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Abstract

Underactuated multi-fingered humanoid hands easily and safely accomplish a wide variety of grasping
tasks in human-centric scenarios, questioning about its performance in ordinary manipulation tasks after
the grasp of an object. High state-space dimensionality inherent to dexterous multi-finger manipulators
poses control difficulties that may be unnecessary in some typical activities, which creates a window of
opportunity for cheaper underactuated end-effectors to be employed. We propose a two-stage pipeline
system to address in-hand manipulation of an object in a real-world scenario, composed of an off-the-
shelf category-level object pose estimator to deal with the previously unseen item and a model-free Deep
Reinforcement Learning (DRL) algorithm aided by Imitation Learning (IL) to get more robust and natural
movements. Our experiments show a positive learning curve for the studied task, dealing reliably with
real environment intrinsic problems, as sample inefficiency and noisy object estimations, demonstrating
a possible alternative to expensive high Degree of Freedom (DoF) manipulators in some mundane tasks.
Keywords: In-hand Manipulation, Reinforcement Learning, Imitation Learning, Pose Estimation,
Underactuated Humanoid Hands

1. Introduction
Nowadays, where the plan is to bring robots to

the comfort of our homes, reliability comes hand-
in-hand with adaptability. Elementary parallel grip-
pers, commonly found in assembly lines on indus-
trial plants, do not adequate well to more delicate
spaces as human facilities, neither to the tasks
demanded of them in these new conditions [2].
Dexterous manipulators, namely humanoid ones,
provide higher versatility to a wide range of ordi-
nary tasks, thus increasing the research interest in
robotic manipulation over the last couple of years.

New tiny and affordable motors with evolved po-
sition and torque sensors allow more and more
high-tech manipulators to be available in universi-
ties and companies worldwide. Advances in sen-
sory detectors, primarily vision and tactile, are
making possible a wide variety of tasks and stud-
ies.

Learning techniques lead the software solutions
to address manipulation, as their computational
needs are being relieved by the increased use
of Machine Learning (ML) algorithms in the past
years. Nonetheless, too many ”trial and error” at-
tempts are required for pure RL methods to pro-
duce viable results, thus researchers explore adap-
tations to the learning algorithms, as exploiting

simulation capabilities, or combining RL with IL.
Craving for super-human robotic dexterity, con-

temporary approaches still fall short when com-
pared to humans. Our ability to learn new finger
poses with just a few tries suggests prior knowl-
edge embedded in us that somehow we are able
to dig up and use, speeding up and improving our
dexterity faculties. Pick and place in laboratory
conditions have advanced significantly in the last
years. However, the execution of tool handling ac-
tions, such as holding a knife to cut something or
holding a pen to write, is not possible to execute
with standard grippers. Furthermore, the change
of an object’s pose within the hand, envisioning the
adaptation of the object’s pose for a place action,
is yet out of reach for such grippers, bequeathing a
lot of research to be carried out in this area.

The contributions of this work to the research
community are hereby summarized.

I. We present a framework that couples an off-
the-shelf 6D pose estimation and vision track-
ing method with a sophisticated learning algo-
rithm for within-hand manipulation in the real
world. RL and IL are combined to perform in-
hand reorientation tasks with a 7 DoF manip-
ulator.
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II. We gather demonstrations to fine-tune our
strategy, highlighting and discussing their im-
pact on training time and goal attainment.

III. We evaluate the performance of DAPG’s algo-
rithm [9] under non-ideal conditions, namely
fluctuations in object pose estimation and
slight unconformities in the end-effector actu-
ators value.

IV. We extend Zhu et al [16] results with more de-
manding tasks executed by a less controllable
manipulator, illustrating the capabilities of RL
with IL refinement in accomplishing everyday
activities.

2. Related work
Initial manipulation approaches usually admit to
having the friction coefficients between the object
and the hand constant, which is something that
does not work for most real-life applications. In the
last decade, with the increased usage of Neural
Network (NN) driven by big data-associated per-
formance growth, these traditional planning tech-
niques started to become deprecated. Machine
Learning has been a top issue in the last couple of
years, intrinsically related with tremendous and en-
couraging results in the robotic manipulation field.

