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1 Introduction
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What is linear deformable object manipulation?
E.g. rope manipulation.

A. Wang et.al 2019 M. Yan et.al 2020
“Move the rope from current state the goal state”
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Some applications for deformable object manipulation:

robotic surgery assistive dressing folding clothes
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What i1s Model-based Approach?

Learn a model of the environment, i.e., dynamic model, such as Dreamer(D. Hafner 2019)
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D. Hafner 2019
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What is Model Predictive Control?

optimal
action

Agent

Control
Actions

MPC Controller

Optimization

Dynamic Model

State

m——)p OUter loop

repeat “Plan = Execution = Replan”
gradually approximate to the goal
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2 Motivation
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Why use the Model-based method?

model-free:
* has black-box policy, it is hard to interpret.
* can not look ahead over time horizon.

Why use learnable method to learn the model:
Deformable objects have a high-dimensional state space = learnable method

Why use Model Predictive Control(MPC)?

* The deformable object is hard to manipulate, i.e., the actual action result could be differed from plan.
=>» use MPC to gradually approximate to the goal.

10
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3 Methodology

11
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3.1 Learning Robotic Manipulation through
Visual Planning and Actinga. wang, 2019)

12
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Visual planning and Acting(VPA)

: A. Wang, 2019
1) Plan: given a pair, Ostart, Ogoal, Use the CIGAN model N 'ﬂ,_“ aee
Meican to generate a planned sequence of observations SEEEEEREEE
Ostarts O1s -+s Om, Ogoal- ' N

el <o .“c' {'C .__.._( {'l’_ | e

Ostart: 01, 02,7, Oy Ogoal .

(1 Encoding the Oseqre and Ogoq; to latent space.
(2) Using A* search to find feasible path in latent space.
(3 Decoding the latent path to sequence of images(Visual plan). 0 yoal

2) Act: If the length of the plan m is zero, take an action u Bt
to reach the goal u = Mim(0starts Ogoat ) then stop. Else:

3) Take an action u to reach the first observation in the plan
u = Mim(0start,01) and take a new observation of the
current system state Opeqw.

Human demonstration

An inverse dynamics model(A. Nair, 2017) by supervised learning

4) Replan: update o4, to be the current observation 0,,¢,,,
and go back to step 1. 13
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Visual planning and Acting

For planning at (2), there are some interesting question need to be considered:

® why directly searching in the latent space can generate plausible result?

* Most of time, the latent space is chaos and implicit, therefore searching is meaningless.

* But, because of the special design of INfFOGAN(X. Chen et al. 2016), the latent space is
interpretable. Hence, searching in the latent space is meaningful.

® why using A* search?

* In the Causal InfoGAN(T. Kurutach 2018), A simple linear interpolation was used for latent space
searching, and can’t not produce realistic result by rope manipulation, e.g. when in the presence of
obstacles, the visual plan tended to go through rather than around, which is unrealistic.

=>» the A* search is applied, use Euclidean distance as a heuristic function

14
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Experiment setup and result

Manipulate the rope on PR2 robot.

A. Wang, 2019
Visual
Planning
Start . Goal
Acting —
<5 v )

Baseline

Baseline denote directly apply inverse model between Ogtqrrand Ogeq;. And it show it can not reach the goal.

15
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3.2 Self-Supervised Learning of State Estimation for
Manipulating Deformable Linear Objects. van, 2020)

16
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Overview of system

Image at time ¢
Rope state

Candidate rope state

Candidate action seq
Optimized action seq

Dynamics
models

Perception
model

S Robot Iy
M. Yan, 2020

17
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Perception Model: Coarse-to-fine State estimation

Input: RGB Image
OQutput: 64 sequence of segments, i.e. 65 points
First train on rendered image, then fine-tuning on real image.

M. Yan et.al 2020

Input Imaga- 8segments | 2 |16segments| 2 |[32segments| & |64 segments
= = =
o X X 8 x-% 8 l,‘l 8 .‘“

—_ — »x - —— o X x Ll — p L "~ é K

VA LB T ¥ el VE i eV,

X © . i © " © i
- @) @] @]
s o o o

|

“double the segmentation for each time”

using VGG to estimate
8 straight segments.

