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Abstract— We present a framework for visual action planning
of complex manipulation tasks with high-dimensional state
spaces such as manipulation of deformable objects. Planning is
performed in a low-dimensional latent state space that embeds
images. We define and implement a Latent Space Roadmap
(LSR) which is a graph-based structure that globally captures
the latent system dynamics. Our framework consists of two
main components: a Visual Foresight Module (VFM) that
generates a visual plan as a sequence of images, and an Action
Proposal Network (APN) that predicts the actions between
them. We show the effectiveness of the method on a simulated
box stacking task as well as a T-shirt folding task performed
with a real robot.

I. INTRODUCTION AND RELATED WORK

Designing efficient state representations for task and mo-
tion planning is a fundamental problem in robotics studied
for several decades [1]], [2]]. Traditional planning approaches
rely on a comprehensive knowledge of the state of the robot
and the surrounding environment. As an example, informa-
tion about the robot hand and mobile base configurations
as well as possible grasps is exploited in [3] to accomplish
sequential manipulation tasks. The space of all possible
distributions over the robot state space, called belief space, is
instead employed in [4] to tackle partially observable control
problems.

The two most important challenges in designing state
representations for robotics are high dimensionality and
complex dynamics of the state space. Sampling-based plan-
ning algorithms [5[] mitigate the first problem to a certain
extent by randomly sampling the state space and hence
avoiding representing it explicitly. However, when dealing
with higher-dimensional spaces and more complex systems,
such as highly deformable objects, these approaches become
intractable [6]. Moreover, analytical modeling of the states
of these systems and simulation of their dynamics in real
time remains an open research problem [7].

For this reason, data-driven low-dimensional latent space
representations for planning are receiving increasing atten-
tion as they make it possible to consider states that would
otherwise be intractable. In particular, deep neural networks
allow to implicitly represent complex state spaces and their
dynamics thus enabling an automatic extraction of lower-
dimensional state representations [8]]. Unlike simpler meth-
ods, such as Principal Component Analysis (PCA) [9]], deep
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Fig. 1: Overview of the proposed method. The Visual Foresight
Module (blue) takes the start and goal images and produces a visual
plan from a latent plan found with the Latent Space Roadmap
(cyan). The Action Proposal Network (red) proposes suitable ac-
tions to achieve the transitions between states in the visual plan.
The final result is a visual action plan (green) from start to goal
containing actions to transition between consecutive states.

neural networks also capture non-linear relations between
features. Some of the most common approaches to learning
compact representations in an unsupervised fashion are latent
variable models such as Variational Autoencoders (VAEs)
[10], [11]] or encoder-decoder based Generative Adversarial
Networks (GANs) [[12], [13]]. These models can learn low-
dimensional state representations directly from images in-
stead of a separate perception module. In this way, images
can be used as input for planning algorithms to generate
“visual plans” [14], [15].

Latent state representations, however, are not guaranteed
to capture the global structure and dynamics of the system,
i.e.. to encode all the possible system states and respective
feasible transitions. Furthermore, not all points in the latent
space necessarily correspond to physically valid states of the
system, which makes it hard to plan by naively interpolating
between start and goal states as shown in Fig. [5] In addition,
the transitions between the generated states might not be
valid.

One way to address these shortcomings is to restrict the
exploration of the latent space via imitation learning as
presented in [16], where a latent space Universal Planning
Network (UPN) embeds differentiable planning policies and
the process is learned in an end-to-end fashion. The authors
then perform gradient descent to find optimal trajectories.

A more common solution to mitigate the challenges of
planning in latent spaces is to collect a large amount of
training data that densely covers the state space and allows to
infer dynamically valid transitions between states. Following
this approach, the authors in [[14]] propose a framework for



global search in the latent space based on three components:
i) a latent state representation, ii) a network that approxi-
mates the latent space dynamics, and iii) a collision checking
network. Motion planning is then performed directly in the
latent space by an RRT-based algorithm. Similarly, a Deep
Planning Network is proposed in [[17] to perform continuous
control tasks where a transition model, an observation model
and a reward model in the latent space are learned and then
exploited to maximize an expected reward function. Follow-
ing the trend of self-supervised learning, the manipulation
of a deformable rope from an initial start state to a desired
goal state is investigated in [18]]. Building upon [15], 500
hours worth of data collection are used to learn the rope’s
inverse dynamics and then produce an understandable visual
foresight plan for the intermediate steps to deform the rope
using a Context Conditional Causal InfoGAN (C3IGAN).

