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Current Robots in Human Environments

Cleaning Robots Telepresence Robots Smart Speakers

How can we have more powerful robots assisting people at homes or offices?
A Mobile manipulators -
A Humanoids =



Future Intelligent Robots in Human Environments

Manipulation

Cooking Cleaning Dish washing 4



The Perception, Planning and Control Loop

Control

Sensing World . Action




ObjectCentric Manipulation vs. RobGentric Manipulation

AObjectcentric
AHow the object should be controlled

ANot specific to any robot
ARequire object perception

Generalization

ARobotcentric
AHow the robot should be controlled

ADifficult to generalize to different robot
ACan be endo-end (RL)

Neural Descriptor FieldSimeonoyet al. ICRA, 2022,



Modelbased Robotic Grasping

T — T

6D Object Pose Estimation  Motion and Grasp Planning Position Control

Sensed image

Planning scene Real world execution
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We need to have 3D models of objects
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Robots in Unstructured Environments

How can a robot manipulate objects in this cluttered kitchen?



Object Modelfree Robotic Grasping

.

Unseen object instance segmentation Grasp planning from point clouds  Position control to reach grasp

Figure Credit: MuralMousaviarEppnerPaxtorC2 EX L/ w! QH N 9



Object Modelfree Robotic Grasping

Unseen Object Instance Segmentation: 6-DOFGraspNet }
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Unseen Object Instance Segmentation

ATop-down approaches
AMask RCNN (objects vs. backgroun
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ABottom-up approaches
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Unseen ODbject Instance Segmentation: LearningIRGE
Feature Embeddings

Instance Label for Training

RGB \ ) R \\\ / /,//
. / Fully Convolutional Network e
Metric Learning Loss

Depth Dense Feature Map

® Sampled feature
¥ Cluster center

—> |ntra-cluster
XiangXieMousavianRC2 EX / 2 w[ QH n < Inter-cluster
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von Mises-isher YMB Mean Shift Clustering

Alnput data pointsX < R™* C  Unit length vectors

AFor each of the T iterations
A Compute weight matrix W — eXp(K),LL(t_ 1) XT)
m X n

M(t) — WX Normalize each row

m x C
AMerge clustering centers with cosine distance smaller #gan

AUpdate clustering centers
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Mean Shift Clustering is N@nfferentiable

RGB —
. /Fully Convolutional Network Dense Feature Map
Depth Mean Shift Clustering

Disconnected from the network

Can we learn a differentiable clustering module jointly with the image feature embeddings? 4



Transformer: Attention

AScaled DeProduct Attention
Akeys K :m X d

Avalues V' : m X d,,
An queriesQ " n X dk

Attention(Q, K, V') = softmax( ¢

n X d, ‘

weights

 GGSyGA2Y A& Fftf &2dz ySSRd 2l a6l yA Sd | asdT b



vMFMean Shift vs. Scaled BDietoduct Attention

AvMFmean shift updating rule
1 — exp(kp~ VXX

AScaled DeProduct Attention
QK"

Attention(Q, K, V) = softmax(
Vdj

1%

Query Q as clustering center%(t) = R X C

Keys and values as data poinx - R?’l X C
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Our Proposed Hypersphere Attention

AHypersphere Attention

HSAtten(Q, K, V) = g(softmax(kg(Q)g(K)")V)

hypersphere attention
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scaled dotproduct attention

Attention(Q, K, V) ft (QKT)V
ention(Q, K, = softmax
Vi,

Y
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Our Masked Mean Shift Cre&gention

iy = pi—1 + g(softmax(M;_1 + kg(Qp)g(K;)" ) V)

X
X)) — —
U € R™M*C Clustering centers at layglr 9(x) x|
Query Q; = fQ(M—l) c R™*C
Key, Value K;, V; € RHWixC Pixel embeddings
’ )

0 if M;_q1(z,y) =1

Attention mask M;_ (z,y) = { o otherwise

Mask prediction)f;_, € {0, 1}™*HW:
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Our Mean Shift Decoder Layer
= pu—1 + g(softmax(M;_1 + kg(Qq)g9(Ki)" ) Vi)
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Our Mean Shift Mask Transformer

Can be trained entb-end

v/ /4 /%4

R R HxW>»256 R ? R
ResNet 100x256 X

Conv
Backbon f
./.// ackbone * Y A
HxWx3 HxWx64 HxWx100
RGB Image K,V Output Masks
‘T » FFN —»] Class