18



UH
iﬁ
(21 Universitdit Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

M. Yan et.al 2020

X : X &p = x
X X X - ‘ - } e ool xx %
[ =]~}
Coarse prediction (bl) (b2) (b3) (b4) Finer predictions
N segments 2N segments

(b1) Extract square (b2) The boxes are used to (b3) The estimated points  (b4) endpoints from
boxes that defined by extract regions from the are concatenated neighboring regions are
the previously VGG feature maps, and fed averaged to obtain a higher
estimated segments. into a MLP to estimate the resolution estimate, based on

left endpoint, middle point,
and right endpoint in each
square region.

twice the amount of segments
that more closely model the

shape of the rope.
19
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Overview of system

I, Image at time ¢ |
S Rope state _
S; Candidate rope state —| Dynamics
Candidate action seq models
1. Optimized action seq |
1
(v Perception ]
model
I p

M. Yan et.al 2020
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Dynamic model: bi-directional LSTMa. craves, 2005) Final output

T @
Output 3 @ “The position of ith state point
unit e after the action is performed”

v

memory
un|t

Backward — LICIG

@_

Forward

Input

= (piai, fi) € R for i = 1,...,65. M. Yan, 2020
action a; € IR2 “position p; € R*  jpdicator fi = 1(Ja;| > 0).



UH

(21 Universitdit Hamburg
DER FORSCHUNG | DER LEHRE | DER BILDUNG

Overview of system

Image at time ¢

Rope state
Candidate rope state
Candidate action seq
Optimized action seq

Dynamics
models

(v Perception

model

M. Yan et.al 2020

22
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Sampling-based Model Predictive Path Integral control . williams, 2016)

Action planning are formulated as two step:
1. Find the point to grasp the rope.
2. Move the gripper and the rope being grasped in 2D.

For example:

e State point

Goal state
~== Rope

Start state

23
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X0

-lv
W

X
<
<]
X
X
X

= PO

e State point
Cont. Start state P Goal state

® Sampled point to grasp
— Sampled trajectory

‘/:47 ~=— Rope

The pipeline of the MPPI control:

1

O N o1 or bk N

sampling on the rope to get candidate grasp points : POINts g,qsp;
for each point in Points g,.qp:
sampling n candidate action sequences;
for each action sequence:
Tirajectoris = Dynamic_model(actions, states)
cost for each state in 7', 4j0ci0ris = distance to goal state

optimal trajectory per grasping points = cost-weighted average of all sampled trajectories
optimal grasp point = the one with lowest cost of its optimal trajectory

24
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Experiment setup and result

A. Perception networks comparison

M. Yan et.al 2020

Train Test
Baseline: Direct Estimate | 0.0104 | 0.0354
Qurs: Coarse-to-Fine 0.0177 | 0.0231

Mean Square Error of the Euclidean distance

B. Learning dynamics models

0.25
—— simulator, average
__0.20{ —=- simulator, maximum
E —— neural, average
— % » -
% 0.15{ —=- neural, maximum */’»\"’,
0 0 Y oy A B W e
' PN \ -
| 12NN e
e - ,“~I b -
3 0.10 - o 'I\.\~//\ I
S 23 RN :
3 R N
= 0.05 |
!
0.00

0 10 20 30 40 50
Time step (t)

60

|Sroiout — Sgtl(m)

M. Yan et.al 2020

——— ours, average
{ === ours, maximum
- DVF, average

{ === DVF, maximum e

~"

0 10 20 30 40

Time step (t)

C. Overall performance

= ours

DVF

0.101

0.08

0.06 -

0.04

|St — Sgoal| (m)

0.02

0.00 -

0 20 40 60 80 100
Time steps (t)

DVF: visual dynamics model(F. Ebert, 2018)

25
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4 Summary

26
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4.1 Summary for both paper

27
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The first paper(A. Wang 2019):

* Visual planning
* Encoder: image =»interpretable latent space
» Searching: search in latent space = feasible path
* Decoder: path = sequence of images(Visual Plan)
* Acting
* Learnable Inverse Dynamics Models (base on CNN): Visual plan=» sequence of actions

The Second paper(M. Yang 2020):

* Rope state estimator: self-supervised learning, produce explicit rope state
* Model Predictive control
* Dynamic model: s;.1 = Dynamic(s¢, a;)
* Model Predictive Path Integral control: combine dynamic model to produce optimal action

28
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The core idea for both paper:

How to extract an interpretable latent space, in which the search or
optimization can generate meaningful results.

29
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4.2 Methodology comparison

30
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First, let we review the Dreamer(D. Hafner 2019)

compact latent states (@)
state values (")

rewards (0))
actions (&)

"*f*, -\r r-\r 2

0. 0O, 0, 0) 0 0, (9]

(a) Learn dynamics from experience (b) Learn behavior in imagination

._.QJ
S N
-0 8>

.
v,
2

D. Hafner 2019

(c) Act in the environment
The Dreamer:

* Learn dynamic model in latent space
* Learn a RL policy to choose action

31
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a systematic model

I; Image at time ¢
5 Rope state

5; Candidate rope state

Candidate action

seq

1 Optimized action seq

O)
0 1 O R R

— Dynamics
models

o

Iy

Dreamer

Perception
model

State space

Latent state space,
interpretable

Explicit state space,
interpretable

Latent state space,
uninterpretable

Planning
method

A* Search in latent space,

then use inverse model to

generate action for visual
plan

Use MPC to choose action
from explicit rope state.