In this paper, we address the aforementioned challenges re-
lated to latent space representations by constructing a global
roadmap in the latent space. Our Latent Space Roadmap
(LSR) is a graph-based structure built in the latent space
that both captures the global structure of the state space
and avoids sampling invalid states. Our approach is data-
efficient as we do not assume that the training dataset densely
covers the state space neither accurately represents system
dynamics. We instead consider a dataset consisting of pairs
of images and demonstrated actions connecting them, and
then learn feasible transitions between states from this partial
data. This allows avoiding full imitation for modeling as in
the UPN framework [[16] as well as tackling tasks involving
highly-deformable objects such as cloths.

More specifically, our method takes as input tuples consist-
ing of an initial image, a successor image and properties of
the action that occurred between the states depicted in them.
For example, in a box stacking task an action corresponds to
moving one box, while in a T-shirt folding task it corresponds
to making a fold (more details in Sec. [VI). We deploy a
VAE which we train with an augmented loss function that
exploits the action information to enforce a more favourable
structure of the latent space. A similar augmentation was
explored in [[19] but, in contrast to our work, uses an auto-
encoder framework and requires class labels which are not
needed for LSR. Our method, visualised in Fig. m identifies
the feasible transitions between regions containing similar
states and generates a valid visual action plan by sampling
new valid states inside these regions. Our contributions can
be summarized as follows:

1) We define the Latent Space Roadmap that enables
generating a valid visual action plan. While we use
the VAE framework, our method can be applied to any
other latent variable model with an encoder-decoder
structure;

2) We augment the VAE loss function to encourage
different states to be encoded further apart in the latent
space and similar states to be encoded close by;

3) We experimentally evaluate our method on a simulated
box stacking task as well as a real-world T-shirt folding
task and quantitatively compare different metrics in the

loss augmentation (L1, L2, and L4 ). Complete details
can be found on the websitel]

II. PROBLEM STATEMENT AND NOTATION

The goal of visual action planning, also referred to as
“visual planning and acting” in [18], can be formulated
as follows: given start and goal images, generate a path
as a sequence of images representing intermediate states
and compute dynamically valid actions between them. The
problem is formalized in the following.

Let 1 be the state space of the system represented as
images with fixed resolution and let lsys | be the subset
representing all the states of the system that are possible to
reach while performing the task. A possible state | 2 lgys
is called a valid state. Let U be the set of possible control
inputs or actions.

Definition 1: A visual action plan consists of a visual
plan represented as a sequence of images Py = Flgiare =
lo; 11::5 INn = lgoal9 where lsgart and lgoar are images rep-
resenting the start and the goal states, and an action plan rep-
resented as a sequence of actions Py = fug;uy;:;;un 10
where U, 2 U generates a transition between consecutive
states I, and I+ for each n 2 0;::;; N 1g.

To reduce the complexity of the problem we consider a
lower-dimensional latent space Z encoding I, and Zgys Z
encoding lsys. Each image I, 2 lsys can be encoded as a
point Zn 2 Zsys. Using Zsys, a visual plan can be computed
in the latent space as P, = fZstart = Zo;Z1; 351 ZN = Zgoald
where Zn 2 Zsys, and then decoded as a sequence of images.

In order to obtain a valid visual plan, we study the
structure of the space Zsys which in general is not path-
connected. As we show in Sec. and Fig. 5} linear
interpolation between two valid states Z; and Z> in Zsys
may result in a path containing points from Z  Zgys that
do not represent valid states of the system. To ensure a valid
Pz, we therefore make an "-validity assumption:

Assumption 1: Let Z 2 Zsys be a valid latent state. Then
there exists " > 0 such that any other latent state z’ in the
" neighborhood N-(z) of z is a valid latent state.

