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Future Intelligent Robots iIn Human Environment:

Manipulation
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The Perception, Planning and Control Loop
GoodOld Fashione&ngineering (GOFE)

How to Represent Objects?

>

Sensing

Tasks

World

>

Action




How to Represent Objects?

A3D CAD models (Modbhsed)
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Using 3D Object Models

T — T

6D object pose estimation Grasp planning and Manipulation
motion planning trajectory following




6D Object Pose Estimation
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FoundationPose: Unified 6D Pose Estimation and Tracking of Novel Objects

Bowen Wen, Wei Yang, Jan Kautz, Stan Birchfield
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CVPR 2024
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Grasp Planningarasplt

Grasplt https://graspit-simulator.github.io/

Andrew Miller and Peter K. Allen. "Graspit!: A Versatile Simulator for Robotic Grasping". IEEE Robotics and Automation
Magazine, V. 11, No.4, Dec. 2004, pp. 110-122.


https://graspit-simulator.github.io/
https://graspit-simulator.github.io/
https://graspit-simulator.github.io/
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A Physdased Approach
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MultiGripperGrasp

AA largescale dataset for robotic graspil
A11 grippers, 345 objects, 30M grasps

MultiGripperGrasp : A Dataset for Robotic Grasping from Parallel Jaw Grippers to Dexterous Hands
Luis Felipe Casas Murrilo *, Ninad Khargonkar*, Balakrishnan Prabhakaran, Yu Xiang (*equal contribution)
In IROS, 2024. 9



Motion Planning
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The Open Motion Planning Library in ~ Movelt https://ompl.kavrakilab.org/index.html
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https://ompl.kavrakilab.org/index.html

Using 3D Object Models

APros
AEncodes appearance, 3D shape, affordance
physical properties for perception, planning
and simulation

SAM 3D Objects

Maybe we can in the future

ACons
AWe cannot build 3D models for all objects

| AEEE AR T"FHI “PH
Google DeepMind
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Using 3D Point Clouds

.

object instance segmentation Grasp planning from point clouds Control to reach grasp

Figure Credit: MuralMousaviarEppnerPaxtorC2 EX L/ w! QH n 12



Yangxiao Lu
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Object Segmentation: Languagaided

AGoundingDino (object detection)
ASAM (object segmentation)

A Grounding DINO: Marrying DINO with Grounded Pre-Training for Open-Set Object Detection. Liu et al., 2023

A Segment Anything. Kirillov et al., 2023 14
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Object Proposals
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Candidate Points

From Local Matches to Global Masks: Templk&eided Instance Detection and Segmentation in Op&forld Scenes
Qifan Zhang, Sai Haneesh Allu, Jikai Wang, Yangxiao Lu, Yu Xiang
In Robotics: Science and Systems (RSS), 2026. 15



Grasp Planning with Point Clouds

SE(3DiffusionFields

ContactGraspNet - .
6D GraspNet SE(3)DiffusionFields: Learning

o _ smooth cost functions for joint grasp
6-DOF GraspNet Variational Grasp Generation for Contact-GraspNet Efficient 6-DoF Grasp Generation  and motion optimization through

Object Manipulation. Mousaviane t al . , | CinCluttered Scenes.Sundermeyer, et al ., lgifusion. Urain et al., 2029



Grasping Trajectory Optimization with Point Clou

Grasping Trajectory Optimization (GTO) with point clouds
8X Grounding DINO + SAM | Contact Graspnet + Topdown | GTO

Shelf arrangement

Real world capture Rviz capture

Grasping Trajectory Optimization with Poitlouds
YuXiang, Sai Haneesh Allu, Rohith Peddi, Tyler Summers, \@bgateIn IROS2024. 17



Benchmarking

ABOP Benchmark for 6D object posstimation  https://bop.felk.cvut.cz/home/

Training/onboarding data for Objecto Datasets: (Core datasets LM LM-O T-LESS ITODD HB HOPE YCB-V RU-APC ICBIN ICGMI TUD-L TYO-L

6D localization of seen objects - Core datasets

3D model Synthetic/real training images This leaderbord shows the overall ranking for Task 1 on the core datasets (LM-0, T-LESS, TUD-L, IC-BIN, ITODD, HB, YCB-V). For each method, the date of the latest considered
submission is reported. If more submissions of a method are available for a dataset, the submission with the highest AR score is considered. The reported time is the average

image processing time averaged over the core datasets.