The increase in computer power and simula-
tion performance allows to quickly generate thou-
sands of different experimental data to train these
NN using a diversity of learning styles. Tobin et
al [11] incorporated this into a revolutionary tech-
nique called Domain Randomization (DR), which
allowed their real-world object detection and grasp-
ing system to be trained solely on simulated RGB
images to have a pleasant performance. To the au-
thors’ knowledge, this was the first Deep NN (DNN)
capable of bridging the Reality Gap, the difficulty
of transferring simulated learning experience into
real-world practice.

With this technique, learning methods gain a
new and thither horizon, strengthening the idea of
grasping as means-to-an-end, a requirement for
handling objects. Thus, DR [11] allowed OpenAI
[8] to follow the natural evolution and present in-
hand manipulation of a cube by a 24 DoF dexter-
ous handler, the Shadow hand. A three-camera
cage-like structure surrounds the Shadow hand
that is used with the palm facing up to provide
a supporting surface for the turning of the cube.
Memory architectures, as Long Short-Term Mem-
ory (LSTM), are crucial building blocks of their
DNN, doubling the performance with respect to
memoryless networks since most dynamic param-
eters can not be inferred by a single image. The
impressive reorientation exhibits in a real scenario,
and the natural rise of human manipulation be-

haviors from training the policy, without any ex-
pert demonstrations being provided, support the
claims presented in this work, particularly that tac-
tile sensing and real data are not a must for within
hand manipulation.

The Rubik’s cube, invented in the mid-seventies,
quickly became a top-selling toy puzzle. Countless
similar puzzles appeared in the succeeding years,
from smaller tow sticker edge Rubik’s cubes to a
seven sticker edge and beyond. After a triumphant
display of reorientation skills of a cube with a
Shadow hand, OpenAI [7] evolved their prior work
[8] to be able to solve the original Rubik’s cube. DR
[11] passed to Automatic DR (ADR), which gradu-
ally increases the difficulty and randomization ap-
plied to the cube during training when the same
performs well on the current settings, allowing for a
smoother transition to the Shadow hand.

Humans tend to grasp objects with a purpose in
mind. If stabilization is the main goal, a power grip
involving the palm is usually the choice taken. On
the other hand, if accurate movements, as gating
and pivoting, are required, for instance, to spin the
faces of the Rubik’s cube, then a precision finger-
tip grip is used [3]. However, using the palm of
the hand to perform manipulation skills is also a
possibility if gravity and contact forces are lever-
aged [1]. This concept, called extrinsic manipula-
tion, supports the jaw-dropping results of the work
of Nagabandi et al [6]. Baoding ball place swap is
accomplished in 4h of real data training utilizing a
Shadow hand by bringing together improvements
in learning dynamic models and online Model Pre-
dictive Control (MPC) with a method called Plan-
ning with Deep Dynamic Models (PDDM). This un-
conventional model-based learning approach rep-
resents the environment by using deep neural net-
works in a dynamic, uncertain manner, which mit-
igates learning techniques’ need for big data and
incapability to execute complex tasks.

Another way to mitigate learning techniques’ in-
capability to execute realistic complex tasks and
requiring big data to be successful is to join IL
with RL. Rajeswaran et al [9] explores model ag-
nostic DRL in simulation, introducing Demo Aug-
mented Policy Gradient (DAPG) as an extension of
Natural Policy Gradient (NPG) with demonstration
information bootstraps the exploration challenges.
Four tasks (in-hand manipulation of pen, object re-
location, tool use, and door opening) are used to
evaluate DAPG’s performance against other known
methods. Reward shaping techniques, due to the
hyperparameter tuning sensitivity, are not enough
to help the performance of known Deep Determin-
istic Policy Gradient (DDPG), while Dynamic Move-
ment Primitives (DMP), although suited for imita-
tion learning, are not able to cope with rich sen-
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sory inputs. Zhu [16] employs the DAPG algorithm
in three real environment tasks (valve rotation, box
flipping, and door opening), showing the positive
impact of the demonstrations in the training time
and overall task performance.