This assumption, motivated by the continuity of the en-
coding of I into Z, allows both taking into account the
uncertainty induced by imprecisions in action execution and
generating a valid visual plan. Each valid latent state z in the
visual plan can therefore be substituted by any other state z°
in the " neighborhood of z. To formalize this, we define an
equivalence relation in Zsys

z 22 O iz Zja<™ (1)
where the subscript d 2 f1;2; 1 g denotes the metrics L; L>
and L4, respectively, and " a task-dependent parameter.

Consider a finite set of wvalid latent states
R, =fz1;::Zm9  Zsys induced by the set of valid
input images Ry = fl1; 5 Img  lsys. By Assumption
the union R, of " neighborhoods of the points in R,

Ihttps://visual-action-planning.github.io/lIsr/
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consists of valid points: perturbations in the box positions. We call a tu@lg; 1 ,; =
(1;u)) an action pairand (I1;12; = (0;u)) a no-action
R, = N (zi) Z sys: (2) pair. When the specics of the action are not relevant,
i=1 we omit them from the tuple notation and simply write
Assume thaR, consists ofn path-connected components(l;12;a). Finally, we denote byT, the encoded training
called valid regionsand denoted byZ ;ys g", . In general, datasel; consisting of latent tuple;; z,; ) obtained from
if the points fromR, are suf ciently far away from each the input tupleg(l1;12; ) 2 T, by encoding the input$;
other,m is larger thanl. Note that each valid region is an andl, in the latent spacésys.
equivalence class with respect to the equivalence relation (Jé. Svstem Overview
To connect them, we de ne a set of transitions between them? y

De nition 2: A transition functionfi : Zi U ! Our method consists of two main components depicted in
" z " Sys b . . . . .
Zi,. maps any poinz 2 Z1. to a class répresentative Fig. 1. The rstis the Visual Foresight Module (VFM) which
4571 wherei:j 2f 1 o mg andi 6 | is a trained VAE endowed with a Latent Space Roadmap
Sys sys ' v &y ey .

Given a set of valid region® in Zss and a set of (I__SR). Given a star_t z_ind goal state, the VFM produces a
transition functions connecting them we can approximate théSual planP, consisting of a sequence of images. The
global transitions oZss as shown in Fig. 2. To this end, sequence, is a decoded latent pla®, found in the VAE's

we de ne a Latent Space Roadmap: latent space using the LSR. .
The second component is the Action Proposal Network

(APN) which takes a paifz;z+;) of consecutive latent

states from the latent plaR, produced by the VFM and

proposes an actiony; to achieve the desired transition

Fi*1(zi5u) = Zieg

The two components combined produce a visual action

plan that can be executed by any suitable framework. If open

loop execution is not suf cient for the task, a re-planning step
Fig. 2: A visualisation of the structure of the latent state spacé@n be added after every action by substituting the start state
showing valid region&Zg,s and transition function$}' between with the current state and generating a new visual plan with

them. corresponding action plan.

De nition 3: A Latent Space Roadmap is a directed graph Rémark 1:Note that, although the tuples in the input
LSR = (Visr ;Eisr ) where each vertex; 2 Visg datasefl; contain only single a(.)tIOI’I.S., .C.)l..lr method is able
Zsys for i 2 £1;2;::;mg is an equivalence class repre-10 generate a sequence of actidng;:::;un 19 to reach
sentative of the valid regioZl, Z ¢s, and an edge 2 goal statd y from a given start state.

&;j =(Vi;vj) 2 Eisr represents a transition functidr’ IV. VISUAL FORESIGHTMODULE (VFM)

p(;tvyeen the corresponding valid regidigs andZ4y, for The Visual Foresight Module in Fig. 1 has two building

AL blocks that are trained in a sequential manner. Firstly, we
I1l. AN OVERVIEW OF OUR APPROACH train a VAE with an additional term in the loss function

A. Training Dataset that affects the structure of the latent space. Once the VAE

is trained, we build our LSR in its latent spae which
identi es the valid regionsZg . We present the details
below.