Showentries Search:
" Date (UTC)  Method Testimage  ARcore AR -0 ARriess  ARrupL ARceiN ARTonp ARyp ARycgy Time (s)
Estimated 6D pose ,
. < 1 2023-09-24  GPose2023-OfficialDet RGB-D 0.851 0.805 0.895 0.966 0734 0.687 0.944 0.929 4.575
Test RGB/RGB-D image of object 0
2 2012-10-15  GDRNPP-PBRReal-RGBD-MModel RGB-D 0.837 0.775 0.874 0.966 0722 0.679 0926 0921 6.263

AObjeCt inStance deteCti()n https://eval.ai/web/challenges/challengeage/2478bverview

Instance Detection AP APS50 AP75 ) e ‘ AR_1 AR_10 AR_100 ,_ _ ,‘ ) Last
Rank Participantteam . . R AP_easy AP_hard AP_small AP_medium AP_large ', T N AR_small AR_medium AR_large t
A ( A » A A ) | ) A R submission
$ $ I ") ) (T) ¢ i - T) = (T) ¢ 1) & ‘ ‘ ‘ ) o ) ¢ (T) = '
geo-coffee-bean s 3 : s s : at s
(Mocha) geo-coffee-bean
Dark-roast-char
(% Grounding-X 34 798 71 774 62.0 51.8 /8.5 86.9 94 818 818 624 5 1 2 days ag
2 leinad (ZERO) 03 833 759 741 59.4 49.0 6.6 849 59 76.8 6.8 60.6 820 87.5 1 day ago
hust_zwb 69 0.6 1.8 56.8 & ! 508 78.9 90.3 8 days ago
n.\ > -
thermos-ﬂask-muji illy-coffee-bean 4 (NIDS-Net2 67.2 799 741 2 5 A 1 89 14 1.4 45.9 55 14 days ago



https://bop.felk.cvut.cz/home/
https://eval.ai/web/challenges/challenge-page/2478/overview
https://eval.ai/web/challenges/challenge-page/2478/overview
https://eval.ai/web/challenges/challenge-page/2478/overview
https://eval.ai/web/challenges/challenge-page/2478/overview

Manipulation Benchmark

Benchmark Type Task Objects AR Tag-Free | Scene Reproducibility
Meta-World [11] Simulation 50 tasks Synthetic v v
RLBench [12] Simulation 100 Tasks Synthetic v v
robosuite [13] Simulation 9 Tasks Synthetic v v
Grasp Planning Protocol [10] Real Grasp Planning YCB (single) v X
NIST Assembly [7] Real Assembly Task Boards v v
FurnitureBench [14] Real Assembly 3D Printing X v
GRASPA [8] Real Grasping YCB (clutter) X v
OCRTOC [15] Real Rearrangement YCB + Others v X
RB2 [16] Real Pouring, Scooping, Zipping, Insertion Others v X
Box and Blocks Test [17] Real Pick-and-Place Blocks v X
SceneReplica (Ours) Real Pick-and-Place YCB (clutter) v v
NIST Assembly board FurnitureBench GRASPA SceneReplica
SceneReplica : Benchmarking Real - World Robot Manipulation by Creating Reproducible Scenes
Ninad Khargonkar*, Sai Haneesh Allu*, Yangxiao Lu, Jishnu Jaykumar P, Balakrishnan Prabhakaran, Yu Xiang (*equal contribution ) 19

In International Conference on Robotics and Automation (ICRA), 2024.




SceneReplicBenchmark

20 Scenes

SceneReplicattps://irviutd.github.io/SceneReplica



https://irvlutd.github.io/SceneReplica/

RealWorld Scene Setup

Reference Image Real World Setup




Modelbased Grasping vs Moeete Grasping

' Grasping & Lifting

Moving arm for Dropoff

Unseen Object Modekfree Motlolanning Setup Grasping & Lifting ~ Moving arm for Dropoff
Segmentation Grasp Planning

22



Modelbased Grasping Example

[8X] SceneReplica Benchmark GDRNPP | Graspit + Top Down | Movelt

9 3 yolox_detection

040 St RIRBebSH
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Realsense Capture Scene: 148 | Order: Random Rviz Capture
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ModekHree Grasping Example

