan-Ting Hu, Hong-Shuo Chen, Kexin Hui, Jia-Bin Huang
CVPR 2019

Example Video
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Controlling the Game

* We use ScriptHook V to control the game
* Altering the weather, time of day and clothing
* Pausing the game
* Toggling the visibility of objects
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Dataset Collection Pipeline
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Dataset Collection Pipeline
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Dataset Collection Pipeline
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How to Compute the Amodal Segmentation

 Comparing the RGB pixels wouldn’t be robust enough due to
rendering

Display Objects One by One

All Objects Displayed All Objects Invisible
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Depth Buffer and Stencil Buffer

* Along with the RGB images, we also record the corresponding depth
buffer and stencil buffer by hooking into DirectX functions.

* All objects displayed

RGB image Depth buffer Stencil buffer
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Depth Buffer and Stencil Buffer

* Along with the RGB images, we also record the corresponding depth
buffer and stencil buffer by hooking into DirectX functions.

* Background

RGB image Depth buffer Stencil buffer
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Depth Buffer and Stencil Buffer

* Along with the RGB images, we also record the corresponding depth
buffer and stencil buffer by hooking into DirectX functions.

* One object displayed

RGB image Depth buffer Stencil buffer
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Computing the Amodal Segmentation

RGB image Depth buffer Stencil buffer
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Computing the Amodal Segmentation
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RGB image Amodal segmentation
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Amodal Segmentation
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Visible Mask
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Tracking Objects

* The game assignhs a unique ID to each object

* We can track the objects based on the IDs

Visible
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Semantic Class Labels

* We are able to obtain the name of the 3D model of each object
* We merge the objects with similar names into 162 classes
* 60% of the classes in MS-COCO can be found in the proposed dataset
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Pose Information

 Amodal 2D/3D pose information for human
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Dataset Statistics

Dataset COCOA COCOA-cls D2S DYCE Ours
Image/Video Image Image Image Image Video
Resolution 275K pix 275K pix 3M pix IM pix IM pix

- - 1440x1920 1000x1000 800x1280
Synthetic/Real Real Real Real Synthetic Synthetic
# of images 5,073 3499 5,600 5,500 111,654
# of classes - 80 60 79 162
# of instances 46,314 10,562 28,720 85,975 1,896,295
# of occluded instances 28,106 5,175 16,337 70,766 1,653,980

Avg. occlusion rate 18.8% 10.7% 15.0% 27.7% 56.3%
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Baselines

* MaskRCNN
* MaskAmodal: a variant of MaskRCNN predicting the amodal mask

* MasklJoint: jointly predicting modal and amodal masks
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Baselines

* MaskRCNN
* MaskAmodal: a variant of MaskRCNN predicting the amodal mask

* MasklJoint: jointly predicting modal and amodal masks using two
output heads

Modal mask Amodal mask
APsy AP APL, APY APL APY AP, APs, AP APL, APY APL APY AP,

MaskRCNN [38] 40.6 28.0 512 135 746 202 5.6 - - - - -
MaskAmodal [30] 404 26.6 512 148 729 206 6.8

MaskJoint 388 260 495 119 704 174 64 408 264 512 158 731 196 75




Joint with
Yuan-Ting Hu, Hong-Shuo Chen, Kexin Hui, Jia-Bin Huang
CVPR 2019

Quantitative Results

DAVIS fraction 0% 10% 20% 30% 50% 100%

VideoMatch-S 0.74 0.77 0.78 0.78 0.78 0.79
VideoMatch 0.55 066 073 0.74 0.78 0.81
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Qualitative Results — Amoda \Segmentation
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Qualitative Results

Groundtruth Pretrained model Finetuned model
on our dataset on COCOA
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Video Results




Summary

* A dataset for semantic amodal instance-level video object
segmentation

* Groundtruth annotations include modal segmentation, amodal
segmentation, semantic class labels and human pose information

* Transfer to real world COCOA dataset training with the proposed
dataset
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Pose regression tasks
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2D to 3D pose estimation 2D pose forecasting Skeleton based action recognition

Class Probability

FARRE ARk Lo

Data augmentation for pose regression tasks?



Data augmentation for pose regression tasks

o @ B Right Joints
—> —> B Lcft Joints
" Center Joints

Input Pose x Reflected Pose Chirality Transform 7~ **(x)



Disadvantages of Data Augmentation

* Deep nets need to learn equivariance from data
e Sample-inefficient
* Computationally more demanding

Question:
Can we develop deep nets that are equivariant w.r.t. pose transforms?
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Chirality Nets

* Deep nets that guarantee the equivariant output

. AL

X
Input 2D Pose x Output 3D Pose y
T in T out

Chirality Transform Input 7 **(x) Chirality Transform Output 7 °**(y)
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How to do it
* Define groups (right, left, center) B Right Joints
* Order sample data B Lcft Joints
" Center Joints
) Wln 1n Wln,lp Wln rn Wln,rp Wln cn Wln,cp | | bln |
Wlp,ln Wlp,lp Wlp,rn Wlp,rp Wlp cn Wlp,cp blp
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2D to 3D Benefits of Chirality Nets

