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Logis&cs
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Logis&cs

• Assignment 1
• Due on 03/22 at 11:59PM (Beijing ;me, this Saturday night).



Grasping
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• Kinematics: conversion between Cartesian space and joint space

• Motion Planning: get a geometrically valid path

• Control: ensures the motion follow the planned trajectory 

• If we can provide where to move, a.k.a., end-effector pose in 
Cartesian space, this already forms a pipeline.
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From the Basics of Robo1cs to Trajectory Genera1on



• Grasping is the process of restraining an object’s motion in a desired 
way by applying forces and torques at a set of contacts
• Grasp Synthesis is a high-dimensional search or optimization problem 

to find gripper poses or joint configurations

What is Grasping?

R. Newbury, M. Gu, L. Chumbley, A. Mousavian, C. Eppner, J. Leitner, J. Bohg, A. Morales, T. Asfour, D. 
Kragic, D. Fox, and A. Cosgun. Deep Learning Approaches to Grasp Synthesis: A Review. arXiv 2207.02556 6



• Grasp Pose defines the position, orientation and articulation of a hand
• position, orientation
• 4-DoF grasp: a 3D position and 1D hand orientation aligned 

with the direction of gravity, a.k.a. “top-down grasping”
• 6-DoF grasp: defined by a 3D position and 3D orientation

+
• Articulation (finger DoFs)
• Parallel gripper: 1
• Dex Hand: up to 21

Terminology
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Open-Loop Grasping

D^3RoMA from CoRL 2024.



Closed-Loop Grasping

GraspVLA. In submission.



Closed-Loop Grasping



• For known objects,
• pose es;ma;on would be useful

• For unknown and general objects
• directly predict grasping pose
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Two Paths for Open-Loop Grasping



6D Pose Es&ma&on
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6D Object Pose

Definition:
6D transformation from object 

to camera space 
• 3DoF translation
• 3DoF rotation

Xiang, Yu, et al. "Posecnn: A convolutional neural network for 6d object pose estimation in cluttered scenes." Conference: Robotics: Science and Systems 2018

𝑋!
𝑌!
𝑍!

= 𝑅
𝑋
𝑌
𝑍
+ 𝑇
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Applications: 6D Pose for Robotic Manipulation

• Object pose helps to transfer 
annotation from CAD model to the 
object in the camera space 

• Pose tracking serves as visual 
closed-loop control
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Object Pose based Grasping

Deep Object Pose Es.ma.on for Seman.c Robo.c Grasping of Household Objects (CoRL 2018)
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Applications: 6D Pose for Human Object Interaction

• Vision perspective: to perceive 
and understand human object 
interaction

• Robotic perspective: to extract 
pose trajectories for imitation 
learning

Hampali, S. , et al. "HOnnotate: A method for 3D Annotation of Hand and Objects Poses." 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition 
(CVPR) , 2020.
Doosti, B. , et al. "HOPE-Net: A Graph-based Model for Hand-Object Pose Estimation." 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR) , 
2020.



17

Applications: Augmented Reality

• visual guidance and 
E-learning

• mobile apps and 
entertainment

Marchand, E. ,  H. Uchiyama , and  F  Spindler. "Pose Estimation for Augmented Reality: A Hands-On Survey." IEEE Transactions on Visualization & Computer Graphics
22.12(2016):2633-2651.

• AR: immersive interaction 
for metaverse
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6D Object Pose

Definition:
6D transformation from object 

to camera space 
• 3DoF translation
• 3DoF rotation

Xiang, Yu, et al. "Posecnn: A convolutional neural network for 6d object pose estimation in cluttered scenes." Conference: Robotics: Science and Systems 2018

How to predict a rotation?



Rota&on Regression 
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Rotation

2D rotation

3D rotation

• 3D Rotation matrix 𝑅 is a 
3×3 matrix that satisfies 
𝑅!𝑅 = 𝐼 and 𝑑𝑒𝑡𝑅 = +1.

• All rotation matrices form a 
group SO(3). Here SO 
stands for Special 
Orthogonal.



Rotation Representations

• 3D rotation only has 3 degree of freedom, however rotation matrix 
contains 9 elements, which makes neural network harder to predict. Any 
other way to represent a rotation?

• Euler Angle: 3D 

• Axis Angle: 3D

• Quaternion: 4D



Euler Angle

Slides credit: Hao Su
For the conventions of Euler angles, refer to 
https://en.wikipedia.org/wiki/Euler_angles

𝑅 = 𝑅!(𝛼)𝑅"(𝛽)𝑅#(𝛾)



Axis Angle

• Use Rodrigues’ rotation formula to transform axis-angle into rotation 
matrix:

𝐾 = [𝑒]× =
0 − 𝑒"𝑒#
𝑒"0 − 𝑒$
−𝑒#𝑒$0



Quaternion

Slides credit: Hao Su



How to Estimate Rotation using Neural Network

• Method 1: Use a neural network to regress a rotation representation



How to Estimate Rotation using Neural Networks

• Method 1: Use a neural network to regress a rotation representation

Quaternion was very popular to regress. 
Still an active research area.

