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Abstract— We investigate the active manipulation of objects
using model-free and long-horizon DRL (Deep Reinforcement
Learning) to achieve target shapes. Our proposed approach uses
visual observations consisting of segmented images, to mitigate
the sim-to-real gap. We address a long-horizon manipulation
task requiring a sequence of accurate actions to achieve the
target shapes using a robot arm with an RGB-D camera
in eye-in-hand configuration, and an elongated, volumetric,
elastoplastic object. We find similar objects in food, marine,
and manufacturing domains. The aim is to actively manipulate
the object into an arbitrary target shape using image obser-
vations. We trained a DRL agent using PPO (Proximal Policy
Optimization) by running 768 parallel actors in simulation, for
a total of 1,2M environment interactions, and tested this on 200
unseen target deformations. In three attempts, 82% of the trials
achieved a greater than 90% overlap with the 200 target shapes.
By relying on segmentation images as a visual observation
space, we successfully transferred the agent to the real world
without supplementary training. Our approach does not need
any real-world manipulation examples nor fine-tuning in the
real world. The robustness of our approach was demonstrated
in simulation, and experimentally validated in the real world for
specific manipulation tasks, achieving a 94.2% mean zero-shot
overlap success rate on previously unseen target shapes.

I. INTRODUCTION

Research into robotic manipulation has primarily focused
on rigid objects because their dynamics are easier to model
[1]–[3]. However, the assumption of rigidity, i.e., that ob-
jects do not deform upon force interaction, does not hold
in many real-world applications. For example, many food
items are compliant and robots must handle them gently to
preserve product integrity [4]. Modelling complexities entail
that the robotic manipulation of deformable objects is an
open research problem [5]–[7]. Recent work has shown that
machine learning techniques offer a valuable complement to
modelling when performing robotic manipulation [2], [8],
[9]. Moreover, machine learning methods are capable of
achieving generalisation between tasks, such as learning to
grasp previously unseen objects [9]–[11].

The ability to consider the long-term consequences of
actions is foundational for autonomous robotic manipulators
capable of generalising to a wide variety of tasks. Reinforce-
ment learning (RL) is a machine learning paradigm for learn-
ing sequential decision-making to reach long-term goals. By
combining RL with neural networks and image processing
techniques from deep learning, it has been possible to train
agents to play a variety of video games directly from pixels
[12], [13]. DRL has also been applied successfully to vision-
based robotic manipulation tasks [8], [11], [14]. One of the
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Fig. 1. Franka Panda Emika robot actively deforming the object to
target shape. Left - in simulation; right - in the real world. The policy is
successfully transferred to the real world, without supplementary training.

key concepts behind our work is that model-free DRL may
enable an agent to learn to interact meaningfully with objects
directly from visual observations, thus circumventing the
challenges raised in modelling the dynamics of deformable
objects, and instead learning manipulation tasks in an end-
to-end manner [15]–[17].

Model-free approaches to RL offer the advantage of gen-
erality and reuse in multiple scenarios with few modifica-
tions since agents can easily be re-trained for new tasks.
The drawback is the volume of training data required to
learn successful DRL policies [18]. This is especially true
in environments with continuous action spaces [19], [20].
Recent work shows that action spaces based on continuous
DRL-control of robotic manipulators may fail to converge for
tasks with long horizons [19]. Long-horizon tasks, such as
manipulation to target shapes in our work, pose challenges
because DRL agents learn policies by optimizing rewards
over sequences of actions. Such sequences can become quite
long in tasks where actions have delayed consequences,
making these tasks difficult to solve [21]. Since robotic
manipulation is often a multi-step process, the need for
alternate action spaces to reduce the overall training and to
better apply model-free RL to long-horizon tasks has also
been identified in [22]. While some recent progress has been
made, studies on the manipulation of deformable objects
have largely been limited to the use of one [15] and two-
dimensional [17][23] objects, or the use of a suction-cup as a
gripper [24] [25]. Despite some recent work in manipulation
with parallel-jaw grippers of deformable 3D objects such as
a sponge-like elastic object [26], or elastoplastic objects [27],
the area of manipulation of 3D objects, in general, and long-
horizon task manipulation, in particular, is under-researched.