Real-world environment manipulation tasks de-
mand for an object pose estimation technique. Ob-
ject pose estimation methods face several chal-
lenges, such as viewpoint change, occlusion, clut-
ter, similarities. Whether accomplished by tradi-
tional techniques or deep-learning mechanisms,
object pose estimation systems fall under two dis-
tinguish classes with respect to prior knowledge
of the object’s model: instance-level or category-
level. Instance-level pose estimators rely on know-
ing the object’s instance beforehand to improve ac-
curacy and robustness, with the predictor being
trained for a distinct type of item. On the other
hand, category-level pose estimators make use
of the object’s category to make them suitable to
work with unknown instances of such class, deal-
ing mainly with intra-class variations and shape
discrepancies.

To ease the category-level inherent problem of
object representation, Florence et al [4] resort to
Dense Object Nets as self-supervised dense ob-
ject descriptors aiming at visual understanding and
manipulation. These task-agnostic NN, guided
through 3D vision, show encouraging results with
a wide variety of unseen and potentially non-rigid
objects, with successful intra-class grasp transfer
across 47 hat, shoe, or mug items. Simple adap-
tations to the network’s training procedure confer
easy adaptability from intra-class to inter-class es-
timation, and the accuracy of the proposed multi-
object descriptors resembles the performance of
networks that do not distinguish between objects.

Manuelli et al [5] say that Dense Object
Nets[4] are weak to fully represent a class-general
configuration-change manipulation task and fail to
represent entire object configurations due to self-
occlusion. More precisely, they state that ”At the
foundation of existing pose-estimation methods is
the assumption that the geometry of the object can
be represented as a parameterized transformation
defined on a fixed template.”. Such assumption
falls short for large intra-class shape variations, for
instance, the task of hanging a mug on a peg.
Manuelli et al [5] propose a semantic 3D keypoints
method, more robust to shape variations and large
item deformations, as an alternative to 6 DoF pose
as well as to Dense Object Nets[4]. Their contribu-
tion to the research field is KeyPoint Affordances
Manipulation (kPAM), a four-stage pipeline com-
prising instance segmentation, 3D keypoint detec-
tion, optimization-based action planning, and ge-
ometric grasping action execution. It is up to the

modeler to choose the keypoints, costs, and con-
straints that encode the task, whit the manual key-
point selection being the Achilles heel this method.

Wang et al [14] train a region-based NN to in-
fer, in their shared canonical representation for all
possible object instances within a category de-
nominated Normalized Object Coordinate Space
(NOCS), a class label and a instance mask from
RGB images, further combining these with depth
maps to estimate 6D pose. Wang et al[12] extend
their previous DenseFusion [13] network, updat-
ing the 2D anchor mechanism to a 3D grid key-
point generator to create their Pose Anchor-based
Category-level Keypoint tracker (6PACK). Without
manual supervision in the end-to-end learning,
6PACK acquires suitable 3D keypoint representa-
tions able to real-time tracking of unseen objects
of known instances, outperforming in NOCS [14]
benchmark, and accomplishing physical manipula-
tion experiments.

6PACK [12] is the first and only category-level
estimation and tracker method known to us de-
signed to and capable of dealing with unknown
items besides CAtegory-level Pose Tracking for
Rigid and Articulated objects (CAPTRA) [15].
CAPTRA was the chosen object pose estimation
and tracking system present in the first stage of
the framework proposed in this article. We re-
call that we present a framework that couples an
off-the-shelf 6D pose estimation and vision track-
ing method with a sophisticated learning algorithm
for within-hand manipulation in the real world. A
full reading of CAtegory-level Pose Tracking for
Rigid and Articulated objects (CAPTRA) [15] and
Demo Augmented Policy Gradient (DAPG) [9] is
encouraged for further understanding of details not
present in this article.

3. Methodology

Figure 1: Proposed framework - coupling of CAPTRA [15] with
DAPG [9]

The dual-stage system proposed in this article
stands as a rather straightforward solution when
presented with the problem of controlling an end-
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effector that interacts within an environment, either
a real or a simulated one. A visual diagram of the
general view of the solution can be seen in figure
1, where the task of object in-hand manipulation
in a real scenario requires repetition of actuating
into the environment, observing the changes, and
computing new actions accordingly.