We consider a training datasé&t consisting of generic
tuples of the form(l1;12; ) wherel, 1 g iS an image

of the start stateJ, | sy an image of the successor . .
state, and a variable representing the action that took place 1) Latent state spaceLet| | s be an input image,
' P 9 P nd letz denote the unobserved latent variable af{d)

between the two states. Here, an action is considered }o

. ; - the prior distribution. The VAE model [10], [11] consists
be asingle transformation that produces any consecutlv%f encoder and decoder neural networks that are jointly
statel, different from the start staté;, i.e., cannot be

a composition of several transformations. On the contrarOptimised o represent the parameters of the approximate
we sap that no action was performed if.stai sand | %’osterior distributionq(zjl ) and the likelihood function

y per : @ 2 p(ljz), respectively. In particular, the VAE is trained to
are variations of the same stateg.., if the statel, can

be obtained from ; with a small perturbation. The variable minimize

= (a; u) consists of a binary variab2 f 0; 1g indicating ~ Lvae(1)= Ez qji)llogp(lj2)]+ Dk (a(zjl)iip(z))
whether or not an action occurred as well as a variable (3)
u containing the task-dependent action-speci c informationvith respect to the parameters of the encoder and decoder
which can be used to infer the transition functids . For  neural networks. The rst term in uences the quality of the
instance, an action in the box stacking example is illustrate@constructed samples, while the second term, called the KL
in Fig. 3 whereu contains pick and place coordinates. If nodivergence term, regulates the structure of the latent space.
action occurred, the right-hand side con guration in Fig. 3A better optimised KL term, achieved for example with a
would equal the one on the left-hand side with some small> 1[20], [21], results in a more compact latent space with



points distributed according to the priptz) but produces Algorithm 1 LSR building
more blurry reconstructions. Therefore, the model needs qugir:e: thaseth, neighborhood siz&, metricd
nd a balance between the two opposing terms. \ase e

Since our training data consists of tuplélg;|,;a), we ;j Ilert ggiEh(ZG -_z(-\;’)Ez) 'T_ (;gc;),fg)
computeLyze for 11 and |, separately and leverage the Ty Cr;’at: nodezz-z
information contained in the binary variatdéy minimizing 4 it 2 =1 then Lz
an additionalactiopterm '

N . . 5: E create edgez(;z;)
: max(0;dm jj z2  Z2jja) fa=1 Phase 2
Lacton (I1;12)= .. . _ 1 R = fg
iiz1 Z2jjq ifa=0 - Rz
(4) 2H =V
wherezi;z, Z s are the latent encodings of the input 3 1:=1
stated 1;1, | s, respectively, and the subscripenotes 4: while H& ; do
the metric as in (1). The hyperparametdy, introduced 5 randomly selece 2 H
among the action pairs enforces different states to be encoded &~ Wsys = f29 i
in separate parts of the latent space. The action tefg, 7. for eaiCh w2 Wisys do . .
naturally encourages the formulation of the valid regions & Weys := Weys [T W72 H “kw wha <" g
Zg in the latent space while maintaining the capability 90 H:= HnWg
to generalisej.e.. to sample novel valid states, inside each 100 Zgys = [ yow i N (w)
regionZ . 11: R, =R, [fZ §sg
The complete VAE loss term then equals 12 i=i+1
1 Phase 3
L(ly;12) = é(l-vae(ll)"' Lvae(12))+ Laction (I1;12) (5) 1: init graph I_-SRz(YLSR yBsr ) = (fg;fg)
. . 2: f hZds 2R ,d
where the parameter controls the in uence of the distances O €8CN £sys ., P °

. I . —
among the latent codes on the structure of the latent space. ™ Weys = Whsl waW g w )
4 Zgys = ArgMin,; | iz Weyslja
A. Latent Space Roadmap (LSR) 5 Visr create ngdaisys
The Latent Space Roadmap is de nedDe nition 3 and 6: for each edgee = (vi;v2) 2 E do
built following the procedure summarised in Algorithm 1. 7 nd Zis;ZL,s containingvi; vz, respectively
It is based on the idea that each node in the roadmap is 8: Esr create edgezlys ; zl,s )
associated with a valid regi(m;ys. Two nodes are connected  return LSR
by an edge if there exists an action péig;l,; ) in the
training dataseT; such that the transitiohzl?z(zl;ul) =2

is achieved inZsys . of points in W identi es the rst connected component
More speci cally, the algorithm takes as an input thezi _ (line 2:10). We remove the set of allocated points

encoded training datd,, the parametef dened in As- /[ _ from the reference vertex set(line 2:9) and continue

sumption 1 inducing the size of the valid regiaf§,s, and dentifying new valid regions until we considered all the

the metricd with respect to which we measure if a validpoints inV (line 2:4). At the end of this phase we obtain the
latent state is in the neighbourhood of another valid state.ynjon of the valid region®, = fZ éys gi. This procedure is