% XN Mean Shift

4 H—
Decoder

> > > (Simulates vMF

Mean-shift Clustering)
HxWx@l
ResNet Feature Map Q | 100x256
/ Backbone
HXWx3 HxWx64 Learnable
Depth Map Query
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Twostage Segmentation

-/onfldent Masks Initial Label

Depth

Segment split

21



Experiments: Testing Datasets

AObject Cluster IndodDataste(OCID), 2,390 R@Bimages Sushi et al. | CRA

AObject Segmentation Database (OSD), 111-B@Bages Richisfeldet al . | ROS 1
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Experiments: Learning from Synthetic Data

Depth Instance Label
40,000 scenes _ _ _
7 RGBD images per scene ShapeNetobjects in the PyBullet simulator Xie et al. CoRL®1
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Experimental Results

OCID (2390 images) OSD (111 images)
Method Input Overlap Boundary Overlap Boundary
P R F P R F %75 P R F P R F %75
MRCNN [14] RGB 776  67.0 672 | 655 539 546 | 558 | 642 613 625 | 502 402 440 | 319
UCN [40] RGB 548 76.0 594 | 345 450 365 | 48.0 | 572 738 633 | 347 50.0 39.1 | 525
UCN+ [40] RGB 59.1 740 61.1 | 408 550 438 | 582 | 59.1 71.7 638 | 343 533 395 | 52.6
Mask2Former [5] RGB 67.2 73.1 67.1 | 559 581 545 | 543 | 60.6 60.2 59.5 | 48.2 41.7 433 | 324

MSMFormer (Ours) RGB 729 683 67.7 | 605 563 558 | 529 | 634 6477 636 | 486 474 47.0 | 40.2
MSMFormer+ (Ours) | RGB 739 67.1 663 | 64.6 529 548 | 52.8 | 639 63.7 627 | 51.6 453 47.0 | 41.1

MRCNN [14] Depth 853 856 847 | 832 T76.6 788 | 7277 | 77.8 851 80.6 | 525 579 546 | 77.6
UOIS-Net-2D [42] Depth 88.3 789 8L.7 | 820 659 714 | 69.1 | 80.7 805 799 [ 66.0 67.1 656 | 719
UOIS-Net-3D [43] Depth 86.5 86.6 864 | 800 734 762 | 77.2 | 8.7 825 833 | 75,7 689 712 | 738

UCN [40] RGBD | 86.0 923 885 | 804 783 788 | 822 | 843 883 862 | 675 675 67.1 | 79.3
UCN+ [40] RGBD | 916 925 916 | 865 87.1 86.1 | 89.3 | 874 874 874 | 69.1 70.8 69.4 | 83.2
UOAIS-Net [1]* RGBD | 70.7 867 719 | 682 785 688 | 787 | 853 854 852 | 727 743 731 | 79.1
Mask2Former [5] RGBD | 78.6 828 795 | 693 762 711 | 693 | 756 792 773 | 541 640 580 | 652

MSMFormer (Ours) RGBD | 884 90.2 885 | 84.7 83.1 830 | 8.3 | 795 864 828 | 535 710 606 | 79.4
MSMFormer+ (Ours) [ RGBD | 925 910 915 | 894 859 873 | 8.0 | 87.1 86.1 864 [ 69.0 68.6 684 | 804
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Segmentation Examples

Input

Initial
Label

Refined
Label

UCN: XianglieMousavianRC2 E X/
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Segmentation Failure Cases

Undersegmentation

Oversegmentation

26



How Can We Fix These Failures?

ABetter models

A SwinTransformers
AOpenAICLIP
A?

ABetter training data
APhotorealistic synthetic data

ARealworld data
(How can we obtain realorld data for training?

27



Seltsupervised Segmentation
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previous image robot pusﬁing next image optical flow generated mask

A One push cannot separate objects sometimes
A These approaches can only obtain one mask in an image

[1] Andreastitel NicoHauff and WolfranBurgard Selfsupervised transfer learning for instance segmentation

through physical interaction. IROS, 2019.
[2] HoujianYu andChanghyurChoi. Selsupervised interactive object segmentation through a singulatind

grasping approach. ECCV, 2022. 28



Leveraging Longrm Robot Interaction

Robot Pushing m X -

£

Captured & X v""
Image

Initial X 3 A ¥ <] b@
Segmentatio

1 segment 3 segments 4 segments 5 segments 4 segments S) segments

Opticalflow based MultiObject Tracking +
Video Object Segmentation

EIEIEIERY ]