Envisioning the real-world usage of robotic ma-
nipulators, testing their viability for operating within
our homes in the near future is fundamental. We
propose to couple a category-level object pose es-
timator with a Reinforcement learning algorithm to
form our framework, as depicted in figure 1. Our
project distinguishes amongst other similar works,
as Zhu et al [16], by the adaptation of a learning
scheme Rajeswaran et al [9] to encompass non-
ideal estimation information.

3.1. CAPTRA Adaptations
The first step for using CAPTRA as our ob-

ject pose estimator and tracker in this project was
to strip down everything except the core struc-
ture, maintaining the flow as originally designed by
Weng et al [15]. We noticed that the object seg-
mentation part, a requirement for the live stream
implementation, was not disclosed in CAPTRA’s
code. We developed a simple color segmenta-
tion algorithm using the OpenCV package to ac-
commodate this need. A color segmentation algo-
rithm benefits from easy code writing at the cost
of weaker accuracy when compared to more elab-
orated techniques. Handcraft-tuning of the filtering
values, as well as the requirement for specific hard-
ware in order to be able to operate within accept-
able performance ranges, are further drawbacks of
such segmentation methodology.

After cleaning the code to salvage the skeleton
Point Cloud Neural Networks, we too had to adapt
it to our needs, that is, changing experimentally
dependent values, as the intrinsics of the camera
used to capture the RGB-D image of our object,
the bottle. We selected the bottle from categories
CAPTRA was pre-trained on, since we thought it
could yield the best results for the in-hand manipu-
lation task.

3.2. DAPG Adaptations
To shift from simulation to the real-world, we

modified the Rajeswaran et al [9] DAPG’s critical
aspect, the environment, with respect to both the
perception and the actuation. Keeping the train-
ing structure, all of Mujuco’s simulation processes,
from the static artificial background to the dynamic
object and manipulator, are replaced by our Python
code. Analogous to the OpenCV Bridge package,
our Python code is responsible for bridging the
hardware and software at the laboratory by man-
aging the interactions between the setup and the

computations, as illustrated in figure 1. RL’s stan-
dard mathematical formalism, the Markov Decision
Process (MDP), is a memoryless system charac-
terized by the homonymous underlying rule, the
Markov property. It states that past decisions do
not influence future state transitions knowing the
present state and action. Hence, a MDP is a tuple,
< S,A,R, T , ρ0, γ >, where

• S ⇒ set of all valid states,

• A ⇒ set of all valid actions,

• R : S ×A −→ R ⇒ reward function,

• T : S ×A×S −→ P(S) ⇒ transition probability
function,

• ρ0 ⇒ probability distribution of the initial state,

• γ ⇒ discount factor.

The control part of our pipeline is modeled as
an MDP tuple M, where T in this model-free
framework is unknown. The demonstration dataset
groups the state-action pairs with respective re-
ward, per time t and per trajectory i in D =
{(sit, ait, rit)}. The equivalent on-policy data col-
lected from rolling out the policy π is denoted Dπ.
The standard definitions of value, Q, and advan-
tage functions are given by

V π(s) = Eπ,M

[ ∞∑
t=0

γtRt | s0 = s

]
,

Qπ(s, a) = EM [R(s, a)] + Es′∼T (s,a) [V
π(s′)] ,

Aπ(s, a) = Qπ(s, a)− V π(s).

The concept of an advantage function is important
as sometimes there is not the need to classify an
action in an absolute sense, but merely a relative
evaluation is required. Thus, the advantage func-
tion of a particular policy π describes how much
better it is to take a specific action a when in state
s versus randomly selecting the action by sampling
the current policy, assuming that after this action
one acts according to π.

A good performance of the algorithm relies on
selecting the best parameters of the parameter-
ized policy in a way to maximize the sum of the
expected reward η(π) = Eπ,M [

∑∞
t=0 γ

trt].
In order to make the algorithm more robust, in-

stead of peculiar reward shaping, DAPG incorpo-
rates the expert demonstrations into the policy gra-
dient in two phases

• The first phase is a pretraining initialization of
the policy with Behavioral Cloning (BC), for-
mulated by

maximize
θ

∑
(s,a)∈D

lnπθ(a|s). (1)
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As concluded experimentally by [9] and [16],
and detailed by our own experiments in a sub-
sequent chapter of this thesis, a BC policy fails
to accomplish the desired tasks due to distri-
bution shift problems.