One study [15] has proposed a pixel-based pick-and-place
action for performing rope-straightening and cloth-flattening
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tasks. The DRL agent uses input images from the camera to
learn a placing policy to output pixel locations for placing
the grasped object. The robot uses pre-computed motion
primitives to grasp and place the object at the corresponding
real-world locations of the picking pixel and placing pixel re-
spectively. Training in simulation with domain randomization
enabled the agent to achieve a goal intersection coverages of
48% and 84% for the rope-straightening and cloth-flattening
tasks, respectively. A similar study based on learned graph
dynamics model over a set of keypoints [28], addresses the
rope straightening and cloth manipulation task. For the rope
straightening, they achieved a total mean success rate of
79.3% in simulation and 62.72% in the real world. Other
studies [24], [25] have shown that conditional pick-and-
place policy can be learned to perform a wide variety of
manipulation tasks, involving deformable objects such as
ropes and bag structures. A further study [17] proposed
an alternative action space for policy learning for a fabric-
folding task, by estimating a pick action and selecting a
pre-defined place action of fold angles, achieving an overall
accuracy of 78%. The policy was trained on fixed offline
data and required one hour of experience gathering in the
real world prior to validation.

The manipulation of 3D objects has stricter requirements
for the action space. For parallel jaw grippers it is not
sufficient simply to output a grasping pixel—we must also
consider the gripper orientation. Aforementioned studies
[24], [25] circumvent this by using a suction-cup end ef-
fector, but these are not interchangeable with parallel jaw
grippers. Some recent studies on the manipulation of 3D
objects, using parallel jaw gripper, are promising. In [26] is
presented an approach based on point clouds for 3D shape-
servoing of an elastic object that returns, enabling a robot to
manipulate the 3D shape to the desired shape by selecting
one manipulating point on the object. Despite its merit, this
method does not scale to the elastoplastic objects which
do not return and which require manipulation on several
points over a long horizon, to achieve the desired shape.
In [27] is presented an approach that learns a particle-based
dynamics model using graph neural networks to teach a robot
which uses a parallel two-finger gripper to shape an ‘X’
conditioned to several target shapes. While showing promise
and although the approach is trained in simulation, it also
relies on experience gathering by real-world interactions to
learn the policy, and it considers only short-horizon tasks.

Although alternative action spaces may improve sample
efficiency and reduce the amount of training data, it is com-
mon to supplement the training by using synthetic training
data from simulators. Simulators are cost-efficient; they ac-
celerate data acquisition process, mitigate safety linked to the
operation of real robots, and reduce overall robot wear and
tear [29]. Some studies [30], [10], and [31] have succesfully
demonstrated the viability of this approach by successfully
training a grasping task in simulation and transferring the
policy to the real world. However, they also recognise the
need for specific measures to overcome the sim-to-real gap.

Our work addresses the problem of applying model-free

reinforcement learning to a long-horizon, robotic manip-
ulation task requiring a sequence of accurate actions to
achieve the goal. We formulate a task in which an elongated,
elastoplastic 3D object, that does not return, is manipulated to
achieve a target shape in the image plane using a robot with a
parallel jaw gripper. We find similar elongated, elastoplastic
objects in the domains of food, marine and manufacturing
industries. Our aim is to obtain generalisability in the range
of shapes the developed method is capable of achieving in
a single object type, rather than in the diversity of objects it
is capable of handling.

We present and demonstrate an approach (Fig.1) suitable
for long-horizon learning, requiring multiple, sequential and
accurate actions for manipulation to target shapes of de-
formable objects, using a parallel jaw gripper and eye-in-
hand camera. Our approach a) does not need real-world
manipulation examples and is trained entirely in simulation;
b) the robot learns directly from pixels of segmented images;
c) successfully transfers to the real world with only minimal
domain randomisation and no supplementary training; d)
addresses some issues of generating valid grasp orientations
for a discretized action space, using a parallel jaw gripper and
eye-in-hand camera; and e) achieves a 94.2% mean zero-shot
overlap success rate for previously unseen target shapes.

II. METHODOLOGY

A. Task Description

We formulate the task of deforming 3D objects to an
arbitrary shape as a goal-conditioned, finite, partially ob-
servable Markov decision process (MDP) defined by the
tuple (S, A, G, O, P , r, γ). G ∈ S is a set of goal states
upon which the reward given to the agent is based. We also
define an observation space O and introduce the notion of an
observation o - a partial representation of an underlying state
s. Using DRL, the aim is to find a goal-conditioned policy
π(a|o, g) that maximises the expected sum of rewards of this
MDP for any given goal g.

