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Object Manipulation in the Real World

High-dimensional observations (pixels)
Long-horizon planning
Account for entity-entity relations and interactions

Carl Qi — UT Austin



@ TEXA WHAT STARTS HERE CHANGES THE WORLD
The University of Texas at Austin

The Goal-Conditioned Multi-Object Manipulation Problem

Given an observation and a goal, the policy outputs TL . ny
manipulation actions. . -

Access to an offline dataset of demonstrations.

We want to achieve Compositional Generalization.
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Prior Works on Learning Behavioral Cloning Polices for

Multi-Object Manipulation

VQ-BeT(Lee et al.)
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Zhu et al. IRASim: Learning Interactive Real-Robot Action Simulators, 2024.

Lee et al. Behavior Generation with Latent Actions, 2024. Carl Qi — UT Austin
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Structures in Multi-Object Manipulation

We consider consider a factorized “state” space
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Method — Our Overall Pipeline

Learning an Object-Centric Representation  Learning an Entity-Centric Policy
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Step 1 - Object-Centric Representation of Images

States, goals acquired from DLP encoder
Multi-view perception
Pre-trained on data collected with a random policy

Particles
Position z, € R?

Depthz; € R
Transparency z; € R
Visual Features z; € R™

Visual Features

€ RKX(6+1)
i=1

Z = {[Zposition' Zscaler Zdepth: Ztransparency» Zvisual] i}

Daniel et al. Unsupervised Image Representation Learning with Deep Latent Particles, 2022.
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Step 2 — Entity-Centric Diffuser [t Noise Prediction ¢ }
Linear

?

EC-Diffuser Block }

that takes in particles and actions as input
Diffusion over particles + actions jointly
Trained with |1 loss on unordered particles

Permutation-Equivariant transformer model {
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Experiment Results

PushCube - Trained on 1-3 Cubes
PushT - Trained on 1-3 T-blocks
FrankaKitchen — trained on 4 objects

PushCube PushT FrankaKitchen
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Experiment Results o
w/o Diffusion

Env (Metric) # Obj VQ-BeT Diffuser NEIT+BC (DLP) | EC Diffusion Policy (DLP) EC-Diffuser (DLP)
g 1 0.929 + 0.032 0.367 +0.027 | 0.890 + 0.019 0.887 4 0.031 0.948 + 0.015
SSEERS 2 0.052+0.010 0.0134+0.011 |0.146 + 0.125 0.388 + 0.106 0.917 + 0.030
(Success Rate 1) 3 0.006 + 0.001  0.002 &+ 0.004 | 0.141 + 0.164 0.668 =+ 0.169 0.894 + 0.025
. 1 1227 £ 0.066 1.5224+0.159 | 0.835 + 0.081 0.493 + 0.068 0.263 + 0.022
us 2 1.520 + 0.056  1.540 &+ 0.050 | 1.465 + 0.034 1.214 4+ 0.147 0.452 + 0.068
(Avg. Radian Diff. |) 3 1.541 + 0.045 1.542 4+ 0.045 | 1.526 + 0.047 1.538 4 0.040 0.805 -+ 0.256

FrankaKitchen *

(Goals Reached 1) - Q.384 +0.123 0.846 + 0.101 | 2.360 + 0.088 3.046 + 0.156 3.031 + 0.087

—>

w/o Object-Centric structure

Carl Qi — UT Austin



@ TEXA WHAT STARTS HERE CHANGES THE WORLD
The University of Texas at Austin

Generalization Results

EC-Diffuser

Train
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Generalization Results
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EC-Diffuser for Real World Problems

Observation Generated Frames Goal

LanguageTable is a real-world dataset
of object manipulation

EC-Diffuser can generate good future
observations

Carl Qi — UT Austin
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Future Research

Goal-Conditioned Reinforcement chamfer(Py, s) = 2 3 o1 NN(a1, )| + = 3 ey ~ NN, P)
Learning with Sparse Rewards

J(ﬂ-) = EatNﬂ'(-|st,9),g~P9 [Z ’Yt'r(St, ag, g)]

st+1~T (+|s¢,at) t

r4(s¢,as, g) = 1(the goal is reached)

Can we learn a structured reward model that generalizes across tasks?
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EC-Diffuser

Train