• The second phase is a fine-tuning of the Re-
inforcement Learning policy with augmented
loss. The details present in the demonstra-
tions are not fully captured simply by initializ-
ing the policy with BC, with important aspects
remaining hidden in the demonstrations for the
RL to explore.

DAPG is built upon NPG with a slight differ-
ence in the gradient update. NPG, on the
other hand, extends vanilla policy gradient RE-
INFORCE, providing a more stable optimiza-
tion procedure and faster convergences. RE-
INFORCE gradient, given by

g =
1

NT

N∑
i=1

T∑
t=1

∇θ log πθ(a
i
t|sit)Aπ(sit, a

i
t, t),

(2)
with N being the total number of trajectories
and T representing the time horizon.

This policy gradient version can be achieved
from the standard expected return function by
some algebraic operations. In summary, one
can expand the expectation, move the gra-
dient under the integral and apply the log-
derivative trick before returning to the expec-
tation form, and finally express it as a gradi-
ent of the logarithm probability. This gives a
computable expression for the optimization at
hand.

Further improvements can be done to the ex-
pression, such as considering merely rewards
of future actions, since agents should only re-
inforce actions based on their consequences.
Moreover, an agent should be neutral if the ac-
tion it takes leads him to an expected result,
thus adding a baseline helps stabilize the pol-
icy learning and achieve faster results. Sev-
eral baselines can be used, with the advan-
tage function being one common special case
that provides relative information. We recom-
mend the reader to see [10] for more details
on these computations.

The gradient is then pre-conditioned with the
inverse of the Fisher Information Matrix, com-
puted as

Fθ =
1

NT

N∑
i=1

∇θ log πθ(a
i
t|sit)∇θ log πθ(a

i
t|sit)T .

(3)

These are then used in the final step of NPG to
create the normalized gradient ascend update
rule

θk+1 = θk +

√
δ

gTF−1
θk

g
F−1
θk

g, (4)

where δ is the chosen step size.

REINFORCE’s gradient, in equation (2), is
augmented to

gaug =
∑

(s,a)∈Dπ

∇θ lnπθ(a|s)Aπ(s, a)+

∑
(s,a)∈D

∇θ lnπθ(a|s)w(s, a),
(5)

where the weighting function w

w(s, a) = λ0λ
k
1 max
(s′,a′)∈Dπ

Aπ(s′, a′) ∀(s, a) ∈ D,

(6)
combines the relevance of the demonstrations
towards the policy decisions.

The additional regularization term in (5) pro-
vides a reward shaping effect, similar to a
trajectory tracking cost, throughout the entire
learning procedure since it encourages the
policy to be close to the expert actions. The
hyperparameters produce a decay of confi-
dence in the expert’s demonstrations as the
training evolves to avoid bias in the gradi-
ent updates. Rajeswaran et al [9] analyses
suggest that precise selection of such hyper-
parameters is not required, but even so, we
adopted their values for both lambdas, λ0 =
0.1 and λ1 = 0.95.

Our action space comprises the 5 motor angle
command, while the reward function employed in
our experiments, described by

R =− ∥θ − θgoal∥2
+ 10· ⊮ {∥θ−θgoal∥2<75◦}

+ 50· ⊮ {∥θ−θgoal∥2<60◦}

(7)

was inspired by the work of Zhu et al [16]. θ is the
angle between the bottle’s revolution axes and the
horizontal.

The selected values were empirically proposed
based on an analysis of the demonstration data
collected and the difficulty of the proposed task.
It’s important to highlight that such a reward shape
is only possible due to an approximation we made
regarding the available DoF of the bottle when be-
ing manipulated. As one can see, the bottle in
this experiment is being manipulated in 3D space,
not constrained to a 2D plane. However, such
conjecture is acceptable as an initial approach to
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the problem considering the physical limitations the
palm of the hand imposes during the item’s han-
dling. This way, as depicted in figure 2, the angle
between the bottle’s revolution axes and the hori-
zontal, is obtained from a projection of CAPTRA’s
object pose estimation.