S5 segments S segments S5 segments S segments 5 segments S segments

Masks of all the objects in the collected imag%

Final
Segmentatio

Time 29



Leveraging LoAgrm Robot Interaction




Tracking by Segmentation and Video Object Segment

Initial ‘
Segme

tation

1 segment 3 segments 4 segments 5 segments 4 segments segments

Tracklet

Initial mask: frame 20 === frame 10 — frame 7 — frame 4 ~ w—) frame O
Select the highest score mask itracklet Propagation to other frames

LongTerm Video Object Segmentation with an Atkins&hiffrin Memory Model.
Ho Kei Chendilexander SchwindeCCV, 2022. https://github.com/hkchengrex/XMem 31



https://hkchengrex.github.io/
https://www.alexander-schwing.de/
https://github.com/hkchengrex/XMem

Data Collected by the Robot




8 | Synthetic data
é}# trained network

Undersegmentation

Finetuning

Robot pushing for
data collection

B 00
2 g | Real datefine-
% tuned networ

Input image Correct segmentation 33



FinetuningMSMFormeifor Unseen Object Segmentatic

Same Domain Dataset (107 images)

Method Overlap Boundary

P R F P R F %75
| RGB Input with ResNet-50 backbone
mage MF [19] 817 817 816 | 757 7131 737 | 662
MEF* 9.6 92.7 916 | 87.3 88.6 87.6 | 90.7
MF+Zoom-in 759 81.0 781 | 68.0 637 651 | 61.6
MF+Zoom-in* 90.1 89.6 89.7 | 88.0 844 855 | 835
Before MF*+Zoom-in 83.2 909 86.7 | 7144 782 758 | 85.5
Fine-tuning MF*+Zoom-in* | 91.0 93.3 92.1 | 89.7 89.6 89.3 | 92.2
RGB-D Input with ResNet-34 backbone

MF [19] 85.8 889 872 | 81.7 787 799 | 75.1
MF* 909 919 913 | 8.5 859 859 | 84.8
MF+Zoom-in 88.9 89.8 893 | 86.6 844 853 | 80.7
After MF+Zoom-in* 90.7 90.2 904 | 86.0 859 85.6 | 843
Fine-tuning MF*+Zoom-in 91.0 919 913 | 89.6 872 882 | 87.0
MF*+Zoom-in* | 92.5 919 92.1 | 89.3 87.8 88.3 | 88.0

*: model after finetuning
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Top-Down Grasping




FewShot Object Recognition

Toothpaste Unseen Object Instance Segmentation

Cereal box

36



FewShot Object Recognition

AA largescale dataset for fevghot object recognition

<><><>

Training data collected by a robot

A 336 objects

FewSOL: A Dataset for Few - Shot Object Learning in A 198 ObjeCt Categories
Robotic Environments A9 Images per object 37

Jishnu Jayk P, Yu - Wei Chao, Yu Xi . ICRA, 2023. . . .
ST Sayiumar e, Y - el =hao, TH Aang A RGRD images with segmentation masks and camera poses



FewShot Object Recognition

Real-World Set #4

&8
Kettle | \—/

Bowl

Lemon Lime

Demo: User command oriented robot grasping
using Proto-CLIP predictions




ObjectCentric Grasp Transfer

Grasp Transfer

Human Hand
Allegro

il

B ¥
Franka Panda Fetch Gripper

Objectcentric contact regions
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NeuralGrasps

&
¢ D
@
2
g &
oo é '
t-SNE visualization of learned latent space

NeuralGrasps : Learning Implicit Representations for Grasps of Multiple Robotic Hands

Ninad Khargonkar, Neil Song, Zesheng Xu, Balakrishnan Prabhakaran, Yu Xiang. CoRL, 2022.

40



ObjectCentric Grasp Transfer

Grasp Transfer from Human Demonstrations

7 YCB Objects

(Color change in 3rd-person view videos due to a defect in our RealSense camera)




Conclusion

AObjectcentric perception for manipulation
ASegmenting unseen objedtsy DNJ aLJAy 3 2 7F

AFewshot object recognitionh) 2 0 2SO0 3JINB dzy RAYy 3 Ay O

A Grasp transfer among multiple grippeétis a4 K NJA v 3 I NJ & LJA v 3
among robots

AEndgoal: robots use objects to perform tasks
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Intelligent Robotics and Computer Vision Lab at UT D

yu.xiang@utdallas.edu Than k yOU|
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