8X SceneReplica Benchmark
MSMFormer | Contact GraspNet + Top Down | Movelt

Scene: 130 | Order: Random

-

g

Rviz Capture Realsense Capture
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Current Leaderboard

#

11

10

Perception

GDRNPP [9]

MSMFormer
[8]

MSMFormer
[8]

GDRNPP [9]

MSMFormer
[8]

GDRNPP [9]

UCN [5]

Grasp

RFP [12] +
Top-Down

Contact-
graspnet [7]
+ Top-Down

Contact-
graspnet [7]
+ Top-Down

Grasplt! [2] +
Top-Down

Contact-
graspnet [7]
+ Top-Down

Grasplt! [2] +
Top-Down

Contact-
graspnet [7]
+ Ton-Down

Mation

OMPL [3]

GTO [11]

OMPL [3]

OMPL [3]

OMPL [3]

OMPL [3]

OMPL [3]

Control

Movelt

Movelt

Movelt

Movelt

Movelt

Movelt

Movelt

https://irviutd.github.io/SceneReplica/

Ordering

Near-to-Far

Near-to-Far

Fixed
Random

Near-to-Far

Near-to-Far

Fixed
Random

Fixed
Random

Grasping
Type

Model-
Based

Model-
Free

Model-
Free

Model-
Based

Model-
Free

Model-
Based

Model-
Free

Pick & Place
Success. 9

70/100

65/100

61/100

66/100

57/100

62/100

60/100

Grasping
Success

73/100

71/100

70/100

69/100

65/100

64/100

64/100

Videos
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https://irvlutd.github.io/SceneReplica/

Failure Analysis (GDRNRPBrasplt + TopDown)

Realsense Capture Scene: 36 | Order: Random Rviz Capture

Pose Estimation Error

[8X] SceneReplica Benchmark

GDRNPP | Graspit + Top Down | Movelt

Object

Method 3
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003 cracker box

004 sugar box

005 tomato soup can
006 mustard bottle
007 tuna fish can
008 pudding box
009 gelatin box

010 potted meat can
011 banana

021 bleach cleanser
024 bowl

025 mug

037 scissors

035 power drill

040 large marker
052 extra large clamp
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Realsense Capture Scene: 25 | Order: Random Rviz Capture

Grasp Planning Error

P F: #perception failure
P F: #planning failure

EF: #execution failure
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Endto-End Manipulation

A Vision

A Language

T — T

Policy Network

VisionLanguageéAction (VLA) Models
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Some Recent Breakthroughs
= y

@ _autonomous, 10x speed

https://www.physicalintelligence.company/blog/pi0
Physical Intelligence: a startup with people from Berkeley, Stanford, etc. 28



https://www.physicalintelligence.company/blog/pi0

How Good are these VLA Models?

AWe need benchmarking

0 Jitendra MALIK & g

~ itendraMalik i

& @litendraMalikcy VLA-RerLicA: A Low-Cost, Reproducible Benchmark
We have seen some impressive robot manipulation policies recently. for Real-World Evaluation of Vision-Language-ACtion
This is great, but for these results to be convincing (and practical) we Models

Authors should present experiments which demonstrate the range of
variation which can be handled. Far too often the policy doesn't even
generalize across all instances of an object category! Legged locomotion
policies were convincing only when they worked across different terrain
as in ashish-kmr.github.io/rma-legged-rob... We need to do the same for

manipulanda. https://irviutd.qgithub.io/VLAReplica

In arXiv 2026.

should insist on generalization across 1. Object location (within some

range) 2. Different instances of an object category 3. Background clutter.
Alex S. Huang Jiahui Zhang Shiging Tang Yu Xiang

Intelligent Robotics and Vision Lab at the University of Texas at Dallas

29


https://irvlutd.github.io/VLAReplica/
https://irvlutd.github.io/VLAReplica/

VLAReplica Benchmark

Low -cost Components

SO-101 Arm  ~$200

nnnnnnnnnnnnn

Webcam $13.98 Real Setup - Light Box $152.99
30




VLAReplica Benchmark




VLAReplica Benchmark

Camera Calibration

Using reference images for camera calibration

Top Camera Calibration

2X
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VLAReplica Benchmark

2X
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