The environment observations comprises 12 val-
ues. These are the concatenation of the last
two actions taken by the robotic manipulator, each
comprising five motor commands, with a couple
of values derived from the estimated pose of the
object. Incorporating the penultimate actions into
the state representation conflicts with the Marko-
vian assumption. This assumption defends that
the system obeys to the rule that state transitions
depend only on the most recent state-action pair,
without requiring prior information to be known.
Conscious of such situation, and faced with a con-
siderable number of learning iterations ahead, we
opted to include the penultimate actions envision-
ing a speeding up of the learning procedure by giv-
ing more details to the Neural Network. The 6D
pose, predicted by CAPTRA, is projected into the
plane formed by the palm of the manipulator, orig-
inating one of these values. The final value of the
state representation is the angle from the current
inclination of the object to the goal angle, the de-
sired 45º. This computation is also present as the
first term of the reward function depicted above.

4. Experiments

Figure 2: In-hand manipulation task explored in this article -
initial state (left) and goal state (right)

In-hand manipulation is a recent field of re-
search, with an intensive investigation being con-
ducted as the required hardware starts to be avail-
able to companies and universities at affordable
prices. The fundamental purpose of our experi-
mental work is to contribute to this research and in-
stigate future studies on this influential unexplored
area. Figure 2 illustrates the central task of this
project, the RL aided IL teaching an NN to achieve
a 45º turn of a bottle using an underactuated hand.
On the left, the initial state of our experiments. On
the right, we can see the goal target of the task
reported and analyzed in this article. The final
pose of the bottle should reach a 45º inclination
with respect to the vertical axis, as indicated by the

blue annotation in the figure, without falling from
the gripper.

For a trial to be considered successful in our ex-
periments, the bottle’s angle must be within 5º of
the goal state for 5% of the trajectory time. The re-
strictions imposed on the task constrain the learn-
ing of the item’s rotation to a pure in-hand manip-
ulation job. In other words, the only motions al-
lowed are accomplished by the underactuated fin-
gers of the manipulator, without any resource for
wrist movement, since this would ease the goal-
reaching and violate the in-hand premise. Thus,
the in-hand premise of this work state that only fin-
ger movements can be used to tilt the bottle.

4.1. Setup

Figure 3: Experimental environment - The learning cycle com-
prising: grasping (upper left) the bottle, lifting it up(upper right),
executing in-hand movements to tilt the bottle that will eventu-
ally drop it (lower right), and re-positioning the hand in a way to
start the cycle all over again (lower left)

Figure 3 illustrates the different stages of the
learning cycle with actual pictures of the laboratory
setup we used during this project. We can observe
five key elements for the job, which are

• RGB-D camera - figure 4a

• Handled object - figure 4b

• Supporting arm - figure 4c

• Humanoid end-effector - figure 4d

• Teleoperation glove - figure 4e

The need to have a reset procedure shaped the
design of the experiment. Our reset procedure en-
compasses, on the object side, attaching the 3D
printed bottle to the ceiling, and on the manipula-
tor side, connecting it to a robotic arm. A screw on
the bottle’s lid hooks it to the ceiling by means of
an invisible wire. Secured by the non-elastic wire,
the drop of the bottle during the learning procedure
makes it swing until it eventually hovers in a prede-
fined reset position. Here is where the robotic arm
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(a) Orbbec Astra RGB-D camera
(b) 3D printed Bottle

(c) Kinova Gen3 arm

(d) Seed Robotic RH8D hand (e) Immersion’s CyberGlove II
Figure 4: Experimental material

will place our hand to re-grasp the bottle, lifting it
slightly to remove the tension from the wire and re-
positioning the hand for a new learning run.

4.2. Demonstration data collection
DAPG algorithm had compelling results in both

simulation [9] and real [16] scenarios. The RL-
aided IL method uses demonstrations to guide the
exploration of the Reinforcement Learning agent in
the environment by initializing the NN with a Be-
havior Cloning technique. In the original work, Ra-
jeswaran et al [9] collected 25 simulated demon-
strations for this task, whereas Zhu et al [16] in the
real environment collected just 20 trajectories with
kinesthetic teaching. We decided to continue the
pattern of reducing five demonstrations, taking into
account that the collection of such trajectories is
quite expensive. Therefore just 15 demonstrations
were used in the BC initialization of the final DAPG
agent.