Conceptually, the environment consists of five main com-
ponents: A robot manipulator, an end effector, an elasto-
plastic deformable object, an eye-in-hand camera, and a
work surface on which the object is placed, implemented
both in simulation and real world (Fig. 1). We implemented
the simulated environment in NVIDIA Isaac Gym [32], a
simulator for RL that utilises the parallelisation abilities of
GPUs to simulate large amounts of environments at the same
time. Isaac Gym includes the NVIDIA FleX physics engine,
which supports the simulation of deformable objects.

The cameras in Isaac Gym can capture standard RGB
images, depth images, and a direct pixel-level segmentation
image of objects in the scene (Fig. 2). The version of
the FleX physics engine in Isaac Gym does not support
colouring of objects, nor adding specific textures to the
environment, thus limiting the possibilities for visual domain
randomisation as implemented in [16], [30]. Therefore, we
opted to constrain the observation space to only segmentation
images. The simplicity of binary images limits possible
differences between observations from the simulation and
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the real world. Indeed, due to their similarities in simulation
(Fig. 2c) and real world (Fig. 5), we used segmented images
to mitigate the sim-to-real gap, while still remaining true to
the goal of achieving RL from pixels.

(a) RGB (b) Depth (c) Segmentation

Fig. 2. Images from the camera sensor in Isaac Gym. Note that the
segmented image shows only the object without other visual distractions.

A goal-conditioned RL policy, π(ot, gt), requires a repre-
sentation of the goal, gt, as an additional input to the policy.
Our proposed observation space consists of a stack of three
96× 96 segmentation images of the current observation, the
previous observation, and the target deformation (similar to
the framestacking in [12]), and a one-hot encoded vector of
the previous action. Training episodes were always initialised
with a random action, ensuring that there always exists a
previous observation. Fig. 3 shows an example of the full
observation space.

Previous GoalCurrent
[0,0,0,0,0,0,1,0,0,0,0,0,0,0,0,0]Previous action:

Fig. 3. Observations for the DRL agent. Left to right: the current
observation, the previous observation, and the target deformation. The one-
hot encoded vector describes the action taken in the previous timestep.

The viability of an action space is highly contingent on
choices regarding the experimental set-up and the selected
observation space. Ideally, the selected action space balances
the expressiveness needed to perform arbitrary deformations,
while also being both learnable for an RL agent and trans-
ferrable to the real world. 3D objects put greater demands
on the positioning and orientation of the gripper. Therefore,
existing pixel-wise action spaces need to be augmented to
meet the extra demands imposed by these objects.

Our proposed action space is motivated from [17], [22],
[33], where robot motions for manipulation actions are pre-
computed. Rather than sampling actions over all pixels as in
[17] and [33], the proposed action space further discretises
the object into four equally-spaced regions and performs
one of four deformation actions on the region selected by
the agent. The grasp occurs when the gripper is positioned
over the centroid of one of the four regions and oriented
so that the normal vector of the gripper is approximately
aligned with the longitudinal axis of the region. Compared

to pixel-level spaces, this simplification was made due to
the difficulties in obtaining object orientations from pixels
and the fact that misplaced grasp attempts can compromise
the object’s integrity. A discretisation of the action space by
reducing the possible action locations to 4 regions aims to
make the environment easier to learn [34]. After approaching
one of the four grasping points, the object is grasped, and the
region is slightly lifted. Depending on the agent’s selected
action, the gripper performs a small, translational movement
of 3.5 cm in one of four possible directions, creating a small
deformation before the object is released.

Action Before After

Fig. 4. Left: Schematic representation of the four regions of the body and
action’s deformation directions. Middle: Segmentation mask before applying
the action. Right: Segmentation mask after applying the action.

Fig. 4 shows conceptually how the grasping points are
divided along the object and marking the four possible di-
rections of translational movement: two longitudinal actions
and two lateral actions which are local to that region. It also
shows the resulting deformation in the agent’s view (red line
added for emphasis) when applying the action marked in red.

We base the success criteria for the deformation task on
the degree of pixel overlap between the segmented object in
the target image and the current observation - the greater the
pixel overlap, the more closely the shapes match. Requiring
a full 100% overlap for task completion was found to be
too restrictive due to the coarseness inherent to the selected
action space and pixel resolution of the observation space.
Empirically, we found that padding the target deformation
by an extra pixel helped overcome the coarse resolution, and
a threshold of >95% overlap was found to produce clearly
matching shapes while still being consistently achievable by
the agent. Fig. 8 shows examples of successful observations.

We derive the reward function directly from the degree
of overlap, with stepsize increases in reward for greater
overlaps. The reward at timestep t was defined as

rt =



−0.1, when overlap = 0%,
−0.01, when 0% < overlap < 50%,
0.01× overlap, when 50% ≤ overlap < 75%,
0.1× overlap, when 75% ≤ overlap < 95%,
1, if overlap > 95%.