* No data-augmentation necessary
* More sample efficient (Human3.6M)
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2D to 3D Benefits of Chirality Nets

* Human3.6M dataset

Joint with
Raymond Yeh, Yuan-Ting Hu
NeurlPS 2019

Approach Dir. Disc. Eat Greet Phone Photo Pose Purch. Sit SitD. Smoke Wait WalkD. Walk WalkT. | Avg
Pavlakos [35] (CVPR‘18) 48.5 544 544 520 594 653 499 529 658 71.1 566 529 609 447 478 |56.2
Yang [52] (CVPR‘18) 51.5 589 504 57.0 62.1 654 498 527 692 852 574 584 43.6 060.1 477 |58.6
Luvizon [28] (CVPR‘18) (¢) |49.2 51.6 47.6 50.5 51.8 60.3 485 51.7 615 709 537 489 579 444 489 |53.2
Hossain [17] (ECCV‘18)(f, ¢) [48.4 50.7 57.2 552 63.1 72.6 53.0 517 66.1 809 59.0 573 624 466 49.6 |58.3
Lee [25] (ECCV*18)(T, ©) 40.2 49.2 478 526 50.1 75.0 502 43.0 558 739 54.1 556 582 433 433 |52.8
Pavllo [36] (CVPR‘19) 47.1 50.6 49.0 51.8 53.6 614 494 474 593 674 524 495 553 395 427 |51.8
Pavllo [36] (CVPR‘19)(Y) 459 475 443 464 50.0 569 456 446 58.8 66.8 479 447 49.7 33.1 340 |47.7
Pavllo [36] (CVPR‘19)(T, 1) [45.2 46.7 433 45.6 48.1 55.1 44.6 443 573 658 471 440 49.0 328 339 [46.8
Ours, single-frame 474 499 474 51.1 538 61.2 483 459 604 67.1 520 486 54.6 40.1 430 [51.4
Ours (1) 448 46.1 433 464 49.0 552 44.6 440 583 62.7 471 439 48.6 327 333 |46.7
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Qualitative Results

Reconstruction Ground truth
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Qualitative Results

Input Reconstruction Ground truth




Forecasting Benefits of Chirality Nets
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Prediction Steps Avg.
Approach 1 2 3 4 5 6 7 8 9 1o 11 12 13 14 15 16 -
Residual [29] (CVPR‘17) | 82.4 68.3 58.5 509 447 40.0 364 334 313 295 283 273 264 257 25.0 245|395
3D-PFNet [3](CVPR17) | 79.2 60.0 49.0 439 415 40.3 39.8 39.7 40.1 405 41.1 41.6 423 429 432 433|455
TP-RNN [5] (WACV*‘19) | 84.5 72.0 64.8 60.3 57.2 55.0 534 52.1 509 50.0 493 48.7 483 479 47.6 47.3]|55.6
Baseline w/o aug. 873 757 68.5 640 61.0 59.1 57.6 563 554 549 545 545 544 545 54.6 54.7| 604
Baseline w/ aug. 869 752 679 635 604 584 57.0 55.8 55.1 545 54.1 54.0 539 539 540 54.0] 599
Baseline w/ aug.() 87.0 755 684 64.1 61.0 59.1 57.5 563 555 55.0 54.7 54.7 54.6 54.7 54.7 54.7 | 60.5
Ours 87.5 77.0 68.7 64.2 61.2 59.2 57.6 56.5 55.7 55.1 54.7 54.6 544 545 545 54.5]| 60.6




Deep Net Training

Algorithm:

* Load a batch of samples

 Compute predictions for every sample
* Compare predictions to groundtruth

* Backpropagate error

* Update parameters



Distributed Deep Net Training

Parameter Servers

Parameter
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Communication Is expensive
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Parameters are not suitable for lossy
communication
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Efficient communication

Step 0: Block Partition
Step 1: Transmit and reduce (TR) Step 2: TR

{ bIK[O] | bik{1] | blk{2] | blk[3] | | bIKIO] | bIK[1] | biK2] | bIK3]
Worker[O] Gradlients A “~
Worker[1] / | \ /
Worker|[2] / |
Worker[3] / N / N

Step 4: Send back reduced
results (SR)

| bIk[0] | blk[1] | blk[2] | bIk[3] | 1 bIK[0] | blk[1] | blk[2] | bIk[3]




[ a0l
o
g N s
: 3
& Addeus
: o
o
O

_ asegq

| La9gl
(-
O
(© -
S -
o P
£ o
S B fddeus <
]

_ aseq

OIN<TTNAN—O

(WJoN) sawi] uled|

Standard Compression



Dedicated Compression
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Compression in NIC

Host CPU FPGA Board
FPGA Chip
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Results

Training Time (Norm)
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Pipelining is feasible

Time
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Learning to Anticipate

Observation (1) Revealing Priors (3) Anticipating the Future
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* aschwing@Illlinois.edu
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