Note that, as in the case of the VAE (Sec. IV-.1), no actiong|so used in the DBSCAN algorithm [22].

speci ¢ informationu is used but solely the binary variable | phase3, we build the LSR= ( Visr ;Eisr ). We rst

a indicating the occurrence of an action. _ compute the mean valuel, of all the points in eachV
Algorithm 1 consists of three phases. In Phaswe build  (jine 3:3). As the mean itself might not be contained in the

areferencegraphG = (V; E) induced byT, (linesl:1 1:5).  corresponding path-connected component we nd the class

Its vertices are all the latent statesTinand edges exists only representativez‘sys 2 7 isys that is the closest. The found

among the Iaten_t action pairs. It serves as a look-up graph tEpresentative then de nes a node2 Visg representing

keep track of which areas isys have already been explored ihe valid regionZ‘yS (lines 3:4 - 3:5). Lastly, we use the

as well as to preserve the edges that later induce the transitiggy of edge< in t?]e reference graph to infer the transition

functionsf ;! . o , o mapsf /i between the valid regions identi ed in Pha&eWe

In Phase2, we identify the valid regionZ s Z sys. We  create an edge in LSR if there exists an edg€ inetween
start by randomly selecting a vertex frovhand nding all g vertices inV that were allocated to different valid regions
the vertices fromV that are in its" neighbourhood (lines (lines3:6  3:8).
25  2:8). The setWy of all the points found in this ~ he parametet is calculated as a weighted sum of the

way necessarily belongs to the same connected compongiita, | and the standard deviation of the distancekz;

by Assumption 1. However, we need to keep repeating thgkd among the no-action latent paiz,;z,;a = 0):

search for all the identi ed points (lin@:7) as there might . . ©)
= otWwW o

be more latent states in their respectiveneighbourhoods.
OnceWy stops growing, the union of dlkneighbourhoods wherew- is a scaling parameter that can be tuned for the



task at hand. The rationale behind Eq. (6) is thathould different textures that can be stacked i a 3 grid (dotted

be chosen such that similar states, captured in the no-actilimes). A grid cell can be occupied by only one box at any

pairs, belong to the same valid region, while states in thégme and a box can be moved according togteeking rules

action pairs are allocated to different valid regions. i) it can be picked only if there is no other box on top of it, ii)
Using the LSR and the trained VAE-model, we carit can be released only on the ground or on top of another

generate one or more visual plans from start to goal stateox inside the3 3 grid. The action-speci c information

To this aim, the states are rst encoded in the latent spaece as shown in Fig. 3, is a pair = (p;r) of pick p and

and the closest nodes in the LSR are found. Next, albleaser coordinates in the grid modelled by the row and

shortest paths [23] in the LSR between the identi ed nodesolumn indices,.e., p = (pr;pc) with pr;pc 2 0;1;2g,

are retrieved. Finally, the class representatives of the nodasd equivalently for = (r,;r¢).

belonging to each shortest path compose the respective latent

plan P, which is then decoded into the visual plBn.