Zhu et al [16] resorted to kinesthetic teaching of
their manipulators for the collection of the needed
demonstrations, whereas we could not make use
of the same method due to the particularities of
the Seed Robotic hand. A possible solution with
the material available in the laboratory was teleop-
eration. As one can notice, using a glove to control
an underactuated manipulator is not an easy job.
Moreover, the in-hand manipulation task studied is
very complex and hard to complete, requiring a lot
of repetitions to achieve 15 reasonable demonstra-

Figure 5: Per-finger motor commands of a demonstration

tions within appropriate time frames.
Figure 5 shows the per-finger commanded mo-

tor values of a demonstration. We scaled all our
demonstrations to the same number of steps Ra-
jeswaran et al [9] use for their relocation task, 200
steps. We carefully checked that a rescaling of
the demonstrations does not change the overall
structure of the teaching present within. By this,
we mean that the observed shape in figure 5 was
equally present in the unscaled version of the same
demonstration. We bring the attention of the reader
to the thumb spikes exhibited in figure 5, where the
thumb trajectory clearly shows a full range of mo-
tion characteristic of an upward slide of the bot-
tle within the hand. Learning this motion is crucial
for the successful completion of the task proposed
once the hardware limitations of the underactuated
Seed Robotic hand do not allow for the bottle to tilt
45º unless roughly two-thirds of its size is above
the thumb’s cavity bump.

4.3. Results & discussion
We created a simple segmentation method to

acquire the masks needed for live-stream predic-
tions. For this, we used the capabilities of OpenCV
and assembled it to CAPTRA’s core Neural Net-
works. Pure qualitative evaluation of our segmen-
tation method was made at this stage, but we were
positively impressed with the results. Nonetheless,
an indirect quantitative estimation can be done
since the developed method is used in the final ex-
periments.

To get more stable reading for the segmentation,
a lamp could have been placed above Astra’s cam-
era. However, the white exposure value was ex-
tremely high, invalidating this solution. The gamma
decay function, described above in section 3, bal-
anced the bottle’s exposure for the color segmenta-
tion on the one hand. On the other hand, the use of
a pose tracker estimator mitigated the influence of
the lapses in gathering info from the RGB-D cam-
era.

An uncluttered mask was believed to be cru-
cial for a good estimation of the object’s pose. If
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so, better segmentation tools would increase the
pose’s quality and subsequently better learning re-
sults for the manipulator. Over the course of ex-
periments, we got the impression this was not a
limiting factor, probably due to the fact that the out-
liers have to survive two checkpoints. After apply-
ing to the input RGB-D image the initial mask from
the segmentation, CAPTRA computes the centroid
of the remaining points. Then it crops out every-
thing outside a sphere with a radius no greater than
twice the object’s size, which diminishes the influ-
ence of segmentation.

We developed a qualitative metric to enrich the
results obtained by our experiments. A meaningful
movement is defined as a gesture that contributes
to reaching the goal in a visible way, as opposed
to motions that, for instance, do not tilt the bottle
but instead change the fingers in contact with the
bottle. We kept the same observer evaluating all
the experiments to increase the confidence, within
the possible, in this subjective observer-dependent
metric.

Figure 6: Reward progress throughout the experiments

Aware that complete training of our DAPG
agent was not possible under the time restrictions
for the delivery of this article, we came to the de-
cision to evaluate the model at each iteration, or
epoch, by means of so-called test trials. These
test trials, executed after updating the weights of
the model in each iteration, complement the reward
function cumulative values to indicate if the training
is producing improvements in the elaborated ac-
tions or if it is a good time to stop the training.

A test trial comprises ten evaluation runs, after
which three results are gathered:

• The number of successful runs. A run is con-
sidered successful if the bottle’s angle is within
5º of the goal angle for 5% of the full trajec-
tory. The design of the task and the Physical
restrictions and designing of the manipulation
task make sure these bottle angles can only

appear at the end of the trajectory. As no suc-
cessful run was achieved, this value was sup-
pressed from the tables.