Learn a policy to choose
action from latent space.

32
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Some Inspirations from my opinion

1. For plan/control by given different of sate space, we can:
* Uninterpretable latent space = Learn a policy
* interpretable latent space =2 searching algorithm
* Explicit state space =» Modal Predictive Control, also when state space is small, lots of other
method can be applied.

2. GMM+EM is a good idea for self-supervised objective when the task is two class segmentation.

33
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34
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6 Appendix
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6.1 Learning Robotic Manipulation through
Visual Planning and Acting

37
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GAN(Goodfellow I, 2020)

“The real image is real’ “The fake image is fake”
m(}n max V(D,G) = Eppy()llog D(x)| + E,p, (2)log(1l — D(G(2)))].
Noise

Z
\ Observations
real/fake

X Discriminator

38
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TIA
S

InNfOGAN(X. Chen 2016)

(s;G(z,8))

min max V (G, D) —|\I
G D
Noise
Z Causal

Observations

s ~ P(s) G—DO —

Generator

P(sIo)<—@_

Mutual Information

Discriminator

The input have two parts:
noise z and structured component s
Mutual information is used
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Causal InfOGAN(T' Kurutach, 2018) * The CIGAN model learns to generate a pair of
sequential observations (o, 0") that are similar to
sequential observations in the data.

min max V(G D} — )\[( 35 0,0 ) * S’ modelled as a local perturbation of the first
P(s'|s),G D state s
s.t. 0,0 ~G(z,8,8"),s ~ P(s),s ~ P(s'|s)  additional learning of dynamics in latent space
Noise
Z\ Causal FOREneoding, Kurutach et al. [21] used an optimization
Observations based approach, searching for a latent vector that minimizes

> the absolute pixel difference with the desired observation. [Fo#

real/fake
‘ State spMenerator / fheNplaniing] the key idea in [21] is that due to the local

|Scr|m|nator s . . .
'_, . transition structure of P(s’|s), linear interpolation between

Sstart aNd Sg0q) TESults in a feasible plan. In this sense, CIGAN
P(s|o) ' J learns a representation that is compatible with the planning
algorithm. BON@EEEAIRE, the CIGAN generator can be used to
sequentially produce pairs of observations from the trajectory.

P(s’lo

I\/Iutual Information 40
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Context Conditional Causal InfoGAN(A. Wang 2019)

Obstacle
obst 1. Encoding the 0stqre and 0404 to latent

space s and s’
- \\l 2. Ax Search in the latent space P(s’|s) to

get plausible state path from 0g¢qst tO

Observat| ns
. nd D Eody Ogoal.
/ real/fake

State space
* Generator o _._ _~"  Discriminator
. > < 3. Use generator to generate the rope

l l Pixel-wise mutual image from state path.

Mutual Informatlon

41
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6.2 Self-Supervised Learning of State Estimation for
Manipulating Deformable Linear Objects

42



UH

ii
(21 Universitdit Hamburg
DER FORSCHUNG | DER LEHRE | DER BILDUNG

Perception Model:

Detailed architecture

Input Image

|

Output 64
segments

XX
XXX
<

D

<<

X

q

X

A

XX
X

=

v >

FC 1024
FC 256
FC6

| output
| 32x3 points |

FC 1024
FC 256
FC6

output
[ 16x3 points ]

FC 1024
FC 256
FC6

Convolutional Blocks of Pre-trained VGG16
™ % Y Y ——y— ————y— j— T
gz R BBB SEE B
ol ot — - oy N TollTe 2T W A Al
=| Z|pool| 5| 5| pool| 3| 5| 5|pool| | 5| & pool| 5| 5| = ﬂaﬂen%gmﬁﬂulputg
> §§—-::_.:1::_. — .| E|E|E N 4[5 —.g
8 8 8/8/8 8 8|8 0|2
00w
2R 2o 2 g2k (22 u- |- 2
M| ™ ™M ™ ™ oo olteils] i)
':.4" “ _.\ -._.4-._-‘\_..(\-\_ . g — e
L
n
o]
STN ~—rx-
o™
™

M. Yan et.al 2020

8 segments

Left endpoint,
middle point,
Right endpoint.
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Perception Model: Self-supervising learning objective

Firstly, introduce the gaussian mixture model(GMM) with expectation maximization(EM):

component
E-step: weights RGB means covariance
value :
matrices
Membership weight of L Pk (-Tilauka Ek)
pixel with index i that Wik = — % (1)
belong to gaussian Zm—l ampm(_'lj%- |P'Jm: Em)
distribution k o
M -step:
N
=1
N N
pr = Z WikTi/ Z Wik, (2)
i=1 =1
N N

P = 3 win(es — up) (s — pp) /S wike

i=1 i=1

k: index of gaussian, in total as K

i: index of pixel

N: total number of pixels

44
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Perception Model: Self-supervising learning objective

Now, we have the ground-truth label as rope segmentation.