(1)

B. Experimental Setup

We developed two parallel environments conforming to
the task description: an RL training environment in Isaac
Gym and a matching testing environment in the real world.
Both environments include a Franka Emika Panda robot with
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a parallel jaw gripper (Fig. 1), and we used a D435 RGB-
D camera mounted on the end-effector of the real robot,
and internal camera sensors in the simulator. An elastoplastic
deformable, cylindrical object of 40 cm length and a diameter
of 4 cm, resulting in same width and height of 4 cm, was
created in Blender [35] and imported to Isaac Gym. We
constructed a real-world 3D-equivalent by filling a sleeve
made from an elastic fabric with rice and closing both ends.

C. Training Details

The agent was trained using Proximal Policy Optimisation
(PPO) [36]. The observation was first passed through a
feature extractor consisting of three convolutional layers
shared by both the actor and the critic. The output from
the feature extractor was flattened and concatenated with
the previous action (one-hot encoded) before being passed
through a hidden layer. The output from this layer splits into
a value head outputting a single value and a policy head
outputting logits for the 16 possible actions. This is based
on the hypothesis that the same features extracted from the
pixels are useful for both learning a value function and a
policy. Additionally, we extended the PPO algorithm with
Phasic Policy Gradient (PPG) [37], which divides the training
using gradient descent into a policy phase (which functions
as regular PPO) and an intermittent auxiliary phase.

During the policy phase, we used the clipped PPO objec-
tive with a small entropy bonus. For every timestep t, the
loss is defined as

L = La + Lc − 0.02 ∗ S[πθ](st), (2)

where La is the actor loss, Lc is the critic loss and S[πθ](st)
is the entropy of the policy (see [36] for specifics on the PPO
objective). During the auxiliary phase, we update the value
head of the network with a joint loss function combining the
critic loss Lc with a behavioural cloning loss:

Ljoint = Lc + Et [KL[πθold(·|st), πθ(·|st)]] . (3)

Training of the agent was performed in 768 environments
to take advantage of the parallelisation benefits of Isaac
Gym. We trained the agent for 200 training iterations,
corresponding to 1 254 400 environment interactions, in total
corresponding to ∼48 hours on an NVIDIA GeForce RTX
3090 GPU. The number of environments and training itera-
tions were selected due to the GPU memory and the available
hardware constraints and to limit the overall training time.
The training runs were repeated for a total of 7 times. Per
training iteration, the PPO agent collected 8 state transitions
from each of the 768 environments, for a total of 6 272
observations. The parameters for the actor network were
updated using batch gradient descent with a mini-batch of
384 transitions on the 6 272 collected observations without
sample reuse. Every 16 training iterations, the critic parame-
ters were updated according to the auxiliary PPG loss defined
in Eq. 3, using a mini-batch size of 384, where each sample
was reused 8 times, according to the range proposed by [37].

We collected a total of 2200 segmentation images as target
deformations by letting a random policy act on the object in

the environment and then capture the object’s current state
after an interaction. Of these 2200 images, 2000 were used
as training goals for the DRL agent, while 200 were withheld
as a test set, unseen by the policy. We started each training
episode by sampling a target deformation randomly from
the training set for each environment. A random action was
performed at the start of every training episode. A training
episode lasted until the agent either achieved greater than
95% overlap with the target deformation or performed 60
interactions in the environment. Slight domain randomisation
of the dynamics was achieved by adding random perturba-
tions of up to 1 cm to the translational movement.

D. Visual Control

Two main challenges needed to be solved to transfer the
agent to the real world, namely how to segment the object
and how to divide the object into regions to comply with the
action space used in the simulator. To consistently segment
the sleeve, we used colour-based segmentation. We divided
the sleeve into four regions using a black marker, with the
resulting segmentation shown in the left image in Fig. 5. By
smoothing and applying a morphological close operation, we
were closing the gaps in the segmentation. After cropping
and resizing, the processed image resembles those seen by
the agent in the simulation (middle image, Fig. 5).

Fig. 5. Left: a segmentation image from the real world before processing.
Middle: after processing. Right: Vision control law.

Principal component analysis (PCA) was used to find the
principal components of the set of pixels belonging to a given
region. The first two principal components define a new
orthogonal coordinate system centred in the region mean.
The principal components and the centroid for each region
are marked with arrows and purple dot (Fig. 6).