• The mean of the minimum angles reached by
the bottle during each run. These are not nec-
essarily the last angle of the bottle before be-
ing dropped by the hand, even though, theo-
retically, should be similar.

• The mean of the last angles reached by the
bottle during each run.

The purpose of collecting these values is two-
fold. The first is to indicate in a quantitative way if
the robot is achieving the goal or not. The second
is to reveal if, over the course of each run, the pol-
icy tries to tilt the bottle towards the goal angle in a
consistent way by checking divergences between
the mean angles gathered for each trial test.

Figure 6 depicts the reward function throughout
the ten trained and evaluated iterations. The solid
line is the mean value with the shaded area illus-
trating the standard deviation of the return of the
paths in each iteration. Referring back to section
3, where the reward function used is explained,
we notice that the reward values are negative as
a general principle. On top of this, two situations
may occur. If the bottle’s angle is sufficiently close
to the target angle, bonus points are added to the
reward. On the contrary, if the bottle is dropped,
the reward is aggravated. With this in mind, we
can clearly see a rising tendency that shapes in a
positive way the learning of our policy.

Our policy’s promising results, reflected in the re-
ward function, are corroborated by equally bright
marks in the test trials. Despite never getting a suc-
cessful trajectory, we observe in table 1 a low dis-
parity between mean values for the minimum and
the final angles. Considering the precision CAP-
TRA offers, we argue that the learned policy is un-
derstanding well the desired intention of the manip-
ulation task. Moreover, every iteration decreases
the mean angles, which verifies, once again, the
said claim that the policy is nicely capturing the es-
sential features of the demanded task.

Table 1 shows the collected results. As in any ex-
periment, during the course of the same, situations
occur that require amendments to the procedures.
In our case, we had to impose a restriction on
the amount of discrepancy allowed between con-
secutive angle values. This requirement appeared
halfway through the learning method, as can be
seen by the indication next to the fifth iteration. In
view of the optimistic results present in figure 6 and
table 1, it would be ideal to come up with ways to
reduce the unmanageable time required to train the
robot’s policy. Mechanically speaking, there is not
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Table 1: Test trials and meaningful movements accomplished per iteration

Test Trials Meaningful Movements
Iteration Mean of minimum angles (º) Mean of final angles (º) Number

1 71.32 72.31 1
2 67.04 70.62 1
3 62.89 67.15 1
4 71.15 73.42 2

5 (action clipping) 73.20 75.65 2/3
6 (action clipping) 66.26 67.68 4/5
7 (action clipping) 68.8 70.40 4/5
8 (action clipping) 66.73 68.75 5
9 (action clipping) 66.29 70.14 5
10 (action clipping) 62.55 62.85 5/6

much room to maneuver, as the bottleneck is at-
tached to the physical limitations of the actuator.
Nonetheless, this article substantiates preceding
research in RL-aided IL as potential control poli-
cies for robotic humanoid manipulators.

5. Conclusions & future work

In this work, we implemented a model-free Re-
inforcement Learning algorithm to perform in-hand
manipulation of unseen objects by an underactu-
ated humanoid hand, assisted by expert demon-
strations and a vision tracking system. The ex-
periments carried put to the test state-of-the-art
methods from two distinguishing fields, perception
and actuation, individually and as a united system
to tackle human-centric scenarios. We consider
CAPTRA to be pretty solid dealing with unseen
bottles, so we think category-level estimators are
ready for future challenges. As for DAPG, we cor-
roborated that the challenging collection of demon-
strations is the downside of this method. Notwith-
standing, in view of our positive learning results,
we believe that Reinforcement Learning aided Im-
itation Learning has a bright future in this field of
manipulation.

Our work brings up the simplest form to cou-
ple two necessary ingredients for manipulation,
perception and actuation. We propose a few di-
rectives to carry on the work developed in this
project, by first and foremost, continuing the ex-
periments described. The manipulator employed
in this work is equipped with tactile sensors that
were not used in this experiment. Thus, incorpo-
rating them and comparing the results could be
important to corroborate the affirmation by [8] or
demystify it. In broad strokes, different manipula-
tors are a straightforward addition that future works
might pursue. Moreover, more object instances,
and classes, would also help assess the possibili-
ties of the framework proposed in this article.
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