V. ACTION PROPOSALNETWORK (APN)

The Action Proposal Network is used to predict the
speci cs of an actionu; that occurs between a latent pair
(zi;zi+1) from a latent planP, produced by the VFM. Fig. 3: An example of an action = ( p;r) in the box stacking
We deploy a diamond-shaped multi layer perceptron arigsk. The blue circle shows t.he picking locatior (1 ; 0), and the
train it in a supervised fashion on the latemttion pairs 97€€n One the release positior (2 1).
(z1,22; = (1;u)) obtained from the enlarged dataskt To have a diverse dataset with variation, the position of
as described below. The architecture details are reporteddach box in a grid cell is generated by introducingl7%
the code repositofy Since the network only depends on thenoise alongx andy axes, which is applied both when
action speci csu, it is easily adaptable to any task that ts generating an action and a no-action pair. Each image is
the assumptions listed in Sec. Il. of dimension256 256 3. For the VFM, we deploy a
The training dataset for the APN is derived frof  VAE with a ResNet architecture [25] for the encoder and
but preprocessed with the encoder of the trained VFM. ldecoder networks and @&4-dimensional latent space. It is
particular, for each trainingctionpair (11;12; =(1;u)) 2  trained for500 epochs on a training datasé composed
T, we rst encode the inputd;;l> 2 | sys and obtain the of 5000tuples,65% of which are action pairs an85% no-
parameters ;; ; of the approximate posterior distributionsaction pairs. We train daselineVAE (VAE-b) without the
a(zjli) = N( i; i), fori = 1,2, given by the encoder action termin Eq. (5),e.. with =0, and threectionVAES
network in the VFM. We then sampl@S novel points (VAE-L;, VAE-L,, VAE-L; ) with the action term using
z3  q(zjli) andz3  q(zjlz) for s 2 £0;1;:::;S9. d=1;21, respectively. Weights and from Egs. (3)
This procedure results ir5 + 1 tuples ( 1; 2; ) and and (5) are increased over epochs following a scheduling
(z3:23; );0 s S, where = (1;u) was omitted procedure starting from =0 and = 1. This encourages
from the notation for simplicity. The set of all such low-the models to rst learn to reconstruct the input images
dimensional tuples then forms a training dataset for the APMNnd then gradually structure the latent space. The minimum
Remark 2:1t is worth remarking the two-fold benet of distanced,, in Eq. (4) is set t020, 5, and 2:5 in VAE-
this preprocessing step: not only does it reduce the dimep-, VAE-L, and VAEL , respectively. These values are
sionality of the data but also enables enlarging it with novale ned approximately as the average distance between the
points by factorS + 1. latent action pairs encoded by the VAE-b.
Similarly, we train four APNs (APN-b, APN-;, APN-
) ) L, and APNL; ) on the latent training datasets doubled
In this section, we evaluatg the performancelof the progith s =1 using VAE-b, VAEL 1, VAE-L, and VAEL ,
posed approach both on a simulated box stacking task aﬂgspectively. The models were trained @00 epochs and
on a real robotic hardwarg con;idering a T—shirt.folding,\,e use the validation split (corresponding 26% of the
task. The purpose of the simulation task is not to improvgata) to extract the best performing ones that are used in
solutions for stacking boxes but to validate our approach ife experiments. The complete details about VFM and APN

a quantitative and automatic manner where the ground trUFﬂ/perparameters can be found in the con guration les in
is known. On the contrary, the T-shirt folding task evaluateg,e code repositoRy

th<=T method _in a complex scenario where highly deformable the designed task contains exac®B8 different grid
objects are involved and the ground truth is unknown. ¢4 gurations, i.e.., the speci cation of which box, if any,
A. Box stacking is contained in each cell. Given a pair of such grid con gu-
crjations and the ground truth stacking rules, it is possible to
analytically determine whether or not an action is allowed
between them. This enables an automatic evaluation of
2https://github.comivisual-action-planning/ the structure of the latent spadsys, the quality of the
Isr-code visual planP, generated by the VFM as well as of the

VI. EXPERIMENTS

The simulation setup, shown in Fig. 3 and develope
with the Unity engine [24] is composed of four boxes with



corresponding action plaR, predicted by the APN. We Model All Any Trans.
address these questions for all the action models and compare VAE-b + LSRd; 8d | 0 % 0% 333 %
them to the baseline one in the experiments presented below. VAE-L1 + LSR4; | 100 % | 100 % | 100 %
1) VAE latent space analysidn this section we discuss VAE-L, + LSRL, | 999 % | 999 % | 999 %
the inuence of the action term (4) on the structure of | VAE-L; +LSRL; [ 82% | 12% |532%
the latent spac&sys. Let each of the288 possible grid tagLE I: Visual foresight results for box stacking case study
con guration represent a class. Note that each class cotemparing different metrics (best results in bold).
tains multiple latent samples from the data3etbut their
respective images look different because of the introduced . .
positioning noise. Let; be thecentroidof the class de ned other hand, when calculated on points encoded with VAE-

as the mean point of the training latent samgigdelonging It llaecqmes non-rt'legg'FQ/Se wSFEZSSfcIasses alln(d‘l 'ttshn:i?]n
to the clas. Letd;, be theintra-classdistance de ned value increases lo ti/fo. Ve therelore conclude that the

as the distance between a latent samzpliabeled withc and action term resullts n a, better. structured latent Sm}
the respective class centraig. Similarly, letd denote 2) LSR analysisin this section we evaluate the quality of

i;inter . .
the inter-classdistance between the centroidsandz of visual plans produced by our LSR in the latent spZeg .