Fig. 6. The outcome of the principal component analysis for three different
configurations of the test deformable object.

Our vision control law, illustrated in (Fig. 5), is similar to
[10]. We define the current coordinates of the midpoint of
the gripper to be (x, y) and the current angle of the gripper
around the z-axis of the camera to be α. Correspondingly,
we define the position of the first principal component of the
region to grasp to be (x∗, y∗) with angle α∗, constituting the
desired pose of the gripper to achieve. To perform the visual
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control, the lateral translational components tx and ty and
the rotational component θ around the z-axis are given by:

tx = Z(x− x∗) , ty = Z(y − y∗) , θ = −(α− α∗) (4)

where Z is the distance in the z-axis from the camera to
the object. Since we have an eye-in-hand configuration, we
hold Z constant between interactions, by returning to the
same initial position after performing an action. By using
a classical position-based visual control [38], the control
output v = (vx, vy, ωz) has the simple form:

v = −λ

 cos θtx + sin θty
− sin θtx + cos θty

θ

 (5)

where λ is a positive gain. Using v, we can position and
perform a top-down grasp of a given region using ViSP [39].

III. RESULTS AND DISCUSSION

A. Training Performance
Fig. 7 shows the mean reward and mean pixel overlap

obtained by running 768 parallel actors over 200 PPO
training iterations (∼1.2 million training steps), averaged
over 7 training runs, over slightly more than 48 hours of
wall time. The clear upwards trend in achieved rewards as
training progresses, shows that the agent is able to learn
across all runs. The mean pixel overlap achieved across the
parallel actors was a good indicator of the success rate.
The periodic drops in mean overlap are due to the resets of
the environments every 60 interactions as training episodes
finish. In the early phase of training, few of the actors are able
to successfully complete the target deformation. This leads to
a synchronous wave of resets of all unfinished environments
about every 60 timesteps, visible as drops around every
7.5 PPO training iterations (Fig. 7b). Over time, as more
actors are able to achieve their target deformations, the resets
become more asynchronous, reducing the amplitude of the
periodic drops and leading to a stable mean overlap around
65 %. This indicates that the agent successfully learns to
solve the tasks throughout training.
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Fig. 7. Training performance over all environments in mean reward per
training iteration(left) and mean pixel overlap per environment step(right).

Both performance metrics show low variance across the
multiple run, visualised by the tight bounds of the shaded
regions, representing the 95% confidence interval of the
mean performance across 7 runs. Overall, this suggests
stability of performance and performance repeatability.

B. Simulation Results
Generalisation of the learned policy to arbitrary shape de-

formations was tested on an additional set of 200 previously
unseen target shapes. The learned policy attempted to achieve
each of the 200 test shapes over the same episode length
of 60 steps, as during training, for a total of three trials.
Table I shows the different overlap levels achieved for each
trial, as well as the total when combining all trials. Of 600
attempted deformations, 401 achieved over 95 % overlap
and only 40 achieved less than or equal to 80 % overlap.
A natural question to ask is why a considerable amount of
the good attempts fall below 95%. We observed that the
agent seemed to mostly struggle with the examples requiring
very long translations, suggesting that the choice of action
space may influence the range of deformations the agent is
able to achieve. The advantage of our proposed translation
movement is that it allows for more accurate positioning once
the agent has approximated the target shape. The drawback is
that one also has to use the same movement distance when a
longer translation might be more efficient. Moving the object
across the work surface thus requires more multiple actions,
extending the temporal sequence the agent needs to reason
over, and increasing the task complexity for the RL agent.

TABLE I
OVERLAPS ACHIEVED ON 200 UNSEEN DEFORMATIONS

Overlap levels Trial 1 Trial 2 Trial 3 Total

> 95 % 140 128 133 401
90-95 % 28 31 32 91
80-90 % 21 28 19 68
≤ 80 % 11 13 16 40

Three examples of trials surpassing the 95% overlap are
shown in Fig. 8. By visual comparing a target deformation
(left) with the achieved deformation (right) for each trial, one
clearly sees the similarities between the images. This points
to one of the key strengths of using segmentation images
and the proposed reward, in that they make it easy to discern
whether the target is achieved.

Fig. 8. Three examples of task deformations with > 95% overlap. The
target is to the left and the achieved deformation is to the right of each pair.