Zhou, Yi, et al. "On the continuity of rotation representations in neural networks." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2019.

Levinson, Jake, et al. "An analysis of svd for deep rotation estimation." Advances in Neural Information Processing Systems 33 (2020): 22554-22565.
Peretroukhin, Valentin, et al. "A Smooth Representation of Belief over SO (3) for Deep Rotation Learning with Uncertainty."

Chen, Jiayi, et al. "Projective Manifold Gradient Layer for Deep Rotation Regression.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.



Singularities: In mathematics, a singularity is a point at which a given 
mathematical object is not defined or not well-behaved (ambiguity, non-
differentiation, etc.)

Several rotation representations suffer from singularities and 
discontinuities.

Singulari)es and Discon)nuity



• Represen;ng SO(3) with angular representa;on is discon;nuous.
• Take one direc;on of rota;on as an example, the limit of iden;ty 

rota;on is undefined: 0 or 2𝜋

Euler Angles – Discon)nuity



• If restrict 𝜃 ∈ (0, 𝜋), a unique parameteriza;on exists:

- 𝜃 = arccos !
"
[tr(𝑅) − 1],   [𝜔

̂
] = !

"$%&'
(𝑅 − 𝑅()

• At 𝜃 = 0, each axis represents iden;ty rota;on

• At 𝜃 = 𝜋, each axis and its nega;on represent the same rota;on, 
which become discon;nuous

Axis-angle

𝐾 = [𝑒]× =
0 − 𝑒"𝑒#
𝑒"0 − 𝑒$
−𝑒#𝑒$0



• Double coverage: 𝑞 and −𝑞 represent the same rota;on R
• When using quaternion for predic;ng R, we assume a one-to-one 

mapping, making it discon;nuous

• Assume we constrain 𝑞 to be at the upper semi-sphere

Quaternions

nearest path

plausible pathstarting quaternion

target quaternion

target quaternion



• Rota;on matrix is a con;nuous representa;on in 𝑆𝑂(3), but has 
excessive number of parameters

• 6D representa;on simply eliminates the last column of rota;on 
matrix

• 6D representa;on applies Gram-Schmidt orthogonaliza;on to map 
the Euclidean output of neural networks to SO(3)

Con$nuous Rota$on Representa$ons: 6D Representa$on

Zhou et al. “On the Continuity of Rotation Representations in Neural Networks.” CVPR 2019



• Given a rota;on matrix 𝐴 as

6D representa;on is given by the first two columns of 𝐴, i.e., 6D 
representa;on is:

6D Representa)on



• The mapping from 6D representa;on to rota;on matrix is done by 
Gram-Schmidt process
• Column 1 is normalized
• Column 2 only preserves the perpendicular component to column 

1 and is then normalized
• Column 3 is determined by cross product of column 1&2

6D Representa)on



• 9D representa;on simply correspond to rota;on matrix 
• 9D representa;on applies singular value decomposi;on (SVD) 

orthogonaliza;on to map the Euclidean output of neural networks to 
SO(3)

Con$nuous Rota$on Representa$ons: 9D Representa$on

Levinson et al. “An Analysis of SVD for Deep Rotation Estimation.” NeurIPS 2020



Comparisons

Task: Single image rotation regression
Dataset: ModelNet10-SO3



Rota%on Fi*ng
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How to Estimate Rotation using Neural Networks

• Method 2: Predict object coordinate or correspondence and then solve 
rotation：
• Given an image, for each pixel on the object, predicts the 3D 

coordinate of this pixel on the object CAD model (object coordinates)
• This builds 2D-3D dense correspondence, if you have depth, then you

have 3D-3D dense correspondence.

Bertok, Kornel & Fazekas, ANla. (2016). Recognizing Complex Head Movements. Australian Journal of Intelligent Informa.on Processing Systems. 14. 3-17. 

, 𝑧!")



Orthogonal Procrustes Problem
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where                    represents the Frobenius norm. 

• Given 3D-3D dense correspondence，use Orthogonal Procrustes to
solve/fit R.