classes andj. We consider three LSRs (LSR;, LSRL, LSR1i; )

Fig. 4 reports the mean values (bold points) and thiat are built following Algorithm 1 with the corresponding
standard deviations (thin lines) of the inter-class (in blugyetrics using the latent training dataskt produced by
and intra-class (in orange) distances for each clasg €ither the baseline VAE or the action VAEs. The parameter
f1;:::;288y. We compare the distances calculated using the ffom Eq. (6) is computed with a grid search on the
latent training dataseT, obtained from the baseline VAE Weightw- 2 f 0:5,0;0:5,1g. Given a LSR, we evaluate
(top) and the action VAEs (bottom). Due to the spacdS performance by measuring the quality of the visual plans
constrains, we only report results obtained with metricout  found in it between1000 randomly selected start and goal
we observe the same behavior with andL ; . In the case of States from an unseen test datase2500images. To this
baseline VAE, we observe similar intra-class and inter-clagdm. a validity functiod is de ned that checks if a given
distances which implies that samples of different classedsual action plan fullls all the constraints determined by
are encoded close together in latent space and possif¢ stacking rules.
ambiguities may arise when planning in it. On the contrary, In Table I we show the results obtained on LSRs built
when using VAEL; we observe that the inter- and intra_With the training data from the baseline VAE (I‘St rOW) and
class distances approach the val@@sand 0, respectively, the action VAEs (last three rows). In particular, we report
which are imposed with the action term (4) on thetion the percentage of cases when all the shortest paths in each
pairs and on not classes themselves. This means that, el&¥R are correct, when at least one of the proposed paths is
when there exists no direct link between two samples ¢forrect, and the percentage of correct single transitions.
different classes and thus the action term for the pair is never Firstly, we observe signi cantly worse performance of the
activated, the VAB-, is able to encode them such that the-.SRs when using the baseline VAE ( rst row) compared to
desired distances in the latent space are respected. using the action VAEs (bottom three rows). This indicates

that VAE-b is not able to separate classe<Zigs and we
again conclude that the action term (4) needs to be included
in the VAE loss function in Eq. (5) in order to obtain distinct
valid regionsZ { .
Secondly, we observe that among the action VAEs, LSR-
L, outperforms the rest and is comparable with LSR-
while LSRL; reports the worst performances. We hypoth-
esise that this is becaukge metric is calculated as the sum of
the absolute differences between the individual coordinates
and hence the points need to be evenly separated with respect
to all dimensions. On the contraty; separates points based
Fig. 4: Mean values (bold points) and standard deviations (thian only one dimension which leads to erroneous merges as
lines) of inter- (blue) and intra- (orange) distances for each clagwvo points might be far apart with respect to one dimension
calculated using a VAE trained with (bottom) and without (top)out very close with respect to the rest.
action term. 3) APN analysis: We evaluate the accuracy of action

In addition, we analyse the difference between the minpredictions obtained by APN-b, APN;, APN-L,, and
mum inter-class distance and the maximum intra-class di&PN-L; on an unseen test set consisting 1891 action
tance for each class. The higher the value the better sepapairs. As a proposed action can be binary classi ed as either
tion of classes in the latent space is achieved. When the laténte or false we calculate the percentage of the correct
states are obtained using VAE-b we observe the difference pooposals for picking, releasing, as well as the percentage of
be always negative with an average value of 8:3. On the pairs where both pick and release proposals are correct. All




Fig. 5: An example of a visual action plan from the start (left) to the goal state (right) for the box stacking task produced using our
method (top) and a linear interpolation (bottom). Picking and releasing locations suggested by the APN are denoted with blue and green
circles, respectively, while the outcome of the VFM (VF row) and the APN (AP row) are indicated with a green checkmark for success
or a red X for failure. The APN succeeds using the path from our method and fails given the erroneous states of the linear interpolation.

the models perform with 99% or higher accuracy evaluated
on 10 different random seeds determining the training and
validation sets?. This is because the box stacking task results
in an 18-class classification problem for action prediction
which is simple enough to be learned from any of the VAEs.