C. Real-world Results
When transferring the agent to the real world, the agent

must cope with a shift in the dynamics of the environ-
ment. Additionally, the images captured by the eye-in-hand-
mounted camera do not completely match the observations
gathered in simulation. For real-world validation we chose
five manipulation tasks to previously unseen shapes. Three
trials were performed for each of the five tasks. Table II
shows the maximally achieved overlaps in each trial, as well
the average overlap over all three trials. The trained policy
surpassed the 95% overlap threshold in nine out of 15 trials,
resulting in a 94.2% total mean zero-shot success rate.

5415



TABLE II
ACHIEVED PIXEL OVERLAPS FOR FIVE TASKS IN THE REAL WORLD.

target Trial 1 [%] Trial 2 [%] Trial 3 [%] Average [%]

Right kink 100 98.5 100 99.5
Right “S” 95.4 98.1 96.9 96.8
Left “L” 78.9 96.9 93.9 89.9

CCW Rot 85.1 88.8 91.2 88.4
Left “C” 99.5 93.6 97.6 96.9

These results underline the main benefit of the proposed
action space, namely that it successfully overcomes the
differences in dynamics between the simulation and the
real world. This is a key problem [16] when transferring
a manipulation policy to the real world. The progression in
Fig. 9 shows an example on how the suggested action space
is used by the agent to quickly converge on the intended
target. Fig. 9 shows the progression of images from the
initial position to 99.5% overlap for the Left “C”-shape in
trial 1. The target image is shown in the green box, while
the segmentation corresponding to the final RGB image in
the progression is next to it. The agent is sophisticated in
how it approaches the task shown in the progression, by first
creating a kink in the object by deforming one of the middle
regions of the object. The agent then leverages this kink
to further deform the object by moving the outer regions
until it converges to the desired shape. This suggests that
the agent learns manipulation strategies that are applicable
both in simulation and in real world, despite the discrepancy
between the training and evaluation environments, given the
object is more elastic in simulation and more elastoplastic in
the real world. Comparatively, our average results from Table
II show significantly higher overlaps compared to the results
in [15] and [28], who report a mean overlap of 48% and
62.72% respectively, for the case of the rope straightening.

To better take into the account the orientation and shape
of the object, we defined an action space that was more
likely to successfully grasp the objects by dividing the object
into regions. Though this contrasts with earlier work using
pixel-wise action spaces, one still retains the core idea of
abstracting low-level control of the robot away from the
agent. The results suggest that opting for high-level actions,
where the details of robot control are abstracted away,
is beneficial also for the manipulation tasks in our work,
extending the findings from previous work [17], [25], [33].

Fig. 9. Progress of an object manipulation from initial to a goal state.

Fig. 10 shows the active manipulation for each of the
five tasks. In all cases, the achieved shape closely matches
the desired. Despite not fully clearing the Counterclockwise

rotation task (fourth image from the left), one can see that
the agent has achieved the overall rotation required, but the
kink in the achieved shape is angled in the opposite direction
from the kink in the target. This slight difference results in
an achieved overlap of 91.2%. Though the deformation tasks
required less translatory movements compared to those in
simulation, they still required the agent to generalise to yet
another set of previously unseen shape deformations, while
coping with the different dynamics of the real world.

Fig. 10. Five deformation tasks. Top row - target deformations; middle -
RGB images of achieved states; bottom - their segmentation masks.

Results show that by using segmentation images as obser-
vations, it is possible to transfer an agent from simulation to
the real world without added visual domain randomisation
or domain adaptation. This contrasts with previous findings
[10], [16], [30], where heavy augmentation was required to
successfully transfer an RL agent to the real world.

IV. CONCLUSION

In this work, we have presented an approach for ac-
tive manipulation of elongated, elastopastic objects, suitable
for model-free, long-horizon learning, requiring multiple,
sequential and accurate actions, over a long horizon, for
manipulation to target shapes, using a parallel jaw gripper
and eye-in-hand configuration. We propose an approach that:
a) does not need real-world manipulation examples, and is
trained entirely in simulation; b) the robot learns directly
from pixels of segmented images; c) successfully transfers
to the real world with only minimal domain randomisation
and no supplementary training; d) addresses some issues of
generating valid grasp orientations for a discretized action
space, using a parallel jaw gripper and eye-in-hand camera;
and e) achieves a 94.2% mean zero-shot overlap success
rate for previously unseen target shapes. Results suggest that
DRL is useful for long-horizon active manipulation tasks to
target shapes. A natural extension of this work is to expand
the range of objects from the relevant real-world domains,
such as the food and the marine domains, for which the
approach can be applied, both in terms of shape diversity
and elasticity of the objects. In future work, we intend also
to augment the action space by generating actions involving
non-prehensile actions.
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