The orthogonal Procrustes problem is a matrix approxima+on problem that 
can be stated as follows: for 𝑀 ∈ ℝ%×& and N ∈ ℝ%×&, solve

&𝐴 = argmin'∈ℝ!×! 𝑀* − 𝐴𝑁*
+
, subject to 𝐴*𝐴 = 𝐼



Analy&cal Solu&on to Orthogonal Procrustes
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(𝐴 = 𝑈𝑉1



Proof

40Read by Yourself

𝑀! − 𝐴𝑁!
"
# =



Proof (Cont’d)

41Read by Yourself



• If we only allow A to be a rota;on matrix, i.e., A ∈ 𝑆𝑂 3 , then 
det 𝐴 = +1.
• We can simply let 

3𝐴 = 𝑈
1 0 0
0 1 0
0 0 det 𝑈𝑉"

𝑉" .

Constrained Orthogonal Procrustes Problem



• for 𝑀 ∈ ℝ#×% and N ∈ ℝ#×%, solve
;𝑅, ;𝑇 = argmin&∈() % ,"∈ℝ!×# 𝑀" − 𝑅𝑁" − 𝑇 ,

-

• First step: D𝑀 = 𝑀 − E𝑀, D𝑁 = 𝑁 − E𝑁, then we assume D𝑀" ≈ ;𝑅 D𝑁"

• Second step: using constrained Orthogonal Procrustes to get ;𝑅

• Third step: ;𝑇 = 𝑀" − ;𝑅𝑁"

Jointly Solve R and T



• SVD is very sensi;ve to outliers. 

• For fiang rota;ons, we need to use RANSAC.
• How many pairs of 3D-3D correspondence do we need for 

hypothesis genera;on?

• How to judge inlier/outliers?

Rota)on FiGng
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• Idea: we need to find a line that has the largest supporters (or 
inliers)

 X

RANSAC: RANdom SAmple Consensus 

Read by Yourself



 X

RANSAC Line Fitting

Read by Yourself



 X

RANSAC Line Fitting

Read by Yourself



 X

RANSAC Line Fitting

Read by Yourself
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RANSAC Line Fitting

Read by Yourself
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RANSAC Line Fitting

Read by Yourself



 X

RANSAC Line Fitting

Read by Yourself



 X

RANSAC Line Fitting

This is a sequential version,  you should implement a parallel version.
Read by Yourself



Perspec1ve-n-Point (PnP) Algorithm
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• For 2D-3D dense correspondence，if camera intrinsics K is known,
use PnP algorithm to solve/fit R and T.

where 𝑝2 and 𝑝3 are the homogeneous coordinates in the image and
world frame, respectively, 𝑠 is a scale factor for the image point.

Read by Yourself



Instance-Level 
6D Object Pose Es%ma%on 
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Instance-Level 6D Pose Estimation

• Instance-level: a small set of 
known instances

• Pose is defined for each 
instance according to their CAD 
model.

• Input: RGB/RGBD
• Output: 6D pose(s) of an object or 
all known objects

Xiang, Yu, et al. "Posecnn: A convolutional neural network for 6d object pose estimation in cluttered scenes." Conference: Robotics: Science and Systems 2018



PoseCNN

Slides credit: Yu Xiang



PoseCNN

Slides credit: Yu Xiang



PoseCNN: Translation Estimation

Slides credit: Yu Xiang



PoseCNN: Rotation Estimation

Regress quaternion.Slides credit: Yu Xiang



PoseCNN: Result

Slides credit: Yu Xiang



PoseCNN: Result

Slides credit: Yu Xiang



PoseCNN: Result Visualization

Slides credit: Yu Xiang
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Instance-Level 6D Pose Estimation

LINEMOD dataset

• A small set of known instances
• Ground truth CAD model available
• Useful in controlled environments

Hinterstoisser, Stefan, et al. "Model based training, detection and pose estimation of texture-less 3d objects in heavily cluttered scenes." Asian conference on computer 
vision. Springer, Berlin, Heidelberg, 2012.
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Limitations of Instance-Level 6D Pose Est.

LINEMOD dataset

Limitations
• Instance-specific
• Can’t generalize to novel objects
• Needs CAD model

Hinterstoisser, Stefan, et al. "Model based training, detection and pose estimation of texture-less 3d objects in heavily cluttered scenes." Asian conference on computer 
vision. Springer, Berlin, Heidelberg, 2012.



Category-Level 
6D Object Pose Es%ma%on 
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Normalized Object Coordinate Space for 
Category-Level 6D Object Pose and Size Estimation
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Oral Presentation

He Wang, Srinath Sridhar, Jingwei Huang,  Julien Valen3n, Shuran Song, Leonidas Guibas
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Category-Level Object Pose and Size Estimation

without knowing CAD models

Detecting and estimating 6D pose and 3D size of 
previously unseen objects from certain categories 
from RGBD images.
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Challenges

• Intra-category shape variations
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Representation: Normalized Object Coordinate Space



Embodied Perception and InteraCtion Lab Spring 2025

Introduction to Embodied AI

Next week: Lecture 6, Vision and Grasping II