Finally, we show the inadequacy of linear interpolation for
the latent space planning. A linear visual path is obtained by
uniformly sampling N points along the line segment between
given Zstart and Zgoa where N equals the length of the
shortest path retrieved from the LSR. An example of a linear
visual path produced by VAE-L; is shown in the bottom
row of Fig. 5. For each of the 1000 start and goal states,
decoding the linear paths with the VFM results in only
failing transitions. In addition, invalid states are obtained
where boxes of the same color are present multiple times
and boxes exhibit invalid states. On the contrary, a visual
plan Py produced by LSR-L; using VAE-L; is shown in
the top row of Fig. [5] and consists of only valid states and
actions. Moreover, the figure shows that the APN generalizes
to the latent no-action pairs even though it is trained on the
action pairs only.

B. T-shirt folding

A Baxter robot, equipped with a Primesense RGB-D
camera mounted on its torso, is used to fold a T-shirt in
different ways as shown in Fig. [§] and in the accompanying
video. All results are also reported in detail on the websiteLl.
For this task, a dataset T| containing 1283 pairs is collected.
Each image has size 256 256 3, while the action specific
information u is defined as u = (p; r;h) and is composed
of picking coordinates p = (pr;pc), releasing coordinates
r = (rr; rc) and picking height h. The values pr; pc; I'r; Fc 2

T0; 19 is either the height of the table or a value measured
from the RGB-D camera to pick up only the top layer of the
shirt. Note that the latter is a challenging task which is
not in the scope of this work. The dataset T, is collected
by manually selecting pick and release points on images
showing the current T-shirt configuration, and recording
the corresponding action. No-action pairs are generated by
slightly perturbing the cloth appearance, as shown in the
video, which results in 37% of no-action pairs in Ty.

As shown in Fig. [6] we perform a re-planning step after
each action execution to account for possible uncertainties.
The current cloth state is then considered as a new start state
and a new visual action plan is produced until the goal state
lgoal is reached or the task is terminated. If multiple plans
are generated, a human operator selects the one to execute.

Compared to the box stacking task we use a larger version
of the ResNet architecture for the VFM but keep the 64-
dimensional latent space. Following the model notation from
Sec. [VIZAl we train a baseline VAE which we use to
determine the minimum distance dp, used in the action
term (EI) For the shirt folding task, these are set to 13:5; 3:5
and 2 for VAE-L;, VAE-L, and VAE-L 7, respectively. The
APN models are trained using the same architecture as in
the box stacking task and on training datasets enlarged with
S = 1. Hyperparameters are similar to the box stacking
experiment and can be found in the code repository2.

1) APN Analysis: We evaluate the performance of the
APN models on 5 random seeds on a test split consisting of
104 action pairs. For each seed we reshuffle all the collected
data and create new training, validation and test splits. The
action coordinates p and r are first scaled to the interval
[0;1], and then standardised with respect to the mean and
the standard deviation of the training split.

Table [I] reports mean and standard deviation of the Mean
Squared Error calculated across the different random seeds.
We separately measure the error obtained on picking pre-
dictions, releasing predictions, and the total error on the
predictions of the whole action u = (p; r; h). We observe a
higher error when using VAE-b which again indicates that the
latent space lacks structure if the action term @) is excluded
from the loss function. The best performance is achieved by
APN-L; which corroborates the discussion from Sec. [VI-A]
about the influence of L1 metric on the latent space.

Model Pick Release Total

APN-b | 0:50 0:09 0:68 0:09 1:24 0:16
APN-L; | 0.34 +£0.06 | 0.49 4+ 0.09 | 0.87 £+ 0.07
APN-L, | 0:40 0:05 0:51 0:08 0:96 0:12
APN-L4 | 0:49 0:05 0:65 0:07 1:20 0:07

TABLE II: The error of action predictions obtained in the folding
task on APN models with different metrics (best results in bold).
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