T e —
A ‘ Z
2". o GMM with EM
> 4 7) \ 4 /J\
~d |
— e
Input image Rope segmentation

But, the output of our perception model is rope state, not rope segmentation.
Therefore, How to calculate the loss between binary segmentation and rope state?
=> Let membership weight linked with rope state, and here let we use P(u, v) denote the membership weights Wi

belong to the rope.
=> That is, to propose a new P(u, v):
exp (—dj (u, ’U)Q/O'Q) dj(u, v): denote the distan.ce of pixel (u, v) to its closest
) points on rope segments j.
o: denote a learnable parameter that controls the width of
the rendered segments. 45

Pj(u,v)

P(u,v) = max; P;(u,v)
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Perception Model: Self-supervising learning objective
After the modified membership weighs, the EM for GMM has been changed:
Original EM for GMM New EM procedure

e pr (3 ik, Si) P(u,v) = max; Pj(u,v)

Ko (z;] Xm)
m=1 OmPm\Li|lm, Zm Pj(u,v)=6Xp(—dj(ﬂav)2/02)

Z —log [P(u,v)P(u,v)" " + (1 — P(u,v))(1 — P(u,v)™")].
(u,v)

46
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X
X
X
XX
X
BOX {

- SO0
K

TIA
S

"How to calculate the loss value from self- -supervising learning objectlve

Clustering in RGB space can be achieved with the We propose a differentiable renderer that links P(u,v) to

algorithm for |GaNSSIEN the rope state. The rope state is a sequence of 64 segments.

MSTFEIVIoaEsNGNING. Given an initial estimate of GMM We individually render each segment with end-points p;,

parameters O, i.e., the component weights «, means i, pj+1 to get Pj(u,v), and take the pixel-wise maximum,

and covariance matrices ¥, 1 < k < K, the EM algorithm P(u,v) = max; Pj(u,v). Rendering of one segment is
iterates between the E step, which updates the membership defined as

weights w;;. of data point x; to cluster k, and the M step,
which updates ©. In the E step, membership weights are

Pj(u,v) = exp (~d;(u, v)?/0?) 3)

updated as: where d;(u,v) is_the distance of pixel (u,v) to its closest
. point on segment™}. 7 1s a learnable parameter that controls
] Py (il e, Eie) .
Wik = —x (1) the width of the rendered segments.
> _m=1CmPm(Ti[pm, Xm) Given the initial state estimate from the neural network,
where p; and p,, are multivariate Gaussian densities. In we can compute P(u,v) based on Eq. 3. The M step can
the M step, GMM parameters are updated as: be applied easily to compute the parameters of the Gaussian
N clusters in RGB space. We also follow the E step in Eq. 1
ap = wa/N, to calculate P(u,v)™™. Then, instead of directly using
i=1 P(u,v)™" for the next M step, we refine the estimated
N rope state by minimizing the distance between P(u,v) and
pie = Z Wikt Z“‘“‘ (2) P(u,v)™™, defined as
N — log [P(u,v)P(u,v)™*"™ + (1 — P(u,v))(1 — P(u,v)"*")].
spew _ Zwm(m ) (s — ) sztk. _ — {EJ g [P(u,v)P(u,v) ( (u, v))( (u, v)"™)]

i=1

(4)



SO0~
I X0T020%

[ 23 Universitdit Hamburg S s
DER FORSCHUNG | DER LEHRE | DER BILDUNG i ]

S

Perception Model: Self-supervising learning objective

Manual
initialization

Converged |
_I% —— Forward compute with 12 Toss
Perception —‘}‘ [ === OradtentTlow
Model €2 )% > Finetuning network T
- i with our
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Why not use K-means?

"_lt -means clu%termg has the following a%umptlons (])

Pl

‘artance r 18 rmmhlmr equal. (2) The

= A LLil%W ALl lilVNAL

of data points in each cluster is roughly equal. (3) The
distribution of each cluster is roughly isotropic (spherical).
All of these assumptions can be broken in real images, e.g.
when the rope or background has multiple colors, or when
the variance of brightness of pixels 1s much larger than the
variance of hue, due to lighting and shadows. On the other
hand, our proposed loss i1s using GMM to cluster the RGB
space, thus 1s more robust